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Zusammenfassung

Die Aufgabe in der inkrementellen Maximierung ist es, im Laufe der Zeit eine Losung auf-
zubauen, die den Wert einer gegebenen monotonen Zielfunktion maximiert. Dabei fiigt
man der Losung ein Element nach dem anderen hinzu, ohne zu wissen, wie viele Elemen-
te letztendlich in der Losung enthalten sein diirfen. Diese Information wird erst in dem
Moment bekannt, in dem das letzte zulédssige Element hinzugefiigt wurde. Daher besteht
das Ziel in der inkrementellen Maximierung darin, eine Reihenfolge anzugeben, in der
die Elemente zu der Losung hinzugefiigt werden, sodass deren Wert zu jedem Zeitpunkt
grol3tmoglich ist. In dieser Arbeit befassen wir uns mit der kompetitiven Analyse dieses
Problems und beweisen obere und untere Schranken fiir den kompetitiven Faktor dieses
Problems.

Anfangs analysieren wir einen Greedy Algorithmus, der in jedem Schritt das Element
hinzufiigt, das zu diesem Zeitpunkt den Wert der Losung am meisten steigert. Es ist be-
kannt, dass dieser Algorithmus fiir einige Teilklassen des Problems einen beschrankten
kompetitiven Faktor hat. Wir fiihren die neue Klasse mit v-a-augmentierbaren Zielfunk-
tionen ein und zeigen, dass sie mehrere aus der Literatur bekannte Teilklassen vereint.
Dariiber hinaus zeigen wir eine obere Schranke von 2=1=97 . Cff(_l(_l:):)zl fiir den kompe-
titiven Faktor des Greedy Algorithmus fiir diese Teilklasse, wobei ¢ € [0, 1] die Kriimmung
der Zielfunktion ist. Fiir ¢ = 1 prédsentieren wir eine entsprechende untere Schranke.

Anschlieffend befassen wir uns mit dem Problem unter der Annahme, dass die Ziel-
funktion verantwortlich (engl.: accountable) ist. Verantwortlichkeit ist eine Eigenschaft,
die sich als vorteilhaft fiir inkrementelle Maximierung erwiesen hat. Wir zeigen, dass
der kompetitive Faktor in diesem Fall mit dem der Teilklasse mit separierbaren Instan-
zen {ibereinstimmt. Separierbarkeit ist eine neue Eigenschaft, die gerantiert, dass das
Problem eine einfache Struktur besitzt. Um dieses vereinfachte Problem zu analysieren,
fiihren wir eine Kontinuisierungstechnik ein, mit der man untere Schranken an den kom-
petitiven Faktor zeigen kann. Wir verwenden diese Technik, um ein Indiz dafiir zu geben,
dass die obere Schranke von ¢+ 1 ~ 2.618 an den kompetitiven Faktor dem tatsdchlichen
kompetitiven Faktor entspricht, wobei ¢ = 3(141/5) der goldene Schnitt ist. Desweiteren
nutzen wir die Kontinuisierungstechnik, um eine verbesserte untere Schranke von 2.246
zu beweisen.




Wir analysieren mehrere Skalierungsalgorithmen fiir die Teilklasse mit separierbaren
Instanzen und bestimmen die exakten kopetitiven Faktoren der deterministischen Al-
gorithmen CARDINALITYSCALING, VALUESCALING und DENSITYSCALING. Wir prasentieren
den randomisierten Algorithmus RANDScALING und zeigen, dass er einen randomisierten
kompetitiven Faktor von hochstens 1.772 hat. Dieser oberen Schranke an den randomi-
sierten kompetitiven Faktor der Teilklasse mit separierbaren Instanzen stellen wir eine
untere Schranke von 1.357 gegeniiber, die wir mittels Yao’s Prinzip erhalten.

Um Schranken an den kompetitiven Faktor von mehr und grof3eren Teilklassen zu fin-
den, fiihren wir 8-Verantwortlichkeit (engl.: S-accountability) als eine Relaxierung von
Verantwortlichkeit ein. Fiir die von dieser Eigenschaft induzierte Subklasse zeigen wir
eine obere Schranke von 2i + 1+ 4% + 1 an den kompetitiven Faktor. Da jede sub-
additive Funktion auch 3-verantwortlich ist, erhalten wir folglich mit einem Wert von
2 + /2 die erste bekannte obere Schranke an den kompetitiven Faktor der Teilklasse mit
subadditiven Zielfunktionen. Dieser oberen Schranke stellen wir eine untere Schranke
von 4 - (1+ ﬁ) entgegen, die fiir 3 — 0 strikt ist.

Abschliellend genaralisieren wir das Problem der inkrementellen Maximierung und
nehmen an, dass anstelle einer unbekannten Kardinalitatsschranke eine unbekannte Knap-
sackschranke gegeben ist. Wir zeigen, dass der strikte kompetitive Faktor dieses Pro-
blems mit monotonen, fraktional subadditiven und M-beschrankten Zielfunktionen im
Intervall [max{¢ + 1, M}, max{3.293/M, 2M}] liegt. Untere Schranken, die wir durch
die zuvor eingefiihrte Kontinuisierungstechnik erhalten, {ibertragen sich auf den nicht-
strikten kompetitiven Faktor im Problem mit Knapsackschranke. Also ist der nicht-strikte
kompetitive Faktor dieses Problems wenigstens 2.246. Wir komplementieren diese untere
Schranke mit einer oberen Schranke von ¢ + 1.

Vi



Abstract

In incremental maximization, we are tasked with building up a solution over time by
adding elements from a groundset one by one. We want to maximize the monotone
objective value of the assembled solution. However, the information how many elements
may be added to the final solution is only revealed when the last feasible element is added.
Thus, the goal is to give an ordering in which to add the elements such that the value
of the solution in each step is maximized. In this thesis, we investigate this problem in
the sense of competitive analysis and present upper and lower bounds on the competitive
ratio for various subclasses of this problem.

We start by considering a simple greedy algorithm that always adds the element that
yields the largest increase in the objective value. It is known to have a bounded competi-
tive ratio for various problem classes. We introduce the new class with y-a-augmentable
objective functions and show that it generalizes multiple subclasses from the literature.
Furthermore, we prove that the greedy algorithm has a competitive ratio of at most
o (1 Skl efa(l(lc)? for this new subclass where ¢ € [0,1] is the curvature of the ob-
Jectlve This bound is tight for ¢ = 1.

Next, we consider the subclass of instances with accountable objectives. Accountabil-
ity has proven to be a favorable property in incremental maximization. We show that
the competitive ratio of this class is the same as the competitive ratio of the subclass of
separable instances. Separability is a new property that guarantees the problem to have
a simple structure. For its analysis, we introduce a continuization technique that can be
used to show lower bounds on the competitive ratio of this subclass. We utilize it to give
evidence that the known upper bound of ¢ + 1 ~ 2.618 on this competitive ratio might
actually be tight. Here, o = %(1 + /5) is the golden ratio. Furthermore, we use the
continuization technique to show an improved lower bound of 2.246 on the competitive
ratio.

We analyze multiple scaling algorithms for separable problem instances and prove tight
competitive ratios for the deterministic algorithms CARDINALITYSCALING, VALUESCALING,
and DENSITYScCALING. We introduce the randomized algorithm RANDScALING and show
that it has a randomized competitive ratio of at most 1.772. This upper bound on the
randomized competitive ratio of the subclass of separable instances is complemented

vii



with a lower bound of 1.357 by using Yao’s principle.

In order to find bounds on the competitive ratio of more and larger problem classes,
we introduce [-accountability, a relaxation of accountability. For the subclass with (-
accountable objective functions, we show an upper bound on the competitive ratio of

% +1+, /ﬁ + 1. Since every subadditive function is %-accountable, we obtain the first

upper bound on the competitive ratio of the subclass with subadditive objective functions
with a value of 2 + /2. We complement the upper bound on the competitive ratio of
the subclass with $-accountable objectives with a lower bound of % (1+ [l]l +1) which
is tight in the limit 5 — 0. 7

Lastly, we generalize the incremental maximization problem by considering an un-
known knapsack constraint instead of an unknown cardinality constraint. We show that,
for monotone, fractionally subadditive, and M-bounded objective functions, this prob-
lem has a strict competitive ratio in [max{¢ + 1, M}, max{3.293v/M,2M}]. The lower
bounds from the newly introduced continuization technique also yield lower bounds on
the non-strict competitive ratio in the knapsack setting, i.e., the non-strict competitive
ratio is at least 2.246. We complement this with an upper bound of ¢ + 1.
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1. Introduction

Consider the development of expansive road or railroad networks, where it is initially
unknown how large the network will be. In the beginning, only a small network can
be constructed that may need to be adapted to larger demands over time. Similarly,
corporate enterprises, such as car rental companies and delivery services, build depots
designed to serve limited areas initially. However, as these businesses thrive, they may
want to expand and build new depots to serve a larger area. With this in mind, it might
make sense to build the first depot a bit off-center so that its service area overlaps less
with that of later depots. In both cases, the challenge is to select an ordering in which to
build the infrastructure - be it networks or depots - such that, at every point in time, it is
as good as possible.

We aim to capture problems like the above with the incremental maximization prob-
lem (IncMax). In this problem, we are given a countable ground set U containing the
elements that can be added to the solution over time, together with a monotone objective
function f: 2 — Rs( that maps every subset of U to some non-negative value. The
function f is called monotone if, for all A C B C U, we have f(A) < f(B). The as-
sociated offline problem to INcMAx is cardinality constrained maximization where it is
known how many elements can be added to the solution. We denote the optimum for
this problem by

OPT(C) := sup{£(S) | S € U,|S| < .

We assume that OpT(C') € R for all C' € N, i.e., that it is not unbounded. Furthermore,
we define the optimum solution O(C') C U of cardinality C to be a set with |O(C)| < C
and f(O(C)) = Opt(C), where we break ties in an arbitrary but fixed manner.!

In contrast to cardinality constrained maximization, in the online INcMax problem,
the cardinality constraint C' € N is not known in advance and only revealed when no
more elements can be added to the solution. An incremental solution X for the INCMAx

!Note that such a set O(C) does not need to exist if the groundset is infinite. In this case, we define O(C) to
be a set that approximates the value OpT(C') arbitrarily close and satisfies |O(C')| < C. Throughout this
thesis, the sets O(1),0(2),... are only used to define algorithms where they are added to the solution
one element at the time. Thus, we only lose the arbitrarily small approximation error in the performance
guarantee of the algorithm.




Figure 1.1.: Example of the incremental maximum s-¢-flow problem where no incremental
solution with competitive ratio p < k exists.

problem is an ordering X = (ej,es,...) of elements in U. The solution of X for car-
dinality C' € N is given by X(C) = {ei,...,ec}. Since the cardinality constraint C'
is not known in the INcMax problem, the solution of X has to be good for every car-
dinality C' € N. As it is usual in competitive analysis, we measure the quality of the
incremental solution X using the competitive ratio. We call X p-competitive for p > 1 if,
for all C' € N, we have p- f(X(C)) > OpT(C). The competitive ratio of the solution X
is inf{p > 1 | X is p-competitive}. We call an algorithm AL for a subclass P of INnc-
Max p-competitive for p > 1 if the incremental solution of AL for all instances in P is
p-competitive. The competitive ratio of ALG is inf{p > 1 | ALG is p-competitive}. A solu-
tion/algorithm is called competitive if its competitive ratio is finite. The competitive ratio
of the problem class P is

inf{p > 1 | there exists a p-competitive algorithm for P}.

As an example, we will consider the incremental maximum s-t-flow problem. Here, the
ground set U corresponds to the set of edges in a directed graph G = (V, E) with two
designated vertices s,¢ € V. Each edge has a capacity ;(e) € R>g. The value f(S) of
a subset S C E is defined as the value of a maximum s-¢-flow in Gg = (V, S). Even in
this special case, a competitive incremental solution may fail to exist. For illustration,
consider the graph in Figure 1.1. Every incremental solution X has to add edge « first in
order to be competitive. Otherwise, we would have OpT(1) = 1 and f(X (1)) = 0. On the
other hand, every incremental solution that adds edge « first cannot have a competitive
ratio better than k, because for C' = 2, we have for OpT(2) = k and f(X(2)) = 1.

This shows that, in general, the competitive ratio of the INcCMAx problem is unbounded.
Thus, throughout this thesis, we will investigate natural subclasses of the INcMAX prob-
lem for which we can show that competitive solutions exist. An instance of INCMAX is
defined by giving a ground set U and the monotone objective function f: 2V — Rx.
The subclasses of IncMax that we will consider in this thesis will be defined by giving
properties that the objectives of the instances in the subclass should have. For example,




objective weights ALG lower bound upper bound
a  _e® a—(1-c)y _e*~ (-9
v-a-augmentable | w(e)=1 | GREEDY v ex—l g ec—(1=e)r—1
Cor. 2.22, [15, Thm. 2] Thm. 2.17
) Thm. 3 2272[1119 Thm. 4] [52T§181]
o m. 3.27, , Thm. , Thm.
accountable w(e)=1 random. 1.357 1.772
Thm. 4.22 Thm. 4.21, [19, Thm. 5]
subadditive w(e)=1 - 2.246 3.415
Thm. 5.9
— - 1, 1 1 1
p-accountable | w(e)=1 5+ FIESE 55 T 1+ \/452 +1
Thm. 5.5 Thm. 5.4
frac. subadditive - - max{2.618, M} max{3.292v' M, 2M}
Thm. 6.16, [17, Thm. 1.6] | Thm. 6.8, [20, Thm. 1]

Figure 1.2.: Overview over bounds on the competitive ratio for incremental maximization
under a knapsack constraint for monotone objectives in different settings.

Here, ¢ € [0, 1] is the curvature, and M := maxc, ¢,cv ;EEZB

the subclass of submodular objectives is the class containing all instances in INcMax that
have a submodular objective function.

In the following, we provide an overview of the structure of this work. For definitions of
the objective properties mentioned, we refer to Definitions 1.2 to 1.5 later in this chapter.
An overview over the most important results in this work and the literature can be found
in Figure 1.2.

overview. First, in Chapter 2 we present the GREEDY algorithm for the INcMAx problem.
This algorithm is known to have a bounded competitive ratio for the subclass of INncMax
where the objective is the weighted rank function in some independence system [40],
for the subclass of objectives with a bounded submodularity ratio [14], as well as for
the subclass of a-augmentable objectives [5]. We propose the new subclass of INncMax
with vy-a-augmentable objectives, and show that it encompasses all of the aforementioned
problem classes. We give an upper bound of a—(=o)y efjﬁ;iil on the competitive
ratio of this class where ¢ € [0, 1] is the curvature of the objective function. Furthermore,
we show that its competitive ratio generalizes the competitive ratios of the three other
classes. For ¢ = 1, we show that the competitive ratio is tight. The lower bound that we
present can also be used to show that the known upper bound on the competitive ratio
of the class with a-augmentable objectives is tight, which closes a gap left in the analysis
in [5].




In Chapter 3, we turn to the class INCMAX,.., the subclass of INcCMaXx containing the
instances with an accountable objective, and give an improved lower bound on its com-
petitive ratio using a new continuization technique. In order to do this, we introduce the
new subclass INCMAXSEP that contains instances where the ground set is partitioned into
subsets and the objective is the maximum over modular functions that each assign the
same value for all elements within one subset and 0 for all other elements. We show that
INcMAxSEP has the same competitive ratio as INCMAX,c.. We introduce INCMAXCONT, a
continuous version of INCMAxXSEP, where we assume that we have one subset contain-
ing ¢ (fractional) elements for each ¢ > 0 and that the solution may also add fractional
elements. The smooth structure of this problem better lends itself to analysis. We show
that lower bounds on the competitive ratio of this problem are also lower bounds on the
competitive ratio of INCMAXSEP. In order to investigate the competitive ratio of INCMAX-
ConT, we introduce an optimal algorithm for this problem. We present strong evidence
that its competitive ratio is not better than ¢ + 1 ~ 2.618 which would tightly match
the known upper bound on the competitive ratio of INCMAX,... Here, ¢ = %(1 ++/5) is
the golden ratio. Subsequently, we give a lower bound of 2.246 on the competitive ratio
of INcMaxConNT that transfers back to the class INCMAX,.. and improves upon the best
known lower bound of 2.18 on the competitive ratio of this class.

We continue investigating the problem class INCMaxSEP in Chapter 4 and present mul-
tiple deterministic algorithms to solve it. The algorithm CARDINALITYSCALING was in-
troduced by Bernstein et al. [5] and is currently the best known algorithm for the prob-
lem class INCMAx,. with a known upper bound of ¢ + 1 on its competitive ratio. We
show that this bound is actually tight. Afterwards, we present two new algorithms, VAL-
UESCALING and DENSITYSCALING, that have a similar idea to CARDINALITYSCALING. All
of these algorithms add optimum solutions of increasing cardinalities where the cardi-
nalities are scaled such that, from one cardinality to the next, the cardinality, value, or
density increases or decreases at least by some fixed scaling factor. We show that CARr-
DINALITYSCALING and VALUESCALING both have a tight competitive ratio of ¢ + 1 and
that DENSITYSCALING has a tight competitive ratio of 4. In the remainder of the chapter,
we consider randomized algorithms for this problem. We introduce the RANDScALING
algorithm that operates similar to the CARDINALITYSCALING algorithm but chooses the
first cardinality randomly. We show an upper bound of 1.772 on its randomized compet-
itive ratio which beats the lower bound of 2.246 that we have shown in Chapter 3 on the
deterministic competitive ratio of INCMAXSEP. We complement this upper bound on the
randomized competitive ratio with a lower bound of 1.357 using Yao’s principle.

In Chapter 5, we observe that INCMAX,.. does not contain all problem instances in INc-
Max with a bounded competitive ratio. For example, the subclass of INncMax of instances
with subadditive objectives yields a bounded competitive ratio and contains instances that




are not in INCMAX,c., and vice versa. We propose the new property of S-accountability,
B € (0, 1], a relaxation of accountability, and give upper and lower bound on the compet-
itive ratio of the class induced by it. For § — 0, these bounds are tight. Furthermore, we
show that this new class subsumes the subclass of INcMax with subadditive objectives,
the subclass with y-a-augmentable objectives, and the subclass of accountable objectives.
With a value of 2 + /2, we obtain the first upper bound on the competitive ratio of the
subclass of INcMax with subadditive objectives.

Lastly, in Chapter 6 we consider a generalization of the INcMax problem where, instead
of an unknown cardinality constraint, we are given an unknown knapsack constraint.
For this, every element has some weight and the goal is to define an ordering of the
elements such that, for each capacity C, the largest prefix with a combined weight of at
most this capacity has a value that is as large as possible. We assume that the objective
function is fractionally subadditive and that the value of single elements in in [1, M]
for some fixed M > 1. We show upper and lower bounds on the strict and non-strict
competitive ratio of this problem. On the one hand, the strict competitive ratio is in
[max{y + 1, M}, max{3.293v/M,2M}], i.e., it is linearly growing with /. On the other
hand, the non-strict competitive ratio turns out to be in [2.246, ¢ + 1], i.e., it is constant.

We remark that the results in Chapter 2 are in large parts based on joint work Yann
Disser [15]. Further, large parts of Chapter 3 as well as Section 4.2 were published to-
gether with Yann Disser, Max Klimm and Kevin Schewior [19]. Lastly, Chapter 6 appeared
in parts as joint work with Yann Disser and Max Klimm [20]. For further information see
the introduction of the respective chapters and sections.

1.1. Related Work

The problem INcMax was first proposed by Bernstein et al. [5]. They consider the natural
GREEDY algorithm for this problem and give an upper bound of « efil on its competitive
ratio for the subclass with a-augmentable objective functions, which is tight for « € {1, 2}
and for @ — oo. Furthermore, they introduce accountable functions. For the subclass of
IncMAx induced by this property they show that every algorithm has a competitive ratio of
at least 2.18, and they give a (¢ + 1)-competitive algorithm where ¢ = 3(1++/5) ~ 1.618
is the golden ratio. A special case of incremental maximization was investigated by Zhu et
al. [73] where the goal is to incrementally insert edges into a graph such that the number
of internal nodes in the resulting graph is maximized. They provide an algorithm with a
competitive ratio of at most % ~ 1.714.




greedy algorithm. The GREEDY algorithm was first studied for the offline variant of
IncMax, which is cardinality constrained maximization. Yet, it does not use any knowl-
edge of the size of the cardinality constraint. Thus, it can also be used for incremental
maximization and results regarding the competitive/approximation ratio of the GREEDY
algorithm for one of these problems also hold for the other. The GREEDY algorithm is
known to calculate the optimum solution for all weighted rank functions over matroids
due to aresult by Rado [63]. Edmonds [23] proved the inverse direction of this statement,
i.e., if the GREEDY algorithm produces an optimum solution for all weighted rank func-
tions over some independence system, then the independence system is a matroid. The
combination of these results is often called the Rado-Edmonds theorem. Jenkyns [40]
generalized the upper bound and showed that the GREEDY algorithm is +-competitive for
weighted rank functions over an independence system with rank quotient ¢. This bound
was shown to be tight by Korte and Hausmann [48]. The same result was later shown
by Mestre [55] with a focus on highlighting the structure that yields a competitive ra-
tio of 1. A different relaxation of the matroid constraint was considered by Bouchet [9]
q

who introduced symmetric matroids and showed that the GREEDY algorithm produced
optimum solutions.

Nemhauser et al. [58] considered the performance of the GREEDY algorithm for sub-
modular objectives under a cardinality constraint and gave tight bounds of ;% on the
competitive ratio. This was later shown to be best possible for any algorithm that runs
in polynomial time, unless P = N P, due to a result by Feige [26]. For submodular ob-
jectives under the constraint that the solution lies in the intersection of p € N matroids,
Nembhauser et al. [59] gave an upper bound of p + 1 on the competitive ratio. This was
later refined to p + ¢ by Conforti and Cornuejols [13], where ¢ € [0, 1] is the curvature
of the objective. Since modular functions have a curvature of ¢ = 0, this result also gen-
eralizes the result by Jenkyns [40]. Conforti and Cornuejols also refined the the bound
of -5 by Nemhauser et al. [58] to cee—_1 The analysis of the GREEDY algorithm if only
an approximation of the best element can be added was considered by Goundan and
Schulz [34].

Das and Kempe [14] introduced the submodularity ratio as a generalization of sub-
modularity and gave an upper bound of eﬂl on the competitive ratio of the GREEDY al-
gorithm under a cardinality constraint for objectives with submodularity ratio at least ~.
This bound was refined by Bian et al. [6] by using the curvature ¢ of the objective. They
gave an upper bound of cefc% and proved that this is tight. Bernstein et al. [5] intro-
duced a-augmentability as a different generalization of submodularity and gave an upper
bound of ae(S—il on the competitive ratio of the GREEDY algorithm in this setting under a
cardinality constraint. They gave a tight lower bound for @ € {1,2}. Krause et al. [50]
considered functions that are given by the minimum of two submodular functions and




showed that, in general, no competitive solutions exist.

The continuous greedy algorithm was introduce by Vondrdk [69] as a randomized al-
gorithm that achieves an _*y-approximation for combinatorial auctions. Calinescu et
al. [11] showed that the continuous greedy algorithm has a competitive ratio of ;%5 for
INncMax with a submodular objective functions under any matroid constraint. This was
refined by Vondrak [70] who gave an upper bound of c% where c¢ is the curvature of
the objective function. Sviridenko et al. [66] show that the continuous greedy has com-
petitive ratio at most _* for INcMax with a monotone submodular objective function,
which was later shown by Yoshida [72] to also hold under a knapsack constraint. A gen-
eralization of the continuous greedy algorithm was shown to be (e + o(1))-competitive
for non-monotone submodular objectives under a cardinality constraint by Feldman et
al. [29]. Buchbinder et al. [10] improved this upper bound to e — 0.029 and Ene and
Nguyen [24] to e — 0.03 each by adapting the algorithm further.

Other variants of the GREEDY algorithm include a GREEDY algorithm that is combined
with a partial enumeration technique [65] and a GREEDy algorithm that is called multiple

times [28].

INCMAX under a knapsack constraint. A generalization of INcCMaXx is a variation of the
problem where, instead of an unknown cardinality constraint, we are given an unknown
knapsack constraint. The competitive ratio of this problem is unbounded but Megow
and Mestre [54] gave an instance sensitive near-optimal solution when the objective is
modular. Under the mild assumption that every item fits into the knapsack, Navarra and
Pinotti [57] were able to show an upper bound of 2 on the competitive ratio of the prob-
lem with a modular objective, which improves to % if the items have unit densities. When
the objective is modular and we allow to discard items that do not fit into the knapsack
and pack others instead, Disser et al. [18] were able to show that the competitive ra-
tio is exactly 2 in the general case and ¢ ~ 1.618 in the unit density case. Kawase et
al. [45] considered the problem with discarding and a submodular objective. They gave
an ffl -competitive randomized algorithm and a Q(Qel_el)-competitive deterministic algo-
rithm. This deterministic bound was later improved by Klimm and Knaack [46]. They
parameterized their upper bound with the curvature of the objective such that it gener-
alizes the tight bound by for monotone objectives by Disser et al. [18] and gives a bound
for general submodular objectives of 2.795.

robustness. Incremental Maximization is closely related to robust maximization, where
the goal is to give a solution for a problem that contains a good solution of every cardi-
nality. Hassin and Rubinstein [38] proposed the problem of robust weighted matching




where a matching in a weighted graph has to be given that contains a heavy matching
of every cardinality. They showed that this problem has a tight competitive ratio of /2.
Matuschke et al. [53] consider randomized algorithms for this problem and provide an
In(4)-competitive randomized algorithm. A generalization of this problem is the prob-
lem of giving a robust solution in the intersection of two matroids, for which Fuyjita et
al. [30] provide a v/2-competitive algorithm. Kakimura and Makino [41] generalized the
problem even further by considering robust solutions in independence systems. Here,
they give a ,/ji-competitive solution where 4 is the exchangeability of the independence
system. Hassin and Segev [39] consider robust paths and trees in a weighted graph and
give a i-competitive solution that contains ;% edges. Robust solutions of knapsack
problems were considered by Kakimura et al. [42] and Kobayashi and Takazawa [47].
Anari et al. [2] investigated robustness problems with submodular objective function un-
der multiple combinatorial constraints in online and offline settings, and Orlin et al. [61]
provided approximation guarantees for a setting where an adversary may remove ele-

ments and the objective is monotone and submodular.

related problems. A related problem to INcCMax is the problem of incremental maxi-
mization with a sum-objective, where the goal is not to maximize the value of the solution
in every time step but rather the sum of the solution of all previous time steps. Kalinowski
et al. [43] gave a 1.5-competitive algorithm for the special case of incremental maximum
flow. For a subclass of problems containing matchings and matroid intersections, Goe-
mans and Unda [32] showed an upper bound of (9+ \/ﬁ) /15 on the competitive ratio. In
his PhD thesis, Unda Surawski [68] considered incremental minimization and maximiza-
tion problems with a sum-objective and gave multiple algorithms for various problem set-

tings, including an ¢+!-competitive algorithm for monotone submodular objectives and

an %-competitive glgorithm for maximum weighted matchings.

Incremental maximization was also studied in settings where in each time step the
environment changes. Hartline and Sharp consider this setting with a sum-objective for
bipartite matching, maximum flow, and knapsack [36, 37]. In his PhD thesis, Sharp [64]
considers even more problems, as well as the incremental minimization problem. Thielen
et al. [67] investigate a form of the knapsack problem where in each step the capacity
increases and new items are released and can be added to the solution.

The incremental minimization problem was investigated for various problem classes
including k-center [33], k-median [56, 62, 12], and facility location [62]. A generalized
approach for incremental minimization was given by Lin et al. [52]. They also note
that results for the minimum latency problem, which was studied by Blum et al. [8] and
Goemans and Kleinberg [31], yield results for the incremental £-minimum spanning tree




problem. Incremental minimization with a sum-objective was investigated by Engel et
al. [25] for minimum spanning trees and by Baxter et al. [4] for shortest paths.

1.2. Notations and Preliminaries

We denote by N = {1,2,3, ...} the set of all natural numbers, by Q the set of all rational
numbers, by R the set of all real numbers, and by C the set of all complex numbers. For a set
of numbers S € {N, Q, R} and some real number r € R, we define S>, :={s €S |s>r},
and analogously S~.,. For k € N, let [k] := {1,2,...,k}, and let [co] := N. We denote the
golden ratio by ¢ = (1 +/5) ~ 1.618.

competitive analysis. Now, we define some variations of the competitive ratio, namely
the non-strict, the strict, and the randomized competitive ratio. The definition of the
strict competitive ratio will coincide with the definition of the competitive ratio in the in-
troduction. Whenever we talk about the strict competitive ratio and no other competitive
ratios in the same context, we simply write “competitive ratio” throughout this thesis.

Let a > 0. For p > 1, we call an incremental solution X non-strictly p-competitive with
additive constant « if, for all C' € N, we have p - f(X(C)) > OpT(C) — a. The non-strict
competitive ratio with additive constant « of the solution X is

inf{p > 1| X is non-strictly p-competitive with additive constant «a}.

For p > 1, we call an algorithm ALG for a problem class P non-strictly p-competitive with
additive constant « if the incremental solution of ALG is non-strictly p-competitive with
additive constant « for all instances in P. The non-strict competitive ratio with additive
constant « of the algorithm ALG is

inf{p > 1 | ALG is non-strictly p-competitive with additive constant «}.
The non-strict competitive ratio with additive constant « of a problem class P is

inf{p > 1 | there exists a non-strictly p-competitive

algorithm with additive constant « for P}.

If the additive constant is & = 0, we call the competitive ratio “strict” instead of “non-
strict” and omit the addition “with additive constant «”.

A randomized algorithm for INcMax is one that picks a deterministic algorithm ran-
domly according to some distribution over the class of deterministic algorithms and re-
turns the incremental solution of this deterministic algorithm. Since the algorithm is cho-
sen randomly, the incremental solution of the randomized algorithm X = (e, eg,...)isa




random variable. Similarly, the solution of X for cardinality C' € N, X (C) = {ey,...,ec}
is a random variable. The randomized competitive ratio of X is

sup Opt(C)
cen E[f(X(O)]
Similar to the definition of the (non-strict) competitive ratio, the randomized competitive

ratio of a problem class is the infimum over the randomized competitive ratios of all
randomized algorithms for this problem class.

Remark 1.1. As it is usual in competitive analysis, we do not only consider algorithms that
have a polynomial running time, but also those with worse running times. Yet, all algorithms
presented in this work can run in polynomial time if we are given an algorithm that returns
the set O(C) for a given C' € N in polynomial time.

objective properties. Throughout this thesis, we consider multiple subclasses of Inc-
Max that are induced by different properties of the objective. In the following, we define
some of these properties. Figure 1.3 gives an overview how the different properties relate
to each other. For the definitions of vy-a-augmentability and S-accountability, we refer to
Definitions 2.3 and 5.1.

Definition 1.2. A function f: 2V — Rxg is called
* modular if, forall A C U and e € U, we have f(AU {e}) = f(A) + f({e}),
* submodular if, for all A, B C U, we have f(AUB) + f(AN B) < f(A) + f(B),
* subadditive if, for all A, B C U, we have f(AU B) < f(A) + f(B),

* fractionally subadditive if, for all A, By,...,B; C U and all oy, ..., € R>q with
Yiclkeen; @i = 1 for all e € A, we have

k
FA) <3 aif(By),
=1

 accountable if, for all finite S C U, there exists e € S with f(S \ {e}) > (1 —
L/ISDf(S);

* a-augmentable for o > 1 if, for all A, B C U with B\ A # 0, there exists b € B\ A

with
fAUB) - af(4)

| Bl

FAU{D}) - f(A) =

10



(3-accountable

accountable

y-a-augmentable

Figure 1.3.: Relation of the different objective properties used throughout this paper.
We use the following abbreviations: FSA - fractionally subadditive, WRF -
weighted rank function, BSR - bounded submodularity ratio. For the defini-
tions of «y-a-augmentability and 3-accountability, we refer to Definitions 2.3
and 5.1. The parameter 3 € (0, 1] has to be chosen as 8 = min{%, 1

alt:
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Note that every modular function is submodular, and every submodular function is
fractionally subadditive [51] and 1-augmentable [5]. Furthermore, every fractionally
subadditive function is subadditive [51].

Definition 1.3 ([14]). The submodularity ratio of f: 2V — Rx¢ is (using § := 1)

o > pep(f(AU{D}) — f(A))
W) = Ae2U17r§ng\A b ?(A UB) - f(A)

€ [0,1].

By definition, submodular functions have submodularity ratio 1.

Definition 1.4 ([6]). The curvature of f: 2V — Rx is

1_mf{f<AUBu{e}> ~ f(AUB)
f(AU{e}) = f(A)
The curvature is a measure how close a function is to being modular. If the curvature

is 0 it is modular, and if it is 1 there are items that completely lose their value when added
to large sets.

A,BgU,eeU\(AuB)}.

Definition 1.5. An independence system is a tuple (U, Z), where Z C 2V is closed under
taking subsets and () € Z. For a given weight function w: U — Rx(, the weighted rank
function of (U,Z) is given by f(X) = max{}_,., w(z)|Y € TN 2X}. The set B(X) of all
bases of some set X C U is defined to be the set of inclusion-wise maximal subsets of TN 2%,
ie, B(X):={B e In2X|Vz € X\B: BU{z} ¢ T}. The rank quotient of an independence
system (U,Z) is q(U, T) := minxcy ming prep(x) | B|/|B'|, where we set gi=1

The weighted rank function of an independence system can be represented as the max-
imum over modular functions and is therefore fractionally subadditive [1].

graphs. We denote a directed graph by G = (V,E) where V is the vertex set and
E CV x V the edge set. For a vertex v € V, we define §*(v) := ({v} x V)N E to
be the set of outgoing edges from v, and §~ (v) := (V x {v}) N E to be the set of incoming
edges to v. A flow in G with respect to a capacity function y: £ — Rx¢ is a function
¥: E — R>( that satisfies

(e) Ve e E (capacity constraint),

=
2
IA
© =

Yv € V  (flow conservation),

12



where the excess of a vertex v € V is defined as

exp(v) = 3 W) - > de),

e€éd—(v) e€dt(v)

and the excess of a set V' C Vis exy(V') = 3 oy exyp(v). Let G = (V, E) be a directed
graph with a designated source s € V' and a set of sinks T' C V' \ {s}. An s-T-flow in G
with respect to a capacity function p: E — R is a function 9: £ — R>( that satisfies

de) <ule) VeeFE (capacity constraint),
exy(v) =0 VYoeV\ ({s}UT) (flow conservation),
exy(t) >0 vteT (T are sinks).

A maximum s-T-flow 9*: E — Rx¢ is an s-T-flow that maximizes the excess of T, i.e.,
exy«(T) = max{exy(T) | ¥ is an s-T-flow in G}. If T' contains only one vertex T = {t},
we may also write s-t-flow instead of s-T'-flow.

a useful estimate. We will often encounter sequences (c1, ¢z, . . . ) where every value in
the sequence is at least as large as the previous value multiplied by some é > 0. The
following estimate will be useful in this context.

Lemma 1.6. Let 6 > 1 and (ci1,...,ck) with ¢iy1 > dc¢; for all i € [k — 1). Then
Zle ci < %Ck- In particular, if 6 = ¢ + 1, we have Zle ¢i < PCk.

Proof. The fact that, for all i € [k — 1], we have ¢;1 > dc; yields ¢, > §¥ic; for all i € [k].

We obtain i i
1 1 1 )
DS G <) G T oI Ty
=1 =1 =1

If 6 = ¢+ 1, we have

) 1 2
0—1 % ©
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2. The Greedy Algorithm

Probably, the most natural approach to define an incremental solution for the INncMax
problem is to add the elements of U one by one, and, in each step, to choose the element
that yields the largest increase in the objective value.! The algorithm that does this is the
GREEDY algorithm. For i € N, it iteratively chooses elements

e; € AAgMaX cin\fe, ., 3/ ({e1... €i-1,€}).

If the choice is not unique, it chooses an element from the set in an arbitrary but fixed
way. The incremental solution of the GREEDY algorithm is X© := (ey, es,...). Note that
we have X6(i) = {e1,...,e;} foralli € N. While this algorithm is widely used in practical
applications, the competitive ratio of the GREEDY algorithm can be arbitrarily bad. To
see this, consider the following example.

Example 2.1. Let k € N, and let Uy, Us be disjoint sets with |Uy| = |Us| = k. We define
U := Uy UU; and, with € € (0, ], the objective function

f(sCU) = {0’ vo=h
max{l + |SNUile,|SNUsl}, else.

We set the (unknown) capacity constraint to be C = k. The first element added by the GREEDY
algorithm is one from the set U; because it increases the objective value by 1 + ¢, while the
elements from set U, increase the objective value only by 1. In the following k — 1 iterations,
the GREEDY algorithm adds the remaining elements from U; because they each increase the
objective value by e, while the elements from U, do not increase the objective value. After k
steps, the value of the greedy solution is 1 + ke < 2, while the optimum solution is the set Uy
with a value of k. As we can choose k € N arbitrarily large, the competitive ratio of the
GREEDY algorithm can be arbitrarily bad.

'If the groundset is infinitely large, such an element might not exists. In this case, we can instead add
an arbitrarily good approximation. The competitive ratio of the GREEDY algorithm is negligibly worse.
Thus, throughout the chapter we assume that there always exists an element maximizing the marginal
value when it is added.
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A natural question in this context is, for which objective functions f the GREEDY algo-
rithm gives a good solution, i.e., one with a bounded competitive ratio. We are interested
in characterizing these objective functions.

A well-known class of functions for which the GREEDY algorithm has a bounded com-
petitive ratio of (exactly) e% are the monotone, submodular functions [58]. This class
includes, for example, the maximum coverage problem, but fails to capture many other
greedily approximable settings. See Figure 2.1 along with the following.

Das and Kempe [14] introduced the class of functions with bounded submodularity ra-
tio (cf. Definition 1.3) as a generalization of submodular functions. This class was further
generalized by Bian et al. [6] to the class of functions with bounded weak submodularity
ratio.

Definition 2.2 ([6]). The weak submodularity ratio of f: 2V — Rx is (using % =1)

N | Shen(FAU b)) — £(4))
1= oo™ e fAuB) - fa) <01

Das and Kempe [14] showed an upper bound of ef—il on the competitive ratio of
the GREEDY algorithm for the set of all monotone functions with submodularity ratio
at least v > 0. Bian et al. [6] extended this to a tight bound that is additionally parame-
terized by the curvature c of the objective. This tight bound is ¢ efczl. Since submodular
functions have submodularity ratio 1 and curvature ¢ € [0, 1], this bound generalizes the
submodular bound. Crucially, it is easy to verify that these results carry over to the set F ~
of all monotone functions with weak submodularity ratio at least v > 0.2

Bernstein et al. [5] proposed another generalization of submodularity, a-augmentability
(cf. Definition 1.2). They showed that the GREEDY algorithm has a competitive ratio of at
most « - effa_l on the set F,, of monotone, c-augmentable functions, for o« > 1, and that
this bound is tight for & € {1,2} and in the limit @ — oo. Since submodular functions
are 1-augmentable, this bound again generalizes the submodular bound. The class of a-
augmentable problems captures the objective of the maximum (weighted) a-dimensional
matching problem, which is not submodular. In this chapter, we introduce a natural «a-
commodity flow variant that is c-augmentable, and we prove a tight lower bound on the
competitive ratio for all @ > 1.

Another, well-known setting, besides submodularity, where the GREEDY algorithm has
a bounded competitive ratio, are weighted rank functions of independence systems of
bounded rank quotient [49] (cf. Definition 1.5). Jenkyns [40] and Korte and Haus-

mann [48] showed that the GREEDY algorithm has a competitive ratio of exactly 1/g

2Here and throughout we use the notation F as opposed to F to refer to a function class based on a weak
definition.
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D1sJOINT PATHS INDEPENDENT
| SET

KNAPSACK

MULTI-SINK
a-COMMODITY
Frow

BIPARTITE
MATCHING

Figure 2.1.: Relation of the different problem classes (nodes) and objective properties (el-
lipses). Anything that is contained within one ellipse has the property the
ellipse stands for. Newly introduced classes and problems are marked in red
with dashed lines and round nodes. The parameter &’ is chosen sufficiently
large, depending on v and «.

on the set F, of all weighted rank functions of independence systems with rank quotient
at least ¢ > 0.3

The goal of this chapter is to unify and to generalize the above classes of functions for
which the GREEDyY algorithm has a bounded approximation ratio.

In Section 2.1 we introduce a natural a-augmentable variant of multi-commodity flow.
Besides the a-dimensional matching problem, to our knowledge, this problem is the only
other natural a-augmentable problem to date. We will construct a family of instances
of this problem that yield a tight lower bound for the competitive ratio of the GREEDY
algorithm on the class of monotone and a-augmentable problems for a € N. This closes

®Note that we abuse notation, since, e.g., Fo # F, for & = ¢ = 1. However, the set of functions we are
referring to will always be clear by the naming of the indices.
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the gap left [5] for a € N>3.

In Section 2.2 we will observe that each of the classes F ~» Fa, and F, captures greedily
approximable objectives that are not contained in either of the other two classes (cf. Fig-
ure 2.1). This motivates the definition of the following property.

Definition 2.3. The function f: 2V — R>q is 7-a-augmentable for v € (0,1] and a > v
if, for all A, B C U with B\ A # (), there exists b € B with

1f(AUB) — af(4)
| Bl

fFAU{D}) - f(A) =

We call f weakly v-a-augmentable if this only holds for all A € {X°(0), X%(1),...}.

In order to capture as many functions as possible, we will consider the weak variant of
this definition, which enforces its defining property only for “greedy sets”. However, any
upper bound on the approximation ratio immediately carries over to the same bound in
the stronger definition. Also note that y-a-augmentability only requires o > ~, unlike
a-augmentability where « > 1. This is in line with the definitions of a-augmentability
where v = 1 and of the submodularity ratio where o« = . We let j-'%a denote the set of
all weakly v-a-augmentable functions.

Finally, in Section 2.3 we show that the function class 7, contains the other three
classes F. > Fa, and Fg, as well as additional functions (cf. Figure 2.1). We show that the
competitive ratio of the GREEDY algorithm for INcMAx problems with ~-«-augmentable
objective with curvature ¢ (cf. Definition 1.4) is at most O‘_(ly_c)“’ . e(fle(:;)zl which re-
covers the known upper bounds for the class of monotone, a-augmentable functions, and
for the class of monotone functions of bounded (weak) submodularity ratio with cur-
vature c. For curvature ¢ = 1, we show that this bound is tight. For v = 1, the tight
lower bound is obtained with an c-augmentable function. This means that, in particular,
we are able to close the gap left in [5] by showing a tight lower bound for monotone,
a-augmentable objectives for all « > 1. Lastly, we recover the upper bound for the com-
petitive ratio of the GREEDY algorithm on the class of weighted rank functions of some
independence system by showing that, for y-a-augmentable weighted rank functions, the
competitive ratio is %

An extended abstract with most of the results in this chapter was published in [15] and
a full version will soon appear in [16]. A new result in this thesis is the introduction of
the dependency on the curvature in Theorem 2.17.
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2.1. The MULTI-SINK o.-COMMODITY FLOW problem

In this section, we introduce a natural a-commodity flow problem that models, e.g., pro-
duction processes where the output is limited by availability of all components. The
objective of this problem is (exactly) a-augmentable, but, for « € N\ {1}, does not have a
bounded (weak) submodularity ratio and cannot be expressed as a weighted rank func-
tion over an independence system. We will show that this problem also gives a tight
lower bound for the competitive ratio of the GREEDY algorithm on the class of monotone,
a-augmentable functions, for o € N. We will extend this lower bound to all @ > 1 in
Section 2.3.1, and thus close a gap left in [5].

We extend the notion of s-T-flows to multi-commodity flows, where each commodity
has an independent capacity function.

Definition 2.4. Let « € Nand G = (V, E) be a graph with s € V .and T' C V. Furthermore,
let p = (pi: B — R>0);e(q) be capacity functions. A multicommodity-flow in G w.r.t. p is
a tuple 9 = (V1,...,9,), where ¥; is an s-T-flow in G with respect to capacity function u;.
The minimum-excess of a sink vertext € T in 9 is

mineXy(t) := minexy, (t).
i€]a]

For convenience, we define u(u, v) := pu((u,v)) and ¥(u,v) := ¥((u,v)) For 7" C T, we
let minexy(T") := >_, . minexy(t) in the following.

An instance of the problem MuLTI-SINK a-CoMmmoDITY FLow, for o € N, is given by a
tuple (G, s, T, ), where G = (V, E) is a directed graph, s € V is a source vertex, 7' C V'
is a set of sink vertices, and p = (u;: E — R>0);¢[q are capacity functions. The problem
is to find a subset of sinks S C T" with |S| < k that maximizes the objective function

S) = i S
f(S) B minexy (),

where Mg ,, denotes the set of all multicommodity-flows in G w.r.t. capacities .

Example 2.5. For a prototypical application of MuLTI-SINK a-CoMmmopITY FLow, consider a
factory where k € N machines are to be built in a set T' of potential locations. Each machine
produces the same item and needs a number o € N of different resources. The output of a
machine is limited by the resource it has available the least. All resources are delivered to the
machines along different routes within the factory, e.g., some liquids might be transported
via pipes, other resources might be transported on a conveyor belt or on pallets. The objective
is to determine in which k locations the machines should be constructed in order to maximize
overall production.
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Theorem 2.6. For every o € N, the objective of MULTI-SINK a-CoMmoDpITY FLOw is monotone
and a-augmentable.

Proof. Let AC T'andt € T'\ A. To prove monotonicity, fix some multicommodity-flow
with minexy(A) = f(A). By definition, minexy(A) < minexy(AU {t}) < f(AU{t})
holds and thus f is monotone.

To show a-augmentability, let (G, s, T, 1) be an instance of MULTI-SINK a-COMMODITY
Frow. Let A, B C T such that B’ := B\ A # (). We show that there exists b € B’ with

f(AUB') —af(A)

FAU D) — F(4) 2 2=

This suffices because, with

f(AUB) —af(4) _ f(AUB) —af(4) |
|B'| | Bl -

f(AUB) — af(A)
| B ’

a-augmentability of f follows.

Let 94YF" = (94VB’ | 9AYB") be a multicommodity-flow in G that maximizes the
minimum-excess minex gup (A U B'), i.e., minex .z (AU B') = f(AU B'), such that
P9AYB" is a maximum s-(AUB')-flow w.r.t. capacity y; foralli € [a]. Such a multicommodity-
flow can, for example, be obtained by augmenting a flow that maximizes minex gaus (AU
B') with the Edmonds-Karp algorithm (cf. [49]). Furthermore, we let 94 = (94, ...,94)
be a multicommodity-flow in G with minex44(A) = f(A), as well as eXya (A) = f(A)
and exya (T \ A) = 0 for all i € [a], ie, 9 maximizes the minimum-excess of the
set A while the values of all flows 19;4 are as small as possible. This multicommodity-
flow can be obtained by reducing the flows of a multicommodity-flow that maximizes
minex 44 (A U B’) along paths of a path decomposition of the flow (cf. [49]). We de-
fine the function g: A — [a], such that, for all z € A, no flow ¥ W.Lt. capacity Hg(z)
exists with ex;(2') > eXga (2/) for all 2/ € A\ {z} and with ex3(z) > eXga (x).
This means that the flow ﬂgA(x) is one of the flows limiting the value of minex4a(z). Let
g (i) = {xz € A| g(z) =i} for all i € [a] be the preimage of g. Obviously

«

Us() =4 2.1)

=1

We add a super sink ¢ to G and, with V:=VuU{tland E :== EU{(v,t) | v e (AUB')},
let G = (V, E') denote the resulting graph. Furthermore, we define the capacity functions
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fi;: E — Rx for all i € [o] such that, for (u,v) € E,

wi(u,v), if (u,v) € E,
i (u,v) i= max{exﬂfx (u), €Xyaup (u)}, if (u,v) € A x {t},
exyaun (u), if (u,v) € B' x {t}.

/

Now we extend the flow 94V 1o a flow 97 in G, such that, for all i € [a] and
(u,v) € E,
P () 9P (u,v), if (u,0) € B,
! T | exgaus (u),  else,

holds, and analogously, we extend the flow 9 to a flow 9" in &. With this defini-

. ~AUB’ . . . - ’. .
tion, ©J; is a maximum s-t-flow w.r.t. capacity j;, because 9“5 is a maximum

s-(AU B')-flow w.r.t. capacity u;.
For i € [a], let ¥; be a maximum s-t-flow w.r.t. capacity ji; in G obtained from f?f by
using the Edmonds-Karp algorithm. Then its value is exactly

eXgaup (AU B')
becaus~e 19;4UB' is a maximum s-(A U B’)-flow. We project J; onto a flow in G, i.e., we set
¥ := ¥;|p for i € [o] and define ¥ := (¥1,...,9,). For all x € A, by definition of ¥, we
have exy, (z) > exya(x), and thus, by definition of g,

Xy, (¥) = exXya (z). (2.2)

Because ¥; is a maximum s-t-flow in G w.r.t. capacity fi;, 9; is a maximum s-(AU B’)-flow
W.Lt. capacity p; in G. Since 9YF’ is also a maximum s-(A U B’)-flow w.r.t. capacity j;,
we have

exy,(AUB') = €X' (AU B). (2.3)
For all z € A, we know that the excess of x in ¥; is as large as the flow J;(z, t), i.e.,
exy,(x) = Oi(x,t) < i (z,t)
= max{exﬂiA (x), X yaup’ ()}
< expa(2) + exgaom (@), (2.4)

By maximality of 9 and because exy, () > exya(z) for all z € A, we have

minexy(A) = minexya(A4) = f(A). (2.5)
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Since A N B’ = (), we obtain

eXgaup (B') — exy, (B')

= eXyaus (AU B') —exy, (AU B') — exyaum (A) 4 exy,(A)

@ exy, (A) — exyaup (A)
= > (exo,(@) —expum (@) + D (exo, (@) — expuum (@)
z€A\g1(i) zeg—1(i)
2.4),(2.2)
< Z exga(r) + Z (exga(w) — exyaum (v))
reA\g—1(i) eg—1(3)
= A=) expaum (@), (2.6)
zeg— (i)

where we used minimality of 9. Using this we can compute

minexﬂAUB/ (B = bZ:/ 52[15]1 { eXyaus’ (b)}
€B
— Z min { exy, (b) + (ex aum (b) — exy, (b)) }
he Blze[a] i
< > <rg[1r} {exg,(0)} + ) (exgaum (b) — eXﬁi(b))>
AN i=1 '

= minexy(B’) +

I

(exﬂf,UB/ (B') — exy,(B'))
1

( Z eXﬁAUB’ )
1 zeg=1(i)

minexy(B’) + af(A Z exﬂA(Uf;/ 2.7
TEA g

7

@6 ,
minexy(B’) +

‘MQ

7

@D
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Finally, because AN B’ = (), we get

f(AuB) = mineXﬂAUB/ (A) + mineXﬁAUB/ (B
= Z (min eXgaup (7 x)) + minex iz (B')
vy i€]a]
2.7
< ZexﬂAUB/ ) + minexy(B’) + af(A ZexﬂAUB/
zea vea 0
= Z minexy(b) + af(A4),
beB’
which is equivalent to
> minexy(b) > f(AUB') — af(A). (2.8)
beB/

Now, we show that f(AU{b}) — f(A) > minexy(b) for all b € B’, which will complete
the proof, because then

[B'] (max (AU {b}) - £(4)

VooV
5 =
(E =~
S
= =
|
g
2

A HAUB) - af(4).

In order to show that f(A U {b}) — f(A) > minexy(b) holds for all b € B, let b € B'.
Since AN B’ = (), we have

minexy(A U {b}) = minexy(A) + minexy(b) =2 f(A) + minexy(b).

Furthermore, we have f(AU{b}) > minexy(AU{b}) because ¥ is a multicommodity-flow
in G. Combining these two insights yields f(A U {b}) — f(A) > minexy(b). Thus, we can
conclude that f is a-augmentable. O

Proposition 2.7. Forevery,q € (0,1), and o € N>, there exists an instance of MULTI-SINK
a-Commobiry FLow where the objective is not in F, U F.
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Figure 2.2.: An instance of MULTI-SINK a-CoMmMoDITY FLow for o« = 2 where the objec-
tive has an arbitrarily small (weak) submodularity ratio and cannot be mod-
eled as weighted rank function of some independence system.

Proof. We will define such an instance of MULTI-SINK a-ComMoDITY FLow (cf. Figure 2.2).
Let

T = {tl,tg,t?,},

V o= {s,u,v}UT,

E = {(s,v1),(s,v2),(s,t1),(s,t3), (v1,t1), (v1,t2), (v2,t2), (v2,t3)},
G = (V,E),

and, with 0 < e < 3, let

(1+4¢€,0,0,...,0), ife=(s,v1),
[ B o R, ple) = (0,14+¢e,14¢,...,1+4¢), ife=(s,v2),
- (1,0,0,...,0), ifec {(S,tg),(Ul,tl),(’ul,tg)},
(0,1,1,...,1), else.

With proper tie breaking (or by adding small extra capacities), the GREEDY algorithm
picks the sink ¢, in the first iteration. Adding any other sink to this increases the objec-
tive value by ¢, i.e., for all t € T, we have Y, ,(f(X®(1) U {t}) — f(XS(1))) = 2¢. But
since f(XCG(1) U {t1,t3}) — f(XC(1)) = 1, the weak submodularity ratio of this problem
is QTE <.
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If f could be modeled as the weighted rank function of some independence system, the
corresponding weight function would have to satisfy w(t1) = w(t2) = w(t3) = 1 because
each sink alone has a minimum-excess of 1. Yet, we have f({t1,t2}) = 1 +e. This cannot
be possible if f is the weighted rank function of some independence system, as, in this
case, we would have f({t1,t2}) € {0, 1,2}, depending on which sets are independent. [

We will now construct a family of instances of the MuLTI-SINK -CoMMODITY FLOW
problem to show a tight lower bound on the competitive ratio of the GREEDY algorithm
for the class of monotone, a-augmentable objectives for o € N.

For o = 2, the MULTI-SINK a-CoMMODITY FLOW problem is equivalent to the BRIDGEFLow
problem that was used in [5] to show the tight lower bound for o = 2. We generalize the
tight lower bound construction for BRIDGEFLOw to arbitrary o € N.

Fork e N,k > 2weletz := % Now, we define the graphs G = (Vi, Ey) (cf. Fig-

ure 2.3) via
Vi
Ey,
Bl

k,i,3

Ery

)

Ey

capacity functions ;* =

{S7U17 cee )valﬁtla e 7t2ak}7
{<3 t(a+i71)k+1)7 SRR (57 t(aJri)k)}?
{(s, tak+1)s -, (s t2an }\Eli,iv

(
{(s,v5), (%ty)}v.? € [ak],
{(Ujvt(a—i-z 1 k+1) (U]> (a+i)k )}Vj € [ak]
ak ak
El VES U Briyu U Bl
=1 =1
(0%
U gk’,i?
i=1
Koo pk)with u¥: EF — Ry fori € [a] and
1, ife € E} 0
00, ife € B b
gok=itlif e € Ey; ; for some j € [ak],
Frh It if e € By, for some j € [k,
0, else.

Note that only the edges in & ; allow a flow of commodity i. We define s to be the source

vertex and T := {ty,...

,toak } to be the set of sink vertices.
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Latik+1
N :
t2ak

Figure 2.3.: The graph G only with edges from & ; and capacities pF.
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In the next proof we will need the following observation: Using = = % and withi € N
the equation

1< 1 [z —1 1 ()™ -1
_ J = - _ — | =z
1+k;x 1+k( — 1> 1+k( )1 1

Il
—_
+
| =
7N
—~
o

|
—_
S~—
N
— N\
5
| | =
—_
"
+
—

|
—_
~_
|
—_
~_

= 1+<kf1>i—k((k—1)+1)= (lL):x (2.9)

holds.

We will now show in which order the GREEDY algorithm picks the vertices from the
set T. We assume that the tie-breaking works out in our favor. This can be achieved by
introducing small offsets to the capacities. For better readability we omit this here.

Lemma 2.8. Let o,k € Nand ¢ € [ak]. In iteration ¢, the GREEDY algorithm picks sink
vertex ty. A multicommodity-flow 9 = (94, ...,7,) that maximizes the minimum-excess of
the vertices {t1,...,t;} fully saturates all edges in E}; ; for all i € [a] and j € [{].

Proof. We will prove the statement by induction. In iteration ¢ = 1, the gain of picking
vertex ¢; with j € [ak] is 2®*~I*!, because for all i € [a] we can have a flow of value
x**=I+L of commodity i from s via v; and the edges in Ej; ; to t; and no more flows
to t; are possible, since the only incoming edge to t;, which allows a flow of commodity
i, is the edge (v;,t;) € Ey,; ;. For j € {ak +1,...,2ak}, the gain of picking vertex ¢;
is the minimum of all commodities flowing to ¢; and there is only one commodity which
does not allow an unbounded flow to ¢;, because for i € [a] \ {[£:%]} there is an edge
from s; to t; in E,’“ j with infinite capacity for commodity ¢. The maximum flow of the
commodity with a finite flow to ¢; is

1 ak 2.9
g &> ak
1+ T ]E_l A A

and, thus, with proper tie-breaking, the GREEDY algorithm chooses vertex ¢;. For i € [a],
the only incoming path that allows a flow of commodity 7 from s to ¢; is along the edges
in Ej; 1, so they have to be fully saturated by a multicommodity-flow with maximum
minimum-excess.

Now suppose the statement is true for some ¢ € [ak — 1], i.e., the GREEDY algorithm
has picked edges ¢4, ..., t, and a multicommodity-flow with maximum minimum-excess

27



of the vertices {t1, ..., t,} fully saturates all edges in E}, ; ; for alli € [a] and j € [¢]. Then
the gain of picking vertex ¢; for j € {{+1,...,ak} is still z%~7+1 because all s-t;-paths
for i € [a] do not carry flow that contributes to the maximum minimum-excess. The
gain of picking vertex ¢; for j € {ak+1,...,2ak} is still the minimum of all commodities
flowing to ¢;, and again there is only one commodity which does not allow an unbounded
flow to ¢;. Because all incoming flow at vertices vy, . .., v, already saturates all incoming
edges, there is no flow of this commodity via a vertex in {v1, ..., v} to ¢; possible without
reducing the minimum-excess of another sink vertex by the same amount. Thus, the
maximal flow of this commodity to t; is

1 ak—/{ )
1+ - Z; 2 29 xak47
=

so, with proper tie-breaking, the GREEDY algorithm picks vertex ¢, next. For i € [«]
and j € [/, the only incoming path that allows a flow of commodity i from s to ¢; is
along the edges in E}; j, so they have to be fully saturated by a multicommodity-flow
with maximum minimum-excess. O

This enables us to calculate the competitive ratio of the GREEDY algorithm for this
instance of MULTI-SINK a-CoMMoODITY FLow, which gives us a lower bound for the com-
petitive ratio of the GREEDY algorithm for the MuLTI-SINK -CoMMODITY FLOW problem.

Proposition 2.9. For a € N, the GrReeDy algorithm has a competitive ratio of at least aef—a_l
for Murti-SINk a-CommoDpiTy Frow.

Proof. We will consider the (unknown) cardinality constraint C' = ak. By Lemma 2.8,
the GREEDY algorithm picks the sinks ¢1, . . ., . in the first ak iterations and the objective
increases by 2**~7+! when sink vertex ¢; is picked and thus the minimum-excess of the
greedy solution is

ak
FxXS(k) =Y ad B k(at 1),
j=1

We compare this to the solution that picks the vertices ¢,k 1, - .., t2qr (Which is, in fact,
an optimum solution for cardinality ak). Increasing the flow to one of these vertices does
not reduce the flow to the others, so the minimum-excess of any of these vertices is

1 ak 2.9)
- g (&> ak
14+ 2 ]E_l =",
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and their combined minimum-excess thus is («k)2®*. Using this and 2 = k—fl, we calcu-
late the ratio between this solution and the greedy solution to get
ak
akxoF xok (k%
(0%

ek Y
k(zoF —1) - -

N e e T (- RS

—

()Y e
koo (A ’f)a_l e — 1 =

As MULTI-SINK a-ComMoDITY FLOW is monotone and a-augmentable, we obtain a lower
bound for the competitive ratio of the GREEDY algorithm on F, for o € N that tightly
matches the upper bound of [5].

Corollary 2.10. For o € N, the competitive ratio of the GREEDY algorithm for INCMAx with
a-augmentable objectives is exactly « - %

In particular, it follows that the objective of MuULTI-SINK a-CoMMODITY FLOW is not
o/-augmentable for any o/ < «. We will generalize the lower bound to all @ > 1 in
Section 2.3.1.

2.2. Separating Function Classes

In this section we will show that the function classes F. ~»> Fa, and F, each contain func-
tions that are not in either of the other two function classes, i.e., we show the following.

Theorem 2.11. For every v,q € (0,1) and « € N, a > 2, it holds that
Foy L (FaUF) and Fo & (F,UF,) and F, € (F,UF,).

Note that we only show this for & € N>,. The case o« > 1 will be addressed in Sec-
tion 2.3.1.

We start with the second part, i.e., we separate F, for &« € N>,. This follows immedi-
ately from Theorem 2.6 and Proposition 2.7.

Proposition 2.12. For every v, q € (0,1), and a € N>y, it holds that F,, ¢ (F-, U F,).
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Proof. Let v,q € (0,1), and @ € N>o. By Theorem 2.6, every objective of an instance
of MULTI-SINK a-CoMmMODITY FLOW is a-augmentable. By Proposition 2.7, there exists
an instance of MULTI-SINK a-CoMMoDITY FLOW, where the objective is not in F., U F,.
Combining this yields the desired result. O

We proceed to show the first and third part of Theorem 2.11 (for all o > 1).
Proposition 2.13. For every v,q € (0,1), « > 1, it holds that ]t"7 7 (Fa U Fy).

Proof. Consider the set U = {a, b} and the objective function

S|, if|S| <1,
f”:2U—>R>o,f”(5):{|2| 1| |
=, else

If f7 could be modeled as the weighted rank function of an independence system (U, Z),
then we would have U € T because f(U) > f(S) forall S C U. Then Z = 2Y and f7
would be linear which is not true. Thus f” cannot be modeled as the weighted rank
function of an independence system, and f7 ¢ F,.

Furthermore, f7 ¢ F,. To see this, consider A = () and B = {a,b}. Then we have
fr(Au{y}) — f7(A) =1 for all y € B, and we have % = % Since v < 1,
the problem is not c-augmentable.

It remains to show that f7 € .7-"7. Let A, B C U with AN B = (). For B = (), the ratio in
the definition of the weak submodularity ratio is § = 1. Thus, assume |B| > 1. If A = 0),

we have
dep f(AU{D}) — f1(4)  |B] € (1,7}
fAUB) -4 pm) T
Otherwise, if |A| = 1, then |B| = 1 and the ratio in the definition of the (weak) submodu-
larity ratio is 1. In both cases, the ratio is at least v, thus the (weak) submodularity ratio
of this problem is , and 7 € F e O]

Proposition 2.14. For every y,q € (0,1), a > 1, it holds that F, ¢ (F U F,).

Prodf. Weﬁxi,jENwithq§%<1anda21. Let

U = Ha1,...,a105},

Uy = {b1,...,b[a15}

Us = {c}

U = U;ulUyUUs,

7 = 2By u{sScU||S| < ali}.
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We consider the independence system (U,Z) and the weight function w: U — Rx>( de-
fined by
1, ee U,
w(e) = o
[a](j—i)+1, else.
The weighted rank function f is given by f¢: U — Rx,
f9(S) = max{w(S") | S’ C 5,5 € I}.

Obviously we have q(U,Z) = % <gq,ie., fleF,
For A =U;, B= Uy and b € B, we calculate

A = [alj,
fHAU{bY) max{[alj, ([a]i = 1) + ([«](7 —4) + D} = [alj,
fHAUB) = falj(fa](G —i) +1).

Suppose, f? was a-augmentable. Then

fHAUB) — afi(4)
| Bl ’

FHAULD}) — f1(A) =

ie.,

- rar; o [013(e1G =)+ 1) — afal;
folj— falj > T

)

which is equivalent to
a>lal(j—1i)+ 1.

Since j > i, this is a contradiction, i.e., f? ¢ F,.
Now, with A = {C, bi,... ,bm]i_l} and B = U, \ A= {b[‘ﬂi’ ceey b[a]j}’ we have

Y vep fUAUL{bY) — fU(A)
Fi(AUB) — f1(A)

=0.

Thus, and because the set A is the greedy solution XS([a]i) (if we break ties in our favor
or change the weights of some elements slightly), the weak submodularity ratio of this
problem is y(f9) =0, i.e., f¢ ¢ F,. O
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2.3. y-a-Augmentability

In this section, we argue that the function class F +,o of monotone, weakly y-c-augmentable
functions unifies the classes F. v Fa, and F,. We show that the competltlve ratio of

the GREEDY algorithm on the function class ]-'%a is at most 2=U=97 . (1(10)?7 . where

¢ € [0,1] is the curvature of the objective. Later, in Section 2.3.1, we w1ll introduce a crit-
ical family of functions that are monotone and weakly v-a-augmentable. These functions
give a tight lower bound for the competitive ratio of the GREEDY algorithm for curvature
¢ = 1, separate the class F v, from the classes ]ny, Fa, and F,, and give a tight lower
bound for the competitive ratio of the GREEDY algorithm on the class of monotone and «a-
augmentable functions, F,, for all « > 1. Finally, in Section 2.3.2, we show an improved
upper bound of ¢ for the competitive ratio of the GREEDY algorithm when the objective
is a (weakly) y-a-augmentable weighted rank function of some independence system.

We start by proving the following simple lemma.

Lemma 2.15. Let (U, Z) be an independence system with weight function w: U — R>q and
weighted rank function f. Furthermore, let i € Nand x € U \ X%(i) with w(z) > 0. Then,
the following are equivalent:

D) XC()u{z} ez

(@ FXC() U {r) — FXO(0) = wia)
(iiD) F(XC() U {2}) — F(XSG)) >

Proof. “(i) = (ii)”: Because f is a weighted rank function and XS(i) U {z} € Z, we have

FXS@ U - f(XC@) = Y w@) - Y w(@) =w().

'€ X6 (1)u{x} '€ XG(7)

“(ii) = (iii)”: This follows immediately from the fact that w( ) > 0.

“(lu) = (i)”: Letz € U\ X©(i) with f(X©(i) U {z}) — f(XS(i)) > 0. Suppose there is
some s’ € XG(i) with w(z) > w(s’). This means that = was considered by the GREEDY al-
gorithm before and not added to the solution, i.e., {s € XC(i) | w(s) > w(z)} U {z} ¢ T.
The fact that f(XS%(i) U {z}) — f(XC(i)) > 0 1mp11es that there is a non-empty set S C
X6(i) with X6(i)\ Su{z} € T and w(S) < w(x). The last inequality implies that, for
s € S, we have w(s) < w(x), which means that {s € XS(i) | w(s) > w(z)} € XS(i)\ S.
But then {s € XS(i) | w(s) > w(z)} U {x} € Z, which is a contradiction. Thus, we have

w(z ) <w(s) for all s € XG(i). If X¢(i) U {x} ¢ Z would hold, then the equality

F(XS(@) U {z}) — f(XC(i)) = 0 would hold because every element in X (i) has a greater
weight than x and because X G( ) € Z. Thus, (i) holds. O
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We are now ready to prove that the class of monotone, weakly ~-a-augmentable func-
tions unifies the three function classes ¥, F,, and F,.

Theorem 2.16. For every ,q € (0, 1], and every « > 1, it holds that
Fo C Fia and Froy C Fryry and Fq C ]3%7/(1.

Proof. If f € F,, then, for all A, B C U and in particular A € {X56(0), X¢(1),...}, there

exists b € B with 1-f(AUB A
FAU (b)) - F(a) = 2L U!B)!_aﬂ .

which means that f € F La- )
For the second part of the proof, let f € F,, A € {X¢(0), XS(1),...} and B C U with

B’ := B\ A # (). Furthermore, let b* € argmaxycp f(AU{b}). Then, by definition of the
submodularity ratio v(f), we have

BI(F(AU{b}) = f(A)) = Y (FAU{b}) — f(A))
beB

= D (FAU{B)) — f(A))
beB’

>y(f)F(AUB") —~(f)f(A)
=v(f)f(AUB) —v(f)f(A).

Since v(f) > ~, this means that f is weakly v-y-augmentable, i.e., f € ﬁ%v-

For the last part of the proof, let f € F, be the weighted rank function of an indepen-
dence system (U,Z), and let w: U — R>( be the associated weight function. Further-
more, let A € {X6(0), X®(1),...} and B C U with B\ A # (). We prove that, for every

€ (0, 1], there exists b € B with

FAULDY) — f(A) > V(AU B) = ;g f(A)
B |B| '

If f(LAUB) — ﬁ f(A) < 0, the inequality holds by monotonicity of f. Thus, assume
from now on that

f(AUB) — (2.10)

1
A)>0
Let A/ C Aand B’ C Bwith A/ UB’ € T and f(AU B) = w(A’ U B’). Furthermore, let
b* := argmaxycp f(A U {b}). We define

B {{b e B' | w(b) > w(t?)}, if fAU{Y) > f(A),
g if (AU {b}) = f(A).
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Note that, for all b € B, we have f(AU {b}) — f(A) = 0. We define the independence
system (U, Z) with

U := AUB,
T = 92424'VB,

We have U C U and Z C 7 and thus, by Lemma 2.15, ¢(U,Z) > q(U,Z). The greedy
solution for the maximization problem on the independence system (U, Z) of cardinal-
ity i := |A| is A because all elements in U are also in U. The next element ¢;; added
by the GREEDY would be from the set B, i.e., f(AU {e;11}) — f(A) = 0. Then, as shown
in [40, 48], we have

f(A) > q(U, D) f(U) > q(U,T)f(A"UB) = q(U,T)w(A' U B). (2.11)

If f(Au{b*}) > f(A), Lemma 2.15 yields f(AU{b"}) — f(A4) = w(b*), and otherwise, if
f(AU{b"}) = f(A), by definition of B, we have |B’\ B| = 0. Using this and the definition
of B, we get

[BI(f(AU{b"}) — f(A)) > |B"\ Blw(b*)

> w(B"\ B)
2.11) - - 1

> w(B"\ B) +w(A"UB) — (U,I)f(A)

!/ / ]‘
= WA UB) - ()
1
FAUB) = (4
R raus - g
-7 U, )" 7

Since ¢q(U,Z) > g, this yields weak y-g-augmentability, ie, feF

/e O

Having shown that F +,a Subsumes the other three classes of functions, we now prove an
upper bound for the competitive ratio of the GREEDY algorithm on this class. Observe that
this upper bound trivially carries over to F, ,, the class of monotone, vy-a-augmentable
functions.

Theorem 2.17. For v € (0,1, & > ~, and ¢ € |0, 1], the competitive ratio of the GREEDY
algorithm for INcMax with weakly v-a-augmentable objectives with f(()) = 0 and curvature ¢
is at most
—(1—¢)yy ex (=

ol ’ ea—(1—-c)y _ 1’

p:
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Proof. Let C' € N be the cardinality constraint. First, we consider the case that there
exists some i € [C], with f(XC%(i — 1)) = f(X%(4)). Then, we have

I?cpeeg(f(XG(i —1ufe}) - f(XS@GE-1)) =0, (2.12)

which implies that the curvature is ¢ = 1. By vy-a-augmentability of f, for all e € O(C),
we obtain

0“2 O(O)|(F(XC(i - 1) U{e}) — F(XO(i - 1))
> f(X—1)U00) —af(X%(i—1)
> f(0(C)) = af(XC(i—1).

This and monotonicity of f yields

OpT(C) = f(O(C)) < %ﬂxG(i ~1) < %f(XG(C))

eCl{

& X)) E pr (o),

Now consider the case that, for all i € [C], we have f(X®(i — 1)) < f(XS(i)). Let
A, B C U be two disjoint sets and B = {by,...,bp|}. By definition of the curvature we
have

|B|

fLAUB) = f(A)+> f(AU{br,....b}) — F(AU{b1,... b 1})
j=1

|B|

> FA)+ Y0 = (b b1 = f({br b })

= f(A+0-9f(B)=(1-)f0)
= f(A)+ (1 - f(B). (2.13)

For ease of notation, we define the gain of the GREEDY algorithm in iteration i to be
;= f(XS(i)) — f(XS(i — 1)) for all i € [C]. By y-a-augmentability, for all i € [C], we
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have

G = maxf(XS( 1) Ufe}) - S(XS - 1))
> eérg%)f(XG(z' —u{e}) - f(XO(i—1))
. /(XSG 1)UO(C) ~ af (XS(i - 1))
& 0(0)]

BP0 (FO(@) + (1 - ) F(XS( — 1)) — =2 (XS — 1))

= Jo(0)] 0(0)]
_ 0% a—(1—c)y )
= af@xc»_~4—77——<ﬂXG@—1». (2.14)

We prove by induction that, for all ¢ € {0, ..., C'}, we have

¢
ro©) - =E= D pexc < oo (1- =) s

For ¢ = 0 the inequality holds because

a—(l-cy v-(—-ch
g - g

=cy > 0.

Now suppose that (2.15) holds for some ¢ € {0,...,C — 1}. Then, for ¢ + 1, we have

o) - =D pxs e+ vy
= g0y - =D pxoqe) - =N,
o) - =N )
2= (3 ooy - S o)
= (o - == sy ) (1- 2= E =)
< ro©) <1 Seslmon C)’Y)M,

and (2.15) continues to hold.

36



Because of 1 + z < e” for z € R, we have

l
Fo@) - 21 o) O f<o<c>>(1—“‘(1“3”)

Y C
_ozf(lfc)'yé
< = 0(0)).
Rearranging this for ¢ = C yields
fxoey = — 2 T Loy = oo
“a—(1-¢y exrU-oy o ' O

Since every function f: 2V — R with weak submodularity ratio v € (0, 1] is weakly

~-v-augmentable, we obtain an upper bound of cef; 11 for objectives with submodularity

ratio v € (0, 1] and curvature ¢ € [0, 1]. This recovers the bound shown in [6].

Remark 2.18. Note that in the proof of Theorem 2.17, the requirement f((}) = 0 was only
needed to show (2.13). If f(0) > 0, we can only make the estimate f(A U B) > f(A) by
monotonicity. In this case, the upper bound on the competitive ratio we obtain is

o e®
voex—1’

which is exactly the bound shown in [15].

2.3.1. A Critical Function

To show that the lower bound in Theorem 2.17 for the class of problems with monotone
and weakly v-a-augmentable objectives is tight for curvature ¢ = 1 and to separate this
class from ]:'7 U Fo U Fy, we introduce a function that is inspired by a lower bound
construction in [6] for the submodularity ratio.

We fix v € (0,1] and o > «. Let k € Nwith k¥ > «, and let U; = {ay,...,a;} and
U; = {b1L'1' ., b} be di_sjoint sets. We set U = Uy U Uy, define &; := %(’“‘T‘“)"l and let
h(z) = Vk_f:cQ + k;jl x. For our purpose, the important facts about h are h(0) = 0,
h(1) =1, h(k) = % and that & is convex and non-decreasing on [0, k]. With this in mind,

we define the function F, , ;: 2V — R>( by

Fw,k(s):glgg{h(\{bl}ms;-|U2m5|>(1_a 5 5¢>+ 5 gz}
- i€[k]

i€[k]:
a; €U1NS’ a; €UNS’
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If h(|{b1} N S| - U2 N S|) > %, we have

h(i{b1} N S1- U201 S))
k‘ )
and otherwise, if A(|{b1} N S| - |U2 N S|) < £, we have

Eyan(S) = ('{bl}”i' ’Ums'< Z §z>+ > &
et

a1€U1ﬂS a; €U1NS

F, o r(S) =

We observe that, for S C U,, convexity of h, h(0) =0, h(k) = k/v and |S| < |Us| = k
imply that
bi}nsS|-|S
(e s js)) < LS, (2.16)

and, for ¢ € {0,...,k}, we have

F-a\'7' 1 15 1- ()
Z&—Z < ; > = TEs = (2.17)

=1

We show that our modification of the function introduced in [6] retains the same structure
in regard to greedy solutions.

Lemma 2.19. For i € [k], the GREEDY algorithm picks the element a; in iteration i, and, for
i € [2k] \ [k], the GReEDY algorithm picks the element b;_j, in iteration i.

Proof. First, we consider the case i € [k]. Suppose that in iteration 4, the initial solution is
{a,...,ai_1}, where {ay,..., a0} = 0, with objective value >/_] &. Adding an element
from {bg,..., b} does not increase the objective value because, for all b € {bo, ..., by},
we have {b;} N {b} = 0. For j € {i,...,k}, adding a; increases the objective value by
& = +(E2)771. Since k > o, we have & > ¢; for j > i. Adding the element b; to the
solution {a1,...,a;_1} increases the objective value by

{ege) () 1)

Thus, with proper tie breaking, the GREEDY algorithm picks the element a; in iteration ¢
fori € [k].

Now, we consider the case thati € {k+1,...,2k}. Fori = k+1, adding an element from
{ba, ..., by} does not increase the objective Value while adding b, increases it by k( k.
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Thus, in iteration k£ + 1, the element b, is added to the solution. For i > k + 2, adding
any element from U, \ X6(i — 1) to the greedy solution X¢(i — 1) increases the function
value by the same amount. Therefore, with proper tie breaking, the GREEDY algorithm
picks the element b;_, in iteration i fori € {k + 1,...,2k}. O

With this, we can show that F, , j is weakly y-a-augmentable.

Lemma 2.20. Let y € (0,1], a > 7, and k € Nx,. Then F, o € Fry a0

Proof. The monotonicity of F, ., immediately follows from the maximum in the defi-
nition. In order to prove weak vy-a-augmentability, let A € {X%(0),..., X%(2k)} and
B C U with B’ := B\ A # (. For better readability, we will write F' := F , 1.

First, consider the case that A C U;. Then F(A4) = )
Thus and because h(1) = 1, for all y € B’, we have

ie[k]:asca & Decause h(0) = 0.

fi, lfy =aqa; € (Ul N B,),
F(A U {y}) - F(A) = %(1 - aZie[k];aieA 61)7 lfy = bl7
0, else.

This yields

[B'|(max F(A U {y}) — F(4))
ye

Y

( S (FAU{y)) - F(A))) +|U2NB| max F(AU{y}) - F(A)

ceUaNB’
yeU;NB’ yeb2

= < Z Ei)+|{b1}ﬂB/|.|U20B/|;<1—(XZ€i>, (2.18)

i€[k]: i€[k]:
a;€UNB’ a;€EA
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If h(|{b1} N B'| - |Us N B'|) < £, we use the fact that F(A) = > icikj:a;ea i to calculate
vF(AUB) — aF(A)

UsNA=0 h(|{b1} N B'[ - [U N B)) , ,
= fy( & <1 — Z fz) + Z fz)

i€k i€k
aiEAU(UlﬁB/) a;, € AU(UL1NB’)
—a Yy &
i€k
a; €A
_ g ' ! .
- [khu{bl} B U0 B) (1 —a > 5)]
i€[k]:
a; €A
«
(1= Cnpy n B |U2ﬂB’|))< > a-) ISR @-]
i€[k]: i€[k]:
a;€UNB’ a;EA
1 / !/
< [k|{b1}ﬂB|-]U2ﬂB|<1—a.Z &) + Z &G| +100. (219
i€k i€[k]:
a; €A a;€eUNB’

The first part of the last inequality follows from (2.16). The second part of the inequality
follows from the fact that v € (0, 1] and, for z > 0, we have h(xz) > 0. The last part
follows from the fact that v < «. Combining equations (2.18) and (2.19) together with
the fact that B’ C B yields weak ~-a-augmentability.

Otherwise, if h(|{b1} N B'| - U N B'|) > £, we have

YF(AUB) — aF(A) vh(‘{bl}mB/HUmB/D —a) &

k 1€[k]:
a;EA
(2.16) 1 , ,
< %y{bl}mBy-\UmBy—aZ &
i€lk]:
a; €A
|U2[=k 1
< k’{bl}ﬂBl|'|UQWB,’<1—a Z&)
i€[k]:
a;€EA
(2.18) ,
< IBl(maxF(AU{y}) - F(4)),
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which yields y-a-augmentability also in this case.

Now, consider the case that A ¢ U;. Then, by Lemma 2.19, wehave A = Uy U {by,...,b;}
for some i € [k]. We have ¢ < k because B’ # (). The fact that h is convex and non-
decreasing on [0, k] yields

Wi+ |B'|) — h(i) 1B'HIIVl h(|Ua]) — h(i)

2.20
B SR (220
With Wi+ 1) — h(i)
. sne+1)—n(
H(i) := (k- 1)W7
we have )
1N (1 2—-3v+7vy
B =k g2 20
which yields
H(i) > H(0) = k:i — ((]) = 7. (2.21)
E_

Combining this with (2.20), we obtain

|B|(h(i + 1) — h(i)) @20 (|Us| — ) (h(i + 1) — h(D)) jvs=k . 22D
Wi+ B h) - h(|Ua]) — (i) = H(@i) = 7. (222

Recall that h is increasing for positive values. In the following let b € B'.
If £ < h(i) < h(i+ 1) < h(i + |B']), then we have

h(i+1) — h(i)

BI(F(AU{b}) - F(4)) = |B k
@22 y(h(i+|B']) = h(i))

2 k
h(i+|B)  h(i)
Y Lk o k

= ~YF(AUB)—aF(A),

i.e., F' is weakly v-a-augmentable.
Now, consider the case that g > h(i). We will start by showing that we have

. , . k
BI(F(AU (b)) — F(4)) > <7h(z +le ) _ah](;)> (1_azgj>. (2.23)
j=1
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If h(i) < h(i+1) < £, we have
BI(FAL ) - FA) > \B’\““;(l—azsj)
2 2006+ = 0) (125)
750 (711(1' +k|B’|) B ahS)) (1 - ajzk;fj)

Otherwise, if h(i) < £ < h(i + 1), then

Zh(z +1) > — 1, (2.24)

which implies that

Thus,

. . k
BI(F(AU (b)) - F(A)) 5 |Bf|h<’ﬂ+1l)€—h(@) <1 NS gj.)
j=1

@22)  ~(h(i+ |B'|) — h(i)) -
< b (1 - QZ@)

j=1
> (z+!BkD—ah (1—0425))

Now that we have established (2.23), we will show that

. / . k
<7h(Z +k|B D _ ahl(;)> (1 - aZ€j> > YF(AUB) — aF(A). (2.26)

j=1

Combining (2.23) and (2.26) yields y-a-augmentability:.
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If h(i) < h(i+ |B'|) < %, we have

(Wh(i +k\B’\) N O‘hl(:)> (1 - ai@)

i+ 15 <1_ Z&)iﬁ@] [’f(l‘azgﬁ p ]

= yF(AUB) — aF(A).

<«

Otherwise, if h(i) < £ < h(i + |B'|), we have

(Vh(z' +k|B’|) - ah;:)) (1 - az’“:@)

|
5
=t
%
>
TN
/N

—

|

Q
I'Mw

I
~—

:~

@

+

Ul
Mw

Jj=1 J=1
h(i+|B'[)<h(k)=% hii + | B i k k
> ¥ ( k’ ), ;) L—a) &+ ¢
j=1 j=1
= vF(AUB) — aF(A)
This establishes (2.26) and, thus, completes the proof. O

It is straightforward to bound the competitive ratio of the GREEDY algorithm for F,

Proposition 2.21. Let v € (0,1}, « > v and k € N~,. Then, the competitive ratio of the
GREEDY algorithm for the instance with objective I, ,, j, is at least

Proof. We set the cardinality constraint to be C' = k. We compare the objective values of
the greedy solution XS (k) of cardinality k and the solution Us, which also has cardinal-
ity k. By Lemma 2.19, we have X¢(k) = Uy, and thus

G L ean 1 ()"
F(XE(k)) = F(Uh) = 3 & =7 ———+—

(07
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and
1

5

EnlSIES

Thus, the GREEDY algorithm has a competitive ratio of at least

Ort(k) N FU) _« 1
F(XS(k) = F(XS() ~ 71— (o)t
The lower bound follows, since
i 1 1 e®
kglc;lol (k—akzl—e*a:ea—l'
- (%% H

As F, o1, € F..o by Lemma 2.20, this immediately yields the following result.

Corollary 2.22. Let v € (0,1] and o > ~. Then, the competitive ratio of the GREEDY
algorithm for INcMax with weakly ~-a-augmentable objectives is at least

a
voer—1°

By combining Theorem 2.17 for curvature ¢ = 1 with Corollary 2.22, we obtain a tight
bound on the competitive ratio for monotone, weakly ~-a-augmentable functions.

Theorem 2.23. Let v € (0,1] and o > ~. Then, the competitive ratio of the GREEDY
algorithm for INcMax with weakly ~-a-augmentable objectives is exactly

It even turns out that, for v = 1, the function F, , ;, is a-augmentable. This allows to
carry the lower bound over to the class F,.

Proposition 2.24. Let « > 1 and k € N>,. Then F ,, € Fa.

Proof. By Lemma 2.20, F} , j is monotone. Thus, it suffices to prove that the function is
a-augmentable. For better readability, we write F' := F , . Observe that, since v = 1,
we have h(z) =z forallz € R. Let A, B C U and B’ := B\ A.
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Case 1: |[{b;} N(AUB)|-[UaN(AUB)| < £,
Then, for b € B’, we have

F(AU{b}) - F(A)

(1 — Heu0AL0A] )y e, ifb=a; € Uy N B,
= \{bl}ﬂ(AU{b})|'|U2ﬁ(A;€J{b})|*|{bl}ﬁA|'|U2ﬂA| (2.27)
(1 _aZiE[k}laiEUﬂTAéi)’ lfb S U2 ﬂB,

This yields

F(AUB) — aF(A)

B b1} N(AUB)|-|UyN (AU B')| ‘ ‘
— ( i (1—0& Z gz) + Z 51)

i€lk]: i€lk]:
a; €U1N(AUB) a; €U1N(AUB")
‘{bl} ﬂA‘ . ’UQ ﬁA’
—a( 3 l—a > &)+ > &
i€lk]: i€[k]:
a;€UINA a;€eU1NA
/ . I _— .
_ l|{b1}m<AUB>| U2 (AU B)| — al{bi} N 4] |U2nA|<1_a 5 5)]
k .
i€[k]:
a; €UINA
bhi}Nn(AuB)|-|UsnN (AU B’
. (1_|{1} (AU B)l- [0 >|a> S EEDS &]
i€[k]: i€[k]:
a;eUNB’ a;€UINA
< |ihnB| max {I{bl}ﬂ(AU{b})!-\Um(AU{b})I—\{bl}ﬂA\-!UzﬂA!
beUxNB’ k
[{br} NAJ- U2 N A
(1—04 Z @)} + (1— : o' Z & | +[0]
i€[k]: i€[k]:
a;€U1NA a;€U1NB’
(2.27) / - -
27 a0 B (, max, F(AU () = F(4)) + Y (F(AU{b)) -~ F(4))
beUNnB’
< ]B|(121€a§(F(A U{b}) — F(A)).
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This establishes a-augmentability if [{b1} N (AU B)| - |Us N (AU B)| < g
Case 2: |{bi} NA|- U2 N Al < E < {0} n(AUB)|-|Usn (AU B)|.
Letbe Uy N B If [{b1} N (AU {b})| - [Us N (AU {b})| < £, then
F(AU{b}) — F(A)
227 HmwwAuwwwWﬂWAuwnwwwﬁmAwu@mm(1_a 2359_

k

ISk
a;eU1NA
Otherwise, if
k
[{Br} (AU {Bh)] - U2 0 (AU {B})] > (2.28)
then
U2 0 (AU )] = [{or} N (AU {B))] - |02 1 (AU (B}, (2.29)
which yields
F(AuU{b}) — F(A)
UyN(AU{b bi}NA|-|[UznA
_ EnGUeH_[edndl- \G_a 5 &>_ T
1€[k] i€lk]:
a; €UINA a;eU1NA
(wggMHMMWAuwDLwqungrwwﬁmAwMbmm(1_aE; &)
i€[k]:
a;€eU1NA

By combining the two cases, for all b € U, N B’, we obtain

F(AU (b)) — F(A) (2.30)

, HB}O(AL N1 AU BHI= I DAL 0], 5~ )
1€[k]:
a;€UINA

Since we consider [{b1} N A| - |[U;NA| < £ < |{t:} N (AU B)| - |U> N (AU B)|, we have
BNUs#0 and bj € AUB=AUB. (2.31)

This yields
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IAY

IN

.31

(2.30)

F(AUB) — aF(A)

U2 N (AU B {o1} NA|-[U2N A
A - A l—a Z G| + Z i
i€lk]: 1€[k]
a;€UINA a; €UINA
I AUB 1 T Al- A
ERGUEL o 3 ][O 1 5 )]
L i€kl J L ie[k]:
a;€UINA a;€UINA
_ / ; _ .
|U2rn(21u3)|a T e - |{b1}ﬂA|k |U20A|<1a 5 5)]
L i€[k]: J L i€[k]:
a;€UINA a; €UINA
U, N (AU B ]
AU,
L i€[k]: i
a;€UINA

k

(102N B| = (L2 B'| = 1))

[U2N (AU B

[{b1} NA[- U0 A
1€[k]

aiELl A
ikl

a;€eU1NA

U2 N B [{b1} N Al - Ve mlju — (U B = DUz 0 4 (1 —a Y s)]

i€[k]:

|U2 NnB

|Us N B'| max

a;€UINA
U NA|+1— |[{bi}NA| U2 A
| 3 l—a > &
1€[k]
a; €UINA
{01} N (AU{bh)] - [U2n (AU{b})] — [{b1} NA[- U N A
beUzNB’ k

(e % o))

a;eU1NA

|Usa ﬂB’\( max

beUaNB’!

FAU b)) — F(A)).
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Thus, the function F' is a-augmentable.
Case 3: £ < |{p;} N A| - |UNA|
For b € B’, we have

0 ifb=a, €U NB,
F(AU{b)) — F(A) = 2.32
(Au{d}) — F(A) {|U2m(AU{bg)|—|U2r1A| ifhe Uyn B, (2.32)

which yields

/
F(AUB) — aF(A) V2N (AUB)| U204

k k
(%1 |[Us N (AU B")| — Uz N A
- k
|Us N B'|

k
A — A
Un 5| max [CZ0AUEHI-[U20 A
beUsNB’ k
A — A
< Bl max [20AUDNI- U204
beUsNB’ k

1Bl (max F(A U {b}) - F(4).

2.32)

This establishes «-augmentability. O

Combining this with Proposition 2.21 extends the lower bound of Corollary 2.10 to
all o > 1.

Theorem 2.25. Let o > 1. Then, the competitive ratio of the GREEDY algorithm for INCMAx

with a-augmentable objectives is exactly « - efil.

Now, we will use the function F,,x in order to separate the class 7., from the
class F, U Fo U Fy.

Lemma 2.26. Foreveryy' € (0,1), ' >+, a > 1and k € N, it holds that 'y o 1. ¢ Fao.
For every v,',q € (0,1] and o/ > «/, there exists k' € Ns, such that Fy o jy € F- U Fy.

Proof. For the first part, lety’ € (0,1), @’ > +' and k € N, ,. Furthermore, let A = ) and
B = U,. For all b € B, we have

1
F’)//,O/,k(A U {b}) - F’y/,a’,k(A) = F’y’,a/,k({b}) S F’y’,a’,k({bl}) = %
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and, for all o > 1, we have

F’y’,o/,k(AU B) — aF,y/@/’k(A) _ F'y’,a/,k:(U2) _ L
5] E oy

| =

>

because 7' < 1. Thus, Fy . j is not a-augmentable for any o > 1.
For the second part, let 4" € (0,1], ¢/ > +' and k € N. /. Furthermore, let A = U; =
XG(k) and B = Us,. For all b € B, we have

1] _ o/ Sk i:lk;a’k ifb="5
F’y/}al,k(AU{b})_F'y/,a/’k(A)_{g( ) =) 1else ;

and

11
Fy o k(AUB) = Fy o 1(A) = Fy o 1k (U2) = Fyr o 1 (U1) = 5 —(1—(

F/a/ AU{b _F’a’ A 1
lim Ypen (Fyare(AUAbY) — Fyari(4)) lim ! __y
k—o00 F’y’,a',k(A U B) — F’y/,a’,k(A) k—o0 % %(1 _ (k_ka/) )

ie., for k = k' large enough, Fy o 1 ¢ ]37. It remains to show that F./ o v € Fy. If
Fy o 3 € Fy would hold, then there would be some independence system with weight
function w such that F./ .,/ ;» was the associated weighted rank function. The fact that
Fy o 1 ({b2}) = 0 implies that b, must have weight 0 or {b,} is not independent, and
the fact that F'y’,a’,k’({bla bg}) — F’y’,a’,k’({bl}) = % > (0 implies that b, must have
a weight greater O and that {b2} has to be independent, which contradict each other.
Thus, F./ . cannot be modeled as the weighted rank function of an independence sys-

tem, i.e., F’y’,a’,k’ Q_f fq. O
This lemma immediately yields the following.
Theorem 2.27. Let v,q € (0,1], v/ € (0,1), a > 1, and o’ > +'. Then
‘/%7/70/ ¢_ ]-",y UFa U ]:q.

Finally, we can extend Proposition 2.12 to all « > 1 by combining the fact that, for
o > 1, we have {Fy o | k € N,k > a} C F, by Proposition 2.24 and the fact that, for
every v,q € (0,1], we have {F} o) | k € N,k > a} ¢ F, U F, by Lemma 2.26.
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Corollary 2.28. For every v,q € (0,1], a > 1, it holds that F,, ¢ (F- U F,).
Combining Propositions 2.13 and 2.14 with Corollary 2.28 yields the following.

Theorem 2.29. For every v,q € (0,1) and o > 1, it holds that

Fry & (FaUF,) and Fo ¢ (F,UF,) and F, Z (F,UF,).

2.3.2. v-a-Augmentability on Independence Systems

To tightly capture the class 7, of weighted rank functions on independence systems, we
show a stronger bound for the competitive ratio of the GREEDY algorithm on the class
of monotone, (weakly) v-a-augmentable weighted rank functions. In particular, it was
already shown in [5] that the objective function of a-DIMENSIONAL MATCHING is (exactly)
a-augmentable, while the GREEDY algorithm yields a competitive ratio of «, which beats
the upper bound of « - e,fil for this case. We show that this can be explained by the
fact that a-DIMENSIONAL MATCHING can be represented via a weighted rank function
over an independence system. We denote the set of all weighted rank functions on some
independence system by Fis := gc01] Fa-

Proposition 2.30. The competitive ratio of the GREEDY algorithm for INcMax with objectives
in Fyq N Fis is at most %, for every v € (0,1] and o > ~.

Proof. Let f € ]-"%a N Fis, and let w: U — R>( be the weight function that induces f.
We use induction over C to show that, for all C' € N, we have

FXS(0) > %OPT(C). (2.33)

For C' = 0, the statement holds obviously.

Now suppose, the statement holds for some C' € N. If f(XS(C)) > 2f(O(C + 1)),
then, by monotonicity of f, f(X¢(C +1)) > f(X%(C)) > 2f(O(k + 1)). On the other
hand, if f(X%(C)) < 1f(O(C + 1)), then the weak y-a-augmentability of f guarantees
the existence of e € O(C + 1) with

1 (XS(C)UO(C +1)) — af (XO(C))
0(C +1)]
1f(O(C +1)) — af(X5(C))
C+1

FIXE(C) U{e}) = F(XC(0))

Y

v

> 0.
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By Lemma 2.15, this is equivalent to f(X°(C) U {e}) = f(XS(C)) + w(e). We conclude

FXC(C+1) = fIXS(C)U{e})

= f(X°(0)) +wle)
(2.33)

> 1roe) +wle)
> THOC+ 1)\ {e)) +u(e)
= TR0+ )\ () + Lule)
> TJO0(C + 1),
i.e., the GREEDY algorithm has a competitive ratio of at most T O

The tight lower bound follows directly from the well-known tight bound of 1/q for F,,.

Proposition 2.31. The competitive ratio of the GReeDy algorithm for INcMax with objectives
in Fyq N Fis is at least o for every v € (0,1] and o > .

Proof. Lety € (0,1], a > v and ¢ € [1,1]N Q. In [40] it was shown that the competitive
ratio of the GREEDY algorithm on the set 7 is exactly 1/¢. By definition of Fis, we have
Fq C Fis, and, by Theorem 2.16, F, C ]t'ﬂw /q S .7-'%0( holds, where we use the fact that
g < 7/% = «. Thus, we can conclude that the competitive ratio of the GREEDY algorithm

on the class .7-'77& N Fis is at least 1/¢, and since ¢ can be chosen arbitrarily close to 2,
the statement follows. O

Combining Propositions 2.30 and 2.31 yields the following.

Theorem 2.32. The competitive ratio of the GReeDy algorithm for INcMax with objectives in
Fr.a N Fis is exactly %, for every v € (0,1] and o > ~.

It can be shown that the lower bound of Proposition 2.31 already holds for the class
of y-a-augmentable functions, i.e., for the non-weak subclass of F. ~.a- It follows that the
tight bound carries over to this, in some sense more natural, class of functions. Since every
a-augmentable function is 1-a-augmentable, and vice-versa, we additionally obtain the
following. Note that this tightly captures the performance of the GREEDY algorithm for
the a-DIMENSIONAL MATCHING problem, which can be represented as the maximization
of an a-augmentable weighted rank function over an independence system [5].

Corollary 2.33. Let « > 1. Then, the competitive ratio of the GREEDY algorithm for INCMAx
with objectives in F, N Fis is exactly .
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3. Incremental Maximization via
Continuization

In the previous chapter, we analyzed the performance of the GREEDY algorithm for the
IncMax problem. Now, we also consider other algorithms and work towards finding the
competitive ratio of the INcMax problem. As we have seen in the instance in Figure 1.1,
the competitive ratio of the INcMax problem itself is unbounded. Thus, we can only hope
to find meaningful subclasses with a bounded competitive ratio. The problem with the
instance in Figure 1.1 is that there exists a set with a very large value, whose proper sub-
sets have rather small values. Thus, the solution we obtain while assembling this set is not
competitive compared to other sets. In order to avoid this, Bernstein et al. [5] introduced
accountability which guarantees that in every set S C U there exists an element that can
be removed without decreasing the value of the set too much (cf. Definition 1.2). The
authors in [5] showed that the competitive ratio of INCMAX,.., the subclass of INcMax
with instances that have an accountable objective, lies in [2.18, ¢ + 1], where ¢ ~ 1.618 is
the golden ratio. We give an intuition why accountability is a desirable property for the
objective of INCMAX.

Lemma 3.1. A function f: 2V — Rx is accountable if and only if, for every finite S C U,
there exists an ordering (ey, .. .,e|s) of S with f({e1,...,e;}) > ﬁf(S) foralli € [|S]).

Proof. “<=": LetS C U be finite. There exists an ordering (e1, . .., ¢|g) of S with f({e1,...,e;}) > 2f(S)
for all ¢ € [|S]]. In particular, we have

Sl—1 f(S
18\ D) = fllerse- a1 = 2 09) = £09) - T2,
i.e., f is accountable.

“=”. Let § C U be finite, and let f be accountable and Sig) == S. We define
S|§|-1,-- -, 51 recursively. Suppose, for i € [|S| — 1], the set ;1 is defined and [S; 11| =
1 + 1. By accountability of f, there exists e € S;;1 with

f(Sit1) i
f(Siv1\ {e}) = f(Sit1) 1Sie1| it 1f(51+1)
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Let S; := Siy1 \ {e}. We define the ordering (ey, ..., eg|) to be the unique ordering of S
such that S; = {e1,...,e;} for all i € [|S]|]. Then, for i € [|S| — 1], we have

i i 15| -1 o
TS 2 2 e P f(Sls) = (). O

fHer,...,e}) = f(S) > —m

Lemma 3.1 immediately yields that the optimum value for larger cardinality cannot
grow too fast with increasing cardinality.

Corollary 3.2. Let C,C" € Nwith C < C’" <|U|. Then, for every instance in INCMAXyc,

Orr(C) > %OPT(C,).
Proof. Let (ey,...,ec)be the ordering of the optimum solution O(C”) given by Lemma 3.1.
Then
Lem. 3.1 (0 C
ort(C) > f({e1,...,ec}) > Il (0(Ch) = aOPT(Cl). O

In this chapter, we dive deeper into the analysis of the competitive ratio of INCMAXgcc.
We are going to introduce a continuization technique to reduce the problem to a con-
tinuous one and use this continuous problem to show improved lower bounds for the
(non-strict) competitive ratio of INCMAX,... We give an overview over the contents of this
chapter.

In Section 3.1, we introduce the problem class INCMAXSEP - a subclass of INCMAx where
the instances have a simpler structure and are easier to analyze. The elements of such an
instance are partitioned into (countably many) subsets, where the objective within one
of the subsets is a simple weight function where each element has the same weight. The
objective value of a set of elements from different subsets is simply the maximum over
the value of the weight functions on the subsets. We show that this objective is monotone
and accountable and that INcCMAXSEP has the same competitive ratio as INCMAXqcc.

Subsequently, in Section 3.2, we define the INcMaxCoNT problem, a continuization of
the INCMAXSEP problem, where we assume that there exists one such subset every size
¢ > 0. Note that we have to assume that there also exist fractional elements in order to
have sets of non-integral sizes. The smooth structure of this problem is more beneficial
to analysis. We show that the strict competitive ratio of the INcCMaxCoNT problem gives
a lower bound on the (non-strict) competitive ratio of the INCMAXSEP problem, i.e., in
order to find lower bounds for the (non-strict) competitive ratio of INCMAX,.., We can
instead find a lower bound for the strict competitive ratio of INCMAXCONT.

In order to do this, we introduce the continuous algorithm GREEDYSCALING(cy, p) in
Section 3.2.1. This algorithm adds a sequence of subsets to the solution, starting with the
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subset of size ¢; > 0 and proceeding with a sequence of subsets such that, in every step,
the size of the next subset is as large as possible without violating p-competitiveness. We
show that this algorithm is optimal for the correct choice of ¢; > 0 and p > 1. Further-
more, we show that, for any reasonably small choice of ¢; and with p = ¢ + 1, the algo-
rithm is always (¢ + 1)-competitive. We conclude the analysis of GREEDYSCALING(cy, p)
by showing that, if we restrict the algorithm to choose ¢; from some fixed countable set,
then the algorithm cannot be better than (¢ + 1)-competitive. While this gives a lower
bound if we restrict the starting value, it does not transfer to the problem class INCMAXx-
CoNT because, for this, we would have to find one problem instance that shows this for
all starting values ¢; > 0, and not only a countable set.

In Section 3.2.2, we extrapolate the techniques used before to show a lower bound
of 2.246 on the competitive ratio of the problem class INcMaxConNT. This yields a lower
bound of 2.246 on the (non-strict) competitive ratio of INCMAXac. Which improves upon
the lower bound of 2.18 from [5].

An extended abstract with most of the results in this chapter appeared in [19]. A new
result in this thesis is Theorem 3.20.

3.1. Separability of Accountable Incremental Maximization

As a first step to bound the competitive ratio of INCMAXa., We introduce INCMAXSEP, a
class of instances of INcMax with a relatively simple structure. We show that the (non-
strict) competitive ratios of INCMAX,.. and INCMAXSEP coincide. Thus, we can analyze
INcMAXSEP to obtain bounds on the (non-strict) competitive ratio of INCMAXcc.

Definition 3.3. An instance of INcMax with objective f: 2V — Rsq is called separable if
there exist a partition U = Uy UUs U ... of U and values d; > 0 such that, for all S C U,

€N
We refer to d; as the density of set U; and to v; := |U;| - d; as the value of set U;. The
restriction of INCMAx to separable instances will be denoted by INCMAXSEP.
It turns out that the class INCMAXSEP is a subclass of INCMAX .
Lemma 3.4. The objective of every instance in INCMAxSEP is monotone and accountable.

Proof. Let f be the objective function of some instance in INcMaxSep. The function f is
the maximum over modular functions with non-negative values for single elements and
therefore monotone.
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To show that f is accountable, let S C U. Let i € N such that f(S) = |SNU;| - d;. If
S\ U; # (), we consider some element e € S\ U;. We have

f(5)

fF(S\{e}) =[SNnUil - di = f(5) = f(5) - 9

i.e., f is accountable. Otherwise, if S\ U; = (), we let ¢ € S be chosen arbitrarily and
obtain

FS\A{e}) =2 [(S\A{e}) NUi| - di = (ISNUs| = 1) - d;

SNU| -1 15| -1 f(S)
=—f(5) = f(S)=f(S)— ,
snoy = e T =T8T
i.e., also in this case, f is accountable. O

Lemma 3.4 implies that lower bound on the (non-strict) competitive ratio of INCMAXSEP
are also lower bound on the (non-strict) competitive ratio of INCMAX,e.. We will show
in the remainder of this chapter that the competitive ratios of the two problem classes
coincide. In order to do this, we show that we can restrict ourselves to instances in
INcMaxSEP with a couple of nice properties.

Lemma 3.5. Any instance of INCMaxSEP can be transformed into one with the same (non-
strict) competitive ratio, that satisfies the following properties.

(1) There is exactly one set of every cardinality, i.e., |U;| = i.

(ii) Densities are decreasing, i.e., 1 > dy > dy > .. ..

(iii) Values are increasing, i.e., v1 < vy < ....

Proof. We show this by transforming a given instance that does not satisfy (i)-(iii) into
one that does, without changing the optimum value for any cardinality, and without
changing the value of the best incremental solution. Thus the (non-strict) competitive
ratio of the two instances coincide.

If there are two sets U;, U; with |U;| = |Uj|, it only makes sense to consider the one
with higher density, as every incremental solution adding elements from the set of smaller
density can be improved by adding elements from the other set instead, i.e., we can
remove the set with smaller density. If there is ¢ € N>y such that there is no set with i
elements, we can add a new set U; with 7 elements to the instance with value v; := v;_.
Then, every incremental solution that adds elements from the newly introduced set can
be improved by adding elements from set U;_; instead. Thus, we neither change the
value of the optimum solution of a given cardinality, nor the value of the best incremental
solution for any cardinality. If there is no set U; with 1 element, we can introduce it with
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Ui Us Us Uy Us

Figure 3.1.: Illustration of an instance of INCMaxSEP with N = 5 sets. Each set U; con-
sists of 7 elements. The height of the elements represents their value. As in
Lemma 3.5, the values of the single elements decreases the larger i is, while
the value of the whole set U; increases.

density do. Then, every incremental solution that adds this one element can instead also
add one element from Us. With these changes we obtain an instance that satisfies (7).

The property that 1 > d; can be made without loss of generality by rescaling the
objective f. If there was ¢ € N with d; < d; 1, every incremental solution to the problem
instance that adds elements from the set U; could be improved by adding elements from
the set U;; instead. Since |U;1| > |U;|, this is possible. Thus, we can change the
density d; to be equal to d;;; without changing the (non-strict) competitive ratio of the
instance. With this, we obtain an instance satisfying (i) and (ii).

We can assume that (iii) holds because, if there was ¢ € N with v; > v;11, an incremen-
tal solution that adds elements from U;;; can be improved by adding elements from U;
instead. This would mean that we could set v;; to be equal to v; without changing the
(non-strict) competitive ratio. O

In the following, we assume that every instance satisfies the properties from Lemma 3.5.

Definition 3.6. We say that an incremental solution for INCMAxSEP can be represented by
a sequence (cp, ¢z, ... ) with ¢; € N for all i € N if it first adds all elements from the set U.,,
then all elements from the set U,,, and so on.

An incremental solution of INCMAXSEP can only improve if it is modified in a way such
that it can be represented by a sequence (cy, c2, ... ). If not all elements of one set U,, are
added to the solution at some point in time, the incremental solution does not degrade if
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elements from a smaller set are added instead because the density of the smaller set is at
least as large as the density of the larger set. Adding all elements of one set consecutively
is better because the value of the incremental solution increases faster this way.

Lemma 3.7 ([5, Observation 2]). For every instance of INCMAXSEP, there is an incremental
solution achieving the best-possible competitive ratio that can be represented by a sequence
(c1,¢2,...). We can assume that v., < v, , and thus, since the values (v;);cn are non-
decreasing, ¢; < c;11 for all i € N.

From now on, we restrict ourselves to the analysis of incremental solutions that can be
represented by a sequence (cy, ¢, ...) with ¢; < ¢;41 for all ¢ € N.

Proposition 3.8. Let p > 1 and o > 0. If there exists an algorithm with (non-strict) com-
petitive ratio p with additive constant « for INCMAXSEP, then there also exists an algorithm
with (non-strict) competitive ratio p with additive constant « for INCMAX .

Proof. Let f: U — R>( be the monotone and accountable objective of some instance
of INCMAX,e.. We construct an instance of INCMAXSEP such that, for p > 1, every incre-
mental solution that is non-strictly p-competitive with additive constant « > 0 induces an
incremental solution for the initial instance of INCMAX,.. that is non-strictly p-competitive
with additive constant a.

By O(i) we refer to the optimum solution of cardinality  for the instance of INCMAXacc,
and by OpT(7) to the value f(O(i)).

First, we define the instance of INCMAXSEP. Let n := |U| and let Uy, . .., U, be disjoint
sets such that, fori € [n], |U;| = i. Fori € [n], letd; := OpT(4)/3, i.e., we have v; = OPT(3).
Let the objective of this problem be denoted by fsep. Note that this new instance contains
significantly more elements than the instance of INCMAXzcc.

Let X be an incremental solution of the separable problem instance that is non-strictly
p-competitive with additive constant « > 0 that can be represented by a sequence (c1, ..., ¢,).
We define an incremental solution X to the INCMAXgcc problem as follows. First, we add
all elements from the set O(c;), then all elements from the set O(c2) and so on, until
we added all optimum solutions O(cy),...,0(c,). For all i € [n], the elements of the
set O(c;) are added in the order given by Lemma 3.1. We show that this incremental
solution is non-strictly p-competitive with additive constant «, as well. For this, fix a car-
dinality C' € [n]. Let i € [n] be such that the last element added to the solution X (C)
is from the set O(c;). Note that, for cardinality C, X has added O(ci-1), the optimum
solution of cardinality ¢; 1, completely and C' — Z;_:ll cj elements from the set O(c;). By
Lemma 3.1 and monotonicity of f, the value of the solution X (C) is

i—1
C-321¢

G

f(X(0) = maX{OPT(Ci_l), OPT(ci)}. 3.1
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Similar to X, the solution X (C) of the separable problem instance contains all elements
from the set U, , and C — 23;11 ¢; elements from the set U.,. Thus, the value of the
solution X (C) is

i—1 i1
C—-> ¢
fsep(X(C)) = max{vci_l, (C - E Cj) dcz} = max{vci_l, %]_”vcl}.

j=1

Combining this with the fact that v.; = OpT(c;) for all j € [n] as well as with (3.1), we
obtain ) )

F(X(C)) = fsep(X(CO)) > ;v(C) —a= ;OPT(C) —a. O

By Lemma 3.4, INCMAXSEP is a subclass of INCMAX,.., which yields that the competitive

ratio of INCMAXSEP is smaller or equal to that of INCMAX,... Furthermore, by Proposi-

tion 3.8, the competitive ratio of INCMAXSEP cannot be smaller than that of INCMAXqc.
Combining these results immediately yields the following.

Theorem 3.9. The (non-strict) competitive ratios of INCMAXq.. and INCMAxSEP coincide.

3.2. Continuization of Accountable Incremental Maximization

In order to find lower bounds on the (non-strict) competitive ratio of INCMAXSEP, we
transform the problem into a continuous one, the INcMaxCoNT problem. We will only
consider the strict competitive ratio of this problem because it will turn out that lower
bounds for the strict competitive ratio of the INCMaxCoNT problem are also lower bounds
on the non-strict competitive ratio of the INCMAXSEP problem.

Before we state the definition of the INcMaxCoNT problem, we give an intuition what
the problem is about. In the INcCMAXSEP problem, we restricted ourselves to instances
where the ground set U is partitioned into disjoint subsets Uy, Us, ... with |U;| = i for
all 7 € N. Within one such subset, the objective function f is modular and every element
has the same value. We have seen that, without loss of generality, an incremental solution
for such a problem can be represented by a sequence (cj,ca,...) with ¢; € N, i.e., the
incremental solution starts by adding the elements in U,, one by one, then the elements
in U,,, and so on. In the continuized version of this problem we assume that, instead of
the sets Uy, Uy, ..., we are given a family of disjoint sets (U.).cr., With |U.| = ¢ for all
¢ > 0. Note that sets may now contain fractional elements. Further we assume that we
can add fractional items to the solution. Within one such subset, the objective will still be
modular in the sense that the value of S C U, is given by || - d(c), where d: R>g — Rx>g
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maps the index of the subset U, to the value of one element in this subset. An incremental
solution for this problem will also be a sequence (¢q, co, ... ) with the idea that first the
subset U,, is added to the solution, then U,,, and so on. Since |U,| is not necessarily an
integer, instead of the cardinality of a set, we will talk about its size.

Definition 3.10. In the INcMaxCoNT problem, we are given a density functiond: R>o — (0, 1]
and a value function v(c) := cd(c). As for the discrete problem, we denote an incremental
solution X for INcMaxConT by a sequence X = (ci,ca,...). For a given size ¢ > 0, we
denote the solution of this size by X (c). With k € N such that Y%~ ¢; < ¢ < 2% ¢, the
value of X (c) is defined as

k—1
f(X(e)) == max{ ‘max v(c), (c - ch> d(dk)}.
i€[k—1] 1

An incremental solution X is p-competitive if p - f(X(c)) > Opr(c) for all ¢ > 0. The
competitive ratio of X is defined as inf{p > 1 | X is p-competitive}.

As we did for the discrete version of the problem, without loss of generality, we assume
that the density function d is non-increasing and the value function v is non-decreasing.
These assumptions imply that d is continuous: If this was not the case and d was not con-
tinuous for some size ¢/, i.e., lim,  d(c) > lim\ ~ d(c), then lim, »» v(c) > lim.\ o v(c)
by definition of v, i.e., v would not be increasing in ¢. So d is continuous, and, by defi-
nition of v, also v is continuous. Furthermore, without loss of generality, we assume that
d(0) = 1.

Remark 3.11. As the function v is increasing and d is decreasing, we have Opt(c) = v(c).
Thus, an incremental solution X is p-competitive if p - f(X(c)) > v(c) for all ¢ > 0.

For a fixed size ¢ > 0, we define p(c) := max{c’ > 0| v(¢’) < pv(c)}. This value gives
the size up to which a solution with value v(c) is p-competitive. Throughout our analysis,
we assume that p(c) is defined for every ¢ > 0, i.e., that lim._,, v(c) = oo. Otherwise,
any algorithm can terminate when the value of its solution is at least % SUP eg., v(C).

Proposition 3.12. For every additive constant o« > 0, the non-strict competitive ratio of
INcMAxSEP is greater or equal to the strict competitive ratio of INCMAxCONT.

Proof. Let an instance of the INcMaxCoNT problem with value function v: R>g — R>q
and density function d: R>¢9 — R>( be given, and let p > 1, & > 0, ¢ > 0. We will
construct an instance of the INCMAxSEP problem such that every incremental solution for
this problem instance with non-strict competitive ratio p with additive constant « yields
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an incremental solution for the INcMaxCoNT problem with competitive ratio p + €. Let
¢’ > 0 be small enough such that

p<(p+e)(l—¢g, (3.2)
1—2¢ 1
c > : (3.3)
p pte
1
e <1— =, (3.4)
P

Furthermore, let ¢, > 0 be the largest value with d((p + 1)cmin) =1 — €.
Let k£ € N be large enough such that, for all C' > cyp,

%Uﬂcminj > a, (3.5)
”+5v(0—1> _erda s ), (3.6)
P k k
Pk« cmin < |k(p+ Demin| (1 =€) — o, (3.7)
1—-¢ o 1
p Thocmm] ~ pte 3:8)
(3.9)

where the last two are possible because of (3.2). We define the INCMAXSEP problem as
follows. Let Uy, Us, ... be disjoint sets of elements with |U;| = i. Fori € N, let

)
d; = d<E> (3.10)
be the density of set Uj, i.e., the value of Uj; is
vi:z-dz—wd(%)—km(%) (3.11)

Let X be an incremental solution that is non-strictly p-competitive with additive con-
stant « for this instance of INCMAXSEP and can be represented by the sequence (cy, co, . . . ).
Without loss of generality, we can assume that ¢; < ¢;1 for all 7 € N. Furthermore, we

can assume that .
de, < ; (3.12)

If this was not the case, we could simply consider the incremental solution represented
by (¢, cs, ... ), which would also be non-strictly p-competitive with additive constant a.
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We will define an incremental solution X = (é1, éz, . . . ) for the instance of INCMAXCONT
depending on the values ¢; and cyjp.
Case 1: 7} > cyin-

In this case, we define X = (%, e ) The fact that X is non-strictly p-competitive

with additive constant «, together with the fact that ¢; > kcyiy yields
1
chman dCl - f(X( chman )) Z ;UtkcminJ -
1 3.10) 1 kcmi
= ;I.kcmian\_k?CminJ — ( = ) pU{]Cmian<L IICan > —
1 1-¢
> ;UfcminJ d(cmin) — a0 > |kCmin] — a
35 1—¢& e 1-—2¢
> T chminJ - ; Uﬂcmmj = T Ufcminj
(3.3) 1
> m chminJ )
i.e., we have .
. €1\ (3.10)
P — pu— > .
d(c1) d(k:) A 2 7%

Case 2: 7} < cmin-
In this case, we define X = (%, ATr .), i.e., we skip the first size $-. The solution
X (| k(p+1)cmin | ) contains the set U,, completely because we have ¢; < kcmin < |k(p + 1)cmin |-
Furthermore, because
, 34 1 612
> —

k(p+ 1)cmi
A\ k(p+1)emin) = d(L(P}{)mmJ) >d((p+1)cmin) =1—¢ P

we have ca > |k(p+1)cmin |- Thus, X (|k(p+1)cmin]) contains exactly | k(p+1)emin| — €1
elements from the set U,, and, except for the set U,,, nothing else. Thus,

Cc2

FX(Lk(p + 1)emin])) = max{ve,, (k(p + 1)emin] — €1)de, }- (3.13)
We have
lk(p+ Demin](1 =€) = [k(p+ Demin)d((p + 1) emin)
< [k(p+ emin Jd<U<7(P+k1)mJ>
= k- v(Lk(erkl)cran>
v (3.14)
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and thus
3.11 Cc
PUe, GID k. v(?l) < pk - v(cmin) < pk - Cmin
3.7) (3.19
< Lk(p+ Demin)(L =€) —a < Okgpi)em,) — (3.15)

Since X has a non-strict competitive ratio of p with additive constant «, (3.13) and (3.15)
yield
F(X([k(p+ Demin])) = ([k(p + 1)emin] — c1)de,-

Combined with the fact that X is non-strictly p-competitive with additive constant «, this
implies

1
(Lk(p + 1)CminJ - Cl)dcg > ;Utk(erl)CminJ —

614 1
= ;Uf(p + D)emin | (1 — 8’) —
1
> ;(Lk(p'i'l)cminJ —c))(1—€)—a, (3.16)
ie.,
> & (3.10)
d(cl) = d(%) = dCQ
(316) 1—¢ o
B p Lk(p + 1)cmin] — c1
1—¢ (6%
> _
p Lkpcmin]| + [kcmin] — c1
ci1€N, c>1<kcmin 1—¢ a 38 1

> .
P | kpcmin | p+e
At the beginning of this case we have already established that ¢ > |k(p+1)cmin| > kcmin-
As ¢; = 7, we have ¢1 > cpp.
In both cases, we have defined X such that

1

3.17
te (3.17)

d(¢y) >

and
€1 > Cmin- (3.18)
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To show that X has a strict competitive ratio of p + ¢, fix some C' > 0. If C < ¢, we
have

X(C —Cd~(3§7) 1 C > 1 C
f(X(C)=C-d(a) > te _p+€v( )-

Otherwise, if C > ¢,

(p+)f(X(C) = <p+5>fc<x<“f@>>

k
(3.11) 1
=7 (p+e) FX([RC]))
(pte)l (p+e)a
> ) 2UkC) A
31 (p+e) <U€C’j> (p+e)
p— 'l} J—
P k k
S (p+z—:)v<k0—l>_(p+e)a
- p k k
_ (pte) 1Y (pte)a
= P vl C ? ?
(3.6)
= v(0),
where for the last inequality we use the fact that, by (3.18), we have C > cyin. O

Proposition 3.12 implies that, instead of devising a lower bound for the (non-strict)
competitive ratio of the INCMaXSEP problem, we can construct a lower bound for the
strict competitive ratio of the INcCMAXCONT problem.

Note that it is not clear whether the (non-)strict competitive ratio of INCMAxXSEP and
the strict competitive ratio of INcMAaXCoNT coincide. This is due to the fact that an in-
cremental solution to the INcMaxCoNT problem may add fractional elements while an
incremental solution to the INCMAXSEP problem may only add an integral number of
items. There are even discrete instances where every continuization of the instance has
a competitive ratio smaller than the initial instance.

Observation 3.13. There exists an instance of INCMAxSEP that has a strict competitive ratio
that is strictly larger than that of every instance of INcMaxCoNT that monotonically interpo-
lates the INCMAXSEP instance, i.e., with v(i) = v; for all i € N.
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Proof. Consider the instance of INCMAXSEP with N = 16 sets and

d = 1,
17

d3_d4 - Ev
16473

dig =di3 =dyg =di5 =dig = 107200
For i € {2,5,6,7,8,9,10, 11}, we choose d; such that i - d; = v; = v;—1 = (i — 1)d;—1. We
show that every incremental solution represented by a sequence (ci, ¢, ...) has a com-
petitive ratio of at least 1.446 for this problem instance. If ¢; > 2, then d., < %, i.e., for
cardinality 1, the solution has value d., < % which implies that the incremental solution
has a competitive ratio of at least 2. Thus assume that ¢; = 1. If ¢co > 5, we can, with-
out loss of generality, assume that ¢y > 12. Otherwise we can improve the incremental
solution by choosing ¢, = 4 instead. Then, the value of the solution for cardinality 4 is
max{1,3 - de,} = max{1,3- {2413} = 1, while the optimum solution has value 4d; = 17,
i.e., the competitive ratio of the incremental solution is at least 1.7. Without loss of gen-
erality, we can assume that v., > v, i.e., that ¢ > 3. It remains to consider the case
that c; € {3,4}. We can assume that d., < d., because otherwise, we could improve the
incremental solution by removing c». Thus, and because v., > v.,, we have c3 > 12, i.e.,
d., = 28473 For cardinality 4c,, the value of the solution is

— 107200°
17 16473 17
—co,(deg—1—co)——} = —
max{ ez (de2 ) 072000 ~ 30
and the optimum solution has value at least 4c¢ - %. Thus, the competitive ratio is

16473 17 _ 969
462 " 107200 (ECQ) = %70 > 1.446.

Now, we consider an instance of INcMaXCoNT with d(i) = d; for all i € [16]. Let p =

3T = 1.425. We show that the incremental solution (ci, s, c3) = (5,412 — 2) is p-

competitive. Note that ¢; > %. As we will see in Lemma 3.14, it suffices to show that

d(Cl) > U(Ci_l)

> — (3.19)
pleict) = i ¢

for i € {2,3}. We have p(c;) < 24 = 57y () and thus

ds 17
17 1 d(e1)2d1=1 1 v(c1)=cid(c1) ’U(Cl)
dog) —d(d) =dy = — — LTS L wlenzaden _vle)
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57
We have p(c) = p(4) = ”51(3) = 16117‘310 = 208 and thus
107200
es<12 16473 4-4 v(ca)
d C > = = 40 = .
(es) = e = Tz 28 10 4 pley) — 1 — 2

Therefore, (3.19) holds for ¢ € {2,3} and thus, the incremental solution (c1, ¢, c3) is
p-competitive. O

Note that, even though this shows that there are instances where the continuous prob-
lem is easier than the discrete one, this does not rule out that the competitive ratios of
IncMAxSEP and INcMAaxCoNT coincide. This is due to the fact that the instance in the
proof is not a worst-case instance.

3.2.1. Optimal Continuous Online Algorithm

In this section, we present an optimal algorithm to solve the INCMAXCoNT problem and
analyze it. By giving a lower bound on the competitive ratio of such an optimal algorithm,
one can derive a lower bound for the competitive ratio of the INcMAxCoNT problem. To
get an idea what the algorithm does, consider the following lemma. It gives a char-
acterization what it means for an incremental solution (c;, ¢z, ...) to be p-competitive,
depending on (cj, ¢, ... ), v and d.

Lemma 3.14. Let X = (ci,c2,...) be an incremental solution for an instance of the Inc-
MaxConT problem. The following are equivalent:
(1) X is p-competitive.

(ii) We have d(c1) > L and, forall i € N, d(c; 1) > —2)
b PP S

(iii) We have d(c1) > %, and, foralli € N, p(¢;) > 22:1 ¢j and d(ciq1) > %
j=1¢i

o(C)/p. 1f
) > pd(c1),
< ZJ 16-

(
Proof. (i) = (ii1): Since X is p-competitive, for all C' > 0, we have f(X(C)) >
d(c1) < % was true, X would not be p-competitive for all sizes C' > 0 with d(C
which exist because d(0) = 1. Thus, we have d(c¢;) > 1 . Now suppose p(c;)
By definition of p and monotonicity of v, we know that

pulcr) = v(p(ci)) < v (Z )

j=1
which means that X is not p-competitive for size Z _, ¢;. This is a contradiction and

thus we have p(c;) > Z 1 ¢j- Suppose p(c;) = Y ¢j. Let x € (0, E’c(c))) We have
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f(X(p(ci) +z)) = v(c;) but, by definition of p and monotonicity of v, we know

polei) = v(p(c:)) < ((Z ) + )
j=1

and thus we have p(¢;) > Z§=1 c;. Assume that

v(e)
p(ci) — Z;‘:l €

We established p(c;) > Z;-:l ¢; and because (p(c;) — 23:1 ¢j)d(cit1) < v(c;), we have
F(X(p(ci))) = v(c;) = v(p(c;))/p. Furthermore, for the same reason there is ¢ > 0 with
(p(ci) +€ = Y52y ¢j)d(cit1) < v(c;). This implies that

f(X(p(ei)+¢e)) = max{ ( ¢)+e— Z@) Cit1)s )} =v(q).

Yet, by definition of p, v(p(c;) + €) > pv(c;) holds and thus X is not p-competitive. This
is a contradiction, i.e., (i74) must hold.

(7i1) = (i): Suppose (zii) holds but X was not p-competitive. Then there exist C' > 0
and £ > 0 such that X is p-competitive for all sizes in [0, C] and not p-competitive for
all sizes in (C, C' + ] because v(c) and f(X(c)) are both continuous in ¢. Let i € N and
0<x§cisuchthatC’:( - 1 ¢j) + . If i = 1, we have

d(Ci_H) <

This is a contradiction to the fact that X is not p-competitive for size C' and therefore we
have i > 2. Assume thatz = ¢;. Then, f(X(C)) = v(¢;) holds. Forall 0 < 2’ < min{e, -~ a, +)1)}
we have f(X(C + 2')) = v(¢;) and, by definition of C, ¢ and 2/, X is not p- competltlve

for size C' + 2/, i.e., v(C + 2') > pv(¢;). Since this holds for arbitrarily small 2/ > 0
and because p-competitiveness for size C' of X implies v(C) < pv(c;), we know that
p(e) =C = Z§:1 ¢;, which is a contradiction to (7i7) and thus = # ¢;, i.e., < ¢;. Let

2" € (x,min{c¢;, z + €}) be chosen arbitrarily and let C" := (Z;;ll
that

¢j) + 2’. Now suppose

zd(c;) < v(ci—1). (3.20)

Then we have f(X(C)) = v(c;—1) and since X is p-competitive for size C, we have C' <
p(ci—1). But since C’ > p(¢;—1) for any 2’/ > z, i.e., for any C’ > C, we have C' = p(c;_1).
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Non-negativity of v and (éi7) imply p(c;—1) — Z;;ll ¢; > 0 and thus
i—1
(3.20) v(c;_q) (140)
P e -

or, equivalently, C = (Z;;ll Cj) +x < p(ci—1). This is a contradiction and therefore (3.20)

does not hold, i.e., we have zd(¢;) > v(c;—1). Thus, we have f(X(C)) = zd(c;). Since X
is p-competitive for size C, we have

v(C) < p-xd(c). (3.21)
This implies
(3.21)
ac) = "9 C2 LT 1) < pd(er). (3:22)
C C
We can conclude
d non-inc.

<
—~
Q
~—
|

cldic’y < C'd(0)
= Cd(s) + (C" = C)d(C)

= U(C) + (x/ — l’)d(C)
(3.20),(3.22)

< p-zd(c;) + (2 — z)pd(c;)

= p- a:’d(ci),

which is a contradiction to the fact that X is not p-competitive for size C’ and therefore (7)
must hold.

(791) = (73): This follows immediately.

(#7) = (4i1): Suppose (ii) holds. We have to show that p(¢;) > Z;.:l cj forall i € N.
The rest of (iii) follows immediately from (i7). We will prove that this is the case by
induction on i. For i = 1 we have p(c;) > ¢; by definition of p, continuity of v and the
fact that ¢; > 0. Now suppose

p(c) > ch (3.23)
j=1

holds for some i € N. If p(¢;) > S 4 ¢j, then (3.23) holds for i + 1 because p(ciy1) >

7j=1
p(c;). So suppose
i+l

() < ch. (3.24)
j=1
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In that case, we have

i+1 i+l i+1 @3.24) [t
v(Z cj) = (Z cj> d(Z Cj) < <Z Cj) ~d(p(ci))
j=1 Jj=1 Jj=1

j=1

i+1
= p(e)d(p(ci)) + <<Z Cj) —p(Cz‘)> d(p(ci))
i=1

it+1
= v(p(e)) + <<Z Cj) —p(Cz'))d(p(Ci))
j=1
def of p A A pv(ci)
= PU(Cz) + ((; C]) p(cz)> p(Cz)
v . (p(Ci) - ic) o) ((%C) p(@)) G
=) - \\T pei) = Y ¢
v(e;) (i4)

= pcn < p-civrd(civ1) = po(ciyr) = v(p(citr)).-

i
p(ei) — Zj:l ¢j
Since v is increasing and continuous, this implies that p(c¢;+1) > 2;111 cj. O

The intuition behind the fraction

is the following: The value of the partial incremental solution (cy, ..., ¢;—1,¢;) is v(¢;) and

this value is p-competitive up to size p(c;). The total size required for this partial incre-
mental solution is 22:1 cj. Thus, in order to stay competitive, the size of the optimum so-
lution added next, namely c; 1, needs to be chosen such that (p(c;) — > i ¢j)d(ciz1) = v(c),
i.e., the density d(c;+1) has to be large enough such that the value of the solution of size
p(ci) is (p(ei) — 2o5- ¢j)d(civr).

We use this fraction to define an algorithm for solving the INcMaxCoNT Problem. For
the algorithm, we assume that v is strictly increasing and d is strictly decreasing to make
the definition of our algorithm unique. Every instance of INCMAXCONT can be transformed
to satisfy this with an arbitrarily small loss by simply “tilting” constant parts of d and v
slightly. The algorithm GREEDYSCALING(cq, p) starts by adding the optimum solution of
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v(c)
v(ciy1) | GREEDYSCALING (¢)
Lu(e)
v(ci) >
3 , 7 7 : : C
TR (G DT

Figure 3.2.: Tllustration of GREEDYSCALING(ci,p). Between size 23.:1 c; and size
Z;ill ¢j, the algorithm adds the optimum solution of size ¢;;. This size
is chosen in a way such that the value of the partially added optimum solu-
tion of size ¢; 1 has value v(c¢;) exactly at size p(c¢;), i.e., when the previously
added optimum solution of size ¢; loses p-competitiveness.

size ¢; > 0 and iteratively chooses the size ¢; ;1 such that

d(civy) = v(e:) , 3.25
) - T 52
i.e., as large as possible while still satisfying the inequality in Lemma 3.14. The incre-
mental solution is given by (¢, ¢, ... ). An illustration of the algorithm can be found in
Figure 3.2.
Using the definition of the algorithm in (3.25) and Lemma 3.14, we are able to prove
the following.

Proposition 3.15. The algorithm GREEDYSCALING(c1,p) is p-competitive if and only if
d(cy) > % and ¢; < ¢ij4q forall i € N.

Proof. Let X = (¢, ca,...) denote the solution of GREEDYSCALING(c1, p).
“=”: If ¢; < ¢j4q foralli € Nand d(c;) > %, we can simply apply Lemma 3.14 and
obtain that X is p-competitive.
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“=7 If d(e) < %, Lemma 3.14 yields that X is not p-competitive. Now, suppose that
ckr1 < ¢ for some k € N. If ¢; < 0 for some 7 € N, then X is not valid and thus not
p-competitive. Thus, assume that ¢; > 0 for all i € N. We will now iteratively show that,
foralli € {k,k+1,...}, we have ¢;; < ¢;. For this, suppose that ¢;11 < ¢;. Then

v(civ1) 1
d(civ) = ; = ;
plei) =350 ¢ qotay — s S
ci+15¢; 1 1
S R 7 D R T
d(p(ci))  v(e) £=j=177 d(p(ci))  w(e) 4~j=17J
v\ C;
— ( )‘ =d(ciy1)-

pei) = 225216

Because d is non-increasing, we have ¢;; 2 < ¢;11. By an iterative argument it follows
that, for all i € {k,k + 1,...}, we have ¢;;1 < ¢;. This implies that the value of X is
smaller or equal to v(cy) for all sizes. Yet, for large sizes C' € N, we have v(C) > pv(cx)
as lim._, » v(c) = oo. O

To show that GREEDYSCALING(cy, p) with the correct choice of ¢; and p computes the
best-possible incremental solution, we need the following lemma. It states that if it is
possible to find a p-competitive incremental solution for the problem, then, for any k& € N,
there exists an incremental solution such that we cannot reduce any of the sizes in any
prefix with a combined size of up to k£ without losing p-competitiveness. The idea behind
its proof is the following. We start with some p-competitive incremental solution and
iteratively reduce the sizes until we converge to some incremental solution that satisfies
the sought property. To avoid running into some sequence starting with 0’s, we start
our search with an incremental solution with a minimal number of chosen sizes up to a
combined size of k.

Lemma 3.16. Let v be strictly increasing, let k € N, and let p > 1 such that there exists
a p-competitive incremental solution. Then there exists a p-competitive incremental solu-
tion (ci,ch,...) such that, with n := min{/ € N | Zle cf > k}, there exists no other p-
competitive incremental solution (¢, c,,...) with ¢; < ¢} for all i € [n — 1], ¢, = ¢} for all
i € N>, and ¢, < ¢} for at least one i € [n — 1]. Furthermore, there is some C' > 0 that is
independent from k such that ¢ > C.

Proof. We fix a p-competitive incremental solution (cj,ca,...) with ¢; < cy < .... We
define n := min{/ € N | Ele ¢i > k}. Fori € N, let S; be the set of all p-competitive
incremental solutions (c}, c5, ... ) with ¢,1; = ¢, for all j € NU {0}. Furthermore, let
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m :=min{i € N | S; # 0}. This value exists since (cy, co, ... ) € S,,. For every incremental
solution (¢}, c,...) € Sy, we have

0<c’1<c’2<-~<c'm:cn (3.26)

because otherwise it would be possible to skip a size, which is a contradiction to the
minimality of m. For every (¢}, c,...) € Sy, we define the set

Sm((cyy sy, ) i ={(d],ch,...) € S| f < VieN}.

To prove the lemma, it suffices to show that there exists some incremental solution
(cf,¢c5,...) with
Sm((CT,CS,...)) = {(C;C;v"')}' (327)
It is easy to see that, for every (¢/,cf,...) € S ((c},ch,...)), we have
Sm((cf,c5,...)) CSml(c), b, ...)). (3.28)

For (c},c,...) € Sy, we define

sm((),ch,...)) == inf{zc;'
=1

Since (3.26) holds, this value is larger than 0 and smaller than Z?ﬂ ¢;, and therefore
exists.
We fix some incremental solution (c},c3,...) € S,, and recursively deﬁne a sequence of

(dl,c,...) € Sm((c),ch,. .. ))}

incremental solutions such that, forall i, j € N, we have (]!, &', ...) € Si((d,d,...)),
and such that ,
L o J
<Z Cg-i-l) _ Sm((ci,(?;, L)) < (;) . (3.29)
i=1

This sequence exists because the infimum can be approximated arbitrarily close.
Claim 1: The limit (c, 3, ... ) = limjo0(cf, 3, . . . ) exists.
Proof of Claim 1: The sequence (sm((c{, c;, =) jen is increasing because of (3.28),

and the sequence (1", Z) is decreasing because (<™, ™. .)€ Sn((c], 6, .. ).

Furthermore,
sm((¢] 1) <Zc7

and (3.29) imply
lim s, (:7,07, = lim E .
1 S (( 10 %2 )) jl g 7

J—00
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Because cg+1 < cZ for all 4,5 € N, the sequence ((c{,c;, . ))jEN converges to some
incremental solution (¢}, c5, . ..) with

; jlggOZc’ _jlggosm((cﬂ a,..). (3.30)

Claim 2: We have (cj,c3,...) € Sp. .

Proof of Claim 2: For every j € N, we have ¢/, , = ¢,4 forall £ € NU{0} and therefore
also ¢, = cpy¢ forall £ € NU{0}. So, it remains to prove that the incremental solution
(¢t,¢5,...) is p-competitive. For all j € N, we have ¢ > 1 5 and thus ¢ = lim; o> 1
Next, we show that

v(ef)

p(cf) — 22:1 c

holds for all i € N. The function p is continuous by continuity and strict monotonicity

of v. Continuity of v and p imply that v(c})/(p(c}) — Yb_, ¢) is continuous in ¢, ..., ¢}.

)
By Lemma 3.14, we have

d(cly) >

v(c)

P(C’Z) - Zé:l cé

for all j € N because (cjl, cé, ...) is p-competitive. Both sides of this inequality are con-
tinuous in ch, CJQ, ..., and we have lim;_,, ¢/ = ¢}. Those two facts imply that

v(f)

p(€}) =21 €

holds. To prove p-competitiveness of (cj,cs,...), by Lemma 3.14, it remains to show
that 0 < ¢} < ¢5 < ... holds. We know that this holds for all incremental solutions
(c],cb,...), j € N. Therefore, we have 0 < ¢ <--- < ¢}, <, <....Bitif¢f = ¢},
for some i € [m—1], then we could remove ¢;; and would still be left with a p-competitive
solution. This would be a contradiction to the minimality of m. Therefore, we have
0 < ¢} < ¢ < ..., which concludes the proof of Claim 2. o

We established (cf,c},...) € S, and therefore (ci,ch,...) € Sn((c),d,...)), which
implies that S,,,((c},¢5,...)) C Sm((c{, cg, ...)). Combined with the fact that we have
(cf,ch,...) € Sul(cr,c,...)), this implies

d(clyy) >

d(cir) 2

S 2 sml(e, ) 2 lim sn((d ) 203
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ie., sm((cf,c5,...)) => ", ¢ Thus, (3.27) holds.

It remains to show that there is some C' > 0 that is independent from & such that
¢ > C. Suppose the contrary, i.e., that ¢f is not bounded from 0 for varying values
of k. Let € > 0 be small enough such that #= — 1 < p. Furthermore, let k& € N such
that d(p(c¢})) > 1 — ¢, which is possible because d(0) = 1, d is continuous, and ¢; is not

bounded from 0. By minimality of m and Lemma 3.14, we have

1 v(cy) 1 1 1
= >d(c3) > L = > > =
P = ey @ Te L P
which is a contradiction. Thus, ¢} is bounded from 0. O

Using this lemma, we can show that GREEDYSCALING(c1, p) for the correct choice of ¢;
and p can achieve every possible competitive ratio.

Lemma 3.17. Let v be strictly increasing and d be strictly decreasing, and let p > 1 such
that there exists a p-competitive incremental solution. Then, there exists a starting value

¢ e ld? (”;pl),d_l( %)} such that GREEDYSCALING(c%, p) is p-competitive.

Proof. By Lemma 3.16, for every k € N, there exists a p-competitive incremental solution
(ck,ck,...) such that, with n(k) := min{¢ € N | 32¥_, ¢; > k}, there exists no other p-
competitive incremental solution (¢}, ¢, ...) with ¢; < cF foralli € [n(k) — 1], ¢, = cF for
alli € N>, and ¢} < c¥ for at least one i € [n(k) — 1]. Furthermore, there is C' > 0 such
that ¢ > C for all k € N. Without loss of generality, we can assume that v(cf ;) > v(cF)
for all i € N. Because (c¥,ck, ...) is p-competitive, by Lemma 3.14, we know that, for all

¢ € N, we have
v(ck)
d(cf 1) > . 4 .
" p(cf) - Zj:l C?
Suppose there was i’ € [n(k) — 1] such that (3.31) does not hold with equality. By
continuity of v, d and p, we can find ¢, < cf, such that

(3.31)

v(c v(ck
d(chy) > — /( ) > @ )Z., - (3.32)
p(cy) — ¢y — Zj:l cj  pleg) — Zj:l ¢
The incremental solution (¢}, c),...) := (ck,..., ciﬁ_l, cy,ch .. .) satisfies
v(c))
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for all i € N. For i € [i — 1], this follows immediately from (3.31), for i = 4/, this
follows from (3.32), and, for i € {¢' + 1,4’ +2,...}, this is due to (3.31) and the fact that
iy < ck. Wehave ¢, < cFforalli € [n(k) — 1], ¢, = cf foralli € {n(k),n(k) +1,...}
and ¢, < ck, which is a contradiction to our initial choice of (cf,ck,...). Thus, for all
i € [n(k) — 1], (3.31) holds with equality.

The sequence (c’f) kN is bounded since C < c’f < d_l(%). Therefore, by the Bolzano-
Weierstrass theorem, it contains a converging subsequence (clff) ¢eN with &k, € N and
key1 > kg for all £ € N. We define the limit ¢ := limy_, cf‘f for all 7+ € N. We have
v(c}) > v(d~1(C)) > 0 and v(c}, ) > v(cf) by continuity of v and because this holds for
all sequences (cf), - By Lemma 3.14, we have d(c}) > | and

)

k
v(c;
E A E—_

p(c;) — 22:1 C?
for all 4, k € N. Continuity of d, v and p yields d(c}) > % and

v(<)

p(e;) = 25 ¢

Thus, the incremental solution (¢, c3, ... ) is p-competitive. It remains to show that

C;H _ dl( y U(Ci)i *>
p(c}) — Zj:l ¢

Note that n(k) increases in k. This implies that for every i € N, there exists some K € N
such that

d(d‘ﬂ) >

v(ck)
d(c§+1) = : 7
P(Ci‘c) - Zj:l C?
for all K € N with k£ > K. Since ¢ = limy_,, cfe , the desired equality follows, i.e., the
incremental solution (7, ¢3, . . . ) is produced by the algorithm GREEDYSCALING (¢}, p). [

This result immediately yields the following.

Theorem 3.18. For every instance of INCMAxCoONT, there exists a starting value c; such that
the algorithm GREEDYSCALING(cy, p*) achieves the best-possible competitive ratio p* > 1.

For all starting values ¢, that are reasonably small, we are able to show an upper bound
of ¢ + 1 on the competitive ratio of GREEDYSCALING (¢, ¢ + 1), where ¢ is the golden
ratio.
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Theorem 3.19. GREEDYSCALING(c1,p + 1) is (¢ + 1)-competitive if and only if d(c1) > ﬁ.
Proof. “=": ByLemma 3.14, d(¢;) > ﬁ holds because the algorithm is (+1)-competitive.
“<": Let (c1, ¢, . .. ) be the incremental solution produced by GREEDYSCALING ¢y, ¢ +
1). To show (p+1)-competitiveness, by Proposition 3.15, it suffices to show that ¢; < ¢;41.

Claim: We have ¢; 1 > (¢ + 1)¢; for all ¢ € N.
We have p(¢;) = max{c > 0| v(c) < (¢ + 1)v(¢;)}. Thisimplies v(p(c;)) = (¢ + 1)v(e;)
by continuity of v, and thus

_olple)) _ (ot Du(e)
d(p(ci)) d(p(ci))
where the inequality holds because v(p(¢;)) = (¢+1)v(c;) > v(¢;), v is non-decreasing, d

is non-increasing.
Proof of claim: We will prove the claim by induction. For i = 1, we have

(¢ + Dv(ci)
d(ci)

> = (¢ + 1)c, (3.33)

(e (3.33) v(er) _p+1 v(a)
dlez) = ple1) —a = p(er) = Spgp(er) e pla)

_ 1 wu(per)) 1 . .

= = A Zdp(en) < diplen),

Together with (3.33), this yields c2 > p(c1) > (¢ + 1)cy.
Let i € N and suppose the claim holds for all j € [i]. Then,

v(Cit1) Lem. 1.6 v(civ1) (3.33) v(cit1)
d(cit2) = 1 N < —— %
p(cit1) — j=1Cj p(cit1) — pcit1 p(cit1) @HP(CHI)
v\ C; v(p\C;
=(p+1) eis) _ vlpleirn)) d(p(ci+1)),

p(cit1) p(cip1)

which implies ¢;+1 > p(c;) because d is decreasing. Together with (3.33), this yields the
claim. =

If we assume that the value function is concave, we are able to show an even better
upper bound on the competitive ratio for GREEDYSCALING(cy, p).

Theorem 3.20. Consider an instance of INcMaxCoNT with concave value function, and let
p = 2.508. Then, GREEDYSCALING(c1, p) is p-competitive if and only if d(c;) > %.

Proof. “=": By Lemma 3.14, d(c¢;) > % holds because the algorithm is p-competitive.
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“<": Let (c1, ¢z, ...) be the incremental solution produced by GREEDYSCALING(cy, p).
To show p-competitiveness, by Proposition 3.15, it suffices to show that ¢; < ¢; 1. Let
0 = 3.287. We will show that, for all 7 € N, we have

Cit1 > 0c¢;, (3.34)

which immediately yields the desired result. For all i € N, because p(c¢;) > ¢;, we have

o) — v(p(c)) _ pv(c;) pv(ci) o
ve) d(p(c;))  d(p(ci)) 2 dlc) P (3.35)

We show (3.34) by induction. For ¢ = 1, we have

. d p(c1)>c1 ( p=2
= p(CU()Cl— o pv(lcjl()Q) - (pd((f?l(t)il))) = S)(—Cll)) < dlple)),
VR @) T P T da)

d(cz)

i.e., co2 > p(c1). Thus,

v(cg) 22P(e) w(p(c1)) .20 pv(cr) (3.35)
= e = —c1) = plp—1 . .
“T ) T de) o = PPle)—er) 2 plo—er > 8T7er > 8
plci)—c1

Now fix ¢ € N and suppose that, for all j € [i — 1], (3.34) holds. For all j € [i], we have

(3.25) v(c;) Lem. 1.6 v(cy) (3.35) 1 v(c;)
d(cjr) 7= 7 5 = 51 (e
p(es) =D i ce p(cj) — 5216 1= 5255 pleg)
v(e) _ pule) _ v(p(e))
< 2343 < 2= L2 = d(p(cy)),
be) < pley) | ple) )
i.e., ¢j+1 > p(c;) because d is non-increasing. Furthermore, for all j € [i],
o= v(cj+1) 325 v(¢1) p(es) — zj:cz ' (3.36)
T d(ej) v(e) =

Since we assume that v is concave, we have

U(Ci) — v(p<ci—1)) (p(Ci)

polei) = vlple)) < vle) + =" o) —¢i),
which is equivalent to
N s = Dule)(e —pleir)) _ (p—1)(ei —plci-1))
plei) —ci 2 v(e;) — pu(ci—1) 1— pule=y) '

Py
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This yields
(p—1)(1 - 2e)
p(Ci) > ) w(er 1) +1 ¢
~ P )
Z’(Cz‘)) _ Z’(Cz‘)) _plei-1)
_ oy vlei-a v(ci—1 ci 4
i <(p DT ey " 1>CZ
v(ci—1) P
E}(Ci)) _ p(ci—1)71
vlci_1) P
z)(Ci)) - 1 L T
v(ci-1 - > ce
B <(p_1) TR e
vleii1) P
By combining this with
= Lem. 1.6 ¢ 335 § 1
;Ce 5 — 1Cz—1 = m : ;P(Cz—l)»
we obtain
ple) . 4 ve) _ pl6=1)
. v(ei-1) 1--2.1 e — s
p(cl)>(p_1) ! : 6—lp+1:(p_1) (zfl). 6PP6+1‘ (337)
ci v(c;) . v(c;) .
’U(Ci_l) p U(Ci—l) p

Furthermore, by Lemma 1.6 and the fact that d is non-increasing, we have

%

) b wv(ei—1)
S it a< | ——- +1)e .
2 cr < 5 101 1+¢ <5 1 u(e) 1>cl (3.38)

Similar to the case that : = 1, for j € [i], we have

e (325) U(Cj)' Lem. 1.6 &
(¢i+1) plej) = d9—1 e ) G %Cj
s p(cj)>c; Ci
_dple) POz dele)) )

d(p(c;)) _ 0
= P

)
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Thus, ¢j+1 > p(c;), which yields
v(ej1) = v(p(e;)) = pu(ey). (3.39)

We can conclude that

Cit1 (3.36) 1v(citr) N :
¢ - ¢ U(Ci) p(cl) Zcﬁ

(3.39) A
> (M Iy
C; C; —

v(c;) p(6—1)
(3.37),(3.38) o(cii) ~ dp—p=35 ) v(ci—
> p(((pl) ( 3()@) = +1><5—1' I(J(C')l)+1))

v(ci—1) P
v(ei) p(d—1)
_ P((P —1) v(ci-1)  dp—p=d 0 ) U(ci—1)>.
szc(icj)l) —p -1 v(g)

Since § = 3.287 and p = 2.508 are fixed, the only variable in this expression is the ratio
”(?j)l). By (3.39), we have -2%)- > . Analyzing the function

v(e; v(ci-1)

d—
( —1)33_‘5[)”(‘09‘S __0 1
PP T —p 0—1 =
for x > p yields that it has a global minimum at x = 4.285 with a function value larger
than 3.2871 > 4, i.e., we have ¢; 11 > dc¢;. O

Since GREEDYSCALING(c1, p) with the correct starting value ¢; is the best-possible al-
gorithm for a fixed instance, we can give a lower bound of p > 1 for the INCMAxCONT
problem by finding an instance that is a lower bound for GREEDYSCALING(¢q, p) for all
starting values ¢; > 0 that satisfy d(c;) < 1/p. Theorem 3.20 implies that a lower bound
instance where the value function is concave cannot give a lower bound larger than 2.508.
Since the best upper bound for the class INCMAX,. is ¢ + 1 &~ 2.618, we aim to find better
lower bounds than 2.508. Thus, in the following, we will derive lower bound instances
that are not convex, but rather some sort of step function, where we alternate between
intervals of constant value function and constant density function (cf. Figure 3.4 later in
the chapter).

We start by showing that, for every countable set S C R of starting values, there is
an instance where GREEDYSCALING(cy, p) cannot have a competitive ratio of better than
¢ + 1 for every ¢; € S. In order to do this, we need the following lemma.
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Lemma 3.21. For «, 3, p,e € R>q with § > 0, consider the recursively defined sequence
(tn)neN Wlth

1
n +e)i—n o
tn({)—a) o (ZjZO 2 i]) ) T (pte)

If1 < p < ¢+ 1, then there exists ¢’ > 0 such that, for all € € (0,€'], there is ¢ € N with
ty < 0.

to = 5, Int1 = foralln € NU{0}.

Proof. Rearranging terms, for all n € N, we obtain

to = . (p+e)™ _plp+e)t ( - W) “alp+e)
J

tn+1 tn(l — €) " tg

We substitute a,, = 1/t,, for all n € N and obtain the recursively defined sequence (a,,)nen
with ap = 1/8 and, for all n € N,

n
ant1(p+e)" =ay 1 f Z(p+ e)"t — <Z a;(p + e)j“) —a(p+e), (3.40)
§=0

which implies

an(p+e)" = an—1

n—1
(p+e)" — (Z aj(p—i-e)jH) —a(p+e). (3.41)

1—e¢
Subtracting (3.41) from (3.40), for all n € N, we obtain

(p+e)" ! —an1—(p+)" —an(p+ )",

p p
1—¢ 1—c¢

ant1(p+e)" ™ —an(p+e)" = ay

which yields
1 p P
n = Qnp -1 - n—177 N/ _ |, \°
RS “<p+a+1—a ) T+ e)
Together with the start values a9 = 1/ and

1 p 1

=R

this yields a uniquely defined linear homogeneous recurrence relation with characteristic
polynomial

a

1 P P
0=a%— + —1)e+—F—.
<p+€ 1—¢ ) (L=e)(p+e)
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Let D(p,c) = (m + oy — %)2 ~ =tz The roots of the characteristic polyno-
mial are then
1 p 1
_ Y op 3.42
* 2pte) 200—e) 2 (p-€), (3.42)
1 1
y = + 5 — = +V/Dip,o).

20p+¢) 2(1—¢) 2

We claim that if p < ¢ + 1, then there is ¢ > 0 such that D(p,e) < 0. To see this claim,

consider the function )
1 p 1
D(p,0)=(—+L5—-2) —1.

The function (p) = 5, + § — 5 has the derivative /' (p) = —5; + 3 > 0forp > 1. Thus,
is strictly increasing for p € (1,00), and, hence, D(p,0) is also strictly increasing for
€ (1,00). Thus, D(p,0) has at most one root py € (1, c0). This root satisfies
1 £0 1

— 4B -
%0 2 2

Rearranging terms yields 1+ p3 = 3po. The only solution py > 1 to this equation is ¢ + 1.
We have shown that D(p,0) < 0 for all p < ¢ + 1. Since D(p, €) is continuous in ¢, there
is &’ > 0 such that also D(p,e) < 0 for all ¢ € (0,£']. For p € (1, + 1) and ¢ chosen
small enough, we have that the roots of the characteristic polynomial (3.42) are distinct
and complex valued. We then obtain that the sequence (a,),en has the closed-form

expression
an = Az" 4+ py"  foralln € NU {0}, (3.43)

where the constants \, i € C are chosen in such a way that the equations for the starting

values

1 p 1
ap = — = A+ and G =— — — —a=\r+ (344)
0= g AT 'TBi-9 & "

are satisfied. Note that by (3.42), = and y are complex conjugate, and hence, by (3.44),
also A and p are complex conjugate. We can, thus, reformulate (3.43) as

an = Ax" + AT" = \z" + \z" = 2R(\z") (3.45)

for all n € N, where for the second equation we used that conjugation is distributive with
multiplication and for the third equation we used that for a complex number z € C its
real part can be computed as R(z) = £5%. We will show that :R(Az") is negative for some
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¢ € N. The idea behind this part of the proof is visualized in Figure 3.3. Going to polar
coordinates, we obtain

A =ryexp(ipy) and x = ryexp(ips)

for some ry,r, € R>¢ and some ¢,, ¢, € [0,27). By exchanging the roles of x and y, it
is without loss of generality to assume that ¢, € [0, 7]. We obtain

an O2 2R(Na") = 2R (rar? exp(i(p + ngs)))  foralln € N.

Let k = [7/p,|. We claim that ay, ..., a; are not strictly increasing. To see this, note
that ap = 1/, and thus,

1 = sgn(ag) = sgn(29R(ry exp(ipy))) = sgn (2R (exp(ipy))).
On the other hand, we have
—1 = sgn (2R (exp(ipy + 7))).

Since ¢, < w, this implies that either sgn(a;) = —1 or sgn(ax_1) = —1 (or both). In any
case, this implies that there is ¢ € N with ay < 0. Since ¢,, = 1/a, for all n € N, this

further implies that ¢, < 0. O

The following lemma shows that, given points ((zg, vg), . .., (2, vx)) € (Rsg x Rsg)F !
withv; < v;41 < “T;l v; foralli € {0,...,k—1}, we can construct an instance of INCMax-
Cont with v(x;) = v; for all i € {0,...,k — 1} simply by linearly interpolating between

these points.

Lemma 3.22. Let an instance of INcMaxCont with value function v: R>o — R>( and den-
sity function d: R>q — Rxq begiven. Let k € Nand ((zg,v0), - - -, (2, vx)) € (Rsg x Rsg)*+!
with v(xg) = vo and v; < Vi1 < xx“v, foralli € {0,...,k — 1}. Then there exist an in-
stance of INcMaxCont with value function v: R>o — R>g and density function d: R>g —
R>q such that v(xz) = v(x) for all € [0, zo] and v(x;) = v; for all i € {0, ..., k}.

Proof. For all ¢ € [0, z¢], we define
v(z) = v(x) (3.46)
and, foralli € {0,...,k — 1} and z € (x;, i1+1],

Xr — Iy
= U; —\V; — V). 3.
v(x) == v + pp—— (vig1 — vi) (3.47)
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Figure 3.3.: Multiplying A repeatedly by x € (C\R) is equivalent to a rotation around the
origin that, at some point, reaches the half-plane corresponding to negative

real parts.
Note that x;,1 > x; because “*Lv; > v;,1 and v; < v;;1. Furthermore, for x > x;, we
define
T — Tg—1
v(z) == vp_1 + (Vg — Vg—1). (3.48)
T — Tk—-1

We set d(0) := 1 and d(z) := @ for all z > 0.
We have to show that

() v is strictly increasing,

(i) d is strictly decreasing,

(40i) d(0) = 1,

(1) v(z) = zd(z) for all x € R,

(v) v(z) = v(x) for all x € [0, zp], and

(vi) v(z;) = v; foralli € {0,...,k}.
On the interval [0, o], (¢) holds because of (3.46) and because v is strictly increasing.

For z > x(, we have

(3.47),(3.48) r—x
v(x) = v + ————(vig1 — ;)

Tit+1 — X4

83



for some i € {0,...,k — 1}, and thus

v,(x) (3.47),(3.48) Vi1 — V; vi+1>vz§6i+1>mi 0
T — T ’
i.e., (i) holds for x > x. ) )
On the interval [0, ], (¢7) holds because d is strictly decreasing and because d(z) = d(z)
by definition of d and by (3.46). For x > x(, we have

.
(3.47),(3.48) V; 1-—=
d(x) 7TETT L —2— (041 — ;)
T Tip1 — X
for some i € {0,...,k — 1}, and thus
’Ui+1<2i+1 Vi
’ (3.47),(3.48) 1 Vi+1 — U4 T 1 Ti+1V; — X305
d'(x) = S\ ——— < ——\vi—————— | =0,
x Ti+1 — X4 € Ti+1 — T4

i.e., (i7) holds for x > .

By definition of d, we have d(0) = 1, i.e., (i) holds.

We have v(0) = 5(0) = 0-d(0) = 0-d(0) and v(z) = xd(z) by definition of d, i.e., (iv)
holds.

By (3.46), (v) holds.

We have v(x) (3.40) v(xo) = vo and, for i € [k], we have

v(z;) @47,

O Ly T T

v — vi—1) = v,
Ti — XTi—1

i.e., (vi) holds. O

The following calculations are needed to show that Lemma 3.22 can be applied to a
sequence of points in the proof of Proposition 3.24.

Lemma 3.23. Let 1 < p < o+ 1, xg,v9,2 > 0,

Vo 1
to = —, thy1 =

n +g)i—n z
0 tn(lp—a) o (Ej=0 = 2 )  (pte)"wo

and let ¢ € (0,1) be small enough. By Lemma 3.21, there exists ¢ € N with t; < 0. Let
¢€{0,...,¢' — 1} be the smallest index such that % > ﬁ Then,

@) (p+e)"vg < p(p+¢e)"vg foralln € {0,..., ¢},

) p(p+e)"vo < (p+ )" foralln € {0,...,0—1},

foralln e NU {0}
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plp+e)"vg
(i) p(p+€)"vo < S5w=(p +&)"vo for all n € {0, ..., £}, and
tn
(p+e)" T Log
@) (p+e)" o < S p(p +€)"vo for all n € {0, ..., £ — 1}.

(I—e)tn

Proof. Inequalities (7) and (¢7) hold because p > 1, ¢ > 0, and vy > 0.
Let n € {0,...,¢}. Inequality (iii) is equivalent to p < 2=, which holds because
€ (0,1).
Letn € {0,...,¢ — 1}. Inequality (iv) is equivalent to
1
— < (1—¢)

foralln € {0,...,¢ —1}. (3.49)
tn tn—l—l

For fixed 1 < p < ¢ + 1, we define the ratio r(n,¢) :=
7(0,e) = £, =1 - Ztpand, forn € N,

o tn - p+e)y z
r(n,e) = — = < i=e) (JZ% . ) (p+8)”vo>tn
_ P 1 P
 \th(l—2) tn tha(pte)(l—e¢)
1 p — (p+ey 2
+p+8 (tn_l(l —E) B (]Z:; tj ) B (p+€)n_1vo>>tn

B < p 1 p N 1 1>t
 \t(l—e) t, taalpte)(l—e) p+e t,) "

p p tn 1
= 7—1— . +
1—¢ (p+e)l—¢) th1 p+e
P 1 P 1
= -1 — : . 3.50
1—¢ +p+5 (p+e)l—¢) r(n—1,¢) ( )

Claim: For all n € {0,...,¢ — 1}, we have

r(n,0)

r(n,e) > . (3.51)

— E '
Proof of claim: We prove the claim by induction. For n = 0, we have

r(0,e) 1 -l-ate p—(-e)(+35t) 1 20 1
r(0,0) p—1— 2t p—(1+ Zto) 1—¢ 1—¢’
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i.e., (3.51) holds for n = 0.

If p < 2, without loss of generality, we can assume that ¢ < 1 — £ because ¢ is small

enough. This yields

p
—c

to = T(O,&)tl = (1

—1- ito)tl < (
Vo

P
€<17§
<

t17

_ 1>t1

1—c¢

i.e., £ = 0 and we are done with the proof. Thus, assume from now on that p > 2 > ¢.
Suppose (3.51) holds for some n € {0,...,¢ —2}. Then

p 1 1 @y l-c 1 (3.52)
p+e r(ne) r(n,e) r(n,0)  r(n,0) '
and
eplpte)+(l—ep = ep’+ep+p—ep
= (p+e)+ (P —p—De+ep
p>2 9
> pretep>pte,
which is equivalent to
1-— 1
€+p+i > (3.53)
This yields
L _1 + 1 p L1
r(n+1,¢) (3.50) ¢ pte  (pre)(d—e) r(ne)
r(n+1,0) p—l—i—%—T(;’O)
1- 1
Y iy il A O
= . - )
A Rl C0) 1-e
(3.52);3.53) p—1+ % - r(i,o) 1
1 1
polts—my 17°¢
B 1
- 1—¢’

which proves the claim.

Note that ¢ depends on . Thus, we write /(<) from now on. By definition of ¢(0), for

alln € {0,...,¢— 1}, we have

r(n,0) > 1 (3.54)
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and r(¢,0) < 1. Note that, by definition, (¢,),enuo is continuous in € for all n € N U {0}.
Thus, if ¢ > 0 is small enough (which we assumed), we have r(¢,¢) < 1 and, for all
ne{0,...,0—1},
, 3.54
(3>51) r(n,0) (2) 1 .
1—¢ 1—¢
This immediately implies (3.49) and thus completes the proof. O

r(n,e

With these preparations, we are now ready to define an instance of INCMaxCoNT where
GREEDYSCALING(c1, p) cannot be better than (¢ + 1)-competitive for one given starting
value ¢;.

Proposition 3.24. Let an instance of INcMaxConT with value function v: R>g — Rx>g
be given. Let p € (1, + 1) and 0 < ¢; < C. Then there exists an instance of INc-
MaxCont with value function v: R>g — Rxq such that v(c) = v(c) for all ¢ € [0,C] and
GREEDYSCALING(c1, p) is not p-competitive for this instance. Furthermore, there is some C > 0
such that v(c) can be altered for all ¢ > C without losing the fact that GREEDYSCALING(c1, p)
is not p-competitive for this instance.

Proof. Letd: R>o — R>q be the density function with #(c) = ed(c) for all ¢ > 0.

If GREEDYSCALING(cy, p) is not p-competitive for the instance given by v, we can sim-
ply choose v = v and C to be some value for which GREEDYSCALING(c1, p) is not p-
competitive. Suppose GREEDYSCALING(¢1, p) is p-competitive for the instance given by v,
and let (¢1, ¢z, ... ) with ¢; = ¢; be the incremental solution produced by GREEDYSCALING(cy, p)
on this instance. We will define the function v such that GREEDYSCALING(cy, p) is not p-
competitive on the instance given by v. In order to do this, we will give a sequence of
points together with values such that GREEDYSCALING(c1, p) is forced to choose these
points and Lemma 3.21 will show that this incremental solution is not a valid one be-
cause the sizes in the incremental solution are not increasing. Let & € N>y such that
Cr_1 < C < ¢, let vy, := T](Ek), and let z := Zf;ll Cj.

We will modify the value function v for ¢ > ¢, but we have to ensure that ¢, > p(¢x—1
holds. If this is not the case and ¢, < p(¢y_1), we change the instance in such a way
that, for the incremental solution (¢}, c, ...) with ¢] = ¢; of GREEDYSCALING(cy, p), we
have ¢, = ¢; for all i € [k — 1] and ¢}, > p(c,_,). This can be achieved by leaving v
unchanged on the interval [0, max{p(¢x—_2), ¢x}| and linearly interpolating from there on
such that v (ﬁz) = pov(cg—1). To show that this is possible, we first observe that, because
¢x < p(¢g—1), we have

Ap(Enr) < d(e) O20 21 1

PlE-1) =2 Ty e
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This yields
z

v(Cr—1)

By Lemma 3.22, the above change of v is possible because

p—1<d(p(cp-1)) (3.55)

po(Ck—1) > max{pv(cy—2),v(ck)} = v(max{p(cy—2), cx})

and
V(Cr— U(Cr—1) B55) —, - _ _
P _ (o) Mt O e y) < dtmax(p(na).ai)).
p—1
With this altered value function, we have p(c}_,) = -£;z and thus
P
(A (A (A (A
a(cy 325 (1) _ 0(C—1) _ 0(¢_1) :pv(ck—1) — d(p(c ),
(k) p(czj_l)_z %Z—Z ﬁz p(c%_l) ( (k 1))

i.e., we have ¢, = d(p(c,,_,)). We are now ready to modify the instance for ¢ > ¢). For
ease of notation, we redefine ¢, := ¢}.
We consider the recursively defined sequence

1
n (pte)i—m
tn(f—s) B (Zj:() 8 t; ) o (p+6z)"’uk

Since p < ¢ + 1, by Lemma 3.21, there exists ¢’ > 0 such that, for all € € (0, '], there is
¢" € Nwith ¢t < 0. Let € € (0,¢] be small enough. Since ¢, < 0, we have

/ S eyt :
fea(1=) 2 o+ e Tu <"

J=0

to = d(cx), thil = for all n € NU {0}.

i.e., we can define ¢ € {0,...,¢ — 1} to be the smallest index such that

Y4 .
1 p (p+e)* 2 1
1 _ _ - (3.56)
te ” t(l—¢) (Z(:) tj (p+e)fur  tey

=

Forn € {0,...,/(}, let

Toy, 1= W, von = (p+ &) vy (3.57)
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and

Von41 = p(p + 5)”Uk. (3.58)

For ¢ € [0, z¢], we let v(c¢) = v(c) and for ¢ > x, we let v be the function with v(z,,) = v,
for all n € {0,...,2¢} that linearly interpolates between these points. By Lemmas 3.22
and 3.23, this is a valid value function for an instance of INcMaXCoNT. It remains to
show that GREEDYSCALING(cy, p) is not p-competitive for the instance given by v.

Let (c1, ca, .. .) be the incremental solution generated by GREEDYSCALING(cy, p) on the

instance given by v. Note that ¢; = ¢; for all i € [k — 1] since v(c) = v(c) for all ¢ €
[07 max{p(ék_g), Ek}]’ i-e-) z = Zf;ll Cj.

Claim: For alln € {0,...,¢+ 1}, we have
d(Cpan) = tn. (3.59)
Proof of Claim: We prove this by induction. For n = 0, we have
d(er) 2 d(er) = to.

Suppose, for some n € {0,...,¢}, the claim holds for all : € {0,...,n}. Because
v(c) = cd(d) for all ¢ € R>g, we have, for all j € {0,...,n},

V2 (3.57) . (3.59)
d(z25) = 72] =7t = d(cgyy),
j

ie.,

Ck+j = $2j (360)
because d is strictly decreasing. Furthermore, we have

(3.58) i (3.57) (3.60)
v(@2j+1) "= plpt+e) v =7 pu(ae;) =" pulcryj),

ie.,

p(ck+j) = x2j+1. (361)
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because v is strictly increasing. This yields

(3.25) (Chotn)
d(Crsnt1) = - T
P(Chtn) — Zj:l ¢y
(3.60),(3.61) v(r2n)
= n
Top+1 — 2 — Zj:O L2j
(3.57),(3.58) (p+ &) v
o p(p+e) vy, n (pte)ivg
(I-o)tn, _~ ijo T
_ 1
- P _ z _ n  (pte)i—n
(I-e)tn  (pte) vk ZJ'ZO t
== tn+17
which proves the claim.
This implies
1 359 1 (326) 1 359 1
d(Chre+1) o1 te d(ck+e)’

i.e., either d(cxy¢4+1) > d(ckye) and thus cx1p11 < gy because d is strictly decreasing, or
d(ck+e+1) < 0. In both cases, by Proposition 3.15, this implies that GREEDYSCALING (¢, p)
is not p-competitive for the instance given by v.

Note that the values v(c) for ¢ > 2441 are never used throughout this proof. Thus, we
can set C = wopy1 + 1. O

We can use Proposition 3.24 iteratively in order to exclude any countable set of starting
values. Proposition 3.24 states that we can modify the value function of an instance of
IncMAxCoNT in such a way that one starting value gets excluded, v(c) for small values
of ¢, i.e., for ¢ € [0, C], remains unchanged, and v(c) for large values of ¢, i.e., for ¢ > C,
can be changed without losing the fact that the starting value is excluded. Thus, after we
modified the instance to exclude one starting value, we can modify the part for ¢ > C in
order to exclude one more starting value. We can repeat this countably often to exclude
a countable set of starting values.

Corollary 3.25. For every countable set S C R~ of starting values, there exists an instance
of INcMaxConT such that GREEDYSCALING(c1, p) is not p-competitive for any ¢; € S and p <
e+ 1
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3.2.2. General Lower Bound

Now we want to employ the techniques we used to prove Lemma 3.21 in order to give a
lower bound on the competitive ratio of INCMAXCONT. Let p* = 2.246 be the unique real
root p > 1 of the polynomial —4p° 4 24p* — p? — 30p? + 31p — 4. We will show that there
is no algorithm that is better than p*-competitive for INcMaxCoNT. As before, we need
to show that a recursively defined sequence becomes negative at some point.

Lemma 3.26. For p € R>g and € > 0, consider the recursively defined sequence (t,)neN
with

1—¢ 1—-¢
to = ]_, t1 = P s t, = ;11 n=3 (pre)i i n for alln € Nzg
tn—1 tn—2 P J:O tj

If1 < p < p*, then there exists ¢’ > 0 such that, for all € € [0,¢'], there is £ € Nwith t, < 0.
p<p

Proof. Let1 < p < p*. Rearranging terms, for all n € N>, we obtain

l—e p 1 1 nzz:g(p—ks)j“_”
tn tn—1 tn—2 P t; '

J=0

We substitute a,, = 1/t,, for all n € NU {0} and obtain the recursively defined sequence
(an)nen With ag = 1 and, for all n € N>o,

n—3
1 _
(1 —¢)ay, = pan—1 — ap—2 — p(Z(p + 5)J+2_"aj>, (3.62)

J=0

which implies

n—2
I—=e)p+e)ant1 =plp+e)an — (p+¢e)an—1 — ; (Z(p + 6)j+2_”aj> . (3.63)
§=0

Subtracting (3.62) from (3.63), for all n € N>, we obtain

1
(1—-¢e)(p+e)anys — (1 —¢e)a, = (P(P +e)an — (p+e)an—1 — pan—2> —(pan—1 — an—2),
which yields

1
(1—e)(p+e)ant1 = (p*+ 1+ pe —e)an — (2p + €)an_1 + (1 - p)an_g.
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Together with the start values

par —ag  p*—1+e¢
-  (1—-¢)2”’

ag =1, a] = , and as = (3.64)

this yields a uniquely defined linear homogeneous recurrence relation with characteristic
polynomial

2 _ 1-1
+14pe—c¢ 2p+¢
0=2a>— p z? T — P . (3.65)
(I-¢)(p+e) (I=eg)lpt+e) (A—-e)lpte)
Using
a__p2+1+p€—€
1-o)p+e)
b— 2p+¢
(1-e)p+e)
1-1
C:_—p,
(1—¢)(p+e)

the discriminant of this polynomial is

a® ab  c\? b oa?\?
Dipe)=(2L L, ° 24
(p-€) (27 6 +2> * (3 9)

In particular, we have

—4p8 4+ 24p% — p? — 30p% 4+ 31p — 4
D(p,0) = 1087 >0

because 1 < p < p*. Note that a,b, c are all continuous in ¢ and, thus, so is D(p,¢).
Therefore, there is & > 0 such that, for all £ € [0,¢'], we have D(p,e) > 0. The fact that
for the discriminant of the polynomial we have D(p,e) > 0 implies that (3.65) has one
real root r; and two complex conjugate roots ro and r3 = 7. We want to express the
recurrence relation in terms of the roots, i.e., we want to find A1, A2, A3 € C such that

an = A7} + Aorl + Aary. (3.66)
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We will now show that A\3 = \,. Using the starting values (3.64) together with (3.66),

we obtain

L=X+ A2+ As,

1T—z f = A171 + Aaro + Asrs,

P’ —1+¢

(1-¢)?

= )\17'1 + AQTQ —+ )\37’3

This implies

0= (A1) +Im(A2) + Tm(A3)

0= m()\l'fl) + Jm()\QTQ) + Jm )\3

We obtain

Re(ry — rg)Im
= %2(7”1 — Tz)jm

(
(

MERISETE e — o) Im(Ae) + Jm(r1 — 72)%e(No)
+Re(r1 — r3)Im(A3) + Im(ry — r3)NRe(A3)
= jm((rl — rg))\g + (1"1 - 7“3)>\3)
7"1€R

= 7"131'(1()\2) — jm()\g’l"Q) + lem(kg) — jm()\:’,?“g)

3.67),(3.68 ~ ~
( ):( ) _rlJm()\l) + Jm()\lrl)

Jm ;
0= jm()\ﬂ"l) + Jm()\QTg) jm()\g’l"g)
J (

3)-

A2 + Az) + Im(r] — r2)Re(A2 — A3)
A2) + Jm(r; — ro)Re(A2)
—HRQ(H — Tg)jm()\g) — jm(ﬁ . 7’2)9%6(/\3)

(3.67)
(3.68)
(3.69)

(3.70)
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and

Re(r? — r2)Tm(Ag 4+ A3) + Im(r? — r3)Re(Aa — A3)
Jm(Ag) + Im(r? — r2)Re(N2)

eI Re(rf — r3)Im(A) + Im(rf — r3)NRe(Ne)

+9Re(ry — r3)Im(A3) + Im(r — r3)Re(\3)

Jm((rf —r3) A + (rf — 75)A3)

riIm(\g) — Jm(\or3) + r2Im(A3) — Im(Azr?)

T

Ilm
=

3.67),(3.69 ~ ~
(3.67),(3-69) —r%Jm(M) + Jm()\ﬂ“%)

0. (3.71)

r

IIm
=

Consider the real matrix

Mo (%e(rl —73) gm(rl - m)) riER <r1 — Re(ra) :gm( )> ‘

2
Re(ri —r3) Im(r{ —13) ri = Re(rd) —Im(r3)

This matrix does not have rank 0 because —Jm(ry) # 0. Suppose M has rank 1. Then
there exists x € R with

z- (=Im(rp)) = —=Im(r3) = —2Re(rz)Im(ry),

which yields
x = 2NRe(r2), (3.72)
as well as
x(ry — Re(re)) = r? — %e(r%) =72 — NRe(r)? + jm(Tg)Q
= (r; — Re(r2))(r1 + Re(rz)) + Tm(ry)?,
which yields
. jm(Tg)Q
x =11+ Re(re) + = Re(ra)” (3.73)
Combining (3.72) and (3.73) yields
i jm(’l“g)Q
i)fie(rg) r = = 9{2(7‘2)‘
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This is equivalent to —(r; — Re(r2))? = TJm(r)?, which can only hold if both sides are 0,
because the left side is non-positive and the right is non-negative. Yet, we have ry ¢ R,
which is a contradiction. Thus, M has rank 2, i.e., the system of equations

M - (Gm(Ag + A3), Re(A2 — A3))T = (0,0)7

given by (3.70) and (3.71) only has the solution (0,0)”". This yields Jm()\2) = —Jm(\3)
and Re()2) = Ne(N3), i.e., we have A3 = Ay, and, by (3.67), we have \; € R. Thus, the
recurrence relation can be written as

an = M1+ Xory + Xorl = A1l + 2Re(Aory).

We have |r1| < 1 and |ra| > 1. There exists £ € N such that i)%e(/\grg) < —% because
ro ¢ R and |ry| > 1 (cf. Figure 3.3). Thus, ay = )\17"{ + 29%(@«5) < )\17“1 -\ < 0 where
the last inequality follows from the fact that || < 1. O

With this lemma, we are ready to construct our lower bound on the competitive ratio of
INncMaxCoNT, which, via Theorem 3.9 and Proposition 3.12, gives a lower bound on the
(non-strict) competitive ratio of INCMAX,... Recall that p* ~ 2.246 is the unique solution
p > 1 to the equation —4p% + 24p* — p? — 30p? + 31p — 4.

Theorem 3.27. The competitive ratio of INcMaxCoNT is at least 2.246.

Proof. Let p < p*. By Lemma 3.26, there is ¢/ > 0 such that, for all ¢ € (0,¢'], the
recursively defined sequence (t,,),en With

1—c¢ 1—¢
to = 1, t1 = P , ty, = ) 1 1 n—3 (pre)yiter for all n S NEQ

tn—1 tn—2 P j:O tj

becomes negative at some point. Thus for ¢ > 0, we can define /(¢) € N to be the
smallest value such that — > te e . Note that this is the case when either toe)+1 <0
OT ty(c)+1 = to()- This 1mpliles that 0> t1 > >ty Letv; = (p+¢)’, and lets € (0,&']

be small enough such that ¢ := ¢(c) = ¢(0) and such that, for all n € {0,...,¢ — 1}, we

have . )
1 1 —ov, 1 1 w—v;
+ e — - (3.74)
tnt1 Un+1 JZ:% t; tn PUn JZ:(:) t;

which is possible because v,,+1 = (p + €)vy, i.e., the inequality holds for ¢ = 0.
We consider the instance of INcMaxCoNT with the value function that linearly interpo-
lates between the points v(0) = 0,

v<vn> :v< Un ) =wv, foralne{0,1,...,0—1},
tn tn—i—l
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Vs +
Vg +
V3 +
Vo +
V1 C
H/_/
d(C) = t3 d(C) = t4 d(C) = t5

Figure 3.4.: Lower bound construction from the proof of Theorem 3.27 for p = 2.1. Here,
we have ¢ = 5.

and v(3*) = vg. This means that, for 0 < ¢ < 1, we have d(c) = 1, for » < ¢ < t::ﬂ we
have v(c) = vy, and, for ; o <e< ”"*1 , we have d(c) = t,4+1 (cf. Figure 3.4).

Suppose there was a ,o competltlve 1ncrementa1 solution (c, . ..,cy) for this problem
instance. We will show that these capacities have to satisfy d(c,) = t,, which is not
possible because the sequence ¢, ..., %11 is not decreasing.

Without loss of generality, we can assume that, for all n € {0, ..., k}, we have

d(Cn) S {to,tl,...,tg}. (3.75)

If this was not the case, we have 7 < ¢, ,k — 1}. Then, we
can improve the incremental solutlon by settfng cn = 3 because v(cn) = = v( 1) and
fz < ¢, 1.e., the modified incremental solution obtalns the same value faster and can
start adding the next optimum solution earlier. Furthermore, we can assume that

d(cn) > d(cp+1) (3.76)
foralln € {0,...,k—1}. Otherwise we can improve the incremental solution by removing
the smaller of ¢, and ¢, 1. This also implies that k£ < /.

We will now show by induction, that, for n € {0,..., k}, we have
d(cn) > tps, (3.77)
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and, forn € {0,...,k — 1}, we have

1wy,
Cn >~ (3.78)

p t
For n = 0, by Lemma 3.14, we have d(cy) > % 1—;5 = t1, i.e., (3.77) holds. This
implies d(cq) = to because tg > --- > ty. If cg < % R = %, then the solution achieved by

only adding the optimum solution of size ¢y is p-competitive up to size p(cy) = pco. By
Lemma 3.14, we have

v(e cot 1 1—¢
(co) _coto - 4

d(c1) > = =
p(co) — Z?:o ¢j pco—co p—1 p

i.e., using (3.75), we obtain d(c;) = to, which is a contradiction to the fact that d(cy) = to.
Thus, ¢ > % -2, i.e., also (3.78) holds.
Now, assume that, for some n € {0,...,k — 1}, (3.77) and (3.78) hold for all natural

numbers at most n. As ¢, > % - 7=, we have
n

plen) = £2Cn) (3.79)
tn+1
Note that, for all i € {0,...,k}, we have d(c;) € {to,...,ts} and d(c;+1) < d(c;). Because
to > -+ >ty and because, for all i € {0,...,n}, (3.77) holds, we have d(¢;) = t; for all
i €{0,...,n}. Thus, ¢, < 3 and therefore

v
v(cy) < v<n> = Up. (3.80)
123
By Lemma 3.14, ¢,,4; has to satisfy
v(cn) (3.79) v(cn)
d(cn-l—l) > n =
p(en) = 2250 ¢ %i"l) - e
(3g8) v(ep) B 1
= pv(en) e 1 n—1vi p 1 1 anl (pte)d
tnt1 n p —~j=0 t; tnil tn pv(en) j=0
(3.80) 1 1
> = -
- p 1 _ 1 Zn—l (p+e)! p_ 1 _ 1xwn—1(pte)i—n
tnt1 tn PUn j=0 tj tnt1 tn p 7=0 tj

1
= 17_Etn+2 > tpyo,
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i.e., (3.77) holds for n + 1. As d(cp+1) < d(cy,) = t,, by (3.76) and because ty > --- > ty,
we have d(¢p4+1) = tn+1. Now, assume that n € {0,...,k — 2}. We will show that (3.78)
holds for n+ 1. For the sake of contradiction, suppose that (3.78) does not hold for n+1,

. l . Un+1
i.e., we have ¢, 11 < PR Then,

1
v(Cnt1) = Cppitnsr < ;Un+17 (3.81)

i.e., the prefix (co, ..., cp+1) of the incremental solution is p-competitive up to size p(c,+1) = %ﬂl) -
By Lemma 3.14, the next size in the incremental solution has to satisfy

d > v(cnt1) _ v(cnt1)
(Cn+2) = n+1 - n+1
p(ny1) — Zj:() ¢ PCn+1 — Zj:[} j
(3£8) v(cnt1) S v(cnt1)
- 1 n—1v; — 1 n—1 v;
PCn+1 = Cntl — Cn — ijo 7, Pontl T Cntl T, ijo T
1 (3.81) 1
e 1 1 el p 1 1 n—1vj
lnt1 lny1 pv(cni1) 23:0 t; tnt1 tni1 Un+1 Zj:o J
(3£4) 1 1
- e L Lywluo p 1 1yl (e
tn+1 tn PUn j=0 tj tnt1 tn P = t;
1
= 17_6757%2 > lny2.

As tg > -+ > ty, we have d(cp12) & {tnt2,...,t¢}. But, foralli € {0,...,n+ 1}, we also
have d(¢;) = t; and thus d(cp42) ¢ {to,...,tn+1}. This is a contradiction to (3.75) and
therefore (3.78) holds for n + 1.

We have established that (3.77) holds for all n € {0,...,k}. Together with the fact
that d(c,) € {to,...,te} for n € {0,... k}, d(co) > --+ > d(cx) and tg > -+ > ty, we
obtain d(c,) = t, forall n € {0,...,k}. If £ < ¢, the solution obtains a value of v(c;) for
size %ﬁ Yet, the optimum solution for this size has value

v(%) =vp = (p+e)Fu, > (p+e)Fuler) > puler).
4

Thus, (co, . .., cx) would not be p-competitive. Therefore, we have k£ = ¢. By a similar ar-
gument, we find that ¢, = ¢, > % - #. By (3.77), we know that d(cg) > tei1. If tep >t
we know that d(cy) # t,. But we also have d(c) ¢ {to,...,te—1} asd(ce) < d(co—1) = to—1
and tp < --- < t;—1. This is a contradiction to the assumption that d(c;) € {to,...,ts}-
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Therefore, t,,1 < t;. By definition of ¢, we have ﬁ < %, which implies that

1—¢ 1
0> terr = L 1 12 (pte)f it - Lo 1 12 (pte) il
te  teer p4=j=0 tj ty  te—y  p4=j=0 t;
This is equivalent to
-2 -
1 1 + e)iti=t
p———72u<0. (3.82)
te te1r piz t

-1 2
1 _ 1 [ po(eea)
— | plee-1) — Cj = — —Cp—1 — Cj
Vp—1 =0 Ve—1 12 =0
(3.78) =2
; 1 [pv(ee—1) ot — 1 3 Yj
T v to - par
2 1
_ C€1<t€1_1)_1 (p+e) =
Vg—1 ty [ lj
Ascp_; < 7;5:11 , we obtain
-1 2 ,
1 1 to_1 1 (p+e)iti=t
v(p(cél)_ZC]) = t<pt_1) Cp&=
—1 =0 /—1 ¢ p §=0 J
02 ~
_ B_L_EZ(P“)”H
te te1r pimg t
(3.82)
<

Since vy_1 = (p+¢)*~' > 0, we find that p(c,_;) — Z?;é ¢; < 0, which is a contradiction
to Lemma 3.14 (iii) and the fact that (cy, ..., cx) is p-competitive. Thus, a p-competitive
incremental solution cannot exist. O

As the strict competitive ratio of INCMaAxCoNT is smaller or equal to the (non-strict)
competitive ratio of INCMAX,.. we immediately obtain the following.

Theorem 3.28. The (non-strict) competitive ratio of INCMAXy. is at least 2.246.
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4. Scaling Algorithms for Separable
Incremental Maximization

Now that we have derived an improved lower bound on the competitive ratio of INCMAXacc,
the subclass of INcMax of instances with monotone and accountable objectives, we will
turn to investigate multiple algorithms for this problem class. More precisely, we will
consider algorithms for the problem class INcMaXSEP. By Proposition 3.8, these algo-
rithms induce algorithms for INCMAx,.. with the same competitive ratios. Because of the
simple structure of the problems in INCMAXSEP, incremental solutions for problems in
this class can be represented as a sequence of cardinalities (ci, cg,...) (cf. Lemma 3.7).
Even though, we presented evidence that the upper bound of ¢ + 1 on the competitive
ratio of INCMAX,.. might be tight, analyzing different algorithms for this problem class
might lead to a better understanding of the problem and help in finding better lower
bounds on the competitive ratio. Furthermore, it enables us to improve the upper bound
by randomizing one of the algorithms in Section 4.2.

CARDINALITYSCALING is the best known algorithm for the incremental maximization
problem with monotone and accountable objective and was introduced in [5]. It adds
the optimum solutions for increasing cardinalities ¢; < ¢o < ..., where the cardinalities
increase by a factor 6 = ¢+ 1, which we call the scaling parameter. In the context of sep-
arable incremental maximization problems, this corresponds to the solution represented
by the cardinalities (c;, c2,...). We will further analyze the competitive ratio of this al-
gorithm and introduce similar algorithms that all follow the same idea of scaling up the
cardinalities in the sequence representation.

In Section 4.1, we will investigate three deterministic algorithms for the INCMAXSEP
problem, CARDINALITYSCALING, VALUESCALING, and DENSITYScCALING. Each of these al-
gorithms scales the cardinalities in its sequence representation (cy, ¢, . ..) such that ei-
ther the cardinalities ¢;, the values v;, or the densities d; are at least scaled by some fixed
scaling factor 6. We will show that CARDINALITYSCALING and VALUESCALING each have a
tight competitive ratio of o+ 1 &~ 2.618, and that DENSITYSCALING has a tight competitive
ratio of 4.

In Section 4.2, we combine the idea of CARDINALITYSCALING with a randomization ap-
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proach from [44] and present the algorithm RanDpScaLiNG. This algorithm chooses the
first cardinality in the sequence representation randomly and, similar to the CARDINALI-
TYSCALING algorithm, iteratively scales the next cardinalities by a fixed scaling parame-
ter . We show that this algorithm has a randomized competitive ratio of at most 1.772.
We complement this upper bound on the randomized competitive ratio of INCMAXSEP
with a lower bound of 1.357 by employing Yao’s principle.

Recall that the groundset of an instance of INCMAXSEP is partitioned into disjoint sets
Up,Us,.... Since v; < v < ... and d; > dy > ..., the optimum solution of cardinal-
ity ¢ € N is given by the set U.. Thus, OrT(c) = v, for all ¢ € N.

An extended abstract with the results in Section 4.2 appeared in [19].

4.1. Deterministic Scaling Algorithms

4.1.1. Cardinality Scaling

We start off with the CARDINALITYScALING algorithm that was introduced in [5] for the
INCMAX,. problem. For this problem, the algorithm is the best known algorithm with a
competitive ratio of ¢ + 1. In this section, we will adapt this algorithm for the INCMAXSEP
problem and show that the competitive ratio of ¢ + 1 is tight.

The CARDINALITYSCALING algorithm operates as follows. It fixes a scaling parameter
d > 1 and calculates ¢; = 1, and ¢;11 = [d¢;] for all i € N. The incremental solution of
CARDINALITYSCALING is the one represented by the sequence (ci,co,...).!

An upper bound on the competitive ratio of this algorithm was given in [5].

Theorem 4.1 ([5, Theorem 3]). CARDINALITYSCALING with scaling factor § = p+11s (p+1)-
competitive for INCMAXSEP.

We will now derive lower bounds on the competitive ratio of CARDINALITYSCALING to
show that its competitive ratio is exactly ¢ + 1. In the analysis, the following estimate is
very useful.

The fact that ¢;11 = [¢;] yields ¢; > (ci+1 — 1) for all i € N. Using this iteratively, for
i € [k], we obtain

k—i )
1 1 1 1 1 1
Cizﬁck—i :(5j>5k:—z‘ck_j§:1:5j:5k—ick_5_1'

INote that, with this definition, the algorithm does not terminate on finite instances. To avoid this, it
suffices to stop calculating the cardinalities ¢; when they become larger than the number of elements in
the instance. This will also be the case for the other algorithms presented in this chapter.
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Figure 4.1.: Visualization of the lower bound instance in the proof of Proposition 4.2.

This yields

k k 1
S > Z(W -5)

=1
1- k
1—% C6-1
) 1 1k
_ _ _ i 1
<5—1 SE(6 — 1) 5—1%>% “4.1)

We will now give a lower bound for small scaling parameters § < ¢ + 1.

Proposition 4.2. For all § > 1, the competitive ratio of CARDINALITYSCALING With scaling
factor § for INCMAXSEP is at least 1 + %for all 6 > 1.

Proof. We define the following lower bound instance of INCMAxSEP (cf. Figure 4.1). Let
Ui, Us, ... be disjoint sets such that |U.| = ¢ for all ¢ € N. We define the groundset
U := U,en Ue and the densities d. = 1 for all ¢ € N.

We denote the incremental solution of CARDINALITYSCALING by X and the sequence
that represents X by (¢, c,...). Let k € N be some large integer. We consider the car-
dinality constraint C' = (Ele ¢i) + cx. The solution X (C) contains the sets U, ..., U,

Ck
and ¢ elements from the set U, This and d., = d., ., = 1imply f(X(C)) = c.

k+1°
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Figure 4.2.: Visualization of the lower bound instance in the proof of Proposition 4.3.

Zle ci) +cr 41§ 1 1k

Furthermore, OpT(C) = v¢ = Cdc = C. Combining all of the above gives us
L Cl 0—1 (5k(5—1) 5—1Ck

+ 1.

Orr(C) C
X(CO) c

The lower bound of 1+ 52+ follows in the limit for k¥ — oo because c;, grows exponentially

fast in k. O

We complement this lower bound for small scaling parameters with one for large scaling

parameters § > ¢ + 1.

Proposition 4.3. For all § > ¢+ 1, the competitive ratio of CARDINALITYSCALING With scaling
factor § for INCMAxSEP is at least 2(5‘11) + 4(55_21)2 +dforalld > o+ 1.

Proof. Let k € N be some large integer, p = 2(5‘5_1) + 4/ 4(55—21)2 + 0 and C' = | pci| be the

cardinality constraint. We define the following lower bound instance of INCMAXSEP (cf.
Figure 4.2). Let Uy, Us, ... be disjoint sets such that |U.| = ¢ for all ¢ € N. We define the
groundset U := | J .y U. and the densities

dc::{l, if c € [C]
& else.

Then the values of the sets are

¢, ifce]C]
Ve =
C, else.
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We denote the incremental solution of CARDINALITYSCALING by X and the sequence that
represents X by (cp,ca,...). Due to the fact that ¢; 1 > d¢; for all i € N, we have

zk: 'Lem<.1.6 1) . 1) n 62 <
£ s—1% " \20—1) "4 12 )*

Because Zle ¢i € Nand C = | pci |, we obtain

k
Y a<c (4.2)

By the fact that § > ¢ + 1, we have g:—; < . This yields

and therefore

This yields
o 62 J 5
= 0 < 0 =
P=o—) T\as—12 TS e +( 2(5—1)) ’
which implies
C = |pck] < pep < dep < [dex| = cgaa- (4.3)
The solution X (C') contains the sets U, ..., U, because of (4.2) and exactly C — Zle ci

elements from the set Uy, because of (4.3). Thus,

k k
f(X(C)) = max{vck, (C’ — ; Cz‘) dckﬂ} = max{ck, (C — ; cz-> lerl } 4.4)
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We have

k Def. C\c k
(C—Zcz)C < (Pck_zcz)g
i=1 i=1

Ck+1

(4<1) o 1 k p
S P Ts At ey Tae—n)s*

e, (1 6 5 52 | 5 52 S
= (slesnp " Vae—2 ) soilep—y T Wap—2 "

k
+ p + P ))Ck

S5 —1) ' cpo(d —1

= i T > +5+75 +1
N 46 —-1)2 61\ 4(0—1)2 4(6 —1)2

Y L LS § Y I .
20— 1)2 "5 —1\[4(6—1)2 (5 —1) o0 1))

p pk
( TG 1) a6 = 1))%

Together with (4.4), this yields

K
J(X(©) = (1 + 5k+1(fs —t ck(S(g - 1))6’“

and thus
Ort(C) C S pcp — 1

fX(©) ~ JX(©) ™ (L4 gerdspy + sy )k

.. ) ok . .
In the limit k£ — oo, the terms TG and Z36=T) vanish and we are left with

OrT(C) L
fX@) —"

for arbitrarily small ¢ > 0. The fraction é vanishes as well for & — oo and we are
done. O

By taking the maximum of the two lower bounds in Propositions 4.2 and 4.3, we obtain
the following lower bound on the competitive ratio of CARDINALITYSCALING.

106



Theorem 4.4. For all § > 1, the competitive ratio of CARDINALITYSCALING With scaling factor &
for INcMAXSEP is at least ¢ + 1.

Combining the above results yields the following.

Corollary 4.5. The competitive ratio of CARDINALITYSCALING with scaling factor 6 = ¢ + 1
for INCMAXSEP is exactly ¢ + 1.

By Proposition 3.8, an incremental solution (cy, o, ...) for INCMAXSEP can be trans-
formed into one for INCMAX,.. by adding O.,, then O.,, and so on in the accountable
instance. Thus, by interpreting the solution returned by CARDINALITYSCALING in this
way, we obtain the following result.

Corollary 4.6. The competitive ratio of CARDINALITYSCALING with scaling factor 6 = ¢ + 1
for INCMAx,. is exactly ¢ + 1.

4.1.2. Value Scaling

Now, we present an algorithm that has a similar idea to the CARDINALITYSCALING algo-
rithm, but instead of scaling the cardinalities by a scaling parameter, the VALUESCALING
algorithm increases the cardinalities such that the corresponding values of the optimum
solutions are scaled by a scaling parameter.

The VALUEScALING algorithm operates as follows. It fixes a scaling parameter § > 1
and calculates ¢; = 1, and ¢;4+1 = min{c € N | v, > v, } for all i € N. The incremental
solution of VALUESCALING is the one represented by the sequence (cq, co, ... ).

Note that, for all 7 € N, we have

Ci+1 = 27 > = = (SCZ'. (45)

We show that VALUESCALING is as good as CARDINALITYSCALING.

Theorem 4.7. VALUEScALING with scaling factor § = ¢ + 1 is (¢ + 1)-competitive for INc-
MAaxSEP.

Proof. Fix an instance of INCMAx,.. with objective f, and let X denote the incremental
solution of VALUEScALING. Furthermore, let (c;, co,...) denote the sequence represent-
ing X. First, suppose that, for some k € N, we have C € [Zle ¢i, (p+1)cy]. Then X(C)
contains all sets U,,...,U,,, i.e.,

C>cy, 1

1
f(X(C)) Z ’Uck = deck 2 dec’ Z mCdC =
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Now suppose that, for some k € N, we have C' € [(¢ + 1)eg, S50 ¢;]. This implies

C > cxy1 = [(¢+ 1)ci| because C € N and C' > (¢ + 1)ci. By Lemma 1.6 and (4.5),
we have Zle ¢i < e < C, ie., the solution X (C') contains all elements from the
sets Ue,,...,U,. Thus and because C' < Zfill ¢i, X(C) contains exactly C' — Ele C;
elements from the set U,, , ,. Therefore,

Lem. 1.6 C>cpi1

k
fx@©) = (C—Za)clckﬂ > (C—pa)de,, = (C—pa)de
i=1

C — e ><1 oCk, > 1
= — "y - )y = ——uc.
c ‘" (p+De) ¢ o+1 ¢ O

We show that this upper bound is indeed tight. We do this again by giving two lower
bounds, starting with the lower bound for small scaling parameters § < ¢ + 1.

Proposition 4.8. For all § > 1, the competitive ratio of VALUEScALING with scaling factor &
for INcMAxSEP is at least 1 + (sf—l.

Proof. We will show this lower bound with the same construction as in the proof of Propo-
sition 4.2. Let Uy, Us, ... be disjoint sets such that |U.| = ¢ for all ¢ € N. We define the
groundset U := | J .y Uc and the densities d. = 1 for all ¢ € N.

Let X denote the incremental solution of VALUESCALING and let it be represented by
the sequence (¢, co, ... ). Note that v, = ¢ for all ¢ € N. This yields that ¢; = 1 and

ciq1 = min{c € N | v, > dv., } = [0¢;]

for all 7 € N. Thus, X is identical to the incremental solution of CARDINALITYSCALING for
this instance. This implies that the competitive ratios of the solution of VALUEScALING
cannot be better than the competitive ratio of the solution of CARDINALITYScALING. Thus,
also VALUESCALING has a competitive ratio of at least 1 + 5%1 for this instance. O

We complement this with a lower bound for large scaling parameters 6 < ¢ + 1.
Proposition 4.9. For all § > 1, the competitive ratio of VALUEScALING with scaling factor &

for INcMAXSEP is at least §.

Proof. We will prove this statement via contradiction. For this suppose, there was a scal-
ing parameter § > 1 such that VALUESCALING was p-competitive for p < 0. Let C' = [’%‘5].
We define a lower bound instance of the INCMAXSEP problem (cf. Figure 4.3). Let

108



f(Uc)

4.0 HHEE RER

pté w .. C

Figure 4.3.: Visualization of the lower bound instance in the proof of Proposition 4.9.

Ui,Us, ... be disjoint sets such that |U.|] = ¢ for all ¢ € N. We define the groundset
U := J.en Uc and the densities

1, if c < pT—HS,
— J ptd e ptd (C=1)(p+9)
de =1 5>, if5° <c< 5 )
1
o1, else.
Then
c, ifc < %M,
_ ) pts ip pts C—1)(p+5
o=, e <ox Cnen
oo, else.

We consider the cardinality constraint C'. Let X denote the incremental solution of VAL-
UESCALING that is represented by the sequence (ci, ca,...). We have ¢; = 1 and v, = 1.

Since v, < pTJ“S < § = dv, forall c € [[wj], we have ¢, > w. Thus,

de, = o~ The solution X (C) contains the set U; and C' — 1 elements from the set U,.
Thus,

FX(C)) = max{oy, (C — 1)de,} = max{l, = 1)01_1} ~1

_ ptd
-2

Yet, we have v¢ > p = pf(X(C)), i.e., VALUESCALING is not p-competitive. O

By taking the maximum of the two lower bounds in Propositions 4.8 and 4.9, we obtain
the following lower bound on the competitive ratio of VALUESCALING.
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Theorem 4.10. For all § > 1, the competitive ratio of VALUEScALING with scaling factor § for
INcMAxSEP is at least ¢ + 1.

Combining the above results yields the following.

Corollary 4.11. The competitive ratio of VALUESCALING with scaling factor § = ¢ + 1 for
INcMAXSEP is exactly ¢ + 1.

As reasoned before Corollary 4.6, we can interpret the solution returned by VALUEScAL-
ING to work for accountable problem instances and obtain the following result.

Corollary 4.12. The competitive ratio of VALUESCALING with scaling factor § = ¢ + 1 for
INCMAX g is exactly ¢ + 1.

4.1.3. Density Scaling

In this section, we present the DENSITYSCALING algorithm. Similar to the two algorithms
in the two previous sections, the idea is to increase the cardinalities in such a way that
some value associated with the sets U, is scaled by some scaling parameter. This time we
scale the density d; of the sets.

The DENSITYSCALING algorithm operates as follows. It fixes a scaling parameter § €
(0,1) and calculates ¢; = 1 and ¢;41 = max{c € N | d. > édd,,} for all i € N. Note
that this time we are not scaling up some value, but are scaling it down to be smaller
in the next step. The incremental solution of DENSITYSCALING is the one represented by

(01,62, .. )

Remark 4.13. In order to be able to show bounds on the competitive ratio of DENSITYSCALING,
we have to assume that lim._,., d. = 0. Otherwise, we might have the problem that c;1
does not exist for some i € N. This would be the case for the lower bound construction in the
proof of Proposition 4.2, where d. = 1 for all ¢ € N. Here, DENSITYSCALING would terminate
after adding one element and would therefore have an unbounded competitive ratio.

Note that, because v; < vy < ..., we have
U, ¢
[F] Ve, Ve,
dieg ) = —2= > >0 =dd,,,
R TS T
which yields
C;
Ci+1 = LEJ (4.6)

In particular, if 6 = % for some integer k € N, then ¢;11 > ke;.
We give an upper bound on the competitive ratio of DENSITYSCALING.

110



Theorem 4.14. DeNsITYScALING with scaling factor § = § is 4-competitive for INCMAXSEP.

Proof. Let C € N be the cardinality constraint. Let k € NsuchthatC € [SF | ¢;, 6 ¢;),
and let X denote the incremental solution of DENSITYSCALING that is represented by the
sequence (c1, ¢, ... ).

First, consider the case that C' < 4¢;. Recall that C' > Zle ¢;. Thus, the solution X (C)
contains all elements from the sets U, ,...,U,,, i.e.,

1 1 1
F(X(C)) > v, = cpde,, > cdac, = Z(4ck)d4ck = 1 Ve > 19C

Now, consider the case that C' > 4¢;. As C' < Zfill ¢i, X(C) does not contain the

whole set U, . Yet, it contains all the sets U, , ..., U,,. Thus, X(C) contains exactly
C— Zle c; elements from the set U, _ ,, i.e., we have
k L
em. 1.6, (4.6)
J(X(CO)) > (C - Z Ci) de+1 > (C— QCk)deH
i=1

Def. Ck+1

C>cy,
Z (C — 2Ck)5dck Z (C — QCk)édC

— C>4
C 2Ck; 7>Ck 5 (1 26k> 1

= 0 c ve > UC:ZUC- B

We complement this upper bound with a tight lower bound. We start with a bound for
small scaling parameters § < %
Proposition 4.15. For all § € (0, %], the competitive ratio of DENSITYSCALING with scaling
parameter § for INCMAXSEP is at least 5(11_ 5y 2 4.

Proof. Let & > 0 be arbitrarily small. We define ¢; := 1, ;41 := | };| for i € N. Since
§ < 3, we have

1
tiy1 = btz’J > |2t;] = 2t; > t,

i.e., (t1,tq,...) is strictly increasing.

Let k € N be large enough such that, with C := (Zle ti) + | 3te] + 1, we have
1INC+1
1 — | —<1 .
< —|—5tk> o= + ¢ “4.7)
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Figure 4.4.: Visualization of the lower bound instance in the proof of Proposition 4.15.

and
1—0k1 1\ /1 1 1\1
S — > (1 — - . )
< 1-5 +5><5tk1 1>_(1 E)<1—5+(5>5tk1 (4.8)
Let ¢/ > 0 such that
ed<e (4.9)
and
1 1
(6—¢&)— >0—, (4.10)
tr—1 143

which is possible because ¢, > t;_.

With these preparations, we are ready to define the lower bound instance of INCMAXSEP
(cf. Figure 4.4). Let Uy, Uy, ... be disjoint sets such that |U.| = ¢ for all ¢ € N. We define
the groundset U := .. U. and, the densities

ceN
1 if ¢ <
e if ¢ < 1,

d, = (5—5)&, ifty+1<e<C-—1,
(5—5’)%%1-%, else.

The densities are non-increasing. For ¢ € N\ {tx}, d. > d.+1 follows immediately from
the definition. For ¢ = t;, we have

1 1 1 1
dy = — = > 6 > (6 —€)— =dy, 11.
ot [5te-1] k-1 ( )tkfl e

12



Thus,
1, if ¢ <1y,
_ _ e _
v; =< (0 €)tk6_1’ ifty,+1<c¢<C -1,
(6 — )5, else.
k—1

The values are non-decreasing. For ¢ € N\ {¢;}, v. < v.41 can be seen immediately. For
¢ = t, we have

(4.10) t t 1
v =1<b < (6-e) <5yt
tr—1 tk—1

= Utp+1-

Note that ¢;11 = |5t;| < }c; holds for all i € [k — 1], which yields

k k i 1_5k+1
S - - -
th_z(s te — (4.11)
=1 =1
This yields
k
1 (411) 1 — gk+1 1
= i i 1 > —— -
C (;t>+bth+ > stk 5t
B 1_5k+1+1 lt - 1_5k+1+1 lt .
- 1—-0 o)l =15 "5)\s"!
4.8) 1 1\1 1—e 1
> 1-e) — )t = — "~ 4 . 12
= 5)<1_5+5)5k1 5 o(1—0) k1 (4.12)

Let X denote the incremental solution of DENSITYSCALING with scaling parameter ¢,
and let (c1, co, ... ) be its representation.
Claim: For i € [k], we have
ci = t;. (4.13)
Proof of Claim: We show this by induction. For : = 1, we have ¢; = 1 = ¢; by definition.
Now assume that, for some i € [k — 1], ¢; = ¢; holds. Then

1 1 1
di = =155 —5a, = sd,,,
’ tivn |3t ti ' '

N

which implies that ¢; 11 > t;41. If i < k — 2, we have

1 1 1
=7 <d— = 5dtl
tii+1 |56 +1 t;

dti+1+1 = = 0dg; .
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Otherwise, if i = k — 1, then

1 1
dti+1+1 = dtk+1 = ((5 — 6/)7 <Hd——= 5dtk,1 = 5dti = (5dci-
lk—1 tk—1
In both cases, we have d;,,, 11 < dd,,, which yields ¢; 1 < t;11 + 1. Together with the
fact that ¢; 1 > t;11, we have ¢; 11 = t;11, which establishes the claim.
By definition of ', we have
1 “410) 1

de=(6—¢)— > 6— =ody, “2 sd,,,
tr—1 12

i.e., cp11 > C. This and the definition of ¢, imply

Ve Cht1+ 1 Veppi41 Cpy1 1 Ck+1+ 1
deH _ Gkl _ k41 = deHJrl 75(1%‘ (4.14)
Ck+1 Ck+1  Ck+1+ 1 Ch+t1 Ch+1
The solution X (C) contains all the sets U, , ..., U, because

k k k
i=1 =1 =1

Furthermore, X (C) contains | $t; | + 1 elements from the set U, ,,. We have

k+1°

1 (4.14) 1 Ck+1 + 1 1 Ck-+1 + 1.1
-t 1)d. -t 1| ——6bd,, = -t 1| —6—
(LS kJ " > w1 S <L5 kJ " ) Ck+1 * (LS kJ " > Ck+1  tk

1 1 crs1>C 1 1 @47
< (1+5>C’“+1+ < (1+5>C+ < 1qe
k) Crk+1 178 o

Thus, and because v; = 1 for all i € [c], we have f(X(C)) < 1+ e. Yet, we have
OpT(C) = vo = (6 — €')-%~. Thus, the competitive ratio of DENSITYSCALING is at least

tp—1"
OrT(C) < (6 —&hC (4-9)é4~12) (0—e)(1—¢) . 1
fX(O) ~ A+e)tpg—1r (I+e)d  6(1—0)
The lower bound follows in the limit € — 0. O

With this, we can now show a lower bound on the competitive ratio of DENSITYSCALING
for all scaling parameters.

Theorem 4.16. For all § € (0,1), the competitive ratio of DENSITYSCALING with scaling
parameter § for INCMAXSEP is at least 4.
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Proof. For 4 € (0, %] this immediately follows from Proposition 4.15. Thus, suppose that
§ € (3,1). Consider an instance of INCMaXSEP with d; = 1, do = 3, and arbitrary
d; € (0, 3] forall i € N>3 such that dy > ds > ... and lim._, v, = 0o. DENSITYSCALING
chooses ¢; = 1 and

co =max{c € N |d. > dd., } = max{1l} = 1.

Here, we use the fact that d; < % foralli € N>9 and 6 > % This continues, i.e., we have
¢; = 1 for all i € N. Thus, DENSITYScALING only adds one element and stops after that.
Since lim. s, v, = 00, DENSITYSCALING cannot be competitive. O

Combining the above results yields the following.

Corollary 4.17. The competitive ratio of DENSITYScALING with scaling factor § = 3 for INc-
MaxSEP is exactly 4.

As reasoned before Corollaries 4.6 and 4.12, we can interpret the solution returned
by DENSITYSCALING to work for accountable problem instances and obtain the following
result.

Corollary 4.18. The competitive ratio of DENSITYSCALING with scaling factor § = % for
INCMAX . 1s exactly 4.

4.2. Randomized Algorithms

We turn to analyzing randomized algorithms to solve the INCMAXSEP problem. In contrast
to deterministic algorithms, we do not compare the value obtained by the algorithm to an
optimum solution, but rather the expected value obtained by the algorithm. This enables
us to find an algorithm with randomized competitive ratio smaller than the lower bound
of 2.24 on the competitive ratio of deterministic algorithms we have seen in Theorem 3.28.

4.2.1. A Randomized Scaling Algorithm

As we have stated before, the best known deterministic algorithm is the CARDINALI-
TYScALING algorithm [5]. In the analysis, it turns out that, on average, a scaling al-
gorithm performs better than the actual competitive ratio, which is only tight for few
cardinalities. By randomizing the initial cardinality ¢;, we manage to average out the
worst-case cardinalities in the analysis.
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We describe the randomized algorithm RANDScALING for INCMAXSEP. In its analysis,
we need the unique maximum of the function

1— .%'73 2$2+Z

9(@) = =z- N
2(z — 1) log(x) (\/(:23:11332 _ 1)2 4 AgBt2s _ af%llxz + 1) log(x)
+1—v“fjw2—nz+&ﬁ“z_(L_al—a:3_ 1—a73 1
2log(z)x3+> r—1 r—1 23tz

3 _ 2 3 _
~<logx <\/($ 1xz — 1) + 4x5t+2% — uxz + 1) —log,(2) — 3)
z—1 z—1

1
+ - <1 + W) (log, (z*7* + 1) +log,(z — 1) — log, (z* — 1))

log()

with z = loggj(gfjjl1 — 1) — 3. Let § ~ 5.165 be the unique maximum of g with g(4) ~
0.564. The upper bound on the randomized competitive ratio that we show later in the
chapter will be 1/¢(d) < 1.772. The algorithm RANDScALING starts by choosing ¢ € (0, 1)
uniformly at random. For all i € N, it calculates ¢; := 6°~'*¢ and ¢; := |&] and returns
the incremental solution represented by (¢, co,c3,...). This approach is similar to a
randomized algorithm to solve the CowPATH problem in [44], which also calculates such
a sequence with a different choice of § € R in order to explore a star graph.

For better readability, we define

. _ §i—1 !

ti = ZCJ :666—71 and tl = ZCJ‘,
7j=1 7j=1

as well as & = ¢y =ty = to = 0. Note that, for all i € N, we have

8t —1 6>2 ,
55712(Wf—$g&“—1zaﬂ—1gqﬂ. (4.15)

We denote the incremental solution of RANDSCALING by X.

In order to find an upper bound on the randomized competitive ratio of RANDSCALING,
we need the following lemma. It gives an estimate on the expected value of the solution
for a fixed cardinality C' € N of RANDScALING depending on the interval in which C falls.

Lemma 4.19. Let C € N.
(D) For i € Nwith P[C € (t;—1,t;]] > 0, we have

ti<t;=9¢

E[f(X(C)) | C € (ti—1,t;]] > E {max{cgl, mcax_{é—cl}} ‘ Ce (ti_l,ti]} v
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(ii) For i € N with P[C € (&;,; — 1]] > 0, we have

ti-1
C

E[f(X(C))|C € (¢,t; —1]] > E[l —

Ce (éi,ii — 1]] - UC.

(iii) For i € Nwith P[C € (t;—1 — 1,&]] > 0, we have

Gi1—1 C—ti
c G

E[f(X(C))|C € (ti-1 — 1,8]] > E[max{ } ’ Ce(tig— 1,&1]] ‘e

Proof. We prove (i). For C' € (t;_1,¢;] with ¢ € N, the solution X (C) contains the sets

Ui,...,U, , and some elements from the set U,,. Thus,
f(X(C)) = max{vci—l7 (C - ti—l)dci}
= max{c,;_ldci_l, (C— ti_l)qj;i }
d dec.,v inc.
> maX{Ci—1dc, (C - tz‘—1)vc}
¢
i1 C —ti_
= max{c 1,1} Sve. (4.16)
C C;
Now, assume C' € (¢;,t;] for some i € N. By (4.15), we have ¢;_; < ¢, i.e., the solu-
tion X (C) contains the sets Uy, ..., U, , and some elements from the set U,,. Thus, we
have
f(X(C)) = maX{chl, (C —ti—1 dci}
= max{ci,ldcifl, (C —ti—1 dcl}
d dec.
> max{c;_1dc, (C — ti—1)dc}
ci-1 C—ti
_ 1 1
max{ eRe } vo (4.17)

Combining (4.16) and (4.17), for C' € (¢;—1, ¢;], we obtain

ci-1 C—ti1
rxe) = maxf L _Cobe L

By monotonicity of the conditional expectation, (i) follows.
We prove (ii). If C € (¢;,t; — 1] for some i € N, we have

) (4.15)
C>¢>c¢ > tio,
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i.e., the solution X (C') contains the sets Uy, ...,U,, , and either some, or all elements
from the set U,,. Thus,
f(X(C)) > mm{C —ti—1, Ci}dci > mlIl{C — %i—h Ci}dci

C<t;—1 ~ ti—1\ de,
= C—ti_1)de, =(1- L.
(€~ o = (1= 51 ) G2 uc
d dec. ti
Zec <1 — C’l) V0.

By monotonicity of the conditional expectation, (ii) follows.

Lastly, we prove (iii). If C € (t;_1—1,¢; forsomei € N,wehave C >#; 1 —1>1t; | — 1.
Together with the fact that C and ¢;_; are both integral, this implies C > t;_4, i.e., the
solution X (C) contains the sets Uy, ...,U,, , and some elements from the set U,,. Fur-
thermore, C' < ¢; and C € N imply that C' < ¢; = |¢;|. Together this yields

f(X(C)) = max{vcifl7 (C - ti—l)dci}

= max{ci_ldci_l, (C — ti—l)vcc'i }
d dec.,v inc.
> maX{Cz’—1dcy(C—ti—1)vc}
Ci
_ a2 Gzt
N C ’ C; ¢
> max G =1 C i
> c T 4 ve-
By monotonicity of the conditional expectation, (iii) follows. O

In the analysis of the algorithm, additionally, the following estimate is needed.

Lemma 4.20. Let k € N and r € (0, 1] such that 6" > 3% §%. Then

1 3 min{l,u(k)} & _
tk—1 e —1
9(0) < I(k,r) := 1-— de +/ de
©) ) min{1ut)} O min{Lu(k)) 0"
min{1,v(k)} sk+r _ J r 7
+/ 5~7tkd5 + 1- ]ﬁi de
r Ck+1 max{O,u(kJrl)} ortT

max{0,u(k+1)} = 1 max{0,v(k+1)} Sk _ ¥
+/ ‘M1@+/ e
0

max{Ov(k+1)}  OFFT Cr+1
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where
,LL(Z) :10g5(5k+r + 1) + 10g6(5 _ 1) _ 10g5(5i _ 1)7

1—6- 2 167"
I/(Z) :1086( <5k+r 5 1 — 1> + 452k+2T—1 — 6k+rﬁ =+ 1) — 10g5(2) — 1 =+ 1.

Proof. Note that, because §¥*" > 37 §%, we have &k > 3.

For the analysis of the expression I(k,r), we need to distinguish between different
cases, depending on the value of x(i) and v(i) for i € {k,k + 1}. For this, the following
observations are useful. For m € {0,1}, we have

p(i)<m < (5’”%1);;11 <o
5 —1
k+r < sm _
) <4 51 1
a0t —1
& r§log5(5 6—1_1)_1
and
v(i) <m
1—6 2 167" :
k+r _ 2k+2r—1 _ Sk+r < 95t+tm—1
1—6" 2 1—6" 2
ktr L — _ 2k+2r—1 i+m—1 kdr 2 —
o (Pl Y g« (a5
PN 452k—|—27‘—1 < 452(i+m—1) + 45i+m—1 <5k+7‘1 — 0" B 1)
- 0—1
5 —1 , ,
™2  sm—k r _ s2(i+m—k)—1 itm—2k ~
s (=9 51 o =9 +0 <0
S, L | IR U SR L
< m (i+m—k)—1 _ §i+m—2k
2 <é 2@—1Y+¢65 6T +6 5
We define
. mo—1
bAh%my_m%@ 5_1—Q-4
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and

5t —1 §i—1\?
: — m—k — m—k — 2(i+m—k)—1 _ §i+m—2k
by(k,i,m) : log(;((s 2(5_1)+ (5 2(5_1)> +90 ) )

to obtain

pu(i) <m < r<by(k,i,m), (4.18)
v(i) <m & r<b,(k,i,m). (4.19)

Depending on r and k, only 3 or 4 of the integrals in (k,r) are non-zero. We distin-
guish between the different possibilities.
Case 1: v(k+1) > 0. Then

v(k) +logs(2) + k — 1

_ 5k 2 -

— §—(k+1) 2 — 5~ (k+1)
log5<\/<5k+rl 55 : —1) agohrer _gherlZ0 T i +1>

Y

0—1

= u(k+1)+logs(2) + K,

i.e., we have v(k) > v(k + 1) +1 > 1. For the inequality, we used the fact that, for
a>b>0and z > 0, we have vb2 + 2 — b > va? + z — a. We obtain

I(k,r)
1 ghtr _ 6F—1se
= / Mde
, ok+e
r §kF—1 ¢e
+/ L - fde
logs (8%+7+1)+log; (6—1)—logs (5 +1~1) 0
logs (8547 +1)+logs(6—1)—logs (6*F* 1) skte _q
+/ 2 ——de
logs (\/(5166*%;15?",1) +452k+2r—176k(;f61*15r+1> logs(2)—k Sk+r

+ d€

_ 2 _
/ togs (1) (252 1) appkeze s 8 1) gy o)k g _ 84 e

0 5k+1+5

[_ 5k+7" B 1— 5—1: 8} 1
log(§)dk+e d—1

T
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+'€_ (6% —1)0° }T
L™ 10g(8)(8 — 1)8%+7 Jlogs(5+r+1)+logs (6—1)—logs (5++1—1)
okt g 7l0gs(6" " +1)+logs(6—1)—logs (¥ 1 ~1)
+ 1 E4r k+r} sk_s—1 2 5k 6=
L Og(5)5 0 log5<\/( Y 5r_1) +4§2k+2r—1_ 5r+1> —logs(2)—k
- Shtr 1 — 5—(k+1) log5<\/(5k R 5T+1> —log,(2)—k
* | log(8)sk+1+e 5 —1 40
2+ 5~ (k+r) \/(6k§:5{15T — 1)2 + 462k+2r—1 _ 76195__5171(57" +1 ) 1
-t log(d) 21log(8)6k+r B < * 5’“*")

1—0" 1
| ktr 4 q | —-1)-1 B _ ) - —— (11— —
(logs(6"+"+ 1) +Iogy(5 — 1) ~ log(6* — 1)) = L= (17 )

26k71+r

(1 — 5~ (k+1) 1 )
log(d) (\/(51?_51—1 or —1)% 4 ap2kt2r—1 _ bty 1) s—1 SEiT

kE_ §-1 2 _ 51
<10g5 <\/<65515’” — 1> + 462k+2r—1 %57“ + 1) —logs(2) — k)

=: fl(k, ’I”).

We have v(k + 1) > 0, which, by (4.19), implies » > b,(k,k + 1,0). By analyzing
fi(k,r) for r € [by(k,k + 1,0), 1], one can see that it is minimized for small %, i.e., for
k = 3. Analyzing fi(3,r) yields that it is minimized for small r, i.e., for r = b,(3,4,0).
By combining the above, we obtain

I(k,r) = fi(k,m) > f1(3,b,(3,4,0)) > 0.566 > g().
Case 2: v(k+1) <0and v(k) > 1. Then

I(k,r)

(
T k-
_ / R = L

r 5;—11 5
log, (5547 +1)+logs (5—1)~logs (55+1 1) o
logs(6%+7+1)+logs(6—1)—logs (51 —1) Skte 1
+/
0

ok+r
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log(§)dk+s 5 —1
[8 ((5k _ 1)55 } r
10g(0) (6 = 1)0MT | 1og, (s4+741) +logs(5-1)—logs (3++1 1)
gkte o 71085 (6" +1)+logs (5-1) ~logs (551 1)
+ [log(é)(gk—kr o 5k+7":| o

o 1—6F 1 2+ 5~ (k1) 1
log(6)d d—1 log(4) log(4) log(8)do"

1
+r — (1 5k+r> (logs("+" + 1) +logs(d — 1) — logs(6*™ — 1))

= fo(k,7)

We have v(k + 1) < 0 and v(k) > 1, which, by (4.19), implies » < b, (k,k + 1,0) and
r > b,(k,k,1). By analyzing fa(k,r) for r € [b,(k,k,1),b,(k, k + 1,0)], one can see that
it is minimized for small %, i.e., for k = 3. Analyzing f»(3,r) yields that it is minimized
for small r, i.e., for r = b,(3, 3, 1). By combining the above, we obtain

I(k,r) = fak,7) > f2(3,b,(3,3,1)) > 0.566 > g(5).

T

skt 1§k 1
- |
4

Case 3: v(k) <1and u(k+1) > 0. Then
u(k) = ulk+ 1)+ logy(@+ — 1) — logy(6* — 1)
5k o 5—1

> pk+1)+1
> 1. (4.20)

We obtain
I(k,7)
de

/1 5]6 1+e 1
— . S
1og5<\/(5f_—115u1) +452k+2r71—755’“_—115r+1> “logs(2)—k+1  OFTT

k_ 2 k_q1 ¢ k
! 5T—1) +452k+2r—1_0 15 +1> —logs(2)—k+1 gk+r _ 55__11 5€
5k+e

de

N /10g5 (\/ (

T

.
+ / 1= e de
logs (8547 +1)+logs (6—1)—logs (§5+1 1) 4
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logs (67 +1)+logs(6—1)—logs (6% —1) gk+e 1
+/ de
0

5k+r

B |: 5k—1+a € :| 1
o k+r — Sk+r 2
log(d)d O™ | 1og, (\/(7‘5;_—11 5r-1) +452k+2r71_‘;’“_——115r+1) —logs(2)—k+1

- skt " logs <\/(5:_—116T_1)2+4§2k+2r71_%5r+1> —logs(2)—k+1
T Tog@)eF T s—1 €L
' (F—1)5c 1"
e k+r
L log(8)(6 —1)d logs (65+7+1)+logs (6—1)—logs (6 +1—1)
[ gkte o 71085(85 7 +1)+logs(5-1)—logs(8¥ 1 1)
+ T - T':|
|log(8)ok+r ok |
1—6§F 9gk—1+r
— r — _

2(6 — 1) log() <\/((§V_;115r —1)% 4 452+2r—1 _ Sl 1) log(d)

+

o 2
21og(8)6F 5—1 5—1 okt

k_ 2 k_
~<log5 <\/<55 — 11 o — 1> + 452k+2r—1 — 55_7115’" + 1> —log;(2) — k)

2 1 k+r k+1
T og(d) ~ (1 + 5,€+T> (logs(6"+" + 1) + logs (6 — 1) — logs (6" ! — 1))

=: fg(k‘,’l“).
We have v(k) < 1 and pu(k + 1) > 0, which, by (4.18) and (4.19), implies r < b, (k, k, 1)
and r > b,(k,k + 1,0). By analyzing f3(k,r) for r € [b,(k,k + 1,0),b,(k, k,1)], one can

see that it is minimized for small %, i.e., for £ = 3. Analyzing f5(3,r) yields that it is
minimized for small r, i.e., for » = b,(3, 4, 0). By combining the above, we obtain

I(k‘,T’) = f3(kar) > f3(3abu(374a 0)) = 9(5)

Case 4: (k+ 1) <0and pu(k) > 1. Then

I(k,r)

1 5k—1+5 1
= / - > . R de
log(;( (5 *11 5’"71) +462’€+27"—17—56:11 6T+1) —logs(2)—k+1

&—
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log, <\/(5§_—11 5T_1)2+462k+2'r71_5;%1157“+1> —logs(2)—k+1 gktr _ 6;_—11 5€
+/T ok+e de
r 6;—1 €
—|—/ 1— 21 de
0 Sk+r
|: 5k—1+€ c ]1
= 10g(5)(5k+r Skt log; (\/(5::11 6T_1)2+462k+27‘—1_5f%116r+1) —logs(2)—k+1
gh+r 15—k log; (\/(‘5;:11 6T71)2+4§2k+2T—17%6T+1) —logs(2)—k+1
*{‘mg&%%"5—1EL
(6F —1)6° "
+\e—
log(d)(6 — 1)ok+ |
1 1 1 1 1—o"
= - + + T

log(6)or &k 2log(8)dk+ ' log(0) = 6 —1

_ 25k—1+r . (1_5_k B )
log(d) <\/(5;:11 5 — 1)2 4 42k+2r—1 _ 66]1;1151" + 1) d—1 Sk+r

ok — 1 ? o —1
log; < 51 or — 1) + 442k+2r—1 6_716’” +1| —logs(2) —k+1

VQQ%V—U2+M%”“l 1 1\ 1-5F
- 21og(8)dk+r +T_< >bﬂ®®1)

2 4
= f4(/€, 7").

We have p(k + 1) < 0 and p(k) > 1, which, by (4.18), implies r < b,(k,k + 1,0) and
r > b,(k,k,1). Furthermore, 0 > pu(k+1) = logs(6*™" + 1) +1logs (6 — 1) — logs(6¥+1 — 1)
is equivalent to

. Sk 1 k )
T < — 7,‘
e ;}
Since 67 > S5, we have % (6" > 1+ 372 &' which implies k& > 4. By analyzing
fa(k,r) for r € [b,(k, k,1),b,(k, k + 1,0)], one can see that it is minimized for small &,
i.e., for k = 4. Analyzing f,(4,r) yields

I(k,r) = fa(k,r) > fa(4,7) > 0.566 > g(9).

124



Case 5: u(k) < 1. Then

I(k,r)

1 11 e
log, (547 +1)+log; (5—1)—log; (55 1) g

10g5(<5 +1)+10g5(571)7log5((5 71) 5k—1+6 I
+ /
I

. 2 k
0gs (\/( 5;:11 6’“71) +462k+2r—1_ 76;:11 6’“+1) —logs(2)—k+1 ortr

3

k_ 2 k_q o K
/log§<\/ (8=lor—1) yap2ht2r—1_8=1s +1> ~logy(2)—k+1 ghtr _ Z=lse

okte

de

T

(0P —1)5° ]1

= e —
[ 10g(8) (8 — 1)0F T J 150 (k47 1) +log, (5—1)—logs (65 —1)

[ gk—1+e c log;s (8547 +1)+logs(6—1)—logs (6% 1)
+ T - T':|

_log(5)5k+ Sk+ log, <\/(5§k__11 5T_1)2+462k+2'r71_%5r+1> —logs(2)—k+1

r sk 1_ 5k log;s (\/(5§:11 6T—1)2+4§2k+2T*1—%6T+1> —logs(2)—k+1
T Tog(9)oF =~ -1 EL

[ (6F —1)s° "
+le— k+r

| log(d)(6 —1)o™* |

2 1
= 1+r+——— <1 + ) (log5(6k+T +1) + logg(d — 1) — logs(6* — 1))

log(4) ghtr
log (\/(—‘5“15? —1)% g1 _ Ol 1) —logs(2) —k+1
5 51 -1 &s
+ 5k+r
25k+r 3

(/(55t6r — 1)* + g2k2rt — 515 1 1) log(5)0 2log(9)or*

1—6F sk — 1 2 sk —1
_ r __ 2k+2r—1 _ =~ QT
- <1og5<\/<5_15 1) + 46 5—15 +1>
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—logs(2) +

= fs(k,r).

We have (k) < 1, which, by (4.18) implies r < b,(k, k, 1). Because (4.20) does not hold
and (4.20) followed from the fact that x(k + 1) > 0, we can conclude that u(k + 1) < 0.
Thus, by the same argumentation as in Case 4, we have k& > 4. By analyzing f5(k,r) for
r € [0,b,(k, k,1)], one can see that it is minimized for small &, i.e., for k = 4. Analyzing
f5(4,7) yields that it is minimized for large r, i.e., for = b,(4,4,1). By combining the
above, we obtain

k ) \/((?—711 or —1)% + 4924201
—k+1—1r]| =

1
2log(d) 2log(d)dk+r

I(k‘,?") = f5(k‘,7") > f5(47 b,u(474a 1)) > 0.566 > 9(5) ]

With these lemmas, we are ready to prove an upper bound of 1/¢(4) on the randomized
competitive ratio of RANDSCALING.

Theorem 4.21. The randomized competitive ratio of RANDSCALING for INCMAXSEP is at most 1/g(0) < 1.772

Proof. Let X denote the incremental solution obtained by RANDScALING, and let (cy, ¢a, . .. )
be its representation. Let C' € N. First, assume that C' < Z?:o 0. Then

3 3
C < Z(Si < Z(S”a =ty
1=0 1=0

For better readability, let Z := {i € [4] | P[C' € (t;—1,t;]] > 0} denote the set of indices
such that the value C can fall into the interval (¢;_1,¢;]. Let

Sy = {(UVJ, L51+xJ7 £52+IJ7 I.‘SSJFIJ) ‘ S (07 1)}

denote the finite set of all possible realizations of the sequence (cy, ¢, c3, ¢4). We denote
o€ Syaso = (01,02,03,04). By Lemma 4.19 (i), for i € Z, we have

E[f(X(C)) | C € (ti-1, ]

ci-1 C—ti
> E i—1, ]| -
> [max{ 8 ’max{C,ci}}’CG(t 1 t]} vo

B Z maxd 7L C—01——0i1
N C ' max{C, o}

oESY

-P[(Cl, Cc9, 63,04) = O"C S (ti_l,tzﬂ Vel (421)
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This yields (with o¢ = 0)

M
— 7213 ) | C € (tim1,ti]] - P[C € (ti1,ti]]
’LEI
(4.21) i1 C—o — 0
> ;;4 maX{ -, m;x{C', o} 1 }

P[((c1,e2,03,¢0) = ) N (C € (tintil)]

— Z Z max{m l’C max{C 0:}(7Z 1}

1€ €Sy
.P[(Cl, c2,C3, 64) = 0‘] 1 [C € (Ui—l, Uz]]
— Oico)—1 C— 01— = 0iCo)-1 | )
- ; max{ c max{C, o;} } P[(c1, 2, c3,¢4) = 0],
0CO4

where we write i(C, o) for the unique value i € [4] with Z 10, <C < Z;Zl
o = (01,09,03,04) € Sy, we have

P[(61,02,03,C4) = a] = IP’_ ﬂ (5i_1+5 € oi, 00 + 1))}

ic[4]

=P ﬂ (¢ € [logs(o;) — i+ 1,logs(o; + 1) —i + 1))}
'ie[4]

= Plee {m?)}((logé(ol) —i+1), mﬂ(log(g(aZ +1)—i+ 1))]
L i€l4

This gives us an explicit formula to calculate an upper bound for the randomized compet-
itive ratio. A visualization of the inverse of these upper bounds can be found in Figure 4.5,
while the calculated values can be found in the appendix in Figure A.1. We can see that

E[f(X(C))] > 9(8) - vc.
Now, suppose C' > Z?:o 6% and let k € N and r € (0, 1] be uniquely defined such that
C ="t (4.22)

We have
1, (422) (422 e>0 ~
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0.66 T
0.64 T
0.62 1
0.6 T4

0.58 4 "o,

s
0.56 T

25 50 75 100 125 150 170 ©

Figure 4.5.: Lower bound on E[f(X(C))]/vc, the inverse of the competitive ratio of
RANDSCALING, for cardinalities C' € [| Y% 6?|]. The dashed horizontal line
in the right graphic represents the value g(d) ~ 0.5644.

and, forall: € N,
- (4.15) _ -
ti—1 < Cigp1 <tig1—1
where the second inequality follows from the fact that
(gi+1—1)—6i+1:Ei—1250—1:58—1>0.
This means that there are 4 intervals, in which C can fall:
L= @ te— 1), L=k —1,641), I3 = (Crgrsthrr — 1), Lo = (thg1 — 1, Crpal.
We will calculate for which values of e the value C falls into which interval. For; € N,
we have
C S éz o 5k+7’ S 5i71+5
S e>k—i+14+r (4.23)

and

C<ti—-1 & 5’f+’”§5€f57_11—1

& e >1ogs (6" + 1) +1ogs(6 — 1) —logg(0" — 1) =: p(i). (4.24)
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The expected value of X (C) is
E[f (X ()]

= ZIE )| C € L]-P[C € I]

> 1 =L

Lem. 4.19 (i7),(4i7) tk 1
E
d ( .

C € (¢t — 1]] -P|C € ]

_ 1o i
+E max{ k , Ci tk} ‘ Ce (tk — 1,6k+1]:| . P[C € IQ]
I ¢ G
Fg )
+E|1 - 5k ' C € (Cry1, thy1 — 1]} -P[C € I3]

)
C Ck42

(4.23),(4.24) / 1 th—1 e
min{1,(k)} ¢

min{1,u(k)} Ge—1 C—1
+/r max{ C 7 Crn }dg

+/ 1— b de
max{0,u(k+1)} C

0 C 7 Cigo ¢

Furthermore, for 7 € N we have

G—1_C—4
>
C T G
o 5i+6(5i—1+€ _ > 5k+r (5k+r 55 — )
. 5 —1
2i—1/5e\2 k+r 1\ se _ §2k+42r >
s 4 (5)+(5 — 5)5 52+ >
5530 o > _ 1 k+r1 5t B
& o2 g (ST )

1 1—oi 2 .
i k+r -1 2k—2i+2r+1
s

I Cra1—1 C—1t -
+E max{ Gk C~ kH} ' C e (thr1 — 1;&k+2]} -P[C € I4]> -vo
1
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—3 2 e
& e > logs <\/(5k+r 15—_51 . 1) 4 4§2k+2r—1 _ 6k+r% i 1)

—logs(2) —i+ 1 =:v(i),

i.e., instead of one integral over a maximum, we can evaluate two separate integrals,
which yields

1 i min{lu(k)} & _ |
E[f(X ( 1 - % de  + e g de
min{1,u(k min{1,v(k)}
min{1,v( } O — tk Zk
4 / de / 1——=de
Ck+1 max{0,u(k+1)} ¢
max{0,u(k+1)} = | max{0,v(k+1)} C — %k 1
n / L e + " de | v
max{0,v(k+1)} ¢ 0 Ch+2
Lem. 4.20
> g(8) - ve. O

4.2.2. Randomized Lower Bound

Now, we want to complement the upper bound on the randomized competitive ratio of
INCMAXSEP of 1.772 in Theorem 4.21 with a lower bound. To do this, we employ Yao’s
principle [71]. In [19], the authors used Yao’s principle to show a lower bound of 1.447
on the randomized competitive ratio. Yet, the way Yao’s principle was used by the authors
is flawed and thus the lower bound might not hold. We fix the error made in the analysis
and present a new lower bound of 1.357.

The idea behind Yao’s principle is to exchange the randomness in the algorithm for
randomness in the (unknown) cardinality constraint. This can be done as follows. Fix
some problem instance in INCMaXSEP. Let A denote the set of deterministic algorithms
for this instance. Let ALG* be some randomized algorithm?, and let C* be a random
cardinality constraint that is drawn from the probability distribution p: N — [0, 1]. Then,

2In order to show a lower bound on the randomized competitive ratio, it makes sense to consider the
randomized algorithm to be (near-)optimal.
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we can derive a lower bound on the randomized competitive ratio of ALG* as follows:

cen EIALGT(O)]  cenv g [ Ao (0] infoen E[ %52 Q)|

> 1 = !

= ALG* (C - ALc*(C
ZCGN p(C)E { oIfT((C))] E [ZCGN p(C) JET((C“))}

> L = inf !

el c) C
SUPALGeA 2_cen P(C) 3§i§c§ Areed S cen p(C) éﬁiﬁcﬁ

— inf 1

" e g

OpT(C*)

Thus, we obtain a lower bound on the competitive ratio of ALG* by analyzing the expected

. ALc(C*) e . .
value of the ratio OpT(C™) for all deterministic algorithms.

Theorem 4.22. The randomized competitive ratio of INCMAXSEP is at least 1.357.

Proof. We fix N € N, and let Uy,..., Uy be disjoint sets with |U,| = ¢ for all ¢ € [N].
We define the groundset U := Uce[N] U., and let dy,...,dy denote the densities. The
densities will be parameters to determine the instance; we denote the resulting instance
by I(dy,...,dy). Note that, given a probability distribution pi,...,px over the set of
possible cardinality constraints [N] in addition, Yao’s principle yields

. 1
AngefA N ALG(I(da,...,dn) 1)
Zizl bi——~a
as a lower bound on the randomized competitive ratio of the problem. Here, ALG(/, i) de-
notes the value of the first 7 elements in the solution of ALG on instance /. By Lemma 3.7,

we may assume that

A= {ALGcl,...,ce

4
1§01<~"<05§N,Zc,-§]\7},
=1

where A1LG, .., is the algorithm that first includes all elements of U,, into the incremen-
tal solution, then all elements of U,,, and so on. Once it has added the ¢, elements of
U,,, it adds some arbitrary elements from then onwards.

We can formulate the problem of maximizing the lower bound on the randomized
competitive ratio as an optimization problem:
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max p
1

ZN . ALG(I(dl,...,dN),i)
i=1Pi a4

N
Zpi =1,
=1

dl)"'7dN207
pl?"'apNZ()'

s.t. p < VALG € A,

Every feasible solution of this optimization problem yields a lower bound on the random-
ized competitive ratio of INCMAXSEP.

Note that the expression ALGe, . ., (I(d1,...,dn),i) can also be written as a function
ofci,...,cp d1, ..., dn, and i by taking the maximum over all sets from which ArG,., .
selects elements, i.e.,

ALGcl,...,Cg(I(dla s e 7dN)7i> = 1@5‘2‘4 { min {2 B Z C]'/,Cj} ’ dc]'}'

1<5'<y

24

A feasible solution to the above optimization problem with N = 16 is given by

(psdi,...,die;p1,---,D16)
=(1.357;
111111
1,0.725,0.593, 0.524, 0.48, 0.4284, 0.42431, 0.3713, 0.3666, 0.3666, 33733733
0.1382,0.0646,0.0937,0.1602, 0.0596, 0,0.1491, 0, 0, 0.1853, 0, 0, 0,0, 0.0253, 0.124),

with objective value 1.357. O

132



5. Incremental Maximization beyond
Accountability

One major problem why the competitive ratio of INcMax is unbounded is because, for
two sets A C B C U, the value of A can be very small compared to the value of the
set B (cf. Figure 1.1). In the previous chapters, we avoided this by restricting ourselves
to the problem class INCMAX,. of instances with an accountable objective. Unfortunately,
this class does not contain all problem instances that admit a competitive solution. This
is already the case for the relatively simple instance with U = {a,b,c} and objective
f: 2V — R>y, such that, for all S C U,

0, ifS =10,
f(S)y=<2, ifS=U,
1, else.

This objective is not accountable because, for all e € U, we have

\V]

S\ fe) =1<2 2= (1—|;,>f<U>.

Yet, one can immediately see that any ordering of the elements in U is a 1-competitive
incremental solution.

We recall that the problem with instances with unbounded competitive ratio was that
the value of larger sets was not bounded by the value of its subsets. Subadditivity does
exactly this. For two sets A, B C U, it bounds the value of their union f(A U B) <
f(A) + f(B). For example, the objective we considered above is subadditive. As we will
see later in this chapter, the subclass of INcMax with subadditive objectives indeed admits
a bounded competitive ratio. Yet, there are also problem instances where the objective
is accountable, but not subadditive. As an example consider U = {a, b} and the function
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f:2Y — Rsg such that, for all S C U,

0, ifS=0,
2, if S ={a},
sy =42 5=t}
1, if S = (b},
4, ifS=U.

This function is not subadditive because f({a}) + f({b}) = 3 < 4 = f({a,b}), but
accountable because the ordering (a, b) is one where each prefix of length ¢ € {1,2} has
value at least £ f(U).

This gives rise to the question whether there exists a natural problem class that en-
compasses both, the instances with accountable objectives, as well as the instances with
subadditive objectives. In order to answer this question, in this chapter, we introduce and
investigate a relaxed version of accountability that also relaxes subadditivity.

5.1. S-Accountability

Lemma 3.1 shows that accountability of a function f: 2V — R implies that, for every
finite set S C U with k := |S|, there exists an ordering (ey,...,ex) of the elements in S
such that, for all i € [k],

]
f{ers.ose) = LH(S)
In order to define a relaxed version of accountability, we relax this property.

Definition 5.1. For 3 € (0, 1], a function f: 2V — R is called 3-accountable if, for every
S C U with k := |U|, there exists an ordering (e1,...,ey) of the elements in S such that,
foralli € [k,

Fer, ... e)) > ﬂ%f(S).

Similar to accountability, S-accountability implies that the optimum value for large
cardinalities cannot grow too fast. As we did with accountability, we denote the subclass
of INcMax with -accountable objective functions by INCMAX3_acc.

Lemma 5.2. Let f be monotone and (-accountable for some 3 € (0, 1]. Then, for C,C’" € N
with C < C’, we have

!

Opr(C) < Opr(C') < %OPT(C).

| =
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Proof. The fact that OpT(C) < OpT(C") follows immediately from monotonicity.

By j-accountability, there is an ordering (e1, ..., ec) of O(C”), the optimum solution
of cardinality C’, such that, for all i € [C'], we have f({e1,...,ex}) > B&OpPT(C”). Thus,
Opt(C) > f({e1,...,ec}) > B&OPT(CY). O

The best known algorithm to solve the INcMax problem with an accountable objective is
the CARDINALITYSCALING algorithm that was introduced in [5], and that we investigated
in Section 4.1.1. Since [S-accountability is closely related to accountability, we introduce
a modified version of CARDINALITYSCALING to find an incremental solution for the INcMax
problem with a (-accountable objective.

The algorithm CARDINALITYSCALINGg uses the scaling parameter

P R S
28 4p?

and chooses
OprT(c)

¢1 € argmax,cy
in an arbitrary, but fixed way. Then, for i € N, it chooses

OpT(c)
Cit1 € AGMAK ey, —
also in an arbitrary, but fixed way. CARDINALITYSCALINGg operates in phases, and in
phase i € N, it adds O(¢;), the optimum solution of cardinality ¢;, in the order given by
Definition 5.1.

The following observation follows immediately from the definition of ¢; and Lemma 1.6.

Observation 5.3. For all ¢ € N, we have
@ ciy1 > dc;,
() Yy ¢ < 525
(iii) 21 > 9O for il ¢ € N,

[

We are now ready to prove an upper bound on the competitive ratio of CARDINALITYSCALINGg.
Theorem 5.4. The algorithm CARDINALITYSCALING is §-competitive for INCMAXg.qcc.
Proof. Let X denote the incremental solution of CARDINALITYSCALINGg. Let C' € N and

i € Nsuch that C € (30 ¢;, 35—, ¢]. If i = 1, we let = = 0, otherwise, let
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i.e., we have

i—1
T — Z;’:l Cj

Ci

OrT(c;i—1) = OrT(¢;).

The value z is chosen such that, if C' > z, then the value of the partially added optimum
solution O(¢;) in the solution X (C) is at least as large as the value of the completely
contained optimum solution O(c¢;_1).

Case 1: C' < [d¢i—1].
As X (C') contains the optimum solution O(¢;_1), by monotonicity, we have

Ort(C) Ort(C) OpPT([dc;—1] — 1) Obs. 5.3 (i) [§e; 1] — 1
FX(C)) = Opt(ciy) = Opt(cy) = e

Case 2: [0¢;—1] < C < .
Note that C' < z implies that z > 0, i.e., (5.1) holds. The solution X (C') contains the
optimum solution O(¢;_1). Thus,

OrT(C) < OpT(C) Obs. 5<-3 (@) Opr(¢;) C

ALG(C) - OPT(Ci_l) B OPT(Ci_l) C;

< Opr(c;)) z npl —Opr(e) 1 ch

m . C; N ﬁ OPT(Cifl) C; =

Obs. 5.3 (isi) 1 ¢ 12 obss3(i) g 5
< - i < o=y,
S il DL A N A

where the last equality follows from the definition of §.

Case 3: C > [(5Ci_1—|, C > x.
If i = 1, by definition of ¢;, we have

Ort(C) - Ort(C)
ALs(C) ~ BEOPT(c1)

1
<= <6
B

Now, assume that ¢ > 2, i.e., (5.1) holds. The solution X (C) contains C' — Z;;ll c;j
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elements from the optimum solution O(c;). Thus,

OrT(C) < OPT(C’) Obs. 5<.3 (444) 1 C
ALc(C) - g Tinie Z] L% 0pr(ci) B -l
©zr 1 T s.) 1 (1 n 23;11 ¢j )
= i—1 .
SRRV =LA AN B R
, izl Obs. 5.3 (iii) i—1
_ 1 OOPT(Cl) 1 c > 1 ¢ 1 ch
B PT(Cifl) & = I53 Ci—1 Ci st
Obs. 5.3 (i) | s 5
< B
S 3 + 51 0

We complement this upper bound with a lower bound, that, in particular, shows that

for 5 — 0, we cannot be better than %-competitive.

Theorem 5.5. For all 3 € (0, 1], the competitive ratio of INCMAXg.qc is at least

> ()

Proof. Let k := [%] +2and d:= % B. We will define an instance where no incremen-

tal solution can have a competitive ratio better than . Let U = {ey,..., €41} be the
groundset and f: 2V — R>¢ be the objective such that, for S C U,
kd _ g _ )
f(8) = gkl if {e2,...,ex11} C S,
max{|{e1} N S|, [{e2,...,ext1} NS|-d}, else.

This objective is monotone because of the maximum in the definition and because ’fﬁd >
kd. We show that f is $-accountable. For this, let S C U. We have to show that there
is an ordering (e;,, . .., ¢ ) of S such that f({e;,...,e;;}) > B%Y'f(S) for all j € [|S]].
If we have e; € S and f(S) = 1, we can simply choose e; to be the first element in the
ordering and obtain

f({eiu"'?eij}):l:f( )= IB‘S’ (S)

for all j € [|S]]. Otherwise, if e; ¢ S or f(S) > 1, then, with S" := SN {ea,...,ex11},
either f(S) = % = w, or f(S) = |5'd < %. In our ordering, we can put the
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elements from S’ in the beginning and, for j € [|S’|], obtain

' ' — L|S’|d
fen e ) 2 - d =B

If S = S, we are done. Otherwise, |[S| = [S’| 4+ 1 holds and, for j = |S]|, we have
f({eiu s 7eij}) = f(S) 2 Bﬁﬁf(s)

Let X be an incremental solution for this instance. We consider two cases. First,
assume that e; is not the last element in the ordering X. We have

J J
> 5@ (S) > 5mf(5)-

(k—1)d=

(51 +0° I3 +2(3], 11
[1]+2 b= (1] +2 = [BWBZL

The solution X (k) contains e; and k — 1 elements from {es,...,ex41}. Thus,

F(X1(k)) = max{1, (k — 1)d} = (k — 1)d.

The optimum solution of cardinality k& is the set {es, ..., ex+1} with a value of £ — 1. Thus,
in this case, the competitive ratio of X is at least %.
Now, consider the other case, i.e., e; is the last element in the ordering X. Then the

solution X (1) contains exactly one element from the set {es, ..., ex+1} and has therefore
value f(X (1)) = d. The optimum solution of cardinality 1 is {e; } with a value of 1. Thus,
also in this case, the competitive ratio of X is at least é. O

In Figure 5.1, we can see a plot of the upper bound from Theorem 5.4 and the lower
bound from Theorem 5.5 in black, as well as a plot of their difference in red. On the one
hand, one can see that both bounds diverge for small 5. This seems plausible because
for 5 — 0, we have (almost) no guarantee that the value of large sets is bounded by the
value of smaller sets. On the other hand, one can see in Figure 5.1 that the difference
between upper and lower bound is almost 0 for 5 — 0. Thus, in the limit 5 — 0,
CARDINALITYSCALINGg performs optimally.

5.2. Comparison to Other Properties

We have seen that the class of S-accountable objectives yields a bounded competitive ratio
for the INcMax problem. We turn to comparing the new property of S-accountability to
other objective properties to see whether the upper bound results from Theorem 5.4 yield
upper bounds for objectives with these other properties.
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Figure 5.1.: Plot of the upper bound from Theorem 5.4, the lower bound from Theo-
rem 5.5, and their difference (red).

We will show that every function that is subadditive, accountable, or y-a-augmentable
is also S-accountable for 5 = %, B =1, or f = I respectively. Since the classes with
these properties contain functions that are submodular, weighted rank functions of inde-
pendence systems, fractionally subadditive, a-augmentable, or have a bounded submod-
ularity ratio (cf. Figure 1.3), we also obtain upper bounds on the competitive ratio for
IncMax problems with these objectives.

accountability. We start by comparing (3-accountability to accountability. Since S-accountability
is simply a relaxation of accountability with relaxation parameter /3, the sets of account-

able and 1-accountable functions coincide. Theorem 5.4 gives an upper bound of %(3 +

v/5) on the competitive ratio of the INCMAX,.. problem, which recovers the best known

upper bound of ¢ + 1. This is not surprising because, for 5 = 1, CARDINALITYSCALINGg
behaves exactly like CARDINALITYSCALING.

Proposition 5.6. Every fractionally subadditive function is accountable.

Proof. Let f: 2V — R be fractionally subadditive. Then, the function is also an XOS-
function as shown by [27]. Thus, there are £ € N and values v.; € R for all e € U and
i € [k] such that, for all S C U,
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To show that f is accountable, fix a finite set S C U. Let i* € [k] such that f(S) =
Y ecs Ve,ix- Let ¥ = argmingcs ve i+, i.e., we have ves ;+ < ﬁf(S). Then

f(S\ {e*'}) = max Ve > Z Ve = f(S) — Ve i > (1 - |;|>f(5)

i€lk] ecS\{e*} ecS\{e*} O

Combined with Theorem 5.4, we obtain an upper bound on the competitive ratio of
IncMax with fractionally subadditive.

Corollary 5.7. CARDINALITYSCALING, has a competitive ratio of ¢ + 1 for INcMax with a
fractionally subadditive objective.

subadditivity. Now, we compare [-accountability to subadditivity.
Proposition 5.8. Every monotone, subadditive function is E-accountable

Proof. Let f: 2V — R>( be monotone and subadditive, S C U be finite, and k := |S|. We
define ¢ := [log, k], i.e., we have 2/~! < k < 2¢. Furthermore, we define S, := S and
iteratively, for j € {¢ —1,...,0}, S; C Sj1 with |S;] = [5%5] and f(S;) > 1 f(Sj31).
This is possible as we w111 see now. We have 2(22 7= = [2[%’“]“ > [2,{7";1] ie., we
can choose A, B C S; with |A| = |B| = [5#;] and AU B = S;1. By subadd1t1v1ty, we
have f(A) > 1f(S;j41) or f(B) > 3f(Sj41). Thus, we can choose S; € {A, B} with the
desired properties.

Consider any order (z1,...,zx) of S with {er,...,¢5,/} = S; forall j € {0,...,(}.
Let i € [k] and j € {0,...,¢} such that [21,’“]1 < i < [5%—]|. This implies that
S; C {e1,...,ei} and, because i € N, thati < Together with monotonicity of f,

we obtain

22]1

—j ;
Fer e 2 £5) 2 (3) 1650 = 5505 2 31765),

which yields 3-accountability. O

We combine the results from Theorem 5.4 and Proposition 5.8 to obtain an upper
bound on the competitive ratio of INcMax with a subadditive objective, which, to our
knowledge, is the first for this problem setting.

Theorem 5.9. CARDINALITYSCALING, /5 is (2 + V2 < 3.415)-competitive for INcMax with a
subadditive objective.
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We complement this upper bound on the competitive ratio of the subclass of INcMax
with subadditive objective functions with a lower bound. In order to do this, we show that
the objective function of every instance in INCMAXSEP (cf. Section 3.1) is subadditive.

Proposition 5.10. The objective function of every instance in INCMAXSEP is subadditive.

Proof. Let an instance from INcMaxSEP with objective function f: 2V — R be given.
Furthermore, let U = U; U Us U ... be a partition of U, and let dy,ds,--- > 0 be the
densities such that, for all S C U,

i€N
In order to show subadditivity, we fix two sets A, B C U. Let i* € N be the index such
that f(AU B) = |[(AU B)NU;+| - d;=. Then

f(AUB) = |[(AUB)NU;| - d;-

= |[ANUi|-di- + [(B\ A) N Ui - dj
‘AﬂUi*|-di*+‘BﬂUi* - di+
(%%XMH Uil - di) + (rzne%x]B NU;| - d;)

f(A) + f(B). O

This result yields that the (non-strict) competitive ratio of INcMax with subadditive
objectives is at least that of INCMAxSEP. Therefore, the lower bound from Theorem 3.27
also holds here.

<
<

Corollary 5.11. The (non-strict) competitive ratio of INcMax with a subadditive objective
function is at least 2.246.

~v-a-augmentability. We turn to comparing S-accountability to y-a-augmentability that
we introduced to bound the competitive ratio of the GREEDY algorithm (cf. Definition 2.3).

Proposition 5.12. For all v € (0, 1] and o > 1, every monotone, y-a-augmentable function
is
T-accountable.

Proof. Forv € (0,1] and @ > 1, let f: 2V — R be monotone and y-a-augmentable. Let
S C U be finite and k := |S|. By y-a-augmentability, there exists an ordering (ey, ..., ex)
of the elements in S such that, for all i € {0,...,k — 1},

(8) = af(fer,. . e})

flferseoen)) = fer,..oep) = LT
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Fori € {0,...,k},let S; := {e1,...,e;}. Then, for i € {0,...,k — 1}, this yields
af(8) = f(Si) ezt ZF(S) — f(Si)
o > .

. _ . > .
f(SH-l) f(Sz) e k—i = k—i (5 2)
To show Z-accountability of f, we prove by induction that, for i € [k], we have
K
i) > —— . .
7592 221(5) (5.3)
For i=1, (5.2) yields
780> 1 (25— 1)) + 1@ = 2218 + (17 ) 1@ = 21 f(s)
Y= k\a T ak k “ ok’
where the last inequality follows from non-negativity of f.
Now, suppose that (5.3) holds for some i € [k — 1]. Then
(5.2) LF(S) — f(S;
fsi 2 gsy 4 2l 25
_ 1 _ 1
= 2 (1 ) s
(53) v 1 k—i—1\~v1
2 e () )
oy kitk—i*—i
- a (k—i)k 1(5)
oy k=96 +1)
- a (k—d)k ucy
_oyi+l
= 2 gs),
which concludes the induction. O

Note that we have to require that f is y-«a-augmentable, and not weakly v-«-augmentable,
in order to have the estimate in (5.2) for all sets Sy, ..., Sj.

Proposition 5.13. For v € (0,1}, « > 1, and € > 0, there exists a monotone, ~y-c-
augmentable function that is not (X + ¢)-accountable.

Proof. Let n € N be large enough that n > « and
.

o 5.
n >%+E (>4)

n—1
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Consider some set U with |U| = n and the function f: 2V — R with

0, if[S] =0,
f(S)=492, if1<|S|<n—-1,
1, if|S|=n.

Obviously, this function is monotone. We show that it is y-a-augmentable. Let A, B C U
with B\ A # 0. If A= and B = U, then, for all b € B, we have f(AU {b}) — f(A) =

g—oz%‘):w. If A=0(and |B| <n -1, then, for all b € B, we have

—0> %—O:f(AuB)—f(A) Z’Yf(AUB)—af(A)
B |B| |B]

fFAU{b}) = f(A) =

Q12

Now suppose that A # (). Because B \ A # (), we have 1 < |A| < n — 1, which yields

Fay =21, (5.5)

(0}

For all b € B, we have

7 —al 65 yf(AUB) - af(4)

FAU () - F(A) 2 0= T S o

i.e., f is y-a-augmentable.
Now we will show that f is not (1 + £)-accountable. For the sake of contradiction

suppose that f is (1 + ¢)-accountable. Then there exists an ordering (e, ..., e,) of U
such that, for all i € [n], we have

e, .eh) > <Z+a>;f(U) _ (7 +€>j

Yet, we have

fHer,...,en—1}) = % (524) (74—5)”_1,

«
which gives the desired contradiction. O
We combine the results from Proposition 5.12 and Theorem 5.4 to obtain an upper

bound on the competitive ratio of INcMax with a monotone and ~y-a-augmentable objec-
tive.

143



Theorem 5.14. For v € (0,1] and a > 1, CARDINALITYSCALING., /, has a competitive ratio of
at most

2
« (6%
— 14— 41
2 I e T

for INcMax with a v-a-augmentable objective.

We compare this upper bound on the competitive ratio of INcMAax with a y-a-augmentable

objective to the upper bound
@ e

;'ea—l

from Theorem 2.17. Let the ratio between the two upper bounds be denoted by

L4l /541 a 2
 x 472 _er—1 1 v 1 v
(v, @) = —eo -~ <2+a+\/4+a2 :

ex—1

=1

We have lim,,_,¢ r(y,a) = ez;l < 1, i.e., for small values of v, CARDINALITYSCALING, /,

performs better than GREEDY. Since vy € (0,1] and « > 1, we have r(v, «) = 1 if and only
if ¥ = a 5. This value lies in the interval (0, 2] C (0,0.426), and for o — oo, ap-
proaches 0. Thus, for large o > 1, GREEDY performs better than CARDINALITYSCALING., /.,
for almost all values of v € (0, 1]. This is probably due to the fact that y-a-augmentability
is a property that relaxes an inequality that is a core estimate in the analysis of the

GREEDY algorithm for monotone and submodular functions.
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6. Incremental Maximization under a
Knapsack Constraint

A natural generalization of the INcMax problem is one where, instead of an unknown
cardinality constraint, we are given an unknown knapsack constraint. This problem lends
itself better to model real life problems such as, e.g., infrastructure projects because we
are able to model different construction times or costs in this model.

In the INcMaXKNAP problem, we are given a countable ground set U of elements. Each
element e € U has a weight w(e) that models the time or money that has to be spent to
realize the element. In the following, for aset S C U, we write w(S) := > .qw(e). Asin
the INcMax problem, we are given a monotone objective f: 2V — Rx( and the optimum
for a capacity C' € R> is defined as

Opt(C) :=sup{f(9) | S CU,w(S) < C}.

We denote a set S C U for which the optimum is attained by O(C)?, where we break ties
in an arbitrary but fixed manner in order to obtain a unique set O(C).

Again, we assume that we do not know the capacity constraint C'. Thus, also for this
problem, an incremental solution X is given by an ordering X = (ey,e9,...) of the ele-
ments of the ground set U. As before, for a capacity C, we denote by X (C') the elements
of the largest prefix of weight at most C, i.e.,

X(C) = {61,62,...,6k}

with & € N'such that 3% | w(e,(;)) < Cand either k = |U|or Y5 w(eq ) > C. All def-
initions regarding competitiveness are analogous to the INcMax problem. For example,
we say that X is p-competitive if, for all C' € R>(, we have OpT(C) < pf(X(C)).

As an example, let us consider a modified version of the incremental maximum s-t-
flow problem that we already considered in Chapter 1. Now, every edge additionally
has a weight w(e) € R>( and the combined weight of a solution may not exceed the

In the case that such a set does not exists, we use an arbitrarily close approximation as we did for the
INcMax problem.
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Figure 6.1.: Two examples of the incremental maximum s-¢-flow problem where no p-
competitive incremental solution with p < k exists.

(unknown) capacity constraint C'. Consider the graph in Figure 6.1. Every competitive
incremental solution has to put edge « first in order to be competitive for C' = 1, and every
incremental solution that puts edge a first is not better than k-competitive for C' = k.

A closer inspection of the examples in Figure 1.1 (which is an instance of this problem
with weights w(a) = w(b) = w(c) = 1) and in Figure 6.1 reveals that there are (at
least) two effects that prevent the existence of competitive incremental solutions. The
first is the complementarity of elements. In the graph in Figure 1.1, edges b and c are
complementary in the sense that both edges together support an s-t-flow of k while a
single one of these edges alone cannot support any s-t-flow. For the graph in Figure 6.1,
no two edges are complementary since the total s-¢-flow supported by a subset of edges
is here simply equal to the sum of the capacities of the edges. In this example, the non-
existence of a competitive incremental solution is caused by the fact that the edges are
too heterogeneous. More specifically, we have f({a}) = 1, but f({b}) = &, i.e., there are
two singleton sets whose values differ by a factor of k.

As we will show, these are essentially the only two effects that prevent the existence
of competitive incremental solutions. More specifically, we make two assumptions that
exclude the two effects shown in Figure 1.1 and Figure 6.1. First, to avoid complementar-
ities between elements, we assume that f is fractionally subadditive (cf. Definition 1.2).
Second, to avoid that there exist singleton sets that differ too much in their values, we
assume that there is a constant M € R>(, M > 1 such that f({e}) € [1,M] foralle € U.
We call such valuations M-bounded.

Summarizing the discussion, this chapter considers the INcMAxKNAP with the following
assumptions.

* fis monotone, i.e., f(A4) > f(B)for AD B
* fis M-bounded, i.e., f(e) € [1,M] foralle € U

* fis fractionally subadditive
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Before giving an overview over the chapter, we illustrate the applicability of this frame-
work to different settings.

Example 6.1 (Submodular objective). It was shown by Lehmann et al. [51] that every
monotone submodular function is also fractionally subadditive.

As a consequence our framework captures, e.g., the Maximum COVERAGE problem, where
we are given a weighted family of sets U C 2% over a universe E. Every element of E has
avalue v: E — Rxq associated with it, and f(S) = v (Uxeg X) for all S C U where we
write v(X) 1= ) .y v(x) for aset X C U. In this context, the M-boundedness condition
demands that v(X) € [1, M] for all X € U. Further examples include maximization versions
of clustering and location problems.

Example 6.2 (XOS objective). An objective function f: 2V — R is called XOS if it can be
written as the pointwise maximum of modular functions, i.e., there are k € N and values
ve,i € Rforalle € U and i € [k] such that

f(S)= max{z Ve,i

eeS

i€ [k:]} foral S CU.

As shown by Feige [27], the set of fractionally subadditive functions and the set of XOS
functions coincide. XOS functions are a popular way to encode the valuations of buyers in
combinatorial auctions (cf. [21, 22, 51, 60]).

Example 6.3 (Weighted rank function of an independence system). As shown by Amana-
tidis et al. [1], the weighted rank function of an independence system is fractionally subad-
ditive. Thus, this setting includes problems like weighted d-dimensional matching, weighted
set packing, or weighted maximum independent set.

Example 6.4 (Potential-based s-t-flows). Consider a variant of the incremental maximum
s-t-flow problem on parallel edges in a directed graph G = ({s,t}, E), as in Figure 6.1.
Every edge e has a capacity ji(e) € R>o. In addition, we are given a continuous and strictly
increasing potential-loss function ¢ : R — R with lim,_, ¥ (x) = oo that describes the
physical properties of the network. Every edge e € E has a resistance 5(e) € Rx¢. A flow
¥: E — Ry is called a potential-based flow if there are vertex potentials ps, p; € R>q such
that

ps —pr = Ble)y(d(e)) foralee€ E.

The potentials correspond to physical properties at the nodes such as pressures or voltages;
different choices of 1 allow to model, e.g., gas flows, water flows, and electrical flows, see
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Birkhoff and Diaz [7] and Grofs et al. [35]. In our incremental framework, w: U — R>q
are interpreted as construction costs/times of pipes or cables and the objective is to maximize
the potential-based s-t-flow, i.e., the objective f: 2V — Rsq maps S C U to the value

Ble)

£(8) = max{Z ! (%)

ecT

T C S, pe Rogwithy™! <p>§u(e)for alle € T},

where p := ps — p;. Note that we allow turning off the edges in S \ T in order to make f
monotone. The M-boundedness condition corresponds to the assumption that p(e) € [1, M].
As we will show in Proposition 6.21, this objective is fractionally subadditive.

In Section 6.1 we analyze the strict competitive ratio of the INCMAXKNAP problem.
We introduce the algorithm DOUBLESCALING that combines the ideas of the CARDINALI-
TYSCALING and the VALUEScALING by adding optimum solutions for different capacities
one after the other such that the capacities and values of the added sets are scaled by
at least some constant each. The order in which the elements from one set are added
is chosen based on a primal-dual LP formulation that relies on fractional subadditivity.
For the definition of the algorithm, we need access to two oracles. On the one hand, we
need oracle access to the optimum solution of a given capacity; on the other hand, we
need access to an XOS oracle. More information on this can be found in Remark 6.5. The
algorithm DOUBLESCALING yields an upper bound of max{3.293\/ﬂ ,2M } on the com-
petitive ratio. We complement this with a problem instance that yields a lower bound of
e+ 1.

In order to eliminate the dependence of the competitive ratios on the value of M, in
Section 6.2, we analyze the non-strict competitive ratio of the INcMaxXKNaP problem. We
show that a modified version of the CARDINALITYSCALING algorithm achieves a non-strict
competitive ratio of ¢ + 1 with additive constant 2)/. We complement this upper bound
with a lower bound and show that every lower bound on the strict competitive ratio of
IncMaxCoNT (cf. Section 3.2) is also a lower bound for the INCMAxXKNAP problem.

As an additional motivation, in Section 6.3 we show that our framework captures
potential-based s-t-flows as described in Example 6.4. In this context, a 1-bounded ob-
jective corresponds to unit capacities. In comparison, we also show that the classical in-
cremental maximum s-¢-flow problem with capacities in [1, M| admits a 2M -competitive
incremental solution, and that this is best-possible for the unit capacity case.

An extended abstract with the results in Section 6.1.1 appeared in [20] and a full
version with the results in Section 6.1 will appear in [17].
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6.1. Strict Analysis

6.1.1. A Capacity and Value Scaling Algorithm

In the following, we fix an instance from INcMaxKnaP with ground set U, an M-bounded
and fractionally subadditive objective f: 2V — Rs(, and weights w: U — Rsq. We
present an algorithm that combines the ideas of the CARDINALITYSCALING algorithm
from [5] and the VALUEScALING algorithm that both were presented in Section 4.1. On
a high level, the idea is to consider optimum solutions of increasing capacities, and to
add all elements in these optimum solutions one at a time. By carefully choosing the
order in which we add elements of a single optimum solution, we ensure that elements
contributing the most to the objective are added first. In this way, we can guarantee that
either the optimum solution we have assembled most recently, or the optimum solution
we are currently assembling provides sufficient value to stay competitive. While CAR-
DINALITYSCALING and VALUESCALING only scale either the capacity, or the value of the
optimum solution, our algorithm DOUBLESCALING simultaneously scales both of them. In
addition, we use a more sophisticated order in which we assemble the optimum solutions
that is based on a primal-dual LP formulation.

We now describe DOUBLESCALING in detail. Let A ~ 3.2924 be the unique real root of
the equation

0=AT—2X0 —3\° —3\* —3\3 — 232 -\ - 1.

This yields , , ,
<§\+)\12>>\2)\+1_)\)\+1_1_)\/\J3r1' 6.1)
Furthermore, let § := )\QA—L ~ 3.0143 and
p = max{)\\/ﬂ, 2M}. (6.2)
Algorithm DOUBLESCALING operates in phases of increasing capacities cy,...,cy € R>g
with

;= min
“ ecU w(e),

¢; :==min{C > dc¢;_1 | OPT(C) > pOPT(c;i—1)} forallie N,

where we set min() = w(U). We define N € N to be the minimal index such that
¢y = w(U). In phase i € [N]|, DOUBLEScALING adds the elements of the set O(c;), the
optimum solution for capacity ¢;, one at a time. We may assume that previously added
elements are added again (without any benefit), since this only hurts the algorithm.
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To specify the order in which the elements of O(c¢;) are added, consider the following
linear program parameterized by X C U (cf. [27]):

min )~ apf(B) (LPx)
BCU

S.t. Z ag>1, forallee X,
BCU:eeB

ap >0, forall BCU,

and its dual

maxz Ye

eeX
s.t.Z*ye < f(B), foral BCU,
ecB
Ye > 0, foralle € X.

Fractional subadditivity of f yields f(X) < > gy apf(B) for all a € R2” feasible
for (LPx). The solution o* € R2” with o =1land oy = 0for X # B C U is fea-
sible and satisfies f(X) = > 5y o f(B). Together this implies that o* is an optimum
solution to (LPx). By strong duality, there exists an optimum dual solution v*(X) € RY

with
FX) =D 7 (X)e. (6.3)

ecX

In phase 1, the algorithm DouBLEScALING adds the single element in O(c¢;). In phase 2,
DoOUBLESCALING adds an element e € O(c2) first that maximizes v*(O(c2)). and the other

elements in an arbitrary order. In phase i € {3,4,..., N}, DOUBLESCALING adds the
elements of O(c;) in an order (ey, ..., €|o(,)|) such that, for all j € [|O(c;)| — 1],
7 (Oeey | 7 (O€Dessr 6.
w(e;) w(eji1)

The reason why we do not use (6.4) in phase 2 is because so early on we want to increase
the objective value as fast as possible which is not necessarily guaranteed by choosing the
order of elements in O(c2) according to (6.4).

In the following, we denote the incremental solution of the DOUBLESCALING algorithm
by XA, Fix some 0 < C < ¢’ < w(U). Let k := |O(C")|, and let (e1,...,e;) be
an ordering of all elements in O(C’) such that, for all j € [k — 1], (6.4) holds. With
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j:=max{j € [k] | w({e1,...,e;}) < C}, we define O(C’",C) := {ey,...,e;} to be the
largest prefix of the optimum solution O(C") with capacity at most C.

Roughly, we show that this algorithm is competitive as follows: In the first phase
DOUBLESCALING obviously performs optimally. In all other phases, the optimum solu-
tion added in the previous phase is large enough to be competitive until partially added
optimum solution of the next phase has a larger value. From this point until the end of
the phase, the partially added optimum solution of the next phase is competitive.

Remark 6.5. In the construction of our algorithm, we assume to have oracle access to an
optimum solution O(C') of a given capacity C' € R>¢. Finding such an optimum solution
may not be possible in polynomial time. Badanidiyuru et al. [3], give a (2+¢)-approximation
algorithm that uses only a polynomial number of demand oracle queries. Furthermore, they
show that no algorithm with a polynomial number of demand oracle queries can have an
approximation ratio of less than 2, unless P = NP. Our algorithm DOUBLESCALING can use
an a-approximation oracle instead of an oracle for the optimum solution, for a loss of factor
« in its competitive ratio. Furthermore, we assume to have access to an XOS oracle. For a
given set X C U and = € X, an XOS oracle gives the value of = within the set X, which
corresponds to the solution of the dual of (LPx). Instead of an XOS oracle, our algorithm
can use an (-approximation oracle for a loss of factor (3 in its competitive ratio.

For all X C U, the dual variables v*(X) are a feasible solution for the dual of (LPx).
Thus, for all Y C U, we have
> yr(X)e < FV). (6.5)

ecY
i.e., v*(X) associates a contribution to the overall objective to each element e € U, and
this association is consistent for all sets Y C U.

The following lemma establishes that the order in which we add the elements of each
optimum solution are decreasing in density, in an approximate sense.

Lemma 6.6. Let 0 < C < C" < w(U). Then

!

Opr(C") < %(f(O(C’,C)) + M).

Proof. If O(C") = O(C’, C), the statement holds trivially. Suppose |O(C")| > |O(C’, C)|.
Let j := [O(C",C)|, and let O(C") = {ey,...,€/o(cv) | such that (6.4) holds. Note that,
by definition, O(C’,C) = {e1,...,e;} and

w({er,...,ej}) <C <w({er,...,ej+1}). (6.6)
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We have
oer(c’) |O(ch)w(ei)’y*(gég;))ei

i=1 ¢

(6.4) Jj+1 . / Z]Jrl (&) |O(C)] | (O(Cl))6j+1

< (iﬂv <0<c>>ei> BT (e B VR Gl e
P\ S wle) TR 0]

- (ll7 (O(C))“) * w({er,...,ej+1}) ,L.;LQ wies)

6 (2 Sy o@)., &

< (;7 (0(C): >+ olleronl) :;2 w(ei)
Jj+1 J+1_ o« /

(6<6) <ZV*(O(C/))61> +Zz+1’yé (C ))Ci (C/—C)
i=1

= % (Z’Y > (O(Cl))ej-H]

G e ) + flega)

< g(f(O(C’,C’))+M). 0

Since every set S C U with w(S) < C satisfies f(S) < Opt(C), and since we have
w(O(C',C)) < C, we immediately obtain the following.

Corollary 6.7. Let C,C" € R>o with C < C' < w(U). Then
!

orr(C’) < %(OPT(C) + M).

With this, we are now ready to show an upper bound on the competitive ratio of Dou-
BLESCALING.

Theorem 6.8. With p = max{\vM,2M} ~ max{3.2924y/M,2M }, DOUBLESCALING is
p-competitive.

Proof. We have to show that, for all capacities C' € Rxg, we have OpT(C) < pf(XA(C)).
We do this by analyzing the different phases of the algorithm. Observe that, for all i €
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{2,..., N — 1}, by M-boundedness, we have
OpT(¢;) > pOPT(ci—1) > p' LOPT(c1) > p't > (AWM)H, (6.7)

where for the first inequality, we use the definition of the algorithm DOUBLESCALING, and
for the last inequality we use the definition of p in (6.2).

In phase 1, we have C' € (0, ¢;]. Since ¢; is the minimum weight of all elements and
we start by adding O(c1), i.e., the optimum solution of capacity c;, the value of X2(C) is
optimal.

Consider phase 2, and suppose C' € (c1,c2). If co > dc; holds, then ¢ is the smallest
value such that OpT(c2) > pOPT(cy), i.e., by monotonicity of f, we have

F(XAM0) > f(XA(c1)) = OPT(c1) > ;OPT(C').

Now assume ¢z < dc;. If C' € (e1,3c¢1), i.e., any solution of capacity C' cannot contain
more than two elements, or if C' € (¢1,¢2) and O(cz) contains at most 2 elements, by
fractional subadditivity and M-boundedness of f, we have OpT(C) < |O(c2)|M < 2M
and thus,

f(XA(C)) > 0pPT(c;) > 1> 2—OPT(C) > 1OPT(C).

Now suppose that C' € [3c1,c2) and that the set O(c2) contains at least 3 elements.
The solution X*(c; + co) contains all elements from the set O(c1) U O(cz), the solution
XA(cy) = XA((e1 + c2) — c1) contains at least all but one elements from O(cz), and the
solution X%(cy — ¢1) contains at least all but 2 elements from O(cy) because the weight
of any element is at least ¢;. Since

02301>(5—1)61262—61,

XA(C) contains at least all but 2 elements from O(cy). Recall that in phase 2, the al-
gorithm adds the element e € O(c2) that maximizes v*(O(c2)), first. Therefore, and
because |O(cz)| > 3, we have f(XA(C)) > §f(O(c2)) > ;OPT(C).

Consider phase 2 and suppose C' € [c2, ¢1 + c2]. We have

OPT(Cl + CQ) < OPT(CQ) + M (6.8)

because f is subadditive and because c¢; is the minimum weight of all elements. Further-
more, we have
f(X™e2)) > OpT(ce) —M > p—M>M (6.9)
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where the first inequality follows from subadditivity of f and the fact that the solution
X*A(cg) contains at least all but one element from O(cz). We obtain

A 6.9) 6.8) (6.9) A
f(X (62)) > OPT(CQ) M > OPT(Cl—I-CQ)—QM > OPT(61+62)—2f(X (62))

i.e., by monotonicity,
OPT(C) < OPT(cr + ¢2) < 3f(XA(c2)) < pf(XA(e2)) < pf(XA(C)):

Now consider phasei € {3,...,N}and C € (Zl ! 03,23 1 ¢l Notethat,for1 < j <i< N —1,w
and hence

i—1
¢j Lem. 1.6 J 1
2T —— —1=—— <1
Zci 6—1 6—1

This yields Z 16 < ¢ < 22‘21 ¢;. Ifi = N and Z;V_ll ¢ > ey = w(U) we have
nothing left to show because C' > w(FE). Thus, suppose that we have Z 1 cy < ¢n.
Furthermore, if i = N and pOPT(cN 1) > OpT(cy) = OpT(w(U)), we again have nothing
to show as the solution XA(Z] 1¢;) € XA(C) contains the set O(cy—1) and has value
at least OpT(cn_1). Thus, assume that OpT(cy) > pOPT(cy—1). This implies that (6.7)
also holds fori = N.
Case 1: C € (ZZ ! 1 G Ci)-

We show that in thlS case, the value of the optimum solution O(c;_1), which is already
added by the algorithm, is large enough to guarantee competitiveness. If ¢; > d¢;_1 holds,
then ¢; is the smallest integer such that OrT(¢;) > pOPT(¢;—1), i.e., using monotonicity
of f, we obtain

FXNO) = F(XA(X ) ¢y)) = Opr(ciy) > ;0PT(C).

For the case that ¢; = d¢;_1. Note that ¢; < d¢;_; is only possible if i = N

Case 1.1: 7 = 3.
Letc:= (ﬁ + 32 )8cz. We have
< 1 1 dc 2 A 1 1 c
C = — _
= 30w A1 5 )72
2 N2 M
< Cg—C)—C =————0Cy— Cy — C]. (6.10)
ﬁ%—lQ R W5 v NS Y
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We show that X% (c; +c2) is competitive up to capacity ¢; +co+c, and that X2(c; +ca+c)
is competitive up to capacity cs3. We have

Cor. 6.7
OpT(c1 +c2+¢) < atate (OpT(c2) + M)

C2

A2 M
6.10) C1+c2+ ( Cy —Co — 61)
AVALEM (OPT(cs) + M)

c2
A2 M M
= 1+ OprT(cC
AWM+ M ( OPT(@)) (c2)
6.7) A2 M

M
< )\\/M+M<1+)\\/M>OPT(02)

WM (AWM+M
- WMA\/M +M ( AWM )OPT(CZ)
pOPT(c2) < pf(XA(c1 + ¢2)),

IN

where the last inequality follows from the fact that the algorithm starts by packing O(c;)
and O(c2) before any other elements and needs capacity ¢; + ¢, to assemble both sets,
i.e., O(c2) C XA(Cl + CQ).

Since DOUBLESCALING adds the elements from O(c3) after those from O(c;) and O(c2),
we have O(cs3, c) € X*(c1 + ¢2 + ¢), and thus

fXMea+e+e) = f(O(e,0)
Lem. 6.6 ¢
> —Oprt(c3) — M

C3

(6>7) 1 1 M o
= \var e ) o)
1
= Ort(c
war e

1
> —-OpT(c3),
,0PT(cs)

where for the first inequality we use monotonicity of f, and for the third we use ¢35 < dco.
This, together with monotonicity of f, implies OpT(C) < pf(XA(C)) for all C € (¢ +
C9, 03] .
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Case 1.2: 7 > 4. .
Recall that C' € (Y/_] ¢;, ¢;). We have

Cor. 6.7 ¢;
OrT(C) < OpT(¢;) < . (OpT(ci—1) + M)
i—1
M 6.7) M
< _ : < It ,
< 5<1+0PT(Ci_1)>OPT(cz_1) < 5<1+)\2M>OPT(C,,_1)

A3 1

< pf(XA(0)),

where for the first inequality we use monotonicity of f, and for the third we usec; < 0¢—g.
Thus, also in this case, we find OpT(C) < pf(XA(C)) for all C € (Z 1 G Ci)-

Case 2: C € [c;, >0 ¢j].
Since cy = w(U), we can assume that i+ < N. Up to this budget, the algorithm had
a capacity of C' — Z;;ll ¢;j > C —¢; > 0 to pack elements from O(c;), i.e., we have

O(¢;, C — 22;11 ¢j) € XA(C). We show that the value of this set is large enough to guar-
antee competitiveness in this case. We have

F(XA0)) > f(O(ei,C =20 ¢))
Lem. 6.6 %

Gi

> =L <COPT(C) - M) -M

Opt(c;) — M

CJ - 23;11 Cj M M
C a ¢ “opt(C) OpT(C) OrT(C)

i—1 ] M M
= (1 ; Ci OPT(C) _OPT(C)>OPT(C)
0.

>

(6.7), Lem. 1.6 ) 2M

e (1 (12 1) - B ome
1)

- <5

) — )?2]\]\44> OrT(C)

319 - OpT(C) > pOPT(C)
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where for the first inequality we use monotonicity of f, and for the fourth we use ¢; <
C < z;:l Cj. O

For 1-bounded objectives, Theorem 6.8 immediately yields the following.

Corollary 6.9. If M = 1, DOUBLESCALING is 3.293-competitive.

6.1.2. Lower Bound

In this section, we give a lower bound on the competitive ratio of INCMAXKNaP with
a monotone, M-bounded, and fractionally subadditive objective, and we show a lower
bound for the special case with M = 1.

Theorem 6.10. The competitive ratio of INCMAxKNAP with monotone, M-bounded, and frac-
tionally subadditive objectives is at least M.

Proof. Consider the set U = {ey, ea} with weights w(e;) =i for i € {1,2} and the values
v(er) = 1 and v(ez) = M. We define the objective f(S) := > gqv(e) for all § C
U. It is easy to see that f is monotone, M-bounded and modular and thus fractionally
subadditive.

In order to be competitive for capacity 1, an algorithm has to add element e; first. Thus,
the solution of the algorithm for capacity 2 cannot contain element e, i.e., the value of
the solution of capacity 2 given by the algorithm has value 1. The optimum solution of
capacity 2 has value M, and thus the algorithm cannot be better than M-competitive. [

We will now give a stronger lower bound for M € [1,¢ + 1) where ¢ = (1 +/5) ~
2.618 is the golden ratio. This lower bound construction will be similar to an instance from
INcMaxSEP (cf. Definition 3.3), as, for some N € N, the ground set U will be partitioned
into N disjoint sets Uy, ..., Uy with |U;| =i for all ¢ € [N].

We proceed to give the actual construction. Let N € N, consider a problem instance /
with sz\il i = $N(N +1) elements partitioned into sets Uy, Us, . .., Uy such that |U;| = i
for all 7 € [N]. We define the groundset U := |J;c(y| Ui and the objective f: 2V — R>q
such that, forall S C U,

f(9) :m[e%b’ﬂUi] forall S C U. (6.11)
i€
The elements’ weights are defined as w(e) = b + 4! for all e € U; with base weight b =
(N +2)\
We note that the problem instance [ is built in such a way that the elements in all sets
Ui, ..., Uy have roughly the same relative weight because b is very large. First, we show
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that, for a given capacity C' € N, the number of elements that can be packed without
exceeding this capacity can vary by at most 1, regardless of which elements are packed.
Yet, the weights of elements in U; increase quickly enough with increasing i such that,
for capacity C' = i(b + i!) it is only possible to pack i elements if all i elements are from
the set U7 U --- U Uj;.

Proposition 6.11. Let X = (e1,...,en(n+1)/2) be an incremental solution for the instance
defined above and i € [N (N + 1)]. Consider capacity C' = i(b+ i!). Then (with U; = 0
for j > N), we have

i if{e1,...,e;} CULU--- U,
i —1 else.

[ X(C)] :{

Proof. First we show that | X (C)| € {i — 1,i}. Assume | X (C)| < i — 1. Then, we have

C—w(X(C)) > i(b+i)—(i—2)(b+N!)>2b—i-N!
> b+ (N+2)!— NN +1)N!'=b+2(N +1)!
> maxw(e),

contradicting the fact that X (C) is the maximum prefix of the incremental solution X
with capacity at most C'. Assume | X (C')| > i. Then, we have

w(X(C)) > (i+1)b>ib+ (i + 1) >i(b+il) =C,

which contradicts w(X (C)) < C. We have established that | X (C)| € {1 — 1,4}.
If X(C) contains e € U; with j > i, we have

C—-wle) = ib+i)—(b+7)=0E—-1b+1i-i —j!
< (i—l)b<(z‘—1)reréi51w(e).

So X(C) \ e contains at most i — 2 elements and |X(C)| < ¢ — 1, which yields that
X (C) contains ¢ — 1 elements. Otherwise, if the elements in {ey, ..., e;} are from the set
UpU---UU;, each element has weight at most b+i!. Thus, we have w(X (C)) <i(b+il) =
C'. Therefore, | X (C')| > i which yields that X (C) contains i elements. O

We say an incremental solution to the problem instance I given above is represented
by a sequence (ci,...,c) with ¢; < ¢;41 and ¢, = N if the incremental solution adds
all elements from U,,, then all elements from U,,, and so on until adding all elements
from U,,. Only afterwards all remaining elements are added in an arbitrary order. Note
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that elements added after the last element of Uy in any incremental solution do not
influence the objective value for any capacity since when they are added the incremental
solution has already reached the maximum value of N. First, we will observe that every
incremental solution of problem instance I can be transformed into a solution that can

be represented by a sequence (cy, ..., cy) without decreasing the objective value for any
capacity.
Lemma 6.12. For every incremental solution X there is a sequence (ci,...,cp) With ¢; <

¢i+1 and ¢y = N representing an incremental solution with objective value at least f(X(C))
for all capacities C' > 0.

Proof. First, we show that there is an incremental solution X’ satisfying the following
three properties.

(i) We have f(X'(C)) > f(X(C)) forall C > 0.

(ii) For all ¢ € [N — 1], if at least one element from the set U; is added before the last
element from Uy is added, then this is true for all elements in U;.

(iii) For all i € [N], if the last element from the set U; is added before the last element
from Uy is added, then the objective value of the solution increases from i — 1 to ¢ when
this last element is added.

To show this, fix some ¢ € N such that at least one element from the set U; is added
before the last element from Uy is added in the incremental solution X. Let j € N,
j < i be the largest number such that, when the j-th element from the set U; is added,
the value of the solution increases from j — 1 to j. If this does not exist, we set j = 0.
If j = i, U; is completely added before the last element from Uy and when the last
element from U; is added to the incremental solution its value increases by one to the
value of i. Thus, suppose that j < i. All elements from U; that are added after the j-th
element do not increase the value of the solution and can thus be moved to the end of
the whole order X. Since now, there are only j elements from the set U; added before
the last element from the set Uy is added, it makes sense to add the elements from the
set U; instead of these j elements, as they have a smaller weight (if they are not already
added). We can then move the j elements from U; to the end of the order. After all these
changes the incremental solution obtains all values at least as fast as before, i.e., (i) holds.
Furthermore, (ii) and (iii) also hold because of the changes we made to the incremental
solution.

Now, we show that we can reorder the elements in the incremental solution X’ such
that the elements that are added before the last element from Uy is added are ordered
by the index of the set they belong to. Consider any two sets U;, Uj;, i < j that are
added before the last element from set Uy is added. Recall that, when the last element
from U, is added, the value of the solution is 7. This implies that at that point at most i —
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1 elements from the set U; are added. Thus, swapping the elements of U; and U; in
the incremental solution X' until all elements from U; are added before the elements
from Uj, does not decrease the value of the incremental solution for any capacity. By
doing this for all pairs (i, j), we obtain an incremental solution that can be represented
by a sequence (cy,...,cp). O

Utilizing the properties of the weights we mentioned before, we can find a collection
of conditions which are necessary and sufficient for a sequence (cy,...,c) to represent
a p-competitive incremental solution for the problem instance /. In the following, we
denote by ¢’ the index with pc,, < N and pey 1 > N and set ¢; := Z;‘:l c;. The index
¢' is needed because all indices 7 > ¢’ satisfy pc; > N, i.e., after an incremental solution
has added the set Uy 1, it is p-competitive for all capacities.

Lemma 6.13. Let (c1,...,c¢) with ¢; < ¢i41 and ¢y = N be a sequence that represents an
incremental solution for instance I. Then, the incremental solution is p-competitive if and
only if the following three conditions are satisfied:

) c =1,

(iia) t; + ¢; < |pci] foralli € [¢'] with ¢i11 < |pci] + 1,

(@iib) t; + ¢; + 1 < |pc;i| for all i € [¢'] with ¢;11 > |pei| + 1.

Proof. We first show that for a p-competitive incremental solution X that can be repre-
sented by some sequence conditions (i), (iia) and (iib) have to be satisfied.

If ¢; # 1, the incremental solution is not competitive for capacity C' = b + 1, i.e., (i)
must hold.

Consider capacity C' = (|pc;| + 1)(b+ (| pci| +1)!) for i € [¢']}. The optimum solution
of capacity C'is O(C) = U\, +1 and has value Op1(C) = |pc;] + 1. Furthermore,
f(X(C)) > ¢; + 1, since 1 (| pe;] + 1) > ¢;. Thus, X(C) contains at least ¢; + 1 elements

P
from U,,_,.
Ifciy1 < [pei]+1, X(C) contains | pc; | +1—t; elements from U, , by Proposition 6.11.

Thus, we have ¢; +1 < | p¢; | +1—t; which implies (iia). If ¢;11 > | pc;|+1, X(C) contains
|pci| — t; elements from U, , by Proposition 6.11. Thus, we have ¢; + 1 < |p¢;| — t;
which implies (iib).

We proceed to show that, conversely, an incremental solution that can be represented
by some sequence satisfying conditions (i), (iia) and (iib) is p-competitive. To this end,
fix an arbitrary incremental solution X with these properties. Since all elements have
integer weight, it suffices to show p-competitiveness for all capacities C' € N.

For capacities C' € [b+ 1], the incremental solution is p-competitive because b+ 1 is the
smallest weight of all elements and ¢; = 1 by (7), i.e., the element of smallest weight is
added first.

41
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Let ¢ € [¢]. We show that, for all capacities in
{t:(0+t:) +1,. . tiv1(b+tisa!) ],
X is p-competitive. For all capacities
Ce{tib+t:)+1,....(lpci] + 1)(b+ (Lpci] + 1)) — 1}, (6.12)

we have OpT(C) < [pci] < pe; < f(X(C)) because X (¢;(b+ t;!)) € X(C) contains at
least all elements from U,, U --- U U,, by Proposition 6.11. Thus, X is p-competitive for
all values C as in (6.12). Next, suppose that

Ce {(U)CZJ + 1)(b+ (U)CiJ + 1)!),...,ti+1(b+ti+1!)}.

Let a* = OpT(C) € {|pci] +1,...,tiy1}. This implies C > a*(b + a*!). We consider two
cases.

Case 1: ¢;11 < LpCiJ + 1.
By (iia), we have ¢; + ¢; < | pc; | and thus

1 1 1
a* —t;>ci+a" — |pe| > ;chij + ;(a* - chij) = ;a*. (6.13)

By Proposition 6.11, X (C) contains at least a* — ¢; elements from the set U, since
ci+1 < |pci] +1 < a*. This implies that, by (6.13), f(X(C)) > a* — t; > %a*, ie., Xis
p-competitive for capacity C.

Case 2: ¢;11 > |pci| + 1.
By (iib), we have ¢; + ¢; + 1 < | pc;] and thus

a*—ti—1>c¢+a" —|pci] > leciJ + 1(a* — lpail) = 1a*. (6.14)
P P P

By Proposition 6.11 X (C') contains at least a* — ¢; — 1 elements from the set U, ,. This

means that, by (6.14), f(X(C)) > a*—t;—1 > %a*, i.e., X is p-competitive for capacity C.

We conclude that, for every capacity C' € [ty 11(b+ tp41!)], X is p-competitive. For all

capacities C' > tp11(b + tp41!), the value of X (C) is at least ¢,/ 41, while the optimum

solution has value at most N. By definition of ¢ we have pcyy; > N. Therefore, X is

p-competitive. O

Ift; + ¢; = |pci], then t; + ¢; + 1 > |pci], i.e., contraposition of condition (iib) from
Lemma 6.13 yields the following.
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Corollary 6.14. If a sequence (c,...,c;) represents a p-competitive incremental solution
and t; + ¢; = | pc;| for some i € [¢'], then ¢;41 < |pe;| + 1.

In the following we show that, for 2 < p < ¢+ 1 and given some sequence (cy, ..., ¢;),
every algorithm is forced to choose ¢;+1 < |pc;] + 1 to be p-competitive for capacity

lpei] + 1.

Proposition 6.15. Let p € [2,¢ + 1], and let (c1,...,ce) with ¢; < c;+1 be a sequence
that represents an incremental solution. If the incremental solution is p-competitive, then
civ1 < |pci| + 1 foralli e [V].

Proof. By Corollary 6.14, it suffices to show that we have t; + ¢; = |pc;] for all i € [¢'].
We prove this by induction. For ¢ = 1, we have

ti+c=1+1=2=|p] = |pc1],

where we use the fact that ¢; = 1 by Lemma 6.13(1).
Suppose that

holds for some i € [¢' — 1]. By Lemma 6.13 (iia) and (iib), we have ¢;11 + ¢;+1 < [pcit1]-
Thus, it remains to show that

tiv1 + ciy1 > [pciy1]. (6.16)

To prove this, we first calculate for p € (2, + 1]:

B-=pp-1)  —(p-27+1 1
-2 T -2 p-2 7Y
@11—(<p—1):¢—(¢—1):1, 6.17)

where for the inequality we use that p < ¢+ 1. In the case p = 2 we can calculate directly
p—2=0<1=(3-p)(p—1). We obtain

B=pllp—De]+1 > B=plp-De—-1)+1
= B=plp—Deitp-2
(6.17)
> (p=2)ci+p—2
(p—2)(c; +1). (6.18)
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Utilizing this inequality, we have

Lp—2)(lpcs) +1)] = [(p=2([(p— Dei] + ¢ +1)]
= [llp—1e +(p—3)L(p— Dei] + (p—2)(ei +1)
= [lp—1ec J [( 3)(p—Dei] + (p—2)(ci +1)]
(6.18)
< llp=Dei) +

where for the third equation we use that |(p — 1)¢;] € N. Because both sides of this
inequality are in N, we have

(o =2)(lpei] +1)] < [(p = V)ci) (6.19)
This yields
lpcital = (p—2)cit1] +2¢ia
Cor. 6.14
< -2l + 1)) + 2600
(6.19)
< L[(p = Vei] +2¢i41
= |pca] —ci+2ci
€1 ti + 2¢i11
tiy1 + Cit1,
i.e., (6.16) holds. By induction ¢; + ¢; = | pc; | follows for all i € [¢']. O

Theorem 6.16. For p < ¢ + 1, there is no p-competitive algorithm for problem instance [
with sufficiently large N € N.

Proof. Suppose, for p < 2, there was a p-competitive incremental solution represented
by the sequence (cy,...,cs). Yet, Lemma 6.13 implies that

2=t1+c1 <|pc] =1

which is a contradiction, i.e., for p < 2, there is no p-competitive incremental solution.

Next, suppose that for p € [2, ¢ + 1) there was a p-competitive incremental solution.
Let the number of disjoint sets N € N in the instance I be sufficiently large, and let
(c1,...,ce) with ¢; > ¢;41 for all i € [¢ — 1] be the sequence representing a p-competitive
incremental solution. By Lemma 6.13 and Proposition 6.15, we know that the following
conditions are satisfied:
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(i) c1=1,

() t; +¢ < I_pCiJ forall i € [5/],

(iii) Ciy1 < chiJ +1forall: e [6/]

For1 < j <14 </, from (i) it follows that

1 (i) 1 1M1 1 I
ch;chjJ 2 p(cj+1—1)2p[p<cj+2—1>—1} > > o=y

This implies

- (A= p e —i). (6.20)

Fori € {2,...,¢'}, we obtain

.. T((l —p e —i) +1

— = (1 —pi - CZ) +1. (6.21)

Observe that ¢j1 > ¢; for all j € [¢ — 1] implies ¢; > j for all j € [¢]. It follows that

1 @ 1 ¢zj 1 1+ 1
czzpfl({pcij—cz)z _1ti > P—l' (2 ),
which implies that
i _2(p-1)
—< =7 6.22
| ( )
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By definition of ¢ and by Proposition 6.15, ¢’ increases when N is increased sufficiently.
Thus, for every € > 0, there exists some N € N such that

0622 2(p—1) ¢
R P U g ,
cp V+1 — 2 (6 23)
and
< % (6.24)

Since we chose N sufficiently large, we can assume that this holds. Let e =1 — p—;lgo.
Note that ¢ > 0 because p < ¢ + 1. We obtain

(6.21) 1 A
p > 1(1—p_ﬁ—>+1
1-— P Cyr
(6.23),(6.24) 1
> 1_p_l(l—s)+1
-1
- p(1—<1—p¢>)+1
p—1 p
= p+1,

This yields a contradiction to the fact that p < ¢ 4+ 1. Thus, there is no p-competitive
algorithm for p < ¢ + 1. O

This result immediately yields the desired lower bound.

Corollary 6.17. The competitive ratio of INcMaxKnap with monotone, 1-bounded, and frac-
tionally subadditive objectives is at least ¢ + 1.

6.2. Non-Strict Analysis

In the upper and lower bound in Theorems 6.8 and 6.10 it becomes apparent that the
value of M has a lot of impact on the competitive ratio because we are always forced to
add the element of smallest weight first. In order to avoid this one can allow some slack
in the analysis, i.e., use the non-strict competitive ratio instead of the strict version. In
this section, we investigate the non-strict competitive ratio of INCMAXKNAP.
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6.2.1. An Adapted Capacity Scaling Algorithm

Recall that the CARDINALITYSCALING algorithm presented in Section 4.1.1 adds optimum
solutions for capacities ¢q,co,... one after the other. The capacities are chosen such
that ¢y = 1 and ¢;41 = [d¢;] for all i € N with a scaling parameter § > 1. We adapt
this algorithm to the INcMaxKnaP problem. The algorithm KNAPSACKSCALING sets ¢; =
min.cy w(e) and calculates ¢;11 = d¢; for scaling parameter § = ¢ + 1 where ¢ is the
golden ratio. Then, similar to the DOUBLEScCALING algorithm, in phase ¢ € N, it adds the
elements of the set O(¢;) in an order such that (6.4) holds. The non-strict competitive
ratio of this algorithm is smaller than the strict competitive ratio of DOUBLESCALING in
Theorem 6.8 and, furthermore, independent of M (except for the additive constant).

Theorem 6.18. The algorithm KNAPSACKSCALING is non-strictly (¢ + 1)-competitive with
additive constant o = (¢ + 1) M.

Proof. Let X” denote the incremental solution of KNAPSACKSCALING. As X adds the
optimum solution of capacity ¢; = min.cy; w(e) first, we have have X*(C) = Opt(C) for
all C € [0,¢q].
Now, suppose that C' € (Z;‘:l ¢j, ci+1) forsome i € N. Note that the set X*(C) contains
the set O(¢;), i.e.,
F(XA(C)) > OpT(cy). (6.25)

By monotonicity of f, we have

OPT(C) < OPT(CZ'_H)

Cor. 6.7 .
< G (OpPT(c;) + M)
&
(6.25)
<

% (XNC) + M)

=  (p+D)(XH0C)+ M),

which yields a non-strict competitive ratio of ¢ + 1 with additive constant o = (o + 1) M.
Now, suppose that

Ce <c ch] (6.26)
j=1

for some i € N>,. Then

1—1
Lem. 1.6 1 1
E Cj eIn< <SO+—1>CiZCi<CZ'<C.
P

i=1 v
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Thus, the solution X*(C) contains all optimum sets for capacities cy, ..., c;—1 taking up
a capacity of at most 23;11 ¢j. Thus, X*(C) also contains the prefix of O(c;) of capacity
at most C' — 3_'_} ¢;, namely O(c;,C — Y% ¢;). Thus

i—1
wven = fofuc-50))

Lem 6.6 C — 3"l
L @OPT(Q) - M

Ci
Cor 6.7 C — Z;;ll Cj

Ci

(6.26) 1
> (1 —— c]-) Ort(C) — 2M

Cs
Z]l

(2 —p)OprT(C) —2M

1
= ——O0pr(C) - 2M,
o+1 ©)

<20PT(C) - M) - M

1 i-1
Cj> Ort(C) — (C_Zj_lc] + 1) M

Ci

7

Ql~

o,
==

which, yields a non-strict competitive ratio of ¢ + 1 with additive constant « = 2M. [

6.2.2. Lower Bound

We take a look at lower bounds on the non-strict competitive ratio of the INCMAXKNAP
problem.

In Proposition 3.12, we have seen that, for every additive constant « > 0, the non-strict
competitive ratio of INCMAXSEP is greater or equal to the strict competitive ratio of INc-
MaxConT. The objective of every instance of INCMAXSEP is the maximum over modular
functions over the ground set. Thus, it is an XOS-function, and therefore fractionally sub-
additive. Furthermore, it is monotone by Lemma 3.4. If it was M-bounded, every lower
bound on the non-strict competitive ratio of INCMAXSEP would transfer to the INcMaxK-
NAP problem with monotone, M-bounded, and fractionally subadditive objective. Yet,
this is not the case. In order to circumvent this problem, we reason in the following that
the proof of Proposition 3.12 can be adapted to a modified version of separable problem
instances that are 1-bounded.
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In the proof of Proposition 3.12, a lower bound instance of INcMaxCoNT is discretized
arbitrarily finely to generate an instance of INCMAXSEP. If we also do this, but addition-
ally change the value of non-empty sets to always be at least 1, we obtain a monotone,
1-bounded, and fractionally subadditive objective. The analysis of this new problem in-
stance is very similar to the analysis in the proof of Proposition 3.12. This is due to the
fact that, by discretizing very finely, the density of small sets (in the proof, sets of cardi-
nality at most (p + 1)cpin) is very close to 1. Thus, it (almost) makes no difference that
the values of a single element is increased to 1. We obtain the following.

Corollary 6.19. For every additive constant o« > 0, the (non-strict) competitive ratio of
INcMAXKNAP with monotone, M-bounded, and fractionally subadditive objectives is greater
or equal to the strict competitive ratio of INCMAXCONT.

Combining this with Theorem 3.27 yields the following

Corollary 6.20. For every additive constant « > 0, the (non-strict) competitive ratio of
INcMaxKnap with monotone, M-bounded, and fractionally subadditive objectives is at least 2.246

6.3. Application to s-t-Flows

In this section we show that the algorithms from the two previous sections can be used to
find competitive incremental solutions for incremental maximum potential-based s-t-flow
problems as in Example 6.4. Further, we show that the lower bound construction for the
strict competitive ratio from Section 6.1.2 can be modeled by a potential-based s-t-flow.
Lastly, we consider the incremental maximum s-t-flow problem without potentials and
derive upper and lower bounds for this.

Formally, for the incremental maximum potential-based s-t-flow problem on parallel
edges, we are given a directed graph G = (V, E) consisting of two nodes s and ¢ with a
collection of edges between them. The goal is to determine an order in which to build
the edges while maintaining a potential-based s-t-flow that is as large as possible. To this
end, we are given a continuous and strictly increasing potential-loss function ¢ : R — R
with lim,_, ¥ (z) = co. Every edge e has an edge resistance 5(e) > 0 and a capacity p(e).
Vertex potentials ps,p; € R induce an s-t-flow of ¥(e) = ¥~1(p/B(e)) on edge e where
p = pt — ps. This s-t-flow is only feasible if ¥(e) < p(e). The goal is to choose vertex po-
tentials p,, p: € R together with a subset of active edges that maximize the total induced
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s-t-flow. This yields the objective

max{zw ()

for all S C E. The function f is obviously monotone. We further obtain that f scaled by
(mineeg p(e)) ! is M-bounded for M := D&eer#e) hecaugse f({e}) = u(e). We proceed

o : minee p fi(c)
to show that the objective is fractionally subadditive.

T C S,p € Rsg with ¢~ (6?@) < u(e) forall e € T}

(6.27)

Proposition 6.21. The function f : 2F — R defined in (6.27) is fractionally subadditive.

Proof. Fore € E, let
pe = B(e)h(ple))

be the maximum potential difference between s and ¢ such that the flow along e induced
by the potential difference p, is still feasible, i.e., does not violate the capacity constraint
u(e). For e, e’ € E, we define ¥./(e) to be the flow value along e induced by a potential
difference of p., between s and ¢ if this flow is feasible, and 0 otherwise. For S C F, we

have
max{zw < ) T CS,peRsowith ¢~ <%> < p(e)for alle € T}
e
= maX{Zf}e/(e) J e E},
ecsS
i.e., f is an XOS-function and thus fractionally subadditive (see Example 6.2). O

Since the objective is monotone and fractionally subadditive, we obtain the following
corollaries.

Corollary 6.22. The strict competitive ratio of the incremental maximum potential-based
s-t-flow problem on parallel edges is at most

p € [max{p+1, M}, max{3.293v'M,2M },
where )M = Zecr .

Theorem 6.18 and Proposition 6.21 yield the following.
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Corollary 6.23. The non-strict competitive ratio with additive constant (¢ +1) %ﬁﬁfi} of

the incremental maximum potential-based s-t-flow problem on parallel edges is at most p+1.

It is possible to define a problem instance of the incremental maximum potential-based
s-t-flow problem on parallel edges which reflects the construction in Section 6.1.2. Thus,
the lower bound on the competitive ratio translates also to this special case.

Proposition 6.24. The strict competitive ratio of the incremental maximum potential-based
s-t-flow problem on parallel edges is at least p + 1.

Proof. Let N € N. For i = 1,..., N define E; to be a set of i parallel edges from s to ¢
with unit capacities. For e € E;, define its resistance to be 3(¢) := ¢’ for some 0 < ¢ < 1.
Let the potential loss function ¢ be continuous and strictly increasing with ¢/(0) = 0. Let
pi == €'1p(1) be the potential difference between s and ¢ inducing a flow of 1 on all edges
e € E;. Then, the maximum potential-based s-t-flow on a subset S C E := Uf\i L By is
given by

max{zw ()

ecT

_max{z > ot (2

T CS,peRsowithey™ <p> < u(e) foralleeT}
j=leck;NnS

Ble)
) | € [N]}

= maxysmE | +Z\SOE [ (e p(1)).

7=1

For all edges e € FE;, the weights that represent the construction cost of the edges is
defined as in the problem instance in Section 6.1.2 to be w(e;) = b+ i! for b = (N +
2)!. Note that the problem instance that we just defined is similar to the construction in
Section 6.1.2, with the only difference being the sum in the objective f’. This sum can
be chosen arbitrarily small by choosing ¢ small enough.

Assume there is a p-competitive incremental solution X with p < ¢+1 for this problem.
Lete’ > 0 with p+¢’ < ¢+ 1. Consider the problem instance with objective f: 2V — Rxq
such that, for all S C U, we have

f(8) = max 1SN Ey.
This instance is the same as the one defined in Section 6.1.2. By Theorem 6.16 the
solution X cannot be better than (p + £’)-competitive for the instance given by f, i.e.,
there exists C' € N with
(p+ N f(X(C)) < OpTs(0), (6.28)
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where we write OpT(c) for the optimum of capacity c in the instance given by f. Analo-
gously, we write OPT/(c) for the optimum of capacity c in the instance given by f’. As X
is p-competitive for the instance with objective function f’, we have f'(X(C)) > 1 and
thus also

(6.28) 1
<

1 < f(X(O)) Ort/(C) (6.29)

+¢&
Choose ¢ small enough such that pN21~1(e3(1)) < €. This yields
i—1 ,
71(8) = £(8) = 3_IS N Bl () < nPy (o) < (6:30)

Jj=1

for all S C U. Then, we have

prx(0) 2 (rxien + 5) O (2 1 2

pte p
g (6.29)
= OpT(C) — Py E/OPTf(C) +¢&" < OpTf(C) < OpTH(C).

This is a contradiction to the fact that X is a p-competitive incremental solution for the
instance with objective f’. Therefore, a p-competitive algorithm for the incremental max-
imum potential-based s-t-flow problem cannot exist for p < ¢ + 1. O

We now return to the incremental maximum s-t-flow problem discussed in the beginning
of the chapter. In this problem, we are given a directed graph G = (V, E) with two
designated vertices s,t € V.

For S C E, the incremental maximum s-¢-flow problem has the objective

f(S) = max{wv | there exists an s-t-flow of value v in Gg = (V, )}

It is straightforward to verify that f is modular (and, hence, also fractionally subaddi-
tive) for the case that G has only the two vertices s and ¢ and all edges go from s to t.
This problem can be solved by a greedy approach optimally. Thus, we will consider the
problem on a general directed graph G. It is easy to see that the objective does not have
to be fractionally subadditive in general. In fact, for the example of Figure 1.1, we have

f({b}) =0, f({e}) =0, f({b,c}) =k

This contradicts fractional subadditivity for the choices A = {b,c}, By = {b}, B2 = {c},
and a1 = g = 1.
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We proceed to show that, despite the lack of (fractional) subadditivity, this problem
admits a bounded competitive incremental solution. To solve this problem, we describe
the algorithm QuickeEsT-INCREMENT that has been introduced by Kalinowski et al. [43]
for a different incremental s-¢t-flow problem where the sum of the s-t-flow values for all
integer capacities C' is to be maximized. The algorithm starts by adding the shortest
path and then iteratively adds the smallest set of edges that increase the value of the
maximum s-t-flow by at least 1. We denote by r € N the number of iterations until
QUICKEST-INCREMENT terminates. Fori € {0, 1,...,r}, let \; be the size of the set added
in iteration 1, i.e., \g is the length of the shortest s-t-path, A\; the size of the set added in
iteration 1, and so on. We denote the incremental solution of the algorithm by X%.

With vmax € R defined as the maximum possible s-¢-flow value in the underlying
graph, for j € [|vmax]], we denote by k; the minimum number of edges required to
achieve an s-t-flow value of at least j. The values \; and k; are related in the following
way.

Lemma 6.25 ([43, Lemma 4]). When w(e) = u(e) = 1 for all e € E, we have \; <
ki/(j —i)foralli,j e Nwith0<i<j<r.

Using this estimate, we can find a bound on the competitive ratio of QUICKEST-INCRE-
MENT for the unit weight and unit capacity case.

Theorem 6.26. For the incremental maximum s-t-flow problem with unit capacities and
weights, the algorithm QUICKEST-INCREMENT is 2-competitive.

Proof. Note that, since we consider the unit capacity case, we have vnha.x = r + 1 because
QUICKEST-INCREMENT increases the value of the solution by exactly 1 in each iteration.

Consider some capacity C € [|E|]. If C < ki, we have f(O(C)) = 0, i.e., every
incremental solution is competitive. If C' > ki, let j := f(O(C)). Note that we have
f(O(kj)) = j = f(O(C)) and therefore C > k;. By Lemma 6.25, we have

[7/2]-1 [5/21-1 [7/21-1

k. 1
)\i < 7]:]€ B N
[3/2]-1 1 j 1
<k - =l = . < k= 6.31
SR D 1 jML%JH‘j (621
This implies f(XA(0)) > F(XA(k) o [4] = Lj = LA(O(C)). 0

Now, we turn to the case of unit capacities and rational weights. By rescaling the
weights, we can assume that, without loss of generality, the weights are integral. To
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transform an instance with integral weights to one where all edges have unit weight,
one can simply replace every edge e € E by a path of length w(e) where every edge on
the new path has unit weight. Then, Theorem 6.26 can be applied and we obtain the
following.

Corollary 6.27. The algorithm QUICKEST-INCREMENT is 2-competitive for the incremental
maximum s-t-flow problem with unit capacities and w(e) € Q¢ for all e € E.

If we consider capacities that are in the interval [1, M], one s-t-path can carry at most M
times as much s-t-flow as every other s-t-path. Combining this with the fact that the
incremental solution of QUICKEST-INCREMENT for the instance with p(e) = 1 foralle € E
is 2-competitive yields that adding the edges in the same order is always within a factor
of 2M of the optimum solution.

Corollary 6.28. The solution obtained by QUICKEST-INCREMENT when the capacities are all set
to 1 is 2M-competitive for the incremental maximum s-t-flow problem with p(e) € [1, M],
w(e) € Q¢ forall e € E.

As it turns out, the competitive ratio of QUICKEST-INCREMENT of 2 in the unit capacity
case is optimal.

Theorem 6.29. The competitive ratio of the incremental maximum s-t-flow problem with
unit capacities and weights is at least 2.

Proof. Consider the directed graph G = (V, E) with

Vo= {S,t,'LLl,UQ,Ug,Ul,UQ,Ug},
E = {(Saul)’ (577}1)7 (ulvuZ)a (Ula U2)7 (UQ,U;),), (U27U3)7 (USat)a ('USat)a (ul,vg)},

with unit capacities and unit weights (cf. Figure 6.2). Let X be an arbitrary incremental
solution that is p-competitive. If the first three elements added by X are not the elements
(s,u1), (u1,v3), and (vs, t) (in any order) then the incremental solution is not competitive
for capacity 3. Thus, any competitive solution starts by adding these three elements.
This, however, implies that the first eight elements of X cannot contain the elements of
the upper and lower paths, i.e., we have

{(87 Ul), (ulu UQ), (’LLQ, US), (U37 t)} U {(87 /Ul)) (Ulu U2)7 (UQ) 2}3)7 (1}37 t)} fd— X(S)
This implies that f(X(8)) = 1. Since OprT(8) = 2, we obtain p > 2, as claimed. O

Furthermore, similar to the INcMaXKNAP problem with a fractionally subadditive, M-
bounded objective function, no algorithm can have a competitive ratio better than M
when p(e) € [1, M] foralle € E.
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Figure 6.2.: A lower bound instance with best possible competitive ratio 2 for the incre-
mental maximum s-¢-flow problem

Theorem 6.30. The competitive ratio of the incremental maximum s-t-flow problem with
unit weights and p(e) € [1, M] for all e € E is at least M.

Proof. Consider the directed graph G = (V, E) with

vV o= {S,t,U},
E = {(S,t),(s,v),(v,t)},

with unit weights and capacities u((s,t)) = 1, u((s,v)) = u((v,t)) = M (cf. Figure 1.1
with k = M).

Let X be an arbitrary incremental solution. If X does not begin with element (s, ),
then it is not competitive for capacity 1. This, however, implies that, if X is competitive,
we have X (2) # {(s,v), (v,t)}. Thus, we have f(X(2)) = 1 while OpT(2) = M. This
implies p > M, as claimed. O]
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7. Conclusion

The goal of this work was to investigate the competitive ratio of the INcMax problem. We
have seen right from the start, in the instance in Figure 1.1, that the competitive ratio
of INcMax is unbounded. Thus, we tried to find meaningful subclasses of INcMax that
induce a bounded competitive ratio.

In Chapter 2, we analyzed the GREEDyY algorithm that iteratively adds the element
that yields the largest increase in the objective value. For this, we introduced the class of
~-a-augmentable problems and showed that it encompasses important classes of greedily
approximable problems from the literature, e.g., problems with an a-augmentable objec-
tive, objectives with a bounded submodularity ratio, or objectives that are weighted rank
functions. We gave an upper bound on the competitive ratio of 2= (7 . fa(l(lc;)wl
This bound is tight for curvature ¢ = 1 and recovers the known bounds for the subclass
with a-augmentable objectives, as well as for the subclass with objectives with bounded
submodularity ratio and curvature c. Our tight lower bound also closed a gap left in the
analysis of the class with c-augmentable objectives left in [5].

Then, we turned to analyzing the competitive ratio of the class INCMAX,.. of instances
with and accountable objectives. In Chapter 3, we reduced this problem to analyzing
the competitive ratio of the well-structured subclass INcMaxSEp. We introduced Inc-
MaxCoNT as a continuization of INCMAxSEP and showed that lower bounds on the strict
competitive ratio of INCcMaxCoNT are also a lower bound on the (non-strict) competitive
ratio of INcCMAxSEP. We gave evidence that the upper bound of ¢ + 1 on the competitive
ratio might actually be tight. Using a similar technique, we gave an improved lower bound
of 2.246 on the competitive ratio of INcMaxCoNT. Subsequently, in Chapter 4, we took
one step back and investigated the INCMAXSEP problem again. We presented three de-
terministic algorithms, CARDINALITYSCALING, VALUESCALING, and DENSITYSCALING, and
gave tight bounds on their competitive ratio of ¢ + 1, ¢ + 1, and 4, respectively. Lastly,
we turned to randomized algorithms, where the RANDScALING algorithm, a randomized
version of CARDINALITYSCALING, gave an upper bound of 1.772 on the randomized com-
petitive ratio of INCMAxSEP. We complemented this with a lower bound of 1.357 by using
Yao’s principle.

In Chapter 5, we introduced the new class of S-accountable functions that generalizes
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the classes of accountable, subadditive, and y-a-augmentable functions. We gave upper
and lower bounds on the competitive ratio of the class with S-accountable objectives, that
are tight for 8 — 0. For § = 1, the upper bound exactly recovers the best upper bound
of ¢ + 1 known for the class with accountable objectives. For § = %, we showed that we
capture the class of subadditive objectives and obtain an upper bound of 2 + /2 on its
competitive ratio, which, to our knowledge, is the first one known.

Lastly, in Chapter 6, we considered INcMAxKNAP, a variation of INcMax where we
are not given an unknown cardinality constraint, but an unknown knapsack constraint.
We started off by investigating the strict competitive ratio of this problem for objectives
that are monotone, fractionally subadditive and M-bounded. We gave upper and lower
bounds and could see that, for large M, the competitive ratio grows linearly in M. In
order to avoid this, we turned to the non-strict competitive ratio and showed that an al-
gorithm with constant non-strict competitive ratio ¢ + 1 and additive constant (¢ + 1) M
exists. We also argued that every lower bound on the strict competitive ratio of INCMAX-
ConT, e.g., the bound of 2.246 from Section 3.2.2, is a lower bound on the non-strict
competitive ratio for INcMax under a knapsack constraint with monotone, fractionally
subadditive and M-bounded objective for all M > 1.

7.1. Future Work

While we were able to show a bounded competitive ratio for many natural problem
classes, there are still relatively simple problems that admit a competitive solution, but
that are not captured by any of our settings.

Proposition 7.1. For all § € (0, 1], there exists an instance of INcMax that is not weakly
[-accountable, and for which every ordering is an optimal incremental solution.

Proof. Let U = N and consider the objective function f: 2V — Rsq such that, for all
SCU,
F(8) =15

It is obvious that every ordering of the elements in U is optimal because all elements
are symmetrical with regard to f. Monotonicity of f follows immediately from the fact
that the function 22 is non-decreasing for z > 0. It remains to show that f is not j3-
accountable. For this, let k = [%1 + 1 consider the set S = [k] C U. Let (eq,...,ex) be
any ordering of the elements in S. Then

1

Fer}) = 1< 8k = Bk = 63 7(5),
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i.e., f is not B-accountable. O

One problem with the instance in Proposition 7.1 it that the objective value grows very
fast with increasing set size. Thus, the objective is not S-accountable. Yet, the elements
behave very symmetrically which is why a competitive incremental solution exists. We
leave it as an open question to find a natural problem class that captures such problems
where the elements are rather symmetrical, and to find a generalization of it that also
encompasses [3-accountable objectives.

We explored one generalization of the unknown cardinality constraint in Chapter 6
where we looked at the problem under an unknown knapsack constraint. A knapsack
constraint requires that the value of our solution under some modular function does not
exceed an unknown value. In future work, this can be generalized even further to not
only consider modular functions, but any monotone function. A cardinality constraint
can also be expressed as the requirement that the solution has to be independent in
some uniform matroid. To generalize this, rather than considering an unknown uniform
matroid constraint, one can consider some unknown matroid constraint or an unknown
independence system constraint.

Many of our results are not tight, so, naturally, the open question arises to find tight
bounds in these settings. Examples include the deterministic and randomized compet-
itive ratio of INCMAX,, the deterministic competitive ratio of the class INcMax with -
accountable objectives, or the strict and non-strict competitive ratio of INCMAx under a
knapsack constraint with monotone, fractionally subadditive and M -bounded objective.

We leave it open to find a natural generalization of weak y-a-augmentability that cap-
tures a larger set of greedily approximable objectives. The challenge is to find a mean-
ingful generalization in terms of a natural definition that does not directly depend on
the behavior of the GREEDY algorithm as it it the case with weak y-a-augmentability, but
rather enforces some structural property of the objective function.
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bound C | bound C | bound C | bound C | bound

0.64208 || 35 | 0.57597 69 | 0.57364 || 103 | 0.57187 || 137 | 0.57071
0.65090 || 36 | 0.57576 70 | 0.57369 || 104 | 0.57184 || 138 | 0.57069
0.60073 || 37 | 0.57576 71 | 0.57370 || 105 | 0.57185 || 139 | 0.57064
0.59777 || 38 | 0.57582 72 | 0.57378 || 106 | 0.57179 || 140 | 0.57063
0.58725 || 39 | 0.57601 73 | 0.57374 || 107 | 0.57171 || 141 | 0.57063
0.58432 || 40 | 0.57618 74 | 0.57371 || 108 | 0.57171 || 142 | 0.57059
0.59353 || 41 | 0.57598 75 | 0.57369 || 109 | 0.57168 || 143 | 0.57057
0.59445 || 42 | 0.57600 76 | 0.57370 || 110 | 0.57162 || 144 | 0.57054
0.59025 || 43 | 0.57591 77 | 0.57364 || 111 | 0.57159 || 145 | 0.57050
10 | 0.59115 || 44 | 0.57588 78 | 0.57360 || 112 | 0.57153 || 146 | 0.57050
11 | 0.58804 || 45 | 0.57591 79 | 0.57354 || 113 | 0.57145 || 147 | 0.57049
12 | 0.58747 || 46 | 0.57593 80 | 0.57338 || 114 | 0.57146 || 148 | 0.57046
13 | 0.59052 || 47 | 0.57567 81 | 0.57325 || 115 | 0.57143 || 149 | 0.57045
14 | 0.59002 || 48 | 0.57545 82 | 0.57323 || 116 | 0.57139 || 150 | 0.57042
15 | 0.58765 || 49 | 0.57531 83 | 0.57313 || 117 | 0.57137 || 151 | 0.57038
16 | 0.58664 || 50 | 0.57511 84 | 0.57308 || 118 | 0.57130 || 152 | 0.57038
17 | 0.58482 || 51 | 0.57512 85 | 0.57302 || 119 | 0.57125 || 153 | 0.57036
18 | 0.58287 || 52 | 0.57510 86 | 0.57288 || 120 | 0.57125 || 154 | 0.57032
19 | 0.58344 || 53 | 0.57486 87 | 0.57280 || 121 | 0.57121 || 155 | 0.57030
20 | 0.58278 || 54 | 0.57479 88 | 0.57275 || 122 | 0.57116 || 156 | 0.57026
21 | 0.58143 || 55 | 0.57462 89 | 0.57268 || 123 | 0.57113 || 157 | 0.57021
22 | 0.58114 || 56 | 0.57444 90 | 0.57266 || 124 | 0.57106 || 158 | 0.57018
23 | 0.57983 || 57 | 0.57452 91 | 0.57259 || 125 | 0.57098 || 159 | 0.57016
24 | 0.57885 || 58 | 0.57446 92 | 0.57244 || 126 | 0.57096 || 160 | 0.57011
25 1 0.57921 || 59 | 0.57432 93 | 0.57232 || 127 | 0.57091 || 161 | 0.57007
26 | 0.57858 || 60 | 0.57422 94 | 0.57224 || 128 | 0.57087 || 162 | 0.57003
27 | 0.57814 || 61 | 0.57405 95 | 0.57214 || 129 | 0.57083 || 163 | 0.56999
28 | 0.57791 || 62 | 0.57380 96 | 0.57209 || 130 | 0.57078 || 164 | 0.56997
29 | 0.57698 || 63 | 0.57377 97 | 0.57201 || 131 | 0.57077 || 165 | 0.56997
30 | 0.57609 || 64 | 0.57369 98 | 0.57195 || 132 | 0.57076 || 166 | 0.56995
31 | 0.57609 || 65 | 0.57361 99 | 0.57195 || 133 | 0.57073 || 167 | 0.56995
32 | 0.57583 || 66 | 0.57369 || 100 | 0.57191 || 134 | 0.57075 || 168 | 0.56994
33 | 0.57581 || 67 | 0.57369 || 101 | 0.57185 || 135 | 0.57076 || 169 | 0.56990
34 | 0.57615 || 68 | 0.57359 || 102 | 0.57189 || 136 | 0.57073 || 170 | 0.56990

O OO U WN RO

Figure A.1.: Evaluations for C' € [170] of the lower bounds on the inverse of the random-
ized competitive ratio that was derived in (4.21) in the proof of Theorem 4.21.
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