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Abstract In the k-median problem we are given sets of facilities and customers, and
distances between them. For a given set F of facilities, the cost of serving a customer
u is the minimum distance between u and a facility in F. The goal is to find a set F'
of k facilities that minimizes the sum, over all customers, of their service costs.

Following the work of Mettu and Plaxton, we study the incremental medians prob-
lem, where k is not known in advance. An incremental algorithm produces a nested
sequence of facility sets F; € F> C --- C F,,, where |Fi| = k for each k. Such an
algorithm is called c-cost-competitive if the cost of each Fj is at most ¢ times the
optimum k-median cost. We give improved incremental algorithms for the metric
version of this problem: an 8-cost-competitive deterministic algorithm, a 2e &~ 5.44-
cost-competitive randomized algorithm, a (24 + €)-cost-competitive, polynomial-
time deterministic algorithm, and a 6e + € =~ 16.31-cost-competitive, polynomial-
time randomized algorithm.

We also consider the competitive ratio with respect to size. An algorithm is s-size-
competitive if the cost of each Fj is at most the minimum cost of any set of k facili-
ties, while the size of Fj is at most sk. We show that the optimal size-competitive
ratios for this problem, in the deterministic and randomized cases, are 4 and e.
For polynomial-time algorithms, we present the first polynomial-time O (logm)-
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size-approximation algorithm for the offline problem, as well as a polynomial-time
O (log m)-size-competitive algorithm for the incremental problem.

Our upper bound proofs reduce the incremental medians problem to the following
online bidding problem: faced with some unknown threshold 7 € R, an algorithm
must submit “bids” b € R™ until it submits a bid » > T, paying the sum of all its bids.
We present folklore algorithms for online bidding and prove that they are optimally
competitive.

We extend some of the above results for incremental medians to approximately
metric distance functions and to incremental fractional medians. Finally, we consider
arestricted version of the incremental medians problem where k is restricted to one of
two given values, for which we give a deterministic algorithm with a nearly optimal
cost-competitive ratio.

1 Introduction and Summary of Results

The k-Median Problem An instance of the k-median problem is specified by a finite
set C of customers, a finite set F of facilities, and, for each customer u and facility f,
a distance d,,y > 0 from u to f representing the cost of serving u from f. The cost
of a set of facilities F C F is cost(F) = ZMEC dyr, where d,r =minser d,s. Fora
given k, the offline k-median problem is to compute a k-median, that is, a set F C F
of cardinality k for which cost(F) is minimum (among all sets of cardinality k). This
minimum cost is denoted opt;. An instance of the k-median problem is called metric
if the distance function is a metric (the shortest u-to- f path has length d, ¢ for each
ueCand f eF).

The k-median problem is a well-known NP-hard facility location problem. Sub-
stantial work has been done on efficient approximation algorithms that, given k, find
a set Fy of k facilities of approximately minimum cost [1-3, 7-9, 17-19, 26, 30]. In
particular, for the metric version, Arya et al. [2, 3] show that, for any € > 0, a set F
of cost at most (3 4 €)opt; can be found in polynomial time.

Incremental Medians The incremental medians problem is a version of the k-
median problem where k is not specified in advance [27, 28]. Instead, authorizations
for additional facilities arrive over time. Given an instance of the k-median prob-
lem, a (possibly randomized) algorithm produces a sequence F = (Fi, F>, ..., Fy)
of facility sets, where F1 C F, C--- C F, C F, and | Fy| <k for all k.

In general, in an incremental solution, the Fi’s cannot all simultaneously have
minimum cost. An algorithm is said to be c-cost-competitive, or to have cost-
competitive ratio of c, if it produces a (possibly random) sequence F of sets which
is c-cost-competitive, that is, such that for each k, the set Fy has size at most k and
(expected) cost at most ¢ - opt.

Alternatively, an algorithm is s-size-competitive if it produces a (possibly random)
sequence F of sets which is s-size-competitive, that is, such that each set Fj has cost
at most opt; and (expected) size at most sk.

For offline solutions we use the term “approximate” instead of “competitive”.
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Online Bidding To analyze incremental medians, we reduce the various incremental
medians problems to the following folklore online bidding problem. An algorithm
repeatedly submits “bids” b € R, until it submits a bid b that is at least as large as
some unknown threshold 7' € R™. The algorithm’s cost is the sum of the submitted
bids. The algorithm is S-competitive if, for any T € R, its cost is at most BT (or,
if the algorithm is randomized, its expected cost is at most B7"). More generally, the
algorithm may be given in advance a closed universe i/ C R*, with a guarantee that
the threshold T is in U/ and a requirement that all bids be in {/. (To handle the case
when U includes arbitrarily small positive numbers, we allow the bidding sequence
to be left-infinite—see Sect. 2 for a formal definition.)

In Sect. 2 we completely characterize optimal competitive ratios for deterministic
and randomized algorithms for online bidding:

Theorem 1 (folklore)

(a) The online bidding problem has a deterministic 4-competitive algorithm. If the
universe U is finite, this algorithm runs in time polynomial in |U|.

(b) The online bidding problem has a randomized e-competitive algorithm. If U is
finite, this algorithm runs in time polynomial in |U|.

Throughout, [n] denotes {1, 2, ..., n}.

Theorem 2 (folklore)

(a) No deterministic algorithm for online bidding is less than 4-competitive, even
when restricted to instances of the form U = [n] for some integer n.

(b) No randomized algorithm for online bidding is less than e-competitive, even when
restricted to instances of the form U = [n] for some integer n.

Portions of Theorems 1 and 2 are folklore. In particular, Theorem 1(a) uses a
doubling algorithm that has been used previously in several papers, first in [21, 29]
and later in [5, 6, 13, 15, 16]. Some of these papers also have the randomized upper
bound. We include proofs of all bounds for completeness. Our main new contribution
in this setting is Theorem 2(b), a randomized lower bound that matches the known
upper bound.

Size-Competitiveness To our knowledge, size-competitive algorithms for incremen-
tal medians have not been studied, although other online problems have been ana-
lyzed in an analogous setting of resource augmentation (e.g. [10, 20, 23]). For unre-
stricted (possibly non-polynomial-time) algorithms, we completely characterize the
optimal size-competitive ratios:

Theorem 3

(a) The incremental medians problem has a 4-size-competitive deterministic algo-
rithm.
(b) No deterministic incremental algorithm has size-competitive ratio smaller than 4.
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Theorem 4

(a) The incremental medians problem has an e-size-competitive randomized algo-
rithm.
(b) No randomized incremental algorithm has size-competitive ratio smaller than e.

We stress that the upper and lower bounds in Theorems 3 and 4 are for unrestricted
algorithms and hold for both the metric and non-metric problems.

Regarding polynomial-time algorithms, previously no polynomial-time size-
approximation algorithms for k-medians were known, even for the offline problem.
The best previous result for the offline problem is a bicriteria-approximation algo-
rithm which finds a facility set of size O (k log(m +m/€)) and cost at most (1 +€)opt;,
[30] (improving on the previous work in [22, 25, 26, 30]). We first improve this result
to obtain an offline size-approximation algorithm:

Theorem S5 The offline k-median problem has a polynomial-time O (logm)-size-
approximation algorithm, where m = |C| is the number of customers.

Note that this algorithm finds a true (not bicriteria) approximate solution: a facility
set of size O (klogm) and cost at most opt;,. We use this result and a reduction to give
a polynomial-time size-approximation algorithm for the incremental problem:

Theorem 6 The incremental medians problem has a polynomial-time O (logm)-size-
competitive algorithm.

The bounds in Theorems 5 and 6 are optimal in the sense that no polynomial-time
algorithm (incremental or offline) is o(log m)-size-competitive unless P=NP, even for
the metric case. This follows from known results on the hardness of approximating
set cover.

Theorems 3, 4, and 6 (proven in Sect. 3) imply the size-competitive ratios shown
in Table 1.

Cost-competitive Incremental Medians For incremental medians, Mettu and Plax-
ton [27, 28] give a c-cost-competitive linear-time algorithm with ¢ ~ 30. We improve
this result. The problem is difficult both because (i) the solution must be incremental,
and (ii) even the offline problem is NP-hard. To study separately the effects of the two
difficulties, we consider both polynomial-time and unrestricted algorithms, proving
the following two theorems (see Sect. 4 for the proofs):

Table 1 Competitive ratios shown for incremental medians and online bidding. Ratios in bold are optimal

problem cost-competitive, metric size-competitive bidding
time polynomial unrestricted polynomial unrestricted polynomial
deterministic 24+ € 8 O (logm) 4 4
randomized 6e +€ < 16.31 2e <5.44 O(logm) e<2.72 e<272
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Theorem 7

(a) The metric incremental medians problem has an 8-cost-competitive deterministic
algorithm.

(b) Suppose that the offline metric k-median problem has a polynomial-time c-
cost-approximation algorithm. Then the incremental medians problem has a
polynomial-time 8c-cost-competitive deterministic algorithm.

Theorem 8

(a) The metric incremental medians problem has a 2e-cost-competitive randomized
algorithm.

(b) Suppose that the offline metric k-median problem has a polynomial-time c-
cost-approximation algorithm. Then the incremental medians problem has a
polynomial-time 2ec-cost-competitive randomized algorithm.

As it is known that there is a polynomial-time (3 + €)-cost-approximation algo-
rithm for the metric k-median problem [2, 3], Theorems 7 and 8 imply the cost-
competitive ratios shown in Table 1.

Theorems 7 and 8 were recently and independently discovered by Lin, Nagarajan,
Rajaraman and Williamson [24]. For polynomial-time algorithms, they improve the
cost-competitive ratios further to 16 and 4e, in the deterministic and randomized
cases, respectively. (The general approach in [24] is based on the doubling method
similar to ours; the improvements were accomplished using a Lagrangian-multiplier-
preserving approximation for facility location.) They also generalize the approach to
incremental versions of k-MST, k-vertex cover, k-set cover, facility location, and to
hierarchical k-median.

A-Relaxed Metrics Mettu and Plaxton show that their incremental medians algo-
rithm also works in “A-approximate” metric spaces, achieving cost-competitive-ratio
O (A% [27,28]. We get a similar result. Let A > 1. We say that the cost function d is a
A-relaxed metric if dyy < AM(d sy + dxg + dgy) for any facilities f, g and customers x
and y. (This condition is somewhat less restrictive than the one in [27, 28]. A related
concept was studied in [14].) In Sect. 5, we prove that Theorems 7 and 8 generalize
as follows:

Theorem 9

(a) The incremental medians problem for A-relaxed metrics has a deterministic al-
gorithm with cost-competitive ratio 8\

(b) If the offline k-median problem for A-relaxed metrics has a polynomial-time c-
cost-approximation algorithm, then the incremental version has a deterministic
polynomial-time algorithm with cost-competitive ratio 8\*c.

Theorem 10

(a) The incremental medians problem for A-relaxed metrics has a randomized algo-
rithm with cost-competitive ratio 2e)>.
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(b) If the offline k-median problem for A-relaxed metrics has a polynomial-time c-
cost-approximation algorithm, then the incremental version has a randomized
polynomial-time algorithm with cost-competitive ratio 2eX>c.

Incremental Fractional Medians A fractional k-median x is a solution to the stan-
dard linear program relaxation for the k-median problem (see Sect. 6). In this linear
program, x, specifies how much of the demand from customer u is served by fa-
cility f; thus we have a constraint ) feFXuf = 1. For each f € F, the capacity
required at f is |x| f = maX,¢c X, f, and the total capacity of x is |x| = Zfe]—' [x] 7.
(Naturally, this corresponds to the cardinality of x in the integral case.) We require
that |x| < k, and the objective is to minimize the cost of x, defined by cost(x) =
ZueC,fe}' dyfXuf-

For two fractional medians x, x’, we say that x dominates x' if |x'| f < |x| for
each facility f € F. An incremental fractional median is defined by a sequence (x%);
of fractional k-medians, one for each k € [n], where each x*+1 dominates x¥, for
k > n. This sequence is c-cost-competitive if cost(xk) < ¢ - opt;, for each k, where
opt; is the minimum cost of any (non-incremental) fractional k-median.

To prove the theorem below (see Sect. 6), we extend the proof of Theorem 8 to the
fractional case, then note that the randomized algorithm for the fractional problem
can be derandomized without increasing the competitive ratio.

Theorem 11 If the distance function is metric then there is a deterministic
polynomial-time algorithm that produces a 2e-cost-competitive incremental frac-
tional median.

One motivation for introducing fractional incremental medians (in addition to its
own independent interest) is the possibility that the above theorem, or its improve-
ments, could be used to improve the c-cost-competitive ratio for the integral case.
Note that opf; < opty, so if we could somehow round a fractional c-competitive in-
cremental median to an integral solution, giving up a factor of, say, 3 in the cost, then
we would have a 3c-cost-competitive deterministic algorithm for incremental medi-
ans. (See [4] for a similar approach for online problems.) However, the ratio 2e above
is insufficient for this, in that even with ¢ = 2e, the resulting ratio 3¢ = 6e is larger
than the current best ratio of 16. Note that we are unlikely to lose less than a factor of
3 in rounding the fractional incremental median, as it is at least as hard as rounding a
fractional k-median.

The kl-Medians Problem A natural question to ask is whether better competitive
ratios are possible if the number of facilities can take only some limited number
of values. As shown in [27, 28], no algorithm can be better than 2-competitive even
when there are only two possible numbers of facilities, either 1 or k, for some large k.

For any 1 <k <[ <n, we define the kl-medians problem as the restricted version
of the incremental medians problem where the number of facilities is either k or /. In
Sect. 7, we determine almost exactly the competitive ratio of the k/-medians problem
in the deterministic case:
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Theorem 12 Let 1 <k <[ <n. (a) If the distance function is metric, then there is
a deterministic kl-median algorithm with cost-competitive ratio 2 — 1/1, and (b) no
ratio better than 2 — 1 /(I — k + 1) is possible.

Bicriteria Approximations We say that an algorithm for the k-median problem is
a bicriteria (c, s)-approximation algorithm if it approximates the cost within the
ratio of ¢ and the size within the ratio of s. Such bicriteria approximation algo-
rithms for k-medians have been studied by many authors, [22, 25, 26, 30]. We re-
mark without proof that, analogously to Theorem 7 and Theorem 3, one can trans-
form any offline polynomial-time bicriteria (c, s)-approximation algorithm into a
polynomial-time incremental algorithm whose bicriteria performance guarantee is
either (c,4s) or (8¢, s). For example, for metric spaces, using the approximation
results from [2, 3, 22, 25] one can obtain incremental polynomial-time algorithms
with the following respective bicriteria ratios: (3 + €,4), (2 + €, 4(1 4+ 2¢~1)), and
(14+¢€,43 +5¢71)), where € > 0.

Weighted Medians 1t is quite easy to see that all of the results in this paper extend
to the version of k-medians where customers are given non-negative weights. Denote
by w, the weight of u € C. In this generalization, the cost of a facility set F is defined
by cost(F) =), <c Wudy F. The results on size-competitive algorithms can be further
extended to the case where each facility f is assigned a weight w y. The definition of
the cost function remains the same. The value k represents now an upper bound on
the allowed total facility weight 3 rcpw .

2 Online Bidding

In this section we provide a complete analysis of online bidding by proving Theo-
rems | and 2.

Throughout the paper, RT denotes the set of non-negative reals, Z the set of inte-
gers, and N7 the set of positive integers. Forn ¢ N, let [n] ={1,2,...,n}.

Given a universe I/ which is a closed subset of R™, an online bidding algorithm
outputs a bid set B C U. Against a particular threshold T € U/, the algorithm’s cost is

Y {beB:b<T}+minbeB:b>T)
The bid set B is S-competitive if, for any T € U, this cost is at most ST .

Proof of Theorem I(a) We give a deterministic 4-competitive algorithm.

First, consider the case i/ = R*. Define the algorithm to produce the set of bids
B ={0}U{2 :i e Z). If the threshold T is zero, the algorithm pays zero. For
any other threshold 7 > 0, let p be such that T € (27!, 27]. The algorithm pays
> i<,2" =271 <4T, and thus its competitive ratio is at most 4.

Next, we reduce the general case to the case if = R*. Let BB be a 4-competitive bid
set for/ = R™. For an arbitrary closed universe 4’ € R™, the algorithm produces the
bid set

B' = {max(U' N[0, b]): b € B).
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In other words, we replace each b € B with the maximum element in ¢’ N [0, b] (if
any). The cost incurred against any threshold T € U’ is at most the cost incurred
when using the bid set B against the same threshold 7. Thus, the bid set B’ is also
4-competitive.

Note that if { is finite then for the bid set B described in the previous paragraph,
the corresponding bid set B’ can be computed in time polynomial in |1/|. O

Proof of Theorem 1(b) We give a randomized e-competitive algorithm.

First, we consider the case i/ = R*. The algorithm picks a real number & € [0, 1)
uniformly at random, then produces the set of bids B = {0} U {ef¢’ :i € Z}.

We now give the analysis of this algorithm. We first observe that for any inte-
ger x, the set £ = {In(b) : b € B — {0}} induces a uniform distribution in the interval
[x,x 4+ 1), in the sense that [x, x + 1) contains exactly one element of £ and this el-
ement is uniformly distributed in [x, x + 1). This immediately implies that the above
property holds in fact for any real x.

Let T > 0 be the threshold. For any constant t, by the paragraph above, we can
equivalently describe the algorithm as producing the set of bids B = {0} U {57+ :
i € Z} where £ is distributed uniformly in [0, 1). In particular, we can take t = In(7").

Let b be the random variable equal to the largest bid paid by the algorithm, defined
by efHIM+i—1 o 7 < E+In(+ — p o in other words, efT1 71 < ¢ < 5+ =
b/T.Thus i =0 and b/T is distributed like ef with & uniform in [0, 1). It follows
that the expectation of b is T fol e*dz =T (e — 1), thus the expected total payment
incurred by the algorithm is E [Zio be 1= E[b]e /(e — 1) = eT, and the algorithm
is e-competitive.

The general case, for an arbitrary closed universe, reduces to the case If = R™ just
as in the proof of Theorem 1(a) above. O

Proof of Theorem 2(a) We now show a deterministic lower bound matching the upper
bound.

In the simple case where I/ = NT, assume (towards a contradiction) that there
exists an online algorithm with competitive ratio a < 4. Let B = {b;};>, be the bid
set produced by the algorithm, s; = Z{zl b; and y; =s;11/sj, for j > 1. Against
the threshold T = b; + 1, the algorithm pays s;,1. By our assumption, s;41 <
abj+1)=a(s; —sj—1 + 1) for all j. Rearranging, and using s; > j, we get:

Vi1 =YDy < —y; +alsjrr —sj+ Dyj/sj
=—yi+ay; —a(l—1/s))

< —yi+ayj—a(l—1/j). 1)

For a < 4 and j large enough, the discriminant a> — 4a(1 — 1/j) is negative, thus
the last expression is negative, and so the sequence (y;) is ultimately decreasing. As
it is bounded below by 1, it converges to some limit y which, by continuity, must
satisfy 0 = (y — y)y < —y? 4+ ay — a—a contradiction, since —y* + ay —a < 0 for
0<a<4andany y.

@ Springer



Algorithmica (2008) 50: 455-478 463

In the case when U = [n], for arbitrarily large n, the proof is similar but a bit more
explicit. Let B = {b;}/_ . We start out the same. Note that 51 < a(b; + 1) implies

sjy1 <8sj,andsoy; <8forall j=1,...,m—1.
Let jo be the smallest positive integer such that a> — 4a(1 — 1/jo) = —8 < 0.
Inequality (1) is valid for j = jo, ..., m — 2, so we have:

Vj+1 = ¥))yj < myax(—y2 +ay —a(l —1/jo)) = —8/4.

Since y; < 8, the above inequality implies that y; 1 — y; < —8/32. Therefore, for
j=Jo,....m—1,wehave 1 <y; <y, — (j— jo)§/32 <8 — (j — jo)§/32, so, in
particular, m < jo+ 1+4224/§. Since b,, = n (otherwise, B would not be competitive
atall), by <8, and bj41 <8b; forall j=1,...,m — 1, we get n < 8loT1+224/3
contradicting our assumption that n can be arbitrarily large. (]

Proof of Theorem 2(b) We now show a randomized lower bound matching the upper
bound. The proof consists of the two lemmas below.

Lemma 1 Let n € N*. Suppose that there are i : [n] — RT and 7 : [n] — R that
satisfy

n 1 1 b
TX_;?”(T)ZETX_‘;M(T) Vb,t:1<t<b<n. 2

Then any randomized B-competitive online bidding algorithm for U = [n] must have

n
> Zr{:] M(T) (3)
7= 7(T)
Proof Consider a S-competitive randomized algorithm for U, and let B = {b, b»,
..., by} be the ordered (random) sequence of bids produced by the algorithm. With-
out loss of generality, b;, = n.

For t < b, let X(t, b) be the characteristic function of the event that t — 1 and b
are consecutive elements of {0} U 3. The algorithm pays ) ", . >, bX (t, b) against
threshold 7'. Since it is B-competitive, this is at most BT in expectation. Since the
algorithm only stops when reaching a bid greater than or equal to 7, we must al-
ways have Zt’b:t<T<b X (t,b) > 1. Hence, together with B, the expectation x (¢, b) of
X (t, b) must form a feasible solution to the following linear program (LP):

B— bt %Z;T:M(f,b) >0 VT €[n],

minimizeg . f subjectto § S ST x(r,b) > 1 VT € [n],
x(t,b) >0 Vt,b € [n].
Thus, the value of (LP) is a lower bound on the optimal competitive ratio of the

randomized algorithm. To get a lower bound on the value of (LP), we use the dual
(DLP) (where the dual variables 7 (T') correspond to the first set of constraints and
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u(T) to the second set of constraints):

" Z?:] n(T) <1,
maximize, Z w(T) subject to Zl}zt w(T)—Y7_, %n(T) <0 Vi,beln],
= n(T),n(T) =0 VT € [n].
Now, given any p and 7 meeting the condition of the lemma, if we scale u

and 7 by dividing by Y ;7 (T), we get a feasible dual solution whose value is
> pu(T) /> ;m(T), and the lemma follows. O

Lemma 2 There exist ju: [n] — RT and 7 : [n] — R satisfying Condition (2) of
Lemma 1 and such that Y q_; w(T)/ > 7_; 7(T) > (1 — o(1))e as n — oo.

Proof Fix U arbitrarily large and let n = [U?log U]. Let & > 0 be a constant to be
determined later. We will choose « so that Condition (2) holds, and then show that
the corresponding lower bound is e(1 — o(1)) as U — oo. Define

1T ifU<T<U?logU,

0 otherwise.

/T ifU<T<U?,

0 otherwise

w(T) = { and 7(T)= {

If t > U?, then the right-hand side of Condition (2) has value 0, so the condition
holds trivially. On the other hand, since 7 (7T") and u(T') are zero for T < U, if the
condition holds for t = U, then it also holds for t < U. So, we need only verify the
condition for ¢ in the range U <t < U 2 The expression on the left-hand side of (2)
then has value

U*logU 1 1+U%logU 1 1 1
2. —zif 729 = T T U%0e0
= T t T t  1+U*logU
> ! 1 v > 1(1 (1))
—\1-— —(1 —o(D)).
ot 1+U%logU ) ~ t

In comparison, the expression on the right-hand side has value at most

b

1 o b 1 b o
max — — < omax — —dT =amax —In = .
b>t b o T b>t -1 bt b t—1 et(l1—o0())

(The second equation follows by calculus, for the maximum occurs when b =
e(t — 1).) Thus, Condition (2) is met for @ = (1 — o(1))e. Denoting by H; the jth
harmonic number, we have H; = (1 + o(1)) In(j). Using this and the bounds derived
above we get

Srn@ _ SV et
Yrp(M) g UtleelUy
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H;» — Hy_
=1 —o(l)e. —L2— U=t
U2logU — Hy
In(U?/(U — 1
> (1—o(hye: —TUZD) . (1 _p1pe
In((U%1logU)/(U — 1))
completing the proof of the lemma. U

Using the functions u and 7 from Lemma 2 in Lemma 1, we obtain a lower bound
of B> (1 —o(1))e on the competitive ratio, and Theorem 2 follows. U

3 Incremental Size-Competitive Medians

In this section we prove Theorems 3, 4, 5, and 6. The proofs are based on the re-
duction shown in the next lemma. We show that from a B-competitive algorithm for
online bidding, and a c-size-approximation algorithm for the offline k-median prob-
lem, we can construct a cf-size-competitive algorithm for the incremental medians
problem. This reduction works even for the non-metric case. The reduction takes
polynomial time, so, if the offline size-approximation algorithm runs in polynomial
time, the reduction yields a polynomial-time size-competitive algorithm. Likewise, if
the online bidding algorithm is randomized then the size-competitive algorithm will
be randomized.

Lemma 3 Assume that for each k we have a set of facilities F; of size at most sk
and cost at most opty,. Let B > 1.

Suppose that there exists a (randomized) polynomial-time B-competitive algorithm
for online bidding. Then, in (randomized) polynomial time, we can compute an incre-
mental solution F = (F}, ..., F,) where each Fy, has cost at most opty, and (expected)
size at most Bsk.

Proof We give the proof for the deterministic case. (The proof in the randomized
setting is an easy extension, and we omit it.) Let &/ = [r] and take B to be the set
of bids used by the S-competitive online bidding algorithm for universe U/. Let By
be the set of bids issued against threshold 7' = k. We define Fy = |J,p, F;. Note

that B; € B4 forall j <n, and so F is indeed an incremental solution. Further, Fj
contains Fy' for some b > k, so cost(Fy) < cost(F;\) < opt), < opt;. Finally, | Fy| <
> veB [F1 < D pep, Sb < sBk since B is f-competitive. O

Proof of Theorems 3(a) and 4(a) By Theorems 1(a), and 2(a), there are determinis-
tic and randomized algorithms for online bidding with competitive ratios of 4 and e,
respectively. Using these online bidding algorithms, and taking each F}' to be the
optimal k-median, the reduction in Lemma 3 gives a 4-size-competitive determinis-
tic algorithm and an e-size-competitive randomized algorithm for incremental medi-
ans. U

Next, we turn our attention to the proof of Theorem 3(b), our lower bound on
the size-competitiveness of unrestricted algorithms for incremental medians. We do
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this by showing the converse of the reduction in Lemma 3. That is, we show that
competitive online bidding reduces to size-competitive incremental medians:

Lemma 4 Let s > 1 and assume that, for incremental medians (metric or not), there
is a (possibly randomized) s-size-competitive algorithm. Then, for any integer n, there
is a (randomized) s-competitive algorithm for online bidding with U = [n].

Proof We give the proof in the deterministic setting. (The proof in the randomized
setting is an easy extension, and we omit it.) For any arbitrarily large m, we construct
aset C of customers, a set F of facilities, and a metric distance function dy, s, foru € C
and f € F. The facility set F will be partitioned into disjoint sets My, M2, ..., M,,,
where | My | = k for each k, with the following property:

(x) For all k, and for every set F of facilities, if cost(F) < cost(M}) then there exists
£ >k such that My C F.

Notice that the condition (x) implies that cost(My) > cost(My41) for k < m, and that
each My is the unique optimum k-median.

Assume for the moment that there exists such a metric space, and consider an
s-size-competitive incremental median F= (Fy, ..., Fy) for it. This means that for
each k we have | Fi| < Bk and that F}, satisfies condition ().

Let B = {k: My C Fi}. We show that B is an s-competitive bid set for universe
U = [m]. For k = m, (%) implies that M,,, C F),,, and thus B # {J. Against any thresh-
old T € [m], the total of the bids paid will be

C=) {kik<T.MC F)+min{€:£>T, M, C Fp}.

Now, Y{k:k < T, My C Fi} <Y {k :k < T, M C Fr} since F is a nested se-
quence. Similarly, we have min{€ : £ > T, M, C F¢} <min{{ : £ > T, M, C Fr}.
Note that by (x), My € Fr for some £ > T, so the minimum on the right is well-
defined for T € [m]. Thus we can bound the cost of /3 as follows:

CSZ{k:k<T,MkgFT}—f—min{E:ﬁzT,MggFT}
=Y (IMi|:k <T, My C Fr)+min{|M,|: €= T, My C Fr}
because |My| =k
< > {IMy]: My € Fr)
< |Fr| since the M;’s are disjoint
<sT since F is s-size-competitive.

Thus, the bid set B is s-competitive for universe U/ = [m].

We now present the construction of the metric space satisfying condition (x). Let
C=[1]x[2] x...x [m], that is, C is the set of integer vectors u = (uy, U2, ..., Uy)
where u, € [¢] for all £ =1,2,...,m. For each ¢ € [m], introduce a set M, =
{fe.1, fe2, ..., foe}, and for each node u in C, connect i to fy,, with an edge of
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length 8, = 1 4+ (m!)~*. The set of facilities is F = U M,. All distances between
points in C U F other than those specified above are determined by shortest-path
lengths. Since 1 < §; <2 for all £, the resulting distance function satisfies the trian-
gle inequality.

We have cost(M;) =m!; for each j € [m]. We prove (*) by contradiction. Fix
some index j and consider a set ' C F that does not contain M, for any £ > j:
for each £ > j there is iy < € such that f;;, ¢ F. Define a customer i as follows:
uj=1for{=1,...,j—1and u; =i, for £ = j,...,m. Then the facility f;; € F
serving this # must have £ < j or i # i,. Either way, it is at distance at least §;_1
from u. Since every other customers pays strictly more than 1, we get cost(F) >
m!—1+438; 1 =m!d; = cost(Mj)—a contradiction. [l

Proof of Theorems 3(b) and Theorem 4(b) Lemma 4 and the lower bounds for online
bidding in Theorem 2 immediately imply Theorems 3(b) and 4(b). (I

Next we turn attention to polynomial-time algorithms. First, we prove Theo-
rem 5—that there exists a polynomial-time O (logm)-size-approximation algorithm
for the offline problem. We will give a polynomial-time algorithm that, given k and a
problem instance, finds a facility set of size O (klogm) and cost at most opt;. (Here
m = |C| is the number of customers.)

Proof of Theorem 5 Without loss of generality, we assume that each customer has
distance 0 to its closest facility. (Otherwise, for each customer u we can subtract d,, =
from the distance dy s to each facility. This decreases the cost of each facility set by
a uniform amount, so any solution having optimal cost in the modified instance will
also have optimal cost in the original instance.)

The algorithm first runs the bicriteria approximation algorithm from [30] that, in
time O (k(m +n)log(m/e€)), finds a facility set of size O (klog(m +m/€)) and cost at
most (1 +€)opty. This algorithm is run with € = 1/m. As aresult, we obtain a facility
set F of size O (klogm) and cost at most (1 4 1/m)opt;,. We then greedily add to F
a single facility f that minimizes cost(F U { f}). The algorithm returns F U { f}.

To finish, we show that the facility set F U {f} has size O(klogm) and cost at
most opt,. The size bound is immediate from the size bound on F. To show the cost
bound, note that if we add to F, for the customer contributing the maximum amount
to the current cost, the closest facility f to that customer, the cost for that customer
would decrease to 0. (Recall our assumption that d,, - = 0 for each customer u.) Thus,
adding this f decreases the overall cost by at least the current cost times 1/m, and
we get cost(FU{f}) < (1 —1/m)cost(F) < (1 —1/m)(1+ 1/m)opt, <opt;,. U1

By the reduction in Lemma 3, this gives a polynomial-time size-approximation
algorithm for the incremental problem:

Proof of Theorem 6 By Theorem 1(a), there is a deterministic polynomial-time algo-
rithm for online bidding with competitive ratio O (1). Using this online bidding algo-
rithm, and using Theorem 5 to compute an O (logm)-size-approximate k-median F
for each k, the reduction in Lemma 3 gives an O (logm)-size-competitive determin-
istic polynomial-time algorithm for incremental medians. U
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4 Incremental Cost-Competitive Medians

In this section we prove Theorems 7 and 8.

In the analysis we will use the following fact, whose proof can be found in [12]
and is also implicit in [19]. (See also Sects. 5 and 6 for generalizations with proofs.)
Given two sets of facilities A and B,let I'(A, B) be aset C C B of cardinality at most
|A| defined as follows. For each facility g € A, choose a single customer r(g) € C to
be defined shortly, and let f be the facility of B serving r(g). We define C to be the
set of such f’s as g spans A, where r(g) is chosen so as to minimize dg; () + dy(g) f-

It will be convenient to introduce distances between facilities: given two f, g € F,
let d e = minycc(dyx +dyg). For f € F and F C F, define the distance from f to
F by dfr =minger dfg. In other words, in order to define C, for each a € A we add
to C an element of B closest to a.

Fact1 Let 1 <h <k <n, and assume that the distance function is metric. Consider
an h-median A and a k-median B, and let C = I'(A, B). Then |C| < h, and C is a
subset of B such that for every customer u we have dy,c < 2dya + dyp.

This implies cost(C) < cost(B) + 2cost(A).

To prove Theorems 7 and 8, the argument is based on another reduction from
incremental medians to online bidding, presented in the lemma below. This implies
the theorems.

Lemma 5 Consider an instance of the metric medians problem. Assume that for each
k we have a set of facilities F}’ of size at most k and cost at most c - opty.. Let > 1.
Assume that we have a (randomized) polynomial-time B-competitive algorithm for
online bidding. Then in (randomized) polynomial time we can compute an incremen-
tal solution F = (F1, ..., Fy), where each Fy has size at most k and (expected) cost
at most 2Bc - opt,.

Proof Without loss of generality cost(F}’) > cost(Fy 1) forall k < n. The algorithm
constructs the incremental solution F from Fl*, ..., FY in several steps. First, fix
some indices 1 =« (1) < x(2) < --- < k(m) by a method to be described later, and
let /C C [n] denote the set of indices.

Next, compute the sets Fi() as follows. Fe) = F[,. For i =m —1,m —
2, ..., 1,inductively define F; ;) to contain the facilities within F} ;1) that are “clos-
est” to F :( ) in the following sense. With the I"(-, -) notation seen above, we define
Feiy = F(F:(i), Fy(i+1))- Directly from the definition, | F(;)| < |F:(l.)| <k(i).

Finally, for indices k ¢ K, define Fy = F(;), where i is maximum such that
k(i) <k (this i is well defined, since x (1) = 1.) Obviously, |F;| < k(i) < k. To com-
plete the construction, it remains to describe how to compute C, which we momen-
tarily defer.

To analyze the cost, for a given k, let i be maximum such that « (i) < k. From
the definition of Fy(y and Fact 1 summed over all u € C, we have: cost(F@) <
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2c0st(F:(l.)) + cost(Fy(i+1)). Applying this inequality repeatedly gives:

m
cost(Fr) = cost(Fe) <2 cost(Ff ;).
j=i

To complete the proof of the lemma, it suffices to define /C so that
m
Z cost(F:(j)) < Bcost(Fy) 4)
j=i

since this will imply cost(Fy) < 2,Bcost(F,:‘) <2Bc - opt;.

We now prove (4). Let U = {cost(F}) : 1 <k < n} and take B to be the set of
bids used by the S-competitive online bidding algorithm for universe /. We define
K = {« : cost(F}) € B}, with ties broken in favor of smaller indices (ties may happen
if several sets of facilities have the same cost). Note that with this tie-breaking rule,
we always have 1 € IC. (If the online bidding algorithm is randomized, then B and
therefore KC are random.) Then the left-hand side of (4) is exactly the sum of the
bids paid by the online bidding algorithm for threshold T' = cost(F}). Since B is -
competitive, this cost is at most 8 cost(F; ,;“ ), s0 (4) holds. This completes the proof. [

The algorithm of Theorem 7(a) is obtained by combining the reduction used in
the proof of Lemma 5 with the deterministic 4-competitive online bidding algorithm
given in the proof of Theorem 1(a). The resulting algorithm is detailed in the dis-
played Algorithm 1.

Algorithm 1 The 8-cost-competitive deterministic incremental median algo-
rithm

forallk=1,...,n,do
compute a k-median solution F; l:k
end for
K« (1)
forallk=2,...,n,do
if cost(Fyf) = 0 < cost(F}’_) then add k to K
if cost(Fy') > 0 then if [log cost(F})] < [logcost(F,f_l)'l then add k to KC
end for
¢« max(K); Fy < FE*
forallk=¢+1,..., ndo Fy < Fy
for each k € IC — {max(/C)}, in decreasing order do
Fy < I'(F}, Fy)
forallk' =k +1,..., ¢—1do Fyy < Fy
<k

end for
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Fig. 1 Illustration of Lemma 6

5 A-Relaxed Metrics

In this section we prove Theorem 9, namely the upper bounds for cost-competitive
ratios when the distance function is a A-relaxed metric. For A > 1, by a A-relaxed
metric, we mean a distance function that satisfies dyr < A(dyy + dxg + dyg) for all
frgeFandx,yeC.

We start with a generalization of Fact 1 from the previous section. Recall that
I' (A, B) is the set of up to |A| elements of B that are closest to the elements of A
(see the definition in previous section.)

Lemma 6 Assume that the distance function is a A-relaxed metric. Given two sets
of facilities A and B, let C = I'(A, B). Then for every customer u € C we have
dyc <2Adyp + Mdyp.

Proof For a given u € C, choose a € A such that d,4 = d,,, b € B such that d,p =
dyp, and ¢ € C such that d,p = d,.. (See Fig. 1.) By the definition of the A-relaxed
metric, for every customer x € C we have d,; < A(d,q + dxa + dy¢). Thereis x € C
for which d,. = dy, + di., and choosing this x we get d,. < A(d,q + dg.). Thus:

duC = duc = )\(dua +dac) = )L(dua + dab) = )\(dua + (dua + dub))
=2Ady s + Adyp,

completing the proof. U

Proof of Theorem 9 The algorithm used to prove Theorem 9 is the same as in the
metric case (see the proof of Lemma 5), except for the definition of B. Let U =
{cost(F): 1 <k <n}.

B contains 0 iff ¢/ does, plus the following elements: in the deterministic case, for
every i € Z, BB contains the maximum element in the set &/ N [0, (21)'] (if it is non-
empty); in the randomized case, pick a real number & € (0, 1] uniformly at random,
and for every i € Z, BB contains the maximum element in the set ¢ N [0, et (en)] (if
it is non-empty).

The analysis is similar to the proof of Theorem 7. Let K = {k (i) : 1 <i <|B|} be
defined from U/ and B as in the proof of Theorem 7. Choose i to be the maximum
index such that « (i) < k. From Lemma 6 summed over u € C, we have: cost(F(;)) <
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2Acost(F :( i)) + Acost(Fy(+1y). Applying this inequality repeatedly gives

m
cost(Fy) = cost(Fyy) < 2x ZA~/_ic0st(F:(j)).
j=i

To continue the analysis in the deterministic case, let p be such that (21)7~! <
cost(FK*(l.)) < (21)?. By the definition of « (i), we have:

cost(F) < 2x Z AP =220) 20 < 8A%cost(F}),

Jj=i

since k < k(i + 1) and so cost(F}") > (2A)P~!. Hence our algorithm is 8A%-cost-
competitive when F} is the optimal k-median and is 82c-cost-competitive when F, 4
1S a c-approximation.

In the randomized case, let p such that ef (er)?~! < cost(F:(l.)) < ef(er)P. By
the definition of « (i), we have:

1

2xef (eM)?.
=10 che (@)

cost(Fy) < 2X1eé® Z)\f*i (e)P—i+ =

Jj=i

As in the proof of Theorem 1(b), the expected value of &5 (en)P /cost(F, k*) is distrib-
uted like ¢ 1 where & is uniform in (0, 1], so

Elcost(Fy)] <

Sy A)cost(F)a(e — 1) = 2er’cost(F}),
- e

and the theorem follows. O

6 Incremental Fractional Medians
In this section we prove Theorem 11.
A fractional k-median is given by a feasible solution to the following linear pro-

gram relaxation of the standard k-median integer linear program:

Y rerXur=1 YueC,

Xur < YueC, feF,
minimize, d,rx,r subject to uf =1 f
Y fAuf ] Z <k
feF ueC fe]'—y-f -7
Xur =0 YueC, feF.

In this section we let x denote a fractional median. The capacity required by x at f
is defined as |x|y = max,cc X,y (essentially, the value of y in the linear program).
The total capacity required by x is |x| = feF |x| 7, and the cost of x is the objective
function value cost(x) = Zfe FueC dyrxyy. Recall that for two fractional medians
x, x’, we say that x dominates x" if |x'|y < |x|7 forall f € F.
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Lemma 7 Let 1 <h <k <n, and assume that the distance function is metric. Con-
sider two fractional medians, a fractional k-median x and a fractional h-median z.
There exists a fractional h-median x' dominated by x such that cost(x") < cost(x) +
2 - cost(z).

Proof Construct x’ as follows. For each facility g € F, choose (by a method to be
described later) a single customer r(g) € C “responsible” for g. For each u € C and

feF, takex def-zugx,(g)f
For each u e C applying the first constraint of the above linear program, we have

Zfe]-— Xuf Zf geF ZugXr(g)f = de]-'(Zfe}'xr(g)/)Zug - de}‘ Zug = L, so x!
is a valid fractional median (for some capacity value).

Next we prove that |x'| is a fractional ~-median. The intuition is that “routing” x’
through z (as described later) ensures this. To prove that x" is a h-median, we bound
the total capacity required by x':

HEDD max D Zugkrigyr < Z MaX ZugXr(g) f

fe]-" ge]—"

= Z(Z xr(g)f> maxzug = Z maxzug =lz| <h.

geF “feF

We now claim that the fractional median x’ is dominated by x. Indeed, fixing an
f € F, for any u € C we have x;f = de]_—zugxr(g)f < dej.—zug - MaAX el Xuf <
maxycc Xus = | x| ; therefore |xi|f < x|y, as claimed.

To finish the proof, we show that we can choose the responsible customers so that
cost(x") < 2cost(z) + cost(x). Consider choosing r(g) randomly for each g € F so
that Pr(r(g) = w] = zwg/ >, cc Zug (if the denominator is zero, choose r(g) arbitrar-
ily). Now bound the expected cost of x’ as follows. Imagine “routing” one unit of
weight from each customer u € C to the facilities in stages: (stage 1) send z,¢ units
from each u € C to each g € F; (stage 2) from each g € F, send all arriving weight to
r(g) € C; (stage 3) from each w € C, split all arriving weight and send an x,, ¢ fraction
toeach f e F.

For each u € U and f € F, an easy calculation shows that for every choice of
r(g), x,, f units of the weight that leaves u at the start end up at f at the end.

Since d,f < dyg + dr(g)g + dr(g) s the cost of x” is at most the sum of the costs of
the stages, where the cost of sending weight between any u € C and any f € F in a
stage is d, s per unit.

The first stage costs Zuec’ge}— dugZug = cost(z).

In the second stage, for each g € F, the total weight to be sentis ), .- zug. There-
fore, with the random choice of r(g), the expected weight sent to any given w € C
is (3_,cc 2ug) Prlr(g) = w] = zu, (using the definition of r(g)). Thus, the expected
cost of the second stage is Y, 7 ec dwgZwg = €OS1(2).

In the third stage, for each w € C, the expected weight to be split and sent on is
> ¢er Zwg = 1 (using from above that the expected weight sent from g € C to w in
the second stage is zy,). The fraction of this weight sent to each f € F is xy, so the
expected weight sent from w to f is x, . Thus, the expected cost of the third stage

is Zwec,fe]—' dyfxyy = cost(x).
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In sum, the expected total cost of the stages is at most 2cost(z) + cost(x). Since
the cost of the stages is an upper bound on the expectation of cost(x’), we conclude
E[cost(x")] < 2cost(z) + cost(x). So there is some way to choose the responsible
customers so that cost(x’) < 2cost(z) + cost(x). O

Proof of Theorem 11 With the lemma in place, the proof of the theorem is essentially
the same as the proof of Theorems 7 and 8, along with a minor observation about
fractional strategies being closed under randomization. More precisely, recall that a
c-cost-competitive incremental fractional median gives, for every integer k € [n], a
fractional k-median x* with cost(xk) < ¢ - opfy, such that x* is dominated by xktl
for all k < n.

We first show that a c-cost-competitive fractional median with the minimum ratio
¢ can be computed in polynomial time using linear programming as follows. For each
k € [n], compute opt; (using linear programming). Then, set up a linear program that
has the following constraints: (i) the fractional k-median constraints for each xk,
(ii) the incrementality constraints saying that each x**! dominates x* for k < n, and
(iii) the cost-competitiveness constraints saying that cost(xk) < c - opty, for each k.
The objective function is to minimize c. The solution of this linear program is a c-
cost-competitive incremental fractional median with minimum c.

It remains to show that ¢ < 2e, by proving that there exists a 2e-cost-competitive
fractional incremental median. We first show that ¢ < 8, using the existence of a
deterministic 4-competitive online bidding algorithm.

First, fix some indices 1 =« (1) <k (2) < --- < x(m) by a method to be described
later, and let K C [n] denote this set of indices.

Next, compute the fractional medians x* as follows. Let z* denote an optimal
fractional k-median. We initialize x*@ = z€") Then, fori=m —1,m —2,...,1,
inductively define x*® to be a minimum-cost fractional « (i)-median among those
dominated by x*““*+1_ Finally, for indices k ¢ I, define x¥ = x*), where i is maxi-
mum such that « (i) < k. To complete the construction, it remains to describe how to
compute X, which we momentarily defer.

To analyze the required capacity, note that for « (i) <k <« (i + 1) we have |x
|x’((i )| < k(i) <k, and thus x* is indeed a fractional k-median.

To analyze the cost, for a given k, let i be maximum such that « (i) < k. From
Lemma 7 we have cost(x*)) < cost(x*+D) 4 2. opt, ;). Applying this inequality
repeatedly gives:

k|=

m
cost(x*) = cost(x*V)y <2 Zo_pt,((j). (5)
Jj=i

To complete the proof, it suffices to define K so that

Zcost(x’{(j)) < Beost(z") (6)

j=i

since this will imply cost(x*) <2Bcost(zF) <2Bc - opty.
We will now prove (6) for 8 =4. Let U = {opt;, : | <k < n} and take B to be
the set of bids used by the 4-competitive online bidding algorithm for universe U/.

@ Springer



474 Algorithmica (2008) 50: 455-478

Let K ={k(i):1 <i <m} be a minimal set (containing 1) such that B = {o_pt,((,-) :
1 <i < m} (breaking ties in favor of smaller indices). Then the left hand side of (6)
is exactly the sum of the bids paid by the online bidding algorithm for threshold
T = cost(z"). Since B is B-competitive, this cost is at most Beost(z¥), so (6) holds.
This completes the proof of 8-competitiveness.

To improve this ratio to 2e, consider carrying out the above construction using
the e-competitive randomized online bidding algorithm. That algorithm generates a
random bidding set B for our universe /. Applying the construction above gives us
a random incremental fractional solution (xk) k. For each k, f and u, take i’; 1 to be

the expectation of x]u‘ for this random solution. This gives an incremental fractional
solution which, for each k, has |x| < k, and whose cost is equal to the expected cost
of the random solution. Thus, (%) is 2e-cost-competitive.

Summarizing, we showed that there exists a 2e-cost-competitive fractional incre-
mental median. As the algorithm given earlier computes a c-cost-competitive frac-
tional incremental median that minimizes c, the theorem follows. O

7 Incremental Algorithms for k/-Medians
In this section we prove Theorem 12. Recall that in the k/-median problem, for given

1 <k <[ <n, we need to compute two facility sets Fy C F; with |Fi| = k and
| F;| = [, minimizing the cost-competitive ratio

cost(Fy) cost(Fy)
¢ = max , .
()p[k OPZI

We now prove that the optimal ratio ¢ for this problem is between 2 — 1/(I —k + 1)
and2 —1/1.

Proof of Theorem 12(a) We start with the upper bound proof. Our method here is
very different from the previous bounds in this paper and it does not rely on online
bidding. Let F' and G denote, respectively, the optimum k-median and the optimum
I-median. Without loss of generality, we can assume that ' N G =, for otherwise
we can duplicate the facilities in F N G. Our algorithm chooses the better of two
options below (the one with the better ratio):

(i) Fr = F, and F; is a set with minimum cost(Fy), such that |F;| =1 and F C
FFCF,or
(ii) Fy is a set with minimum cost(Fy) such that |Fy| =k and Fy, C G, and F; =G.

We now show that this algorithm’s competitive ratio is at most 2 — 1 /1. It is suffi-
cient to show that there exists a k-element set X C G such that

cost(X) + cost(FUG — X) < (2—1/D[cost(F) + cost(G)]. @)

Indeed, Inequality (7) implies that at least one of the following two options must
hold: either cost(X) < (2—1/1)cost(F),or cost(F UG — X) < (2—1/1)cost(G). In

@ Springer



Algorithmica (2008) 50: 455-478 475

the first case our algorithm can choose option (ii), and then we will have cost(Fy) <
cost(X) < (2 — 1/1)cost(F). In the second case it can choose option (i), and then
cost(Fy) <cost(F UG — X) <(2—1/1)cost(G). In both cases, the algorithm’s ratio
isatmost2 — 1/1.

It remains to show that there is a k-element set X C G that satisfies (7). Our proof
is based on a probabilistic argument. We start with some notation. For each f € F
and g € G, denote by Cy, the set of customers that are served by f when F is the
facility set and by g when G is the facility set. Let w s, be the cardinality of C,.
By ayg (resp. byr,) we denote the average distance between a customer x € C r, and
[ (resp. g.) Formally, age =3 cc, duf/|Crgl and bpe =3 e, dug/ICrgl. Itis
convenient to think of C s, as a single point with weight w s, whose distances to f
and g are ay, and by, respectively. The costs of F' and G can then be written as
cost(F) = ZfeF,geG Wyed g, and cost(G) = ZfeF,geG wygh g

We now define a probability distribution on k-element subsets of G. Let w g =
deG wye. Foreach f € Fand g € G, define w g = wye(wWyg — wfg)_l. (Assume
for now that w s, > 0 for all f, g. We will explain later how to extend the argument to
the general case.) Choose a random mapping 7 : F — G as follows: for any f € F
set 7(f) = g with probability w e/ >, ;W . For any such mapping 7 let X, be
the k-element subset of G that consists of 7 (F) and arbitrary k — |7 (F)| elements of
G — 7 (F). (Intuitively, we would like to take our random k-set X € G to be 7w (F),
but then F U G — n(F) may have cardinality larger than / and will not be a valid
[-median. This is why we add these additional elements to X .)

Consider some f € F and h € G. The cost of serving Czy, from F UG — X is
at most w spa sy If h ¢ X, we can also bound this cost by w s,b ¢, We also want to
estimate the cost of serving C 7, from X . If h € X, then this costis at most w s b 7.
If h € G — X, then, for any g € X, the cost of serving Cyj, from X, is bounded
by the cost of serving C s, from g, and thus (by the triangle inequality) it is at most
Wrpafp + Wy minuecfg (dyf +dyg) <wyplapn+aypg +byrg). Using g =m(f) and
summing over all f € F and h € G, we get

cost(Xz) +cost(FUG — Xy)

<y [ > wpnapn +agacp) +bair +bsa)
feF~heG—X,

+ Z wrp(agny +bfh)]

heX,

= cost(F) + cost(G) + Z Z wrn(@rz(r) +brrcr))
feFheG—X,

< cost(F) + cost(G) + Z(wf(; - wfﬂ(f))(afﬂ(f) + bfn(f)).
feF
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Now, by the linearity of expectation, we have

Elcost(X;) +cost(FUG — X)]

W fg , , X
< cost(F) + cost(G) + f;ggc:; m(wﬂ; —wyg)(are +brg)

= cost(F) + cost(G) + Z — wag(afg +byg)
feF 2heG Wfh ¢€G

<2 —1/D[cost(F) + cost(G)].

The last inequality holds because, for each f € F, Y, ; W, is minimized when
wsp =wyg/l forall h € G, and thus (ZheG i)fh)_l <1—1/1. We conclude that
there exists a set X, that satisfies (), as claimed.

To complete the proof, we still need to extend the argument to the general case,
when some weights w e are zero. Suppose first that we allow arbitrary positive
weights. Choose an arbitrarily small € > 0 and set all zero weights w 7, to € instead.
The earlier argument implies that for each € there is X that satisfies (). Since there
are finitely many choices for X, there is X that satisfies (:) for infinitely many values
of €. The continuity of cost(X) + cost(F UG — X) with respect to € implies that (x)
holds for € = 0 as well.

In our case the weights are integer, so we cannot use arbitrarily small weights.
Instead, we create a large number of copies of each customer (same for each), and
then add one customer to each empty set C r,. Then the same asymptotic argument
as above applies. O

Proof of Theorem 12(b) Our lower bound is a slight refinement of the one in [27, 28].
Let k=1 and 1 <! <n. Consider the metric space M with customers vy, ..., v; and
facilities f1, g1, &2, - .., & Each customer v; is connected to facility g; by an edge of
length 6 = 1/1. All customers are also connected to facility f; with edges of length 1.
(See Fig. 2.) All other distances are measured along the above defined edges.

Let G ={g1,..., g} We have cost(f;) =1 and cost(G) = 1§. Further, for each i,
we have cost(gi) =6 + (I — 1)(2 4+ ) and cost(G — {g;} U {fih) =U— 1)+ 1.
Thus, substituting § = 1/1, we get cost(g;)/cost(f1) =2 — 1/l and cost(G — {g;} U
{f1})/cost(G) =2 — 1/ for all i. So, if an incremental algorithm chooses F| = {g;},
for some i, the ratio is at least 2 — 1//. On the other hand, if it chooses F; = { f1},
then F; = G — {g;} U { f1}, for some i, and the ratio is again at least 2 — 1//.

This completes the lower bound proof for k = 1. For 1 < k < [, we use the above
construction with I’ =1 — k + 1 instead of I. We add k — 1 facilities f,..., f at
a very large distance from the above space and each other, and k — 1 customers

Fig. 2 The metric space in the
lower bound. Facilities are
represented by squares and
customers by circles
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V4l = f2,.-., Vtk—1 = fx. Any k-median must include f>, ..., fx, and thus the
argument above applies to this new space. U
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