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Abstract We study the problem of finding maximum weakly stable matchings when
preference lists are incomplete and contain one-sided ties of bounded length. We
show that if the tie length is at most L, then it is possible to achieve an approximation
ratio of 1+ (1 — %)L We also show that the same ratio is an upper bound on the
integrality gap, which matches the known lower bound. In the case where the tie
length is at most 2, our result implies an approximation ratio and integrality gap of %,
which matches the known UG-hardness result.
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1 Introduction

The stable matching model of Gale and Shapley [6] involves a two-sided market in
which the agents are typically called men and women. Each agent has ordinal prefer-
ences over the agents of the opposite sex. A matching is said to be stable if no man
and woman prefer each other to their partners. Stable matchings always exist and can
be computed efficiently by the proposal algorithm of Gale and Shapley. Their algo-
rithm is also applicable when the preference lists are incomplete, that is, when agents
are allowed to omit from their preference lists any unacceptable agent of the opposite
sex. If ties are allowed in the preference lists, the notion of stability can be generalized
in several ways [14]. This paper focuses on weakly stable matchings, which always

This journal article combines the results presented in two conference papers [23,24]. The first of these
papers establishes an approximation ratio of 1+ % The second establishes the more detailed bound stated

in the abstract. The latter bound is increasing in L and approaches 1+ % as L tends to infinity.
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exist and can be obtained by invoking the Gale-Shapley algorithm after breaking all
the ties arbitrarily. When incomplete lists are absent, every weakly stable matching
is a maximum matching and hence has the same size. When ties are absent, the Ru-
ral Hospital Theorem guarantees that all stable matchings have the same size [7,32].
However, when both ties and incomplete lists are present, weakly stable matchings
can vary in size.

In this paper, we study the problem of finding large weakly stable matchings. Our
main result is a polynomial-time algorithm that achieves an approximation ratio of
1+ (1— 1)E for maximum stable matching with one-sided ties and incomplete lists
where the lengths of the ties are at most L. Since (1 — %)L < é, our algorithm achieves
al+ % approximation ratio for one-sided ties with unbounded lengths.

In Section 1.1, we review the prior work related to this problem. In Section 1.2, we
present an overview of our techniques. In Section 1.3, we describe the organization
of the rest of the paper.

1.1 Related Work

In Section 1.1.1, we review the prior work on the maximum stable matching problem
where ties are allowed on both sides of the market. In Section 1.1.2, we review the
prior work for the case where ties are only allowed on one side. In Section 1.1.3,
we review the prior work for the case where the maximum tie length is restricted. In
Section 1.1.4, we mention other special cases of maximum stable matching that have
been studied in the literature. In Section 1.1.5, we mention recent work on strategic
issues associated with approximation algorithms for the maximum stable matching
problem.

1.1.1 Two-Sided Ties

It is straightforward to see that any weakly stable matching is a 2-approximate solu-
tion [26]. Using a local search approach, Iwama et al. [18] gave an algorithm with an
approximation ratio of % (= 1.875). Kiraly [21] improved the approximation ratio to

% (= 1.6667) by introducing the idea of promoting unmatched agents to higher pri-
orities for tie-breaking. The current best approximation ratio for two-sided ties and
incomplete lists is % (= 1.5), which is attained by the polynomial-time algorithm of
McDermid [28], and the linear-time algorithms of Paluch [30] and of Kiraly [22].

For hardness results, Iwama et al. [17] were the first to prove that finding a maxi-
mum weakly stable matching with ties and incomplete lists is NP-hard. Halld6rsson
et al. [8] showed that it is NP-hard to get an approximation ratio of 1+ €. Results
by Yanagisawa [35] imply that getting an approximation ratio of % —€ (= 1.1379)
is NP-hard, and achieving % — € (=~ 1.3333) is UG-hard. These hardness results hold
even when the maximium tie length is two.

In the case of two-sided ties, Iwama et al. [19] showed tha;t tl;e integrality gap

L —

for the associated linear programming formulation is at least 57=7, where L is the

maximum tie length. For the case of unbounded tie lengths, this implies a lower
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bound of % for the integrality gap, which coincides with the best approximation ratio
known [22,28,30], indicating a potential barrier to further improvements.

1.1.2 One-Sided Ties

For the case where ties appear only on one side of the market, Kirdly [21] showed
an approximation ratio of % (= 1.5) for an algorithm based on the idea of promotion,
and conjectured that a (% — g)-approximation is UG-hard. However, Iwama et al. [19]
later presented an algorithm based on linear programming with an approximation
ratio of % (= 1.4706). Dean and Jalasutram [4] improved on this approach to obtain
an approximation ratio of % (= 1.4615). Huang and Kavitha [13] established an
approximation ratio of % (= 1.4667) using an algorithm based on rounding half-
integral stable matchings. Subsequently, a tight analysis [2,31] of their algorithm
established an approximation ratio of g (= 1.4444).

With one-sided ties, the problem of finding a maximum weakly stable matching
remains NP-hard [26]. Results by Halldérsson et al. [10] imply that getting an ap-
proximation ratio of % — & (= 1.1053) is NP-hard, and that achieving % —&e(~1.25)
is UG-hard. These hardness results hold even when each tie has length at most two.

In the case of one-sided ties, Iwama et al. [19] showed that the integrality gap for
the associated linear programming formulation is at least 1 + (1 — %)L, where L is
the maximum tie length. For the case of unbounded tie lengths, this implies a lower
bound of 1+ é (= 1.3679) for the integrality gap. In a paper by Huang et al. [12], the

integrality gap is claimed to be at least 3, but their proof contains an error.!

1.1.3 Ties with Restricted Lengths

For the case of two-sided ties where the length of each tie is at most two, Halld6rsson
et al. [10] presented an algorithm based on checking a small subset of tie breakers
that achieves an approximation ratio of % (= 1.8571). For the same special case,
the randomized algorithm of Halldérsson et al. [9] gives an expected approximation
ratio of 47—‘ (= 1.75). Huang and Kavitha [13] established an approximation ratio of g
(=~ 1.4286) using the approach of rounding half-integral stable matchings. A better
analysis [3] of their algorithm improved the approximation ratio to % (= 1.3333),
which matches the UG-hardness result [35] and the lower bound for the integrality
gap [19].

For the case of one-sided ties, the deterministic algorithm of Halldérsson et al. [10]

attains an approximation ratio of #’ where L is the maximum length of the ties.

! In the proof of this claim [12, Theorem 19], Huang et al. exhibit a family of instances with 2k men and
2k women such that the corresponding LP has a feasible fractional value of (3/2 —o(1))k. It is asserted
that a certain weakly stable matching of size k is a maximum weakly stable matching, but this assertion is
incorrect. For the case when k = 2, there exists a weakly stable matching of size 3. Similarly, when & > 2,
it can be shown that the maximum size of weakly stable matching is greater than k.

There is also a flaw related to the main result of their paper, which asserts an approximation ratio of %

for the special case where ties are one-sided and are restricted to the end of the preference lists. In the
derivation of inequalities (11) and (12) in their proof [12, Lemma 16], it is claimed that lgf\;; < 8- This
claim depends on the unproven assumption that J,, , is non-negative. It is unclear whether this flaw can be

fixed. Both flaws have been acknowledged by Huang et al. in a personal communication.
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The randomized algorithm of Halldérsson et al. [9] attains an approximation ratio of
% (=~ 1.4286) for the case of one-sided ties where the length of each tie is at most
two.

1.1.4 Other Special Cases

Further known NP-hard problems include the case where ties are restricted to the
tail of the preference lists [10], where preference lists have length at most three [15],
where preferences are symmetric [1], or where preferences are derived from master
lists [16]. Some parameterized complexity results are also known [27].

1.1.5 Strategyproofness

In recent work, Hamada et al. [11] study strategic issues related to approximation
algorithms for the maximum stable matching problem. For the case where ties appear
only on one side, they show that no (% — g)-approximation algorithm is strategyproof
for the side with ties, and no (2 — €)-approximation algorithm is strategyproof for
the side without ties. They also show that these bounds are tight, even for group
strategyproof mechanisms.

1.2 Overview of the Techniques

The key techniques for the design and analysis of our approximation algorithm are
based on linear programming. We focus on the maximum stable matching problem
with one-sided ties and incomplete lists, and obtain a polynomial-time (14 (1 — %)L)—
approximation algorithm, where L is the maximum tie length.

Our algorithm is motivated by a proposal process similar to that of Iwama et
al. [19], and that of Dean and Jalasutram [4], in which numerical priorities are ad-
justed according to the linear programming solution, and are used for tie-breaking
purposes. However, instead of using their priority manipulation schemes, we intro-
duce a method of priority incrementation based on an adjustable step size parameter.
We first present the description and the properties of our process in terms of the step
size parameter. We then consider the limit of this process as the step size becomes in-
finitesimally small, and present a polynomial-time algorithm which satisfies the key
properties with the step size parameter set to zero.

Using these key properties, we analyze the approximation ratio of our algorithm
by directly comparing the size of our output matching with the optimal value of the
linear program. Although this is a standard approach to analyze approximation algo-
rithms, it has not been used in prior work on this problem. Prior analyses [2,13,21,
31] which are not based on linear programming consider the symmetric difference of
the output matching and an unknown optimal matching, and count augmenting paths
of various lengths. Such symmetric difference arguments are also used in the anal-
yses of Iwama et al. [19], and Dean and Jalasutram [4], where the output matching
is compared to both an unknown optimal matching and an optimal linear program-
ming solution. Instead of focusing on the symmetric difference, we develop a scheme
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that assigns charges to the matched man-woman pairs based on an exchange func-
tion. By applying the stability constraint and the tie-breaking criterion to the charges
incurred due to indifferences in the preferences, we show that the charges cover the
value of the linear programming solution. While none of the prior analyses directly
implies an upper bound for the integrality gap, our approach enables us to obtain
an upper bound of 1+ (1 — %)L for the integrality gap, where L is the maximum tie
length. This matches the known lower bound for the integrality gap [19]. When the
maximum length of the ties is two, our result implies an approximation ratio and
integrality gap of % (= 1.25), which matches the known UG-hardness result [10].

As part of our analysis, we formulate an infinite-dimensional factor-revealing lin-
ear program to find a good exchange function. The finite-dimensional factor-revealing
linear programming technique was introduced by Jain et al. [20], and since then a
number of variants have been proposed [5,25,29]. However, it is often difficult to
obtain a nice closed-form solution. For the maximum stable matching problem with
one-sided ties and incomplete lists, Dean and Jalasutram [4] obtained an approxi-
mation ratio of % by enumerating the combinatorial structures of augmenting paths
and resorting to a computer-assisted proof for solving a large factor-revealing linear
program. In contrast, our infinite-dimensional factor-revealing linear program is de-
rived from our charging argument. Using numerical results as guidance, we are able
to obtain an analytical solution for this linear program.

1.3 Organization of the Rest of the Paper

In Section 2, we formally define the stable matching market with one-sided ties. In
Section 3, we present the linear programming formulation used by our algorithm. In
Section 4, we present the proposal process and the implementations of our algorithm.
In Section 5, we analyze the approximation ratio of our algorithm.

2 Stable Matching with One-Sided Ties

The stable matching market involves a set I of men and a set J of women. The
sets 1 and J are assumed to be disjoint and finite. Furthermore, we assume that
the sets / and J do not contain the element 0, which we use to denote being un-
matched. The preference relation of each man i € [ is specified by a binary rela-
tion >; over JU {0} that satisfies asymmetry?, transitivity®, and totality*. Similarly,
the preference relation of each woman j € J is specified by a binary relation >; over
TU {0} that satisfies transitivity and totality. We denote this stable matching market

as (I,J,{>i}ier,{=}jer)-

2 A binary relation > over a set K is said to satisfy antisymmetry if for every ki, k> € K such that k; > ky
and ky = ki, we have k| = k.

3A binary relation >~ over a set K is said to satisfy transitivity if for every ky,ky,k3 € K such that k; > k»
and ky = k3, we have k| > k3.

4 A binary relation > over a set K is said to satisfy totality if for every ki, k, € K, we have either k| > k»
orky = kj.
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For every man i € I and woman j € J, man i is said to be acceptable to woman j if
i >; 0. Similarly, woman j is said to be acceptable to man i if j >; 0. The preference
lists are allowed to be incomplete. In other words, there may exist i € [ and j € J such
that 0 >;ior0>; j.

Notice that the preference relations {>;} je; of the women are not required to be
antisymmetric, while the preference relations {>;};c; of the men are required to be
antisymmetric. For every man i € I, we write >; to denote the asymmetric part® of
>;. For every woman j € J, we write >; and =; to denote the asymmetric part and
the symmetric part® of > j» respectively. A tie in the preference list of woman j is an
equivalence class of size at least 2 with respect to the equivalence relation =, and
the length of a tie is the size of this equivalence class.” We assume that there is at
least one tie in a given problem instance, for otherwise every stable matching has the
same size. We use L to denote the maximum length of the ties in the preference lists
of the women, where 2 <L < |I|+ 1.

Acceptability can be defined in terms of the preference relations. For every pair
of agents k and k' of opposite sex, either k' >; 0 or 0 >; k'. We say that agent k' is
acceptable to agent k in the former case, and unacceptable to agent k in the latter
case. If man i and woman j are acceptable to each other, we say that (i, ) is an
acceptable pair. Otherwise, (i, j) is an unacceptable pair. Agent k is said to have a
complete preference list if every agent k' of the opposite sex is acceptable to agent k.
Otherwise, agent k is said to have an incomplete preference list.

A matching is a subset g C I x J such that for every (i, j), (7, j') € 1, we have
i =i if and only if j = j'. For every man i € I, if (i, j) €  for some woman j € J,
we say that man i is matched to woman j in matching u, and we write u(i) = j.
Otherwise, we say that man i is unmatched in matching y, and we write p(i) = 0.
Similarly, for every woman j € J, if (i, j) € u for some man i € I, we say that woman
J is matched to man i in matching u, and we write p(j) = i. Otherwise, we say that
woman j is unmatched in matching u, and we write () = 0.

A matching u is individually rational if for every (i, j) € i, we have j >; 0 and
i >; 0. An individually rational matching u is weakly stable if for every man i € I
and woman j € J, either u(i) >; j or u(j) >; i. Otherwise, (i, j) forms a strongly
blocking pair.

The goal of the maximum stable matching problem is to find a maximum-cardinality
weakly stable matching for a given stable matching market. We say that a polynomial-
time algorithm is a z-approximation algorithm, or achieves an approximation ratio of
z, where z > 1, if the algorithm produces a weakly stable matching with cardinal-
ity at least % times that of the largest weakly stable matching. We also say that a
maximization-based linear program has an integrality gap of z > 1 if z is the mini-

3 The asymmetric part of a binary relation > over a set K is the binary relation = over the set K such
that for every ky,k; € K, we have k; > k; if and only if k; > k, and —(ky = k).

6 The symmetric part of a binary relation > over a set K is the binary relation ~ over the set K such
that for every ki, ky € K, we have k| ~ ky if and only if k; > kp and ky > k.

7 Some of the literature on stable matching with indifferences does not allow an agent to be indifferent
between being matched to an agent and being unmatched. Our formulation of the stable matching problem
with one-sided ties and incomplete lists allows for this possibility, since we can have i =; 0 for any man i
and woman j.



Maximum Stable Matching with One-Sided Ties of Bounded Length 7

mum ratio such that the objective value of an optimal fractional solution is at most z
times that of an optimal integral solution.

3 The Linear Programming Formulation

The following linear programming formulation is based on that of Rothblum [33],
which extends that of Vande Vate [34]. We seek to maximize }.; jerxs%i,j subject to
the following constraints:

Y xij<1 Viel (CI)
jeJ
Yxij<1  VvjeJ (C2)
i€l
Y xij+ Y xs;>1  V(i,j)€lIxJsuchthat j>;0Oandi>;0 (C3)
jed iel
J'>ij i2ji
xi ;=0 V(i,j) € I xJ suchthat0>; jor0>;i (C4)
Xi j >0 V(l,]) elxJ (C5)

For the model with strict preferences and incomplete lists, it is known [33] that an
integral solution x = {x;, j}(i, j)erxs corresponds to the indicator variables of a weakly
stable matching if and only if x satisfies constraints (C1) to (C5). Our model allows
ties to appear in the preference lists of the women. We also allow a woman to be
indifferent between being unmatched and being matched with some of the men. Ac-
cordingly, we provide a proof of Lemma 1 for the sake of completeness.

Lemma 1 An integral solution x corresponds to the indicator variables of a weakly
stable matching if and only if it satisfies constraints (C1) to (C5).

Proof Suppose x satisfies constraints (C1) to (CS). Constraints (C1), (C2), and (C5)
imply that x corresponds to a valid matching p. Constraint (C4) implies that u is
individually rational. To show the weak stability of u, consider man i € I and woman
J € J. It suffices to show that (i, j) is not a strongly blocking pair. We may assume
that j >; 0 and i > 0, for otherwise individual rationality implies u(@) >;0>;jor
u(j) >0 >;i. Consider constraint (C3) associated with (i, j). At least one of the two
summations is equal to 1. If the first summation is equal to 1, then p(i) >; j. If the
second summation is equal to 1, then p(j) > i. Thus, u is a weakly stable matching.

Conversely, suppose x corresponds to a weakly stable matching . Since u is a
valid matching, constraints (C1), (C2), and (C5) are satisfied. Also, the individual
rationality of u implies that constraint (C4) is satisfied. To show that constraint (C3)
is satisfied, consider (i, j) € I x J such that j >; 0 and i > 0. It suffices to show that
at least one of the two summations in constraint (C3) associated with (i, j) is equal to
1. By the weak stability of 1, we have either (i) >; j or u(j) > i. We consider two
cases.

Case 1: u(j) >;i. Since u(j) >;i>; 0, the second summation is equal to 1.



8 C.-K. Lam and C. G. Plaxton

Case 2:i>; u(j)and u(i) >; j. Since i >; u(j), we have (i, j) ¢ p. Since (i) >;
jand (i, ) ¢ u, we have (i) >; j. Since p(i) >; j >; 0, the first summation is equal
to 1. g

Given x which satisfies constraints (C1) to (C5), it is useful to define auxiliary

variables
Vij= X Kij
j'leJ
izil

forevery (i,j) € I x (JU{0}), and

Zi_y/' == Z xl’,.,j

i’el/
l>jl

for every (i,j) € (1U{0}) x J.
Lemma 2 The auxiliary variables satisfy the following conditions.

1. Foreveryi€ I, we have y;o = 0.

2. Foreveryic€land je€J, we have x; j <y; j < 1.

3. Foreveryic€land j,j €J suchthat j >; j', we have y; ; > x; j+y; j-

4. Foreveryi,i' € IU{0} and j € J such thati =; i', we have z; j = zy ;.

5. Foreveryic€land j€Jsuchthat j>;0andi>;0, we have y; j+z; j < 1.

Proof
1. Leti € /. Then the definition of y; o implies

Yio = Z Xijl = Z Xi j! =0,

jel jed
0>/ 0>’

where the last equality follows from constraint (C4).
2. Leti €l and j € J. By the definition of y; ;, we have

Yij= Z Xi j 2 Xijs
jet
=i

where the inequality follows from constraint (C5). Also by the definition of y; ;,

we have
vij= Y %y <Y %y <1,
jet jel
=il

where the first inequality follows from constraint (C5), and the second inequality
follows from constraint (C1).
3. Leti€land j,j’ € J such that j >; j’. Then the definitions of y; j and y; 7 imply

Vij = Y X ZXijH Y X =X+
j”EJ j”EJ

=i’ i=if"
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4. Let i,i’ € TU{0} and j € J such that i =; i". Then the definitions of z; ; and z; ;

imply
%j = Z xi”:j = Z xi”,j = Zi,vj’
i'el el
i>ji” i/>ji”

where the second equality follows from i =; i’.
5. Let (i,j) € I xJ such that j >; 0 and i >; 0. We consider two cases.
Case 1: i =; 0. Then the definition of z; ; implies

Zij = Z Xp = Z Xp;=0<1—-yj,

i'el i'el
l'>_/'[, 0>ji/

where the second equality follows from i =; 0, the third equality follows from
constraint (C4), and the last inequality follows from part 2.

Case 2: i >; 0. Since j € J and j >; 0, we have j >; 0. Since j >; 0 and i >; 0,
constraints (C1) to (C3) imply

0< (1= L)+ (1= L) + (=14 ¥ xip+ ¥ )

jeJ icl jled i'el
J>ii I2ji
=1-Y xiy— Y x;
jles i'el
zi i>jl
=1=yij—2zj,
where the last equality follows from the definitions of y; ; and z; ;. O

4 The Algorithm

In Section 4.1, we present a proposal process along with some key properties in terms
of a step size parameter. In Section 4.2, we present a polynomial-time algorithm to
simulate this process with an infinitesimally small step size. In Section 4.3, we present
some properties of the loop body of our algorithm. In Section 4.4, we show that
our algorithm satisfies the key properties. In Section 4.5, we present an alternative
implementation of our algorithm.

4.1 A Proposal Process with Priorities

Our proposal process with priorities takes a stable matching market and a step size
parameter 1] > 0 as input, and produces a weakly stable matching ( as output. In the
preprocessing phase, we compute an optimal fractional solution x to the associated
linear program. Then, in the initialization phase, we assign the empty matching to
and each man i is assigned a priority p; equal to 0. For each man i, we also maintain
a set S; of women that is initialized to the empty set. We use the set S; to store the
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women to whom man i must propose before his priority p; is increased by 1. After
that, the process enters the proposal phase and proceeds iteratively.

In each iteration, we pick an unmatched man i with priority p; < 1+ 1. If the
set S; is empty, we increment his priority p; by n and then update S; to the set

{jeJ: j>i0and p; > 11—y, }.

Otherwise, the man i that we pick has a non-empty set S; of women. Let j denote the
most preferred woman of man i in S;. We remove j from S; and man i proposes to
woman j. When woman j receives the proposal from man i, she tentatively accepts
him if she is currently unmatched and he is acceptable to her. Otherwise, if woman j
is currently matched to another man i, she tentatively accepts her preferred choice
between men i and //, and rejects the other. In the event of a tie, she compares the
current priorities p; and py of the men and accepts the one with higher priority. (If
the priorities of i and i’ are equal, she breaks the tie arbitrarily.) If man i is tentatively
accepted by woman j, the matching u is updated accordingly.

When every unmatched man i has priority p; > 1+ 1, the process terminates and
outputs the final matching u.

Our process is similar to that of Iwama et al. [19], and that of Dean and Jalasu-
tram [4], who also use a proposal scheme with priorities. In particular, the way that
we populate the set S; with a subset of women by referring to the linear programming
solution is based on their methods. The major difference is that, in our process, pri-
orities only increase by a small step size 17, whereas in their algorithms, the priorities
may increase by a possibly larger amount, essentially to ensure that a new woman
is added to §;. As in their algorithms, for every woman j, the sequence of tentative
partners (L(j) of woman j satisfies a natural monotonicity property. Woman j is ini-
tially unmatched, and becomes matched the first time she receives a proposal from
a man who is acceptable to her. In each subsequent iteration, she either keeps her
current partner or gets a weakly preferred partner. Furthermore, if she is indifferent
between her new partner and her old partner, then the new partner has a weakly larger
priority. When the process terminates, the following properties hold, which are anal-
ogous to properties satisfied by the algorithms of Iwama et al. [19] and Dean and
Jalasutram [4].

(P1) Let (i,j) € u. Then j >; 0 and i >; 0.

(P2) Let i € I be a man and j € J be a woman such that j >; (i) and i >; 0. Then
u(j) #0and u(j) >;i.

(P3) Leti€Ibeaman. Then 1—y; ,; < p;<1+42n.8

(P4) Leti €/ be aman and j € J be a woman such that j >; 0 and i >; 0. Suppose
pi—1n >1—y;;. Then u(j) # 0 and u(j) >; i. Furthermore, if 1 (j) =; i, then
Pu(j) =Pi—M.

For (P1), it is easy to see that man i proposes to woman j only if she is acceptable
to him, and woman j accepts a proposal from man i only if he is acceptable to her.

8 For any positive step size 17, the upper bound on p; can be strengthened to p; < 1 +2n. Later in the
paper, we present an algorithm (Algorithm 1) that terminates in a state satisfying (P1) through (P4) with
n =0 (Lemma 13); in that context, we have p; < 1 and not p; < 1.
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For (P2), if man i weakly prefers woman j to p(i) and is acceptable to woman j,
then man i has proposed to woman j. Thus the monotonicity property implies that
1(j) # 0 and u(j) >;i. For (P3), it is easy to see that the priority p; of man i lies
within the specified range when he proposes to woman (i (i). For (P4), if man i and
woman j satisfy the stated assumptions, then man i proposed to woman j when his
priority was equal to p; — 1, and this proposal was eventually rejected. Immediately
after this proposal was rejected, woman j was matched with a man i’ such that i’ # i
and i >; i. The monotonicity property implies that p1(j) # 0 and pu(j) >; i >; i.
Furthermore, if it(j) =; i, then u(j) =; i =; i. Since i’ =; i, the priority of man /'
was at least p; — 1) when the aforementioned proposal was rejected. Since pi(j) =; 7/,
the monotonicity property implies that p, ;) > pi — 1.

4.2 A Polynomial-Time Implementation

The proposal process with priorities of Section 4.1 depends on a step size parameter
1 > 0. To obtain a good approximation ratio, we would like the step size parameter 1
to be small. However, the running time of a naive implementation grows in proportion
to 1~ !. We can imagine that if we take an infinitesimally small step size, then (P1)
to (P4) can be satisfied with n = 0.

Our algorithm is motivated by the idea of simulating the process of Section 4.1
with an infinitesimally small step size. We maintain for every man i € I a priority p;
and a pointer ¢; € JU {0} into the preference list of man i. For every man i € I and
woman j € J, we think of man i as having proposed to woman j if and only if j >; ¢;
and j >; 0. Given £ = {/{;};c; and j € J, we define

Ij(ﬁ):{ielzj>,'€,-andj2,~0}

as the set of all men i who have proposed to woman j. Given £ = {/; },c;, we define
G(?) as the bipartite graph with vertex set / UJ and edge set

E()={(i,j) €IxJ:i€l;j(¢)andi>;i foreveryi € 1;({)U{0}}.

Given ¢ and 1, we say that a (possibly zero-length) path 7 in G(¢) is p-alternating
if it alternates between edges not in p and edges in y. We say that a p-alternating
path 7 is oriented from k to k’ if no edge in 7Ny is incident to vertex k. The details
of the implementation are given in Algorithm 1.

It is straightforward to prove that throughout any execution of Algorithm 1, the
program variable i corresponds to a matching. Likewise, where it is defined, the pro-
gram variable [y corresponds to a matching. Accordingly, throughout our analysis,
we assume that y and g are matchings.

In Sections 4.3 and 4.4 below, we establish that Algoritm 1 terminates in a state
that satisfies (P1) to (P4) with 1 = 0 (Lemma 13). Before proceeding to our formal
analysis, we offer some intuition regarding the sense in which Algorithm 1 can be
viewed as simulating the proposal process of Section 4.1 with an infinitesimally small
step size. A reader who is interested only in the formal presentation can skip the next
two paragraphs without loss of continuity.
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Algorithm 1 Maximum stable matching implemented with alternating paths

1: compute an optimal fractional solution X to the associated linear program

2: forevery (i,j) € I x (JU{0}), let w(i, j) = 1 —y; j, where y; j is defined as in Section 3
3: initialize u to the empty matching

4: for every man i € [, initialize ¢; to the most preferred j € J U {0} with respect to >;
5: for every man i € I, initialize p; to w(i,¢;)

6: while there exists a man i € [ such that (i) = 0 and ¢; >; 0 do

7 let ip be such a man, and let jy denote the woman /;;

8: update ¢, to the most preferred j € {j’ € J: jo >, j'}U{0} with respect to >;,
9: if u(j()) =0and iy Z.iu 0 then
10: update u to uU{(io, jo)}
11: else
12: let i, = w(jo) ifio >y 1(Jjo) or (io =jy 1(jo) and piy > pu(jy))

ip otherwise

13: let po = (U {(io,jo) 1) \ {(i1,jo)}
14: let Iy denote {i € I: i is reachable from i; via a py-alternating path in G(¢)}
15: let i be a man in Iy such that w(iz, £;,) = min;eg, w(i, ;)
16: let 7y be a pp-alternating path from i to i in G(£)
17: update p; to max(p;, w(iz,¢;,)) for each man i in I
18: update u to the symmetric difference oy & m
19: end if

20: end while
21: return matching u

When the step size 1 is small, the proposal process of Section 4.1 is subject to a
great deal of churn. For example, consider two men i and i’ and a woman j such that
i=;i>;0and jis the top choice of both i and i’. The proposal process can begin with
man i proposing to, and becoming matched with, woman j. Subsequently, we can
have a large number of iterations in which one of the two men i and ' is matched to j,
and the other is unmatched and is chosen to propose. The priority of the unmatched
man increases until it exceeds that of the matched man, at which point the matching is
updated with the roles of the two men reversed. Throughout this period, whenever the
sets S; or Sy associated with the proposal process are constructed, they are equal to
{/}- This pattern continues, with woman j being alternately matched to i and i, and
with the priorities of man i and i’ gradually increasing (and remaining approximately
equal) until the priority of one of the men, say i, either reaches a sufficiently high
value to ensure that S; contains a second woman, or reaches its maximum value.
Algorithm 1 is designed to efficiently simulate this churn by directly increasing the
priorities of men i and i’ to the critical value.

The foregoing two-man one-woman scenario is a special case of a much more
general class of “churn scenarios” that are efficiently simulated by Algorithm 1. At
each iteration of Algorithm 1, an unmatched man iy is selected at line 7. Each succes-
sive time a given man is selected in line 7, the set of women to whom he is willing to
propose (i.e., Sj,) includes one new entry. This new entry corresponds to the woman
Jjo defined in line 7. If woman jj is unmatched and finds man iy acceptable, then we
add (io, jo) to the current matching in line 10. If not, we determine in line 12 the man
i1 (either ip or i (jo)) who is tentatively rejected by woman jg, and we update the cur-
rent matching accordingly in line 13. In lines 14 through 18, Algorithm 1 efficiently
simulates a possible trajectory of the proposal process in which an unmatched man
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in the set Iy (which includes i) is repeatedly chosen to propose until the priority of
some man in this set, say man i, has either increased sufficiently for a new woman
to be added to his set S;, or has reached its maximum value. Using property (P4), it
is not difficult to verify that in this trajectory (and with 1 infinitesimally small), the
lowest priorities associated with the men in Iy gradually increase until min;¢y, w(i, 4;)
is reached. It follows that the overall effect on the priorities is faithfully captured
by the update performed in line 17. Similarly, the overall change to the matching is
faithfully captured by the update performed in line 18.

4.3 The Loop Body of the Algorithm

In the subsection, we analyze the loop body of Algorithm 1. It is convenient to define
the following predicates.

21(0): for every i € I, we have ¢; >; 0.

25(¢,n): p is a matching of G(¢) such that forevery i € I and j € J, if i € I;(¢) and
i >; 0, then pu(j) #0.

25(¢,p): for every i € I, we have p; < w(i,{;).

244, p,p): for every i € I such that (i) = 0, we have p; = w(i, ¢;).

Qs(¢,p): forevery i € I and j € J such that j >; ¢;, we have w(i, j) < p;.

Qdﬂ,u, p): forevery i,i’ € I and j € J such that (i, j) € E(¢) and u(i') = j, we have
pi < pr.

2(L,u,p): all of 2,(0), 224, 1n), 25(£,p), 2a(l,u,p), 25(¢,p), and Zg (¢, 11, p)
hold.

Consider the loop body of Algorithm 1. Throughout the rest of this subsection, we let
{7, u~, and p~ denote the values of ¢, i, and p before a given iteration of the loop,
and we assume that 2(¢~,u~,p~) and the loop condition are satisfied. Also, we let
¢*, ut, p* denote the values of £, i, and p after the iteration.

Lemma 3 Foreveryi € I, we have Ef >; 0.

Proof The only line in the loop body that modifies £ is line 8, which updates /;,. The
definition of iy implies that % >, 0. It follows that El* >, 0 holds. O

The following lemma characterizes how E(¢) changes in a single iteration of the
loop of Algorithm 1. We omit the proof, which is straightforward but tedious.

Lemma 4 The following conditions hold.

1. Forevery j€J, we have p=(j) >; 0.

2. Ifig <j, 1~ (jo), then E(¢T) =E(¢7).

3. Ifu=(jo)=0andiy >}, 0, then E(¢") = E(¢~)U{(io, jo)}-

# 1w~ (jo) # 0 and ig =jo 4~ (Jjo), then E(L ") =E(7)U{(io, jo)}-

5. 1~ (o) #0and iy > o i~ (o). then E(€7) = {(i,) € () j# jo}Uf (o, jo)}-

Lemma 5 Condition 2,(¢*,u") holds. Furthermore, if 1™ (jo) # 0 or 0 > j, io, then
2, (€+,‘u0) holds.
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Proof Since 2,(¢, ™) holds, we know that 1~ is a matching of G(¢7). Leti € [
and j € J be such thati € [;(¢7) and i >; 0.

Case 1: u~(jo) =0and ip >, 0. Then u* = u~ U{(io, jo)}. Since = (jo) =0,
io >, 0, and 2,(¢, ™) holds, part 3 of Lemma 4 implies that E(¢7) = E({")U
{(ip, jo)}. Since p~ is a matching of G(¢™), u=(ip) =0, u=(jo) =0, E(4") =
E(07)U{(io,jo}, and u™ = u=U{(io, jo)}, we find that u™ is a matching of G(¢7).
To establish that 2, (¢", ty) holds, it remains to prove that u™ () # 0.

Case 1.1: j # jo. Then I;(¢T) = 1;(¢"), and hence i € I;(¢7). Since i € I;({7),
i>;0,and 2,(¢~, 1) holds, we have p~ () # 0. Since u* = u~ U{(io, jo)} and
J # Jjo, we have p*(j) = p~(j). Since pu*(j) = p~(j) and p~(j) # 0, we have
ur(j) #0.

Case 1.2: j = jo. Since u™ = pu~U{(ip,jo)}, 4™ is a matching of G(¢T), and
Jj = jo, we deduce that u*(j) = ig # 0.

Case 2: 1~ (jio) #0or 0 > ;, ip. We need to prove that 2, (¢, o) and 2, (¢, u™)
hold. We begin by establishing two useful claims.

The first claim is that gy is a matching of G(¢*) that matches the same set of
women as U~ . To prove this claim, we consider three cases.

(a) io <j, 4~ (jo)- Then i = iy and part 2 of Lemma 4 implies E(¢") = E(¢"). Since
iy = io, we have po = p~. Since tg = =, E({") = E(¢"), and ™ is a matching
of G(£7), the claim follows.

(b) ip=j, #~ (jo). Then part 4 of Lemma 4 implies E(¢") = E (¢~ ) U{(io, jo)}. Since
o = (1~ Uf(io, jo) D\ A (i1, jo) 1 E(CH) = E(¢)U{ (o, jo)}, and s a match-
ing of G(£™), the claim follows.

(¢) ip >j, M~ (jo). Then ij # iy and part 5 of Lemma 4 implies E(¢") = {(i, ) €
E(€7): j# jo}U{(io, jo)}. Since po = (u™ U{(io, jo)}) \ {(i1, jo)}. E(t") =
{(i,j) e E(07): j# jo} U{(io,jo)}, and u~ is a matching of G(¢7), the claim
follows.

The second claim is that g™ is a matching of G(¢1) that matches the same set of
women as Llo. Since Ly is a matching of G(£*) and u™ is the symmetric difference
between Ly and an oriented Lip-alternating path in G(¢*) from iy to i, the second
claim follows.

Given the two preceding claims, we can establish that 2, (¢1, o) and 2, (¢, u™)
hold by proving that u~ () # 0. If j = jo, the latter inequality follows from the Case 2
condition. Now suppose that j # jo. Then1;(¢*) =1;(¢"), and hence i € I;(¢™). Since
i€lj(£7),i>;0,and 2,(¢,u") holds, we have u=(j) # 0. O

Lemma 6 For every i € I, we have p; < w(i,(}).

Proof Let i € I. We consider two cases.

Case 1: p;” = p;. Since 23(¢~,p~) holds, we have p; < w(i,{; ). Line 8 of
Algorithm 1 implies w(i,¢; ) < w(i, ;). Thus pi” = p; <w(i,¢;) < w(i,f;).

Case 2: p;” # p; . Then line 17 of Algorithm 1 implies i € Iy and p;” = w(iz,fg).
Since i € Iy, line 15 of Algorithm 1 implies w(iz,ég) <w(i,t;). Thus pj = w(iz,ég) <
w(i, (). O

Lemma 7 For every i € I such that u* (i) = 0, we have p; = w(i, (;").
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Proof Leti € I be such that u* (i) = 0. Then Lemma 6 implies that p;” < w(i,¢;"). It
remains to show that p;” > w(i, ;). We consider two cases.

Case 1: ™ (jo) = 0 and iy >, 0. Then p; = p;. Since u* (i) =0, line 10 of
Algorithm 1 implies i # ip and u~ (i) = 0. Since = (i) = 0, condition 24 (¢, u~,p7)
implies p; = w(i,¢; ). Since i # iy, line 8 of Algorithm 1 implies ¢, = ¢;. Thus
P = pr = wlih) = wii. b)),

Case 2: u~(jo) # 0 or 0 >, ip. We consider two subcases.

Case 2.1: i = ip. Then line 15 of Algorithm 1 implies i» € Iy. Since i =iy € Iy,
line 17 of Algorithm 1 implies p; > w(i, £;").

Case 2.2: i # ip. Since ut(i) =0, i #ip, and {/ € I: u™ (/') #0} = ({/' €
I u=(i") £ 0} U{io}) \ {i2}, we deduce that i # iy and u~ (i) = 0. Line 17 of Al-
gorithm 1 implies p;" > p;. Since pu~ (i) = 0, condition 24(¢~, 1, p~) implies
p; =w(i,(;). Since i # iy, line 8 of Algorithm 1 implies ¢;” = ¢;. Thus p;" > p; =
w(i, 0;7) = w(i, ¢F). O

Lemma 8 Foreveryi €I and j € J such that j >; E?, we have w(i, j) < pl-+.

Proof Let i € I and j € J be such that j >; ;. Line 17 of Algorithm 1 implies
pi+ > p; . We consider two cases.
Case 1: j >; ¢; . Then 25(¢~,p~) implies p; > w(i, j). Thus p; > p; > w(i, j).
Case 2: ¢; >; j. Since £; >; j >; ff, line 8 of Algorithm 1 implies i = iy and
Jj=4; . Since i = io, line 7 of Algorithm 1 implies u~ (i) = 0. Since p~ (i) = 0, condi-
tion 24(¢~, ", p~) implies p;” = w(i,¢; ). We conclude that p; > p;” = w(i,(;) =
w(i, ). O

Lemma 9 Suppose that 1™ (jo) # 0 or 0 >, io. Then the following conditions hold.

1. For every i,i' € I and j € J such that (i,j) € E((") and uo(i') = j, we have
pi <py-
2. For every i,i' € I and j € J such that (i,j) € E((") and po(i') = j, we have
T <pr
pl = pl’/ .
3. Forevery i € I on path m), we have p;” = w(iz,ffg).
4. For every i,i' € I and j € J such that (i,j) € E({*) and u*(i') = j, we have
pi <pi.

Proof

1. Leti,i’ € I and j € J be such that (i, j) € E(¢*) and uo(i’) = j. We consider two
cases.
Case 1: j # jo. Since j # jo, we have ™ (j) = to(j) = i'. In addition, Lemma 4
implies that (i, j) € E(¢7). Since u~ (j) = and (i, j) € E(¢"), condition Qe (¢, 1t~ ,p ")
implies p;” < p/.
Case 2: j = jo. Thus i’ = ug(jo). Let i’ € I denote p~ (jo). We consider two
subcases.
Case 2.1: i # ip. Since i # iy, Lemma 4 implies that (i, jo) € E(¢™). Since (i, jo) €
E((™), condition Zg(¢~,u~,p~) implies p; < p,,. Since i # ip and (i, jo) €
E(¢"), Lemma 4 implies that i >, lo. Since i > ip, lines 12 and 13 of Algo-
rithm 1 imply that p;, < p;;. Thus p;” < p,, < p;.
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Case 2.2: i = i. Since (ig, jo) € E(¢"), we have ig >, i’. Since iy >, i”, lines 12
and 13 of Algorithm 1 imply that Piy <Py

2. Leti,i’ €I and j € J be such that (i, j) € E(¢") and po(i') = j. We consider two
cases.
Case 1: p;” = p;". Then line 17 of Algorithm 1 implies pl.f > py - Part (1) implies
py > p; - Thus p; > p; > p; =p;.
Case 2: p;” # p; . Then line 17 of Algorithm 1 implies i € Iy and p;” = w(iz,ﬁg).
Since i € Iy, line 14 of Algorithm 1 implies there exists an oriented pp-alternating
path in G(¢*) from iy to i. Since (i,j) € E(¢T) and po(i') = j, there exists an
oriented po-alternating path in G(¢*) from i to i’. Hence there exists an an ori-
ented pp-alternating path in G(¢*) from iy to i’. So line 14 of Algorithm 1 im-
plies /' € Io. Since i’ € Iy, line 17 of Algorithm 1 implies p; > w(iz, ;). Thus
pi > wlin, ) = pf.

3. Leti; =1},...,i, = i denote the sequence of men on path 7. By part (1), we have
pl.z < pl.zﬂ for 1 <t <s. It follows that p;” < P for every man i on path 7. Since

25(£,p") holds, we have p;, <w(ia,(;)) < w(ia,£;). Thus p; < w(ip, ;) for
every man i on path 7. Since every man on path 7wy belongs to Iy, line 17 of
Algorithm 1 implies that p;” = w(iz,ég) for every man i on path 7.

4. Let J' denote the set of women who are matched in . Line 18 of Algorithm 1
ensures that the set of women who are matched in u™ is also J'. Moreover, by
part (3), p:*(j) = pzo () for every woman j in J'. Consequently, part (2) implies
that 2¢(¢*, u™,p™) holds. O

Lemma 10 Let i,i' € I and j € J be such that (i,j) € E({") and u*(i') = j. Then
P <py.
- 14

Proof 1If u™(jo) # 0 or 0 > io, then part (4) of Lemma 9 implies that p;” < p;.
For the remainder of the proof, assume that 1t~ (jo) = 0 and iy >, 0. Thus u* =
1 U{(io,jo)}, p" =p, and part 3 of Lemma 4 implies E(¢") = E(¢~) U{(io, jo)}-
We consider two cases.

Case 1: j # jo. Since j # jo and p™ is equal to = U{(ig, jo)}, we have u=(j) =
ut(j) =1. Since (i,j) € E(¢T) = E((7)U{(io, jo)} and j # jo, we have (i,]) €
E(¢7).Since (i, /) € E(L™), u (i) = j,and Z6 (¢, ™, p~ ) holds, we have p;” < p,.
Since p; < p; and p* =p~, we have p;” < p.

Case 2: j = jo. Since 4~ (jo) =0 and 2,(¢£~, ™) holds, we deduce that none of
the edges in E(¢™) are incident on jy. Since j = jo and none of the edges in E(£™)
are incident on jo, we have (i, j) & E(¢"). Since (i,j) ¢ E({") and (i, j) € E({T) =
E(¢7)U{(io, jo)}, we have (i,j) = (io, jo). Since u* = u~ U{(io,jo)}, we have
1t (jo) = ip. Since (i, j) = (io, jo) and ut(jo) = i, we have i’ = u*(j) = ut(jo) =
io = i. Since i = i’ we have p;” = p. ]

4.4 Correctness of the Algorithm

Lemma 11 Consider the loop body of Algorithm 1. Let £~, u~, and p~ denote the
values of ¢, I, and p at the start of the iteration. Assume that the loop condition is
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satisfied, and that 2(0,u~,p~) holds. Let ¢, u™, and p* denote the values of {,
U, and p at the end of the iteration. Then 2(¢*,u™,p ™) holds.

Proof Lemma 3 implies that 2, (¢) holds. Lemma 5 implies that 2, (¢, u™) holds.
Lemma 6 implies that 2;(¢",p™) holds. Lemma 7 implies that 24(¢*,u™,p™)
holds. Lemma 8 implies that 25(¢*,p™) holds. Lemma 10 implies that Z¢ (¢, u™,p™")
holds. Thus 2(¢*, u*,p™) holds. O

Lemma 12 Let ¢, U, and p be such that 2(¢, 1, p) holds. Suppose that for every i € I,
either (i) # 0 or 0 >; ¢;. Then (U,p) satisfies (P1) to (P4) with nn = 0.

Proof We begin by proving that (P1) holds. Let (i,j) € u. Since 2,(¢, ) holds,
U is a matching of G(¢). Since (i,j) € u and p is a matching of G(¢), we have
(i,j) € E(¢). Since (i, j) € E(¢), wehave i € I;(¢) and i >; 0. Since i € [;(£), we have
J >i4;. Since 2 (¢) holds, we have ¢; >; 0. Since j >; ¢; and ¢; >; 0, we have j >; 0.

We now prove that (P2) holds. Let i € I be a man and j € J be a woman such that
Jj =i u(i)and i >; 0. We prove that i € [;(¢) by considering two cases.

Case 1: u(i) =0. Then 0 >; ¢;. Since j € J and j >; u(i) = 0, we have j >; 0.
Since j >; 0 >; ¢;, we have i € I;({).

Case 2: u(i) #0. Since (i,u(i)) € u C E(¢), we have i € I;(¥).

Having established that i € I;(£), we now complete the proof that (P2) holds.
Sincei € lj(¢) andi >; 0, condition 2, (¢, u) implies p(j) # 0. Since (1 (), j) € E(¢)
and i € I;(¢), the definition of E(¢) implies u(j) > i.

We now prove that (P3) holds. Let i € I be a man. We consider two cases.

Case 1: u(i) = 0. Then 0 >; ¢;. Since 2 (¢) holds, we have ¢; >; 0. Since 0 >; ¢;
and ¢; >; 0, we have /; = 0. Since ¢; = 0, we have w(i,{;) = 1 —y;,, = 1. Since
w(i) =0, w(i,¢;) =1, and 24(¢, u,p) holds, we have p; = 1.

Case 2: u(i) # 0. Let j denote u(i). Since 2, (¢, ) holds, u is a matching of
G(?). Since u(i) = j and u is a matching of G(¢), we have (i, j) € E(¢). Since (i, j) €
E(?), we have i € I;(¢) and hence j >; {;. Since j >; {; and Z5(¢,p) holds, we have
pi>w(i,j)=1 —¥i,j- It remains to argue that p; < 1. Since constraint (C1) holds, we
have w(i,¢;) < 1. Since w(i,¢;) < 1 and 23(¢,p) holds, we have p; < 1.

It remains to prove that (P4) holds. Let i € I be a man and j € J be a woman such
that j >; 0,i>;0, and p; > 1 —y; . Since p; > 1 —y; j = w(i, j) and Z3(¢,p) holds,
we have j >; ¢; and hence i € I;(¢). Since i € I;(¢), i >; 0, and 2, (¢, ) holds, we
know that i is a matching of G(¢) with p(j) # 0. Let i’ € I denote u(j). Since  is a
matching of G(¢) and (7', j) belongs to u, we have (¢, j) € E(¢). Since (7, j) € E({)
and i € I;(¢), the definition of E(¢) implies that /' > i. It remains to prove thatif i =; i
then p; < py. Assume i’ =; i. Since (', j) € E({), i € I;({), and i’ =} i, the definition
of E(¢) implies that (i, j) € E({). Since (i, j) € E(£), u(i") = j, and Dg(¢, u,p) holds,
we have p; < py. a

Lemma 13 When Algorithm 1 terminates, ([, p) satisfies (P1) to (P4) with 11 = 0.

Proof 1t is straightforward to verify that 2(¢, u,p) holds before the first iteration of
the algorithm. So, by Lemma 11 and induction on the number of iterations, 2(¢, 1, p)
holds when the algorithm terminates. Moreover, line 6 implies that for every i € I, we
have (i) # 0 or 0 >; ¢; when the algorithm terminates. Hence Lemma 12 implies
that (u,p) satisfies (P1) to (P4) with 1 = 0 when the algorithm terminates. O
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Lemma 14 Let u be a matching such that (U, p) satisfies (P1) and (P2) for some p.
Then U is a weakly stable matching.

Proof Since (P1) holds, u is individually rational. To establish weak stability of u,
consider (i, j) € I x J. It suffices to show that (i, j) is not a strongly blocking pair.
For the sake of contradiction, suppose j >; (i) and i >; u(j). If 0 >; i, then 0 >;
i >; 1(j), contradicting the individual rationality of p. If i >; 0, then since j >; (i),
i >; 0, and (P2) holds, we deduce that u(j) > j 1, contradicting the assumption that
> u(j)- O

4.5 An Alternative Implementation

In this subsection, we present a more succinct alternative algorithm that does not
maintain a priority vector p. This alternative algorithm, which we refer to as Algo-
rithm 2, is implemented with weighted matchings.

Let us define the weight of any edge (i, j) € E(£) as w(i,¢;). Also we define the
weight of u C E(¢) as the total weight of all the edges in . We use the abbrevia-
tions MCM and MWMCM to denote the terms maximum-cardinality matching and
maximum-weight MCM, respectively.

Re-examining Algorithm 1 with the foregoing notions in mind, it is natural to
conjecture that the predicate “1 is an MWMOCM of G(¢)” is an invariant of the Algo-
rithm 1 loop. Certainly, the straightforward update performed in line 10 is consistent
with this conjecture. Moreover, the more complex update performed in lines 12 to 18
chooses to unmatch a vertex i in Iy such that w(is, ¢;,) = min;cz, w(i, ¢;); accordingly,
no other choice of the unmatched vertex in Iy results in a matching of higher weight.
In Lemma 17 below, we establish that the above conjecture does in fact hold.

For iterations of the Algorithm 1 loop where G(¢) admits multiple MWMCMs, it
is natural to ask whether the predicate 2(¢, 1, p) continues to be an invariant if we
modify Algorithm 1 so that it sets i to an arbitrary MWMCM of G(¢) at the end
of each iteration. We answer this question in the affirmative in Lemma 19 below. It
is then straightforward to establish the correctness (see Lemma 21) of Algorithm 2
below, which iteratively updates ¢ and computes an MWMCM of G(¥).

While Algorithm 2 is simpler to state than Algorithm 1, we emphasize that for
an efficient implementation, it is useful to proceed as in Algorithm 1, since at each
iteration we can (1) use the priority vector to efficiently update the MWMCM, and
(2) efficiently update the priority vector. Our primary interest in presenting Algo-
rithm 2 is to demonstrate that Algorithm 1 admits a succinct interpretation in terms
of weighted matchings.

Lemma 15 Let ¢, U, and p satisfy De(L, 11, p), let i,i' € I, and let T be an oriented
Uu-alternating path in G(£) from i to i'. Then p; < pj.

Proof If i =i then p; = py, so we can assume that i # i’. Let i = iy,ip,... ik =1
denote the sequence of k > 1 men appearing on path 7. Since Zg(¢, 1, p) holds and
7 is an oriented p-alternating path in G(¢) from i to i/, we deduce that pi; < pi;,, for
all j such that 1 < j < k. Hence p; = p;; < p;, = py. O
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Algorithm 2 Maximum stable matching implemented with weighted matchings

: compute an optimal fractional solution X to the associated linear program
: forevery (i,j) € I x (JU{0}), let w(i, j) = 1 —y; j, where y; j is defined as in Section 3
: initialize u to the empty matching
for every man i € I, initialize ¢; to the most preferred j € JU {0} with respect to >;
while there exists a man i € I such that (i) =0 and ¢; >; 0 do
let iy be such a man, and let jy denote the woman /;;
update ¢;, to the most preferred j € {j’ € J: jo >, j'} U{0} with respect to >;
update p to an arbitrary MWMCM of G(¢)
: end while
: return matching u

S RXIINE RN T

—_

Lemma 16 Let ¢, u, and p satisfy 2>(4, 1), 23(¢,p), 24(L,1,p), and Zg(L, 1, p).
Then u is an MWMCM of G(¢).

Proof Since 2, (¢, 1) holds, p is an MCM of G(¢). Let ' be an MWMCM of G(¥).
Since u’ is an MCM of G(¢), 2, (¢, 1) implies that p and ' match the same set
of women. Thus p @ u’ corresponds to a collection 2" of cycles (of positive even
length) and man-to-man paths (of positive even length). For any cycle y in 2", the
edges of 11 on ¥ match the same set of men as the edges of u’ on ¥. Thus the total
weight (in G(£)) of the edges of it on ¥ is equal to the total weight of the edges of u’
on 7.

Now consider a man-to-man path 7 in 2. Let the endpoints of & be i and ¢/,
where i is matched in g and not in u’, and i’ is matched in ' and not in u. Since
p' is an MWMCM of G(¢), and since ' @ m is an MCM of G(¢), we deduce that
w(i, &) < w(i',£y). Since u(i') =0 and 24(¢, u,p) holds, we have p; = w(i’, l;).
Since D¢ (¢, i, p) holds and 7 is an oriented y-alternating path in G(¢) from i to i,
Lemma 15 implies that p; > py. Since 23(¢,p) holds, we have p; < w(i,¥;). Since
pi > pr and p; < w(i, &) <w(i',£y) = py, we deduce that p; = w(i, €;) = w(i',£y) =
pir. Thus the total weight (in G(¢)) of the edges of u on 7 is equal to the total weight
of the edges of u’ on 7.

The foregoing analysis of the cycles and paths in 2~ implies that the weight of u
is equal to that of p’, and hence that gt is an MWMCM of G(¢). O

Lemma 17 An invariant of the Algorithm 1 loop is that [ is an MWMCM of G().

Proof Ttis easy to check that u is an MWMCM of G(¢) when the Algorithm 1 loop is
first encountered. Hence the claim of the lemma follows by Lemmas 11 and 16. O

Lemma 18 Let ¢, u, and p satisfy 2>(4, 1), 23(¢,p), 2a(L,1,p), and De(L, 1, p),
and let n' be an MWMCM of G({). Then 2> (4,1, 24(L, 1, p), and 2e(L, 1, p)
hold.

Proof Lemma 16 implies that p is an MWMCM of G(). Let J' denote the set of
women with nonzero degree in G(¢). Since 2 (¢, i) holds, the set of women matched
by wis J'. Since p’ is an MCM, we deduce that the set of women matched by u’ is
also J’, and hence that 2, (¢, ") holds. Thus u & u’ corresponds to a collection 2
of cycles (of positive even length) and man-to-man paths (of positive even length).
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Consider a cycle y in 2. Since Z4(¢, 1t,p) holds and there is an oriented -
alternating path in G(¢) from i to i’ for every pair of men i and i/ on ¥, Lemma 15
implies that p; = py for all men i and i’ on ¥.

Consider a path 7 in 2". Let the endpoints of 7 be i and ', where i is matched in
U and not in i, and i’ is matched in ¢’ and not in p. Since Z4(¢, i, p) holds and 7
is an oriented p-alternating path in G(¢) from i’ to i, there are oriented p-alternating
paths in G(¢) from ' to i’ and from i’ to i for every man i’ on 7. Thus Lemma 15
implies that p; < p;» < p; for every man i’ on 7. Since u and p’ are each MWMCMs,
and u ®m and u’' ® w are MCMs of G(¢), we deduce that w(i,¢;) = w(i’,£). Since
94(L, 1, p) holds, we have py = w(i',£y). Since 23 (¢, p) holds, we have p; <w(i, ;).
Since p; < w(i,t;) = w(i’',£y) = py < pi, we deduce that p; = w(i,?;) = py. Since
pi = w(i,£;), we conclude that 24(¢, u’,p) holds. Since p; = py and py < py < p;
for every man i” on 7, we deduce that p; = p for every man i’ on 7.

The foregoing analysis of the cycles and paths in 2" implies that p,(;) = py(j)
for every woman j in J'. Since Z¢ (¥, 1t,p) holds, we find that Zg(¢, ', p) holds. O

We now use our results concerning Algorithm 1 to reason about Algorithm 2. To
do this, it is convenient to introduce a hybrid algorithm, which we define by modify-
ing Algorithm 1 as follows: At the end of each iteration of the while loop, update the
matching u to an arbitrary MWMCM of G(¢).

Lemma 19 Consider the loop body of the hybrid algorithm. Let {~, u~, and p~
denote the values of {, U, and p at the start of the iteration. Assume that the loop
condition is satisfied, and that 2(¢~,u~,p~ ) holds. Let {*, u™, and p™ denote the
values of {, 1, and p at the end of the iteration. Then 2({,u™,p™) holds.

Proof Lemma 11 implies that 2(¢, u,p) holds just before u is updated to an arbi-
trary MWMOCM of G(£). Lemma 16 implies that i is an MWMCM of G(¢) at this
point in the execution. Thus Lemma 18 implies that 2,(¢*,u™), 24(¢F,u™,p"),
and (¢, u™,pT) hold. Since 2(¢, u,p) holds just before u is updated to an ar-
bitrary MWMCM of G(¢), we conclude that 2, (¢), 2;(¢T,p"), and 25(¢T,p™)
hold. Hence 2(¢*,u*,p™) holds, as required. |

The converse of the following lemma also holds, but we only need the stated
direction.

Lemma 20 Fix an execution of Algorithm 2, and let T denote the number of times
the body of the loop is executed. For 0 <t < T, let 0% and /J,(t) denote the values
of the corresponding program variables after t iterations of the loop. Then there is a
T -iteration execution of the hybrid algorithm such that, for 0 <t < T, the program
variables ¢ and | are equal to ") and /J,(l), respectively, after t iterations of the loop.

Proof Observe that Algorithm 2 and the hybrid algorithm are equivalent in terms of
their initialization of / and u, and also in terms of the set of possible updates to ¢ and
U associated with any given iteration. (While the hybrid algorithm also maintains a
priority vector p, this priority vector has no influence on the overall update applied
to £ and u in a given iteration.) Given this observation, the claim of the lemma is
straightforward to prove by induction on ¢. a
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Lemma 21 When Algorithm 2 terminates, there exists p such that (1L,p) satisfies
(P1)to (P4) withn = 0.

Proof Fix an execution of Algorithm 2, and let £* and pu* denote the final values of
¢ and p. Lemma 20 implies that there exists an execution of the hybrid algorithm
with the same final values of ¢ and p. Fix such an execution of the hybrid algorithm,
and let p* denote the final value of p. It is straightforward to verify that 2(¢, u,p)
holds the first time the loop is reached in this execution of the hybrid algorithm. Thus,
Lemma 19 implies that 2(¢*, u*,p*) holds. Moreover, line 6 implies that for every
i €1, we have u*(i) # 0 or 0 >; ¢;. Hence Lemma 12 implies that (u*, p*) satisfies
(P1) to (P4) withn = 0. O

5 Analysis of the Approximation Ratio

In this section, we analyze the approximation ratio and the integrality gap. Our anal-
ysis applies to Algorithms 1 and 2 alike. Throughout this section, whenever we men-
tion x and i, we are referring to their values when the algorithm terminates. Given X,
we let the auxiliary variables {yi,j}(gj)elx(ju{o}) and {z,-h,-}(,-.’j)e(lu{o})xj be defined
as in Section 3. By Lemmas 13 and 21, there exists p such that (u,p) satisfies (P1)
to (P4) with n = 0. We fix such a priority vector p throughout this section.

In Section 5.1, we describe a charging scheme which covers the value of the
linear programming solution. In Section 5.2, we bound the charge incurred by each
matched man-woman pair. In Section 5.3, we show that the approximation ratio is at
most 1+ (1— 1)L,

5.1 The Charging Argument

Our charging argument is based on an exchange function 4: [0,1] x [0, 1] — R which
satisfies the following properties.

(H1) Forevery &1,& € [0,1], we have 0 = h(0,&) < h(&;,&) < 1.

(H2) For every &1,&, € [0,1] such that & > &, we have h(&;,&) = 1.

(H3) The function A(&;,&;) is non-decreasing in &; and non-increasing in &;.
(H4) For every &1,&, € [0,1], we have

L [® (1-n(&1,8)) g < max(& —&,0).
&-(1-1/L) ’ - ’

Given an exchange function 4 that satisfies (H1) to (H4), our charging argument is as
follows. For every (i, j) € I X J, we assign to man i a charge of

Xi.j
6= [ (1= piyi—E)dE
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and to woman j a charge of
0 if 1(j) =0 or i >; ()
gij=1%i if p(j) #0and u(j) >;i
i . . , ;
Xi,j—/o h(1 = puciy, 1= zu(),j—8)dE  if u(j) #0and u(j) =; i
The following lemma shows that the charges are non-negative and cover the value of

an optimal solution to the linear program. We prove this using the stability constraint
in the linear program and the tie-breaking criterion of our algorithm.

Lemma 22 Leticland j € J. Then 6; ; and ¢; ; satisfy the following conditions.

1. 6,-7]- Z 0 and ¢i,j Z 0.
2. xj < 0+ i)

Proof

1. The definition of 6; ; implies

Xitj
9i.j=/0 h(1—pi,yi,j—&)dé >0,

where the inequality follows from (H1). Also, the definition of ¢; ; implies
. i j
@JEiHHn<0diﬁmJ-1£ hﬂ-—pygyl—%uo%j—é)dé)

Xi‘j
Z min (0,)(,‘_’]',)@‘]'7/ 1d§)
' 0
= O’
where the second inequality follows from (H1).

2. We consider two cases.
Case 1: y; ; <1 — p;. Then (H3) implies

m;Am(Ml—mmg—ﬂ—hU—mJ—m—éﬁdé
= [ (b= pryig—8)-1) ae

=0 —xij
<6 ;+¢i;—xij,

where the first equality follows from (H2), the second equality follows from the
definition of 6; ;, and the last inequality follows from part 1.

Case 2: y; ; > 1 — p;. We may assume that x; ; # 0, for otherwise part 1 implies
6;;+¢; j > 0 =x; ;. Since x; ; # 0, constraint (C4) implies j >; 0 and i >; 0. So
(P4) with n = 0 implies u(j) # 0 and () >; i. We consider two subcases.
Case 2.1: u(j) >; i. Then the definition of ¢; ; implies

0=0i;—xi; <6+ ¢;—xij
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where the inequality follows from part 1.

Case 2.2: u(j) = i. Then (P4) with n = 0 implies p; < p,(;). Also, since u(j) =;
i, parts 4 and 5 of Lemma 2 imply z,,(;) ; = zij < 1 —yi ;. Since p; < p(; and
vij<1— ),j» (H3) implies

X,'.j
OS/O (h(l—Pi,yz',j—é)—h(l—Pu<j)71—2#(j),j—§))d5=9i,j+¢i,j—xi,j,

where the equality follows from the definitions of 6; ; and ¢; ;. O

5.2 Bounding the Charges

To bound the approximation ratio, Lemma 22 implies that it is sufficient to bound
the charges. In Lemma 23, we derive an upper bound for the charges incurred by
a man using the strict ordering given by his preferences. In Lemma 24, we derive
an upper bound for the charges incurred by a woman due to indifferences using the
constraint on the tie length. In Lemma 25, we derive an upper bound for the total
charges incurred by a matched couple by combining the results of Lemmas 23 and 24.

/hl—p,7 VdE.

Proof Let ji,..., jjy €J such that ji; >; jij—1 >i - >; j1. Then part 2 of Lemma 2
implies y; Jn < 1. Also, parts 2 and 3 of Lemma 2 imply

0 ifk=1
Vije — Xijp = { ) (1)

Lemma 23 Leti €I be a man. Then

]EJ

Vij if 1 <k§ |J‘
for every 1 <k < |J|. Hence the definitions of {6; j }1<x<|s imply
Xi’jk
0., = /0 h(1 = pi,yij, —§)d§
Vi ji

= [ 1-pig)ag
Yy

ik iy

Vijk .

[ a-pgyae k=1

0

[ na=pagydg it1<k<l
Vi

for every 1 < k < |J|, where the inequality follows from (1) and (H1). Thus

ZOIJ_ Z ijk = / h(1—p;,&)dE + Z / - pi,§)dé&
jer 1<k<|J| 0 1<k<|J| " Viik1
Vi, ji
= [V 1= gt

< [(n0-ptyae,

where the last inequality follows from y; in < 1 and (H1). a

IN
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Lemma 24 Let j € J be a woman such that iL(j) # 0. Then

Y. i < max(py(j) —2u(j).-0)-
icl
w(i)=ji

Proof Let

HE) = [ (1h1 ) e

—2u(j), %'

forevery &’ € [0, 1]. Then (H1) and (H3) imply that H is concave and non-decreasing.
Also, (H4) implies

LH(——i—%
=L- /l O (1—h(1—p (4),5))d§ <max(py(j) —2u(j),»0)- 2
lz,”)jll/L w(j = w(j) ~2nd)).i

Let I'={i € I: u(j) =; i}. Then |I'| < L since L is the maximum tie-length. Let
i1,y € I such that I' = {iy,... i)y }. Let

g = i if1<k<|I|
o if|l|<k<L

for every 1 < k < L. Then the definition of z;,(;) ; implies

L—zyj=1= Y x>y xij— Y x;> ), xij= Y X,j= Y &

icl il iel i€l 1<k<|I'] 1<k<L
u(j)>ji u(j)>ji u(j)=ji

where the first inequality follows from constraint (C2), the second equality follows
from the definitions of I’ and {ix}1<k<|r|> and the third equality follows from the
definitions of {& };<x<z. Hence the monotonicity and concavity of H imply

L-H(%)ZLH(I Y &)= Y HE). 3)
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Thus the definitions of the definitions of {¢; ;}ic; imply

Z 0= Z (xi,j_/(;xi’jh(l_pu(j%]_Zﬂ(j)vj_é)dg)

i€l i€l
u(j)=ji u(j)=ji
L=z,
_ Z / 1(i).j (l—h(l—p“(j),§)>d§
icl I 1=2u(j), i
u(i)=ji
= Y Hxj)
i€l
u(j)=ji
= ) Hxyj)
1<k<|I|
= Y H&)
1<k<L
IO,
<L. TR
sin(—p2)

< max(py(j) = 2u()),j»0);

where the third equality follows from the definition of H, the fourth equality follows
from the definitions of I’ and {ik}1§k§| r|> the fifth equality follows from the defini-
tions of {&}1<k<r, the first inequality follows from (3), and the second inequality
follows from (2). O

Lemma 25 Leti€ I and j € JU{0} such that (i) = j. Then the following conditions
hold.

1. If j #0, then

1
Zei7,-/+2¢ﬂ,,-51+/1 h(1— pr.E)dE.

jler el —Pi

2. Ifj = 0, then ei,j/ = OfOl" every j/ el

Proof
1. Suppose j # 0. Then (P1) implies j >; 0 and i > 0. So part 5 of Lemma 2 implies
zij < 1—=yij < pi

where the second inequality follows from (P3) with 1 = 0. So the definitions of
{ov j}rer imply

Yoo, =Y o+ Y x; <max(pi—z,0)+z;=pi “4)
i'el i'el i'el
()=’ p(j)>;i
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where the first inequality follows from Lemma 24 and the definition of z; ;, and
the last equality follows from p; > z; ;. Also, by Lemma 23, we have

ZG,]/</h1—p,, )&

jer . |
:/ h(lfpi,é)déJr/ ph(lfpi,i)dé

,/1 pldé+/_,,, — pi E)dE
:1’”*/1 h(1— pi,€) dE, 5)
—Di

where the second equality follows from (H2). Combining (4) and (5) gives the
desired inequality.
2. Suppose j = 0. Let j/ € J. Since p(i) = j = 0, (P3) with n = 0 implies

1>pi>1—yij=1-yio=1,

where the last equality follows from part 1 of Lemma 2. Hence the definition of
0,y implies

O :/0 : h(1 —PiYiy §)de = / h(0,y;, g §)d& =0,

where the second equality follows from p; = 1, and the third equality follows
from (H1). O

5.3 The Approximation Ratio

To obtain the approximation ratio, it remains to select an exchange function 4 satis-
fying (H1) to (H4) such that the right hand side of part 1 of Lemma 25 is small. We
can formulate this as an infinite-dimensional factor-revealing linear program. More
specifically, we can minimize

1
sup | h(&1,8)dS
&el0,1]/&

over the set of all functions % that satisfy (H1) to (H4). Notice that the objective value
and the constraints induced by (H1) to (H4) are linear in 4. However, the space of
all feasible solutions is infinite-dimensional. One possible approach to the infinite-
dimensional factor-revealing linear program is to obtaining a numerical solution via
a suitable discretization. Using the numerical results as guidance, we obtain the can-
didate exchange function

h(Er, &) = max ({0}u{(1f%)’<: ke{0,1,2,...} and & > 52.(1—%)"}). (6)
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Lemma 26 below provides a formal analytical proof that the above choice of & sat-
isfies (H1) to (H4) and achieves an objective value of (1 — %)L At the end of this
section, we discuss a simpler choice for the exchange function that can be used to
match the results presented in [23].

Lemma 26 Let h be the function defined by (6). Then the following conditions hold.
1. The function h satisfies (HI) to (H4).
1

2. Forevery & €0,1], we have /51 h(&,E)dé < (1 - %)L

Proof

1. It is straightforward to see that (H1) to (H3) hold by inspecting the definition of
h. To show that (H4) holds, let &;, &, € [0, 1]. We consider three cases.
Case 1: & < &;. Then

L WE)dE=L [ (1-1)dE=0=max(E-£.0)

(1
& (1-1/L) & (1-1/L)

Case 2: & > & = 0. Then
& &
L./@'(H/L) (1-h(&1.8))dg =L (1 0)dE =& =max(& - £1.0).

Case 3: & > & > 0. Letk € {0,1,2,...} such that (1 — })F1 < & < (1 1)~

Then ?
&
L /( e (1-h&.&)4¢)
_ &
—éz—L-/(l " 52h<§1,§>d5

Gi/(1=1/L) &
S R CRITIS 2 RS T

& /(1=1/L)k 1\ k & 1\ k+1
:ész'/u 1L)E (-7) dé*L‘/&/(l—l/mk(l*Z) @
=&H-L-(&—& (1-) =L (& (1= =& - (1-1))
=6-§
= max(& — §&,0).

2. Let & € [0,1]. We may assume that &; > 0, for otherwise

/é:h(él,é)d§=/;0d5=0§ (-1
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Letk € {0,1,2,...} such that (1 — 1)**! < & < (1— 1)k Then

é}@hadé

]/1 I/Lk’+l

1
= JE)dE + )

& /(1-1/L) her,6)ds 0<§<k/51/1 1/L¥ Hé1,E)de

& /(1— 1/L’<+1 1\ K41
~Je -1k ) 0<§'<k/§1/1 1/L¥ 7Z) “
k+1 &
=(( ) e (o)) T g
0<k' <

—(1-L e e_ry). (7)

We consider three cases.
Case 1: k=L — 1. Then (7) implies

éﬁﬁba dE=(1— L L 8Ly = (1- L

Case 2: k > L. Then (7) implies

[ nE.e s =(1-HH + 3 k-1 +1)
<= k- L0 -
= (1=h (-t
< (1 _ %)L.ek/Lfl (L—k)/
= (1- 1)

where the first inequality follows from 51 < (1 — %)k , and the second inequality
follows from ek/L—1 > & 7 and e Vl>1—
Case 3: k< L-—2. Then (7) implies

) (L—k=1)(1 =)
)L'kill'(l_FLll)L 2

)L. (k4+1)/(L—1)— l.e(L—k—Z)/(L—l)
)

where the first inequality follows from & > (1 — %)k“, and the second inequality
follows from e*+1)/(L=1)~1 > % and !/~ > 1 4 ﬁ O

Lemma 27 below is obtained by combining Lemmas 22, 25, and 26. Our main
results are presented in Theorem 28 and 29 and proved using Lemma 27.



Maximum Stable Matching with One-Sided Ties of Bounded Length 29

Lemma 27 Z xij < ( (l—%)L)~|/,L|.

(i,j)elxJ

Proof Consider the charging argument with the exchange function 4 as defined by
(6). By part 1 of Lemma 26, the function # satisfies (H1) to (H4). Lemma 22 implies

Z xl,j< Z lj+¢l,j

(i,))elxJ (i,j)elxJ
) (Zei,j’JFZ‘Pi’J)JF Y Yo+ Y Yo ®
(i,))en " j'es i'el il jeJ jeJ i€l

n(H=0 (=0

Part 1 of Lemma 25 implies

Z (ZQ;’,]"FZ@",]')S Z (1+/1117ih(1—pi,§)d€)

()en " jel el (i.)en
<y (1+(1—1)L)
en L
= (1+ (1= 1)) |ul, ©)
where the second inequality follows from part 2 of Lemma 26. Part 2 of Lemma 25
implies
Y Yo, =o. (10)
icl jeJ
n(i)=0

The definitions of {@; ;}; jjer»s imply

Y X6, =0 (1D

jeJ i€l
u(j)=0

Combining (8) to (11) gives the desired inequality. a

Theorem 28 For the maximum stable matching problem with one-sided ties and tie
length at most L, Algorithms I and 2 are polynomial-time (14 (1 — %)L)-approximation
algorithms.

Proof Algorithms 1 and 2 each run in polynomial time because linear programming
is polynomial-time solvable and the number of iterations of the loop is at most |I| x
||

By Lemma 13 and 21, Algorithms 1 and 2 each produce a matching y such that
(u,p) satisfies (P1) to (P4) with n = 0. So Lemma 14 implies that the output g is
a weakly stable matching. Let ¢’ be a maximum weakly stable matching, and x’ be
the indicator variables of p’. Since p’ is weakly stable, x’ satisfies constraints (C1)
to (C5). Hence Lemma 27 implies

1\L
(1+(1—Z))-|u|> Y x> )Y K=,
(i,j))elxJ (i,))elxJ

where the second inequality follows from the optimality of x. a
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Theorem 29 For the maximum stable matching problem with one-sided ties and tie
length at most L, the integrality gap of the linear programming formulation in Sec-
tion 3is 1+ (1 — 1)L

Proof Consider the matching y produced by Algorithms 1 or 2. By Lemma 13
and 21, there exists p such that (u, p) satisfies (P1) to (P4) with 1 = 0. So Lemma 14
implies that the output u is a weakly stable matching. Hence Lemma 27 implies

(4 m> T

(i,j)elxJ

Let x’ be the indicator variables of p. Since u is weakly stable, Lemma 1 implies that
X’ is an integral solution satisfying constraints (C1) to (C5). Since

(e (-2)) L A= (1 (1)) = R s

J)EIXJ i€l jeJ

the integrality gap is at most 1 4 (1 — %)L This upper bound matches the known lower
bound for the integrality gap [19, Section 5.1]. a

We now discuss a simpler choice for the exchange function that can be used to
match the results presented in [23]. For any &;,&; € [0, 1], let

0 if & =8 =0,
h(&1,&) =141 if0=& < &, and
min(1,&,/&) otherwise.

We claim that / is the “smooth” version of /, in the following sense: /(&1 &) =
lim; o h(&;,&) for all &1,& € [0,1]. Tt is straightforward to prove this claim by
considering the cases §§ =& =0,0=6 < &,0< & <, and 0< & < &
separately. (In the last case, observe that g (1—- 7) < h(&1,8) < g , and hence

limy e h(&1, &) = &1 /& = h(E1,&,).) This claim, together with Lemma 26, implies
that / satisfies (H1) to (H4) and that féll h(E,E)dE < % for all & € [0,1]. (Alter-
natively, it is straightforward to prove these facts directly from the definition of 4.)
Hence, using 7 instead of h, we obtain weakened versions of Lemmas 26 and 27 and
Theorems 28 and 29 in which the expression (1 — %)L is replaced by % We remark
that the term féll h(&,E)dE = —&In&; appearing in this variant of Lemma 26 is

analogous to the term (po — 1)In(1 — po) that appears in [23, Section 4.3.1].
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