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Abstract

In this work we propose new randomized rounding algorithms for matroid intersection and
matroid base polytopes. We prove concentration inequalities for polynomial objective functions
and constraints that has numerous applications and can be used in approximation algorithms
for Minimum Quadratic Spanning Tree, Unrelated Parallel Machines Scheduling and scheduling
with time windows and nonlinear objectives. We also show applications related to Constraint
Satisfaction and dense polynomial optimization.

1 Introduction

Randomized rounding is an algorithmic framework that was first introduced in the seminal work
by Raghavan and Thompson [27]. The idea is simple yet powerful: Define a boolean integer
programming formulation of optimization problem at hand. Then, solve the linear programming
relaxation of that integer programming formulation. Finally, use the values x} of the optimal
fractional solution in your randomized rounding procedure; for each ¢, independently set z; = 1
with probability 7 and z; = 0 with probability 1 —x;. The obtained integral solution z; satisfies or
almost satisfies each constraint with high probability by the Chernoff bound. Hence, by the union
bound, all constraints are almost satisfied with high probability as well.

This framework and its variants proved to be useful for many optimization problems arising
in Computer Science, Operations Research and Combinatorial Optimization. However, its per-
formance degrades when the mathematical programming formulation involves many (exponential
number of) constraints or when the constraints have few non-zero entries, and hence the probability
that the integral solution x; does not satisfy a constraint can be too large for the union bound to
give meaningful results. Therefore, over the years researchers developed methods that round the
fractional solution in a dependent fashion such that the final integer solution is guaranteed to be
feasible on the set of constraints that are too sensitive for the Chernoff bound. One class of such
methods developed recently is the randomized rounding procedure designed by Chekuri, Vondrak
and Zenklusen [10, 11] for linear optimization problems where the "hard” constraints are a part of
matroid base and matroid intersection polytopes. In this work, we generalize the rounding method
of Chekuri, Vondrék and Zenklusen [10, 11] to handle not only linear constraints but also polyno-
mial constraints. We will show in Section 3 various specific problems that can be captured by our
framework.
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One of the ways to define a large number of constraints that are still algorithmically manageable
is to use the language of Matroid Theory. A matroid M is an ordered pair (V,Z), where V is the
(finite) ground set of M, and Z is the set of independent sets of M. We recall that the defining
properties for the set Z of independent sets of a matroid are as follows: (i) @ € Z; (i) X CY €T
= X eZ; (i) X, Y €Z, |X|>|Y]| =3 eec X\Y such that Y U {e} € Z. See books of Oxley [26]
and Schrijver [29] for further information on matroids and associated algorithmics.

For a given matroid M, the associated matroid constraint is: S € Z(M). In our usage, we deal
with two matroids M; = (V,Z;), i = 1,2, on the common ground set V. We assume that each
matroid is given by an independence oracle, answering whether or not S € Z;. For any set S let
rank(S) be the rank of S, that is the size of a largest independent subset of S. The set function
rank(S) is called the rank function.

For a given matroid M, the associated polymatroid P(M) is a polytope defined by the con-
straints

Zl’i < rank(S), VS CV,
€S
x; > O, VieV.

The base polymatroid has one additional constraint ) .. x; = rank(V') and will be denoted B(M).

The matroid constraint naturally models various combinatorial constraints, such as cardinality,
acyclicity, degree etc., in one unified framework. Let f(z), gj(x) for j = 1,...,k and g;(x) for
j=1,..., k' be arbitrary real-valued functions defined for = € [0, 1]" (in this paper we are interested
in degree ¢ multivariate polynomials with coefficients in the interval [0, 1]). In this work we study
two general optimization problems

min f(z), (1) max f(z), (6)
gi() 2 Cj,  j=1,...k (2) 9i(x) 2Cy, j=1,....k (7)
gi(x) <Ci,  j=1,...,K, (3) gi(x) <C%, j=1,...,k, (8
x € B(M), (4) x € P(M1)NP(May), (9)
z; € {0,1}, VieV. (5) x; € {0,1}, VieV. (10)

Both problems model a variety of computationally difficult optimization problems arising in
various applications such as scheduling, network design, facility location etc. (see Section 3).

In many applications, the optimization problems (1)-(5) and (6)—(10) become more tractable
if one replaces the integrality constraints (5) and (10) with the constraint x; € [0,1] for all ¢ € V.
More precisely, assume that there exists a polynomial (or super-polynomial in some applications)
algorithm that finds a relaxed fractional solution of the optimization problems (1)—(5) and (6)—(10),
possibly with relaxed right hand side for constraints (2), (3), (7), (8). We apply new dependent
randomized rounding procedures to the fractional relaxed solution of (1)—(5) or the fractional re-
laxed solution of (6)—(10). The formal description of this procedures can be found in Section 2. We
show that for a wide class of problems the integral solution obtained by these methods is concen-
trated around the value of the original fractional solution that implies bounds on the performance
guarantee of the final integral solution for a wide variety of applications (see Theorems 3 and 4 and
Section 3). The key difference between our work and the work of Chekuri, Vondrak and Zenklusen



[10, 11] is that their concentration bounds hold only for linear and submodular functions which
limits the potential applications of the method.

In this paper we consider the case when the functions f(z), gj(z) for j =1,...,k and g;(z) for
j=1,...,k" are degree q polynomials with coefficients at most 1, i.e. of the form
di ,.d
Z Cdy,..dn ] TS - x;jf
dido,....dn€Zt
s.t. Z,L d;<q
where 0 < cq,,..4, < 1. For a given fractional solution zj for i = 1,...,n, let r = > .., xj. The

value r is called the fractional rank of the solution z*. A small technical observation is that we can
assume that r is lower bounded by the rank R of some optimal solution since we can guess R (n
options) and add the constraint Y ;" ; ; > R to our mathematical programming formulation. We
will use the notation x(.5) to denote the characteristic vector of the set S. Our first main result
implies a randomized rounding procedure for a fractional solution for the optimization problems

(1)~(5).

Theorem 1. For any matroid M and corresponding base polymatroid B(M), there exists a polyno-
mial time rounding algorithm that given a vector x* € B(M), outputs a random set J, x(J) € B(M)
with

E[x(J)] = ", (11)

such that for every polynomial f of degree q with coefficients in the range [0, 1] the following in-
equality holds:

A2

C
Pr{|f(x(J)) = f(z")] 2 Al < (¢ + 1)e PGP, (12)
where C' is an absolute constant (not depending on any other parameters) and D = max([r],2)97 L.

Our second main result implies a randomized rounding procedure for a fractional solution for
the optimization problems (6)—(10).

Theorem 2. For any matroids My, My and corresponding polymatroids P(My), P(Ms), there
exists a polynomial time rounding algorithm that given a vector x* € P(M1) N P(Mz) and integer
parameter p > 2 outputs a random set J € T(M1) NZ(Ms) with

E[x(J)] =z, (13)

such that for every polynomial f of degree q with coefficients in the range [0,1] the following in-
equality holds:

_ %
Pr(|f(x(J)) = f(2)] = Al < (¢ + 1)e Praf@ibrar, (14)
where & = (1 — 1/p)x*, D = max([r],2)97t, and C is an absolute constant (not depending on any
other parameters).

There are a few key differences between our bounds and the bounds from [10, 11]. The bounds
in [10, 11] are “dimension-free” for linear functions g(z) with nonnegative coefficients, i.e. they
do not depend on |V| or r. While in the case of linear functions g(z) our bounds are similar to
the bounds in [10, 11] we cannot expect this property to hold for polynomials of higher degree as
demonstrated in the example below. Nevertheless, we will see that our bound has many interesting
applications.



The following simple example shows that the dependence on r9~! is necessary. Let 2} = 1/2
and z7 =1 for i = 2,...,n. Consider a degree-q polynomial

9(x) = Z Z1 H Zj.

SCn]\{1},S|=¢-1  i€S

Obviously, g(z*) = (Zj) /2. On the other side any rounding that preserves marginal expectations

of variables has g(x(J)) = 0 or g(x(J)) = (Z:i), each with probability 1/2. Therefore D must be at
least Q((Z:%)) = Q(r9~1) (hiding functions of ¢) to guarantee that for A < (quj)/2 the probability
bound is at least 1.

The key complication in extending concentration results from linear functions as in [10, 11] to
polynomials is that the influence of each variable, which we approximate with a derivative, is no
longer a constant and worse yet is no longer independent of the other variables. These influences
matter because they affect the step-sizes of the martingale used in the analysis. Each derivative
is a lower-degree polynomial, which we can show to be concentrated by induction. The algorithm
of [10, 11] does not appear to extend to polynomials (at least not with bounds independent of
the dimension n) because of the difficulty of handling the dependence between which variables
are available for rounding at each step of the algorithm and the derivatives with respect to those
variables. For example we cannot afford to take a union bound over the n variables. We work around
this difficulty by using a new and cleaner algorithm: run a certain Markov chain over independent
sets for a fixed period of time. This cleaner algorithm can be analyzed using techniques such as
the self-bounding property of polynomials which allow to apply the method of bounded variances
to the martingale corresponding to our Markov chain.

Due to dependence on 797! in the exponent of the probability estimates in Theorems 1 and 2 our
concentration inequalities provide meaningful bounds only if A\? = Q(f(z*)r?™!) and A\ = Q(r7~1).
Since in most applications we are interested A = e¢f(z*) for some small constant ¢ > 0 we must
have f(x*) > Cr9~! for some large constant C' to obtain nontrivial bounds. While this condition
is restrictive in some settings it still covers many interesting optimization problems. For example,
all applications considered by Arora, Frieze and Kaplan [2] are covered by our framework, they
consider the assignment problem (which is a special case of the matroid intersection problem) with
polynomial objectives satisfying the condition that the optimal value of objective function is Q(n?).
We will follow [2] and call such polynomial objectives dense. In particular, our results imply the
following theorem.

Theorem 3. There exists a quasi-polynomial time randomized approrimation scheme for the ma-
troid intersection problem with the objective function (that could be mazimized or minimized) that
is a degree q polynomial and such that the value of the optimal solution is Q(r?) where r is the
matroid rank of the optimal solution.

An analogous result can be stated for the matroid base polytope. For many specific applications
such as maximum acyclic subgraph problem or minimum linear arrangement problem the algorithms
could be made polynomial using the techniques from [2].

If in addition the polynomials involved in the objective function are convex then we don’t need
to go through the machinery from [2] to obtain a feasible solution of the continuous relaxation. We
just use the polynomial time algorithms for convex programming.



Theorem 4. There exists a polynomial time randomized approximation scheme for the maximum
matroid intersection problem with a concave polynomial objective function and minimum matroid
base problem with a convex polynomial objective such that the value of the optimal solutions is
Q(r9=1 /&) where r is the matroid rank of the optimal solution and € > 0 is a precision parameter.

Notice that here we have a density condition more general than the one in [2]. Also we can
add an arbitrary number of convex dense constraints which is very useful since many applications
come with multiple objective functions. For example for convex quadratic objective functions we
just need the optimal solution to have value Q(r/e).

Nonlinear matroid intersection problems were studied before in the series of papers [5, 20, 6, 7].
In their setting the objective function is a composition of a complicated function of d variables
with d linear functions of n variables defined on the ground set. If d is a constant then polynomial
time algorithms can be derived in many settings. For larger values of d there are polynomial
time approximation algorithms with performance guarantees depending on d and properties of the
function f. While this set of problems is related to our general problems (1)—(5) and (6)—(10) and
some applications are shared, these two settings are quite different. Algorithmically we are relying
on the randomized rounding of the fractional solutions while [5, 20, 6, 7] use more combinatorial
methods.

Another related line of research is the area of probability theory studying concentration of
measure in general and concentration inequalities in particular. There are many beautiful and useful
results in this area, see surveys and books [14, 12, 8, 22]. The most relevant series of concentration
inequalities are due to Boucheron etal. [9], Kim and Vu [16], Vu [37, 38] and Schudy and Sviridenko
[30, 31]. The Kim-Vu [16] concentration inequality and its generalizations and improvements [37,
38, 30, 31] show an upper bound on the probability that a polynomial of independent random
variables deviates significantly from its mean value. The main difference between our inequality
and the ones in [16, 37, 38, 30, 31] is that our polynomial depends on random variables that are
generated by some sophisticated iterative randomized rounding procedure, actually we expect all
our random variables to be dependent from each other while the polynomial in [16, 37, 38, 30, 31]
consists of independent random variables.

2 Rounding algorithms

2.1 Preliminaries

We now present a new matroid intersection rounding algorithm inspired by the algorithm due to
Chekuri, Vondrdk and Zenklusen [11]. Every fractional solution z* € P(M;) N P(Mz) can be
represented as a convex combination of n integral solutions z(?) € P(M;) N P(Ms), ie. z* =
S Az (see Theorem 41.13 in [29]) by a polynomial time algorithm (actually n can be replaced
by the number of non-zero components in vector z*). We assume without loss of generality that
r = ||x*||; is an integer greater than 1 since we can always increase r by adding dummy elements,
i.e. the elements independent with all other elements in matroid, and this will not change the
inequalities 12 and 14. Moreover, by adding dummy elements to the matroids M; and M, and
truncating them at r i.e. adding the cardinality constraint with upper bound r, we can assume that
each () is a characteristic vector of a base in matroids M; and My, and thus ||z, = 7.

The algorithm of Chekuri, Vondrék and Zenklusen [11] finds a convex decomposition of a given
vector x*: z* =" iz Then it merges vectors () using swap rounding (see Lemma 20). The



merge is performed in many rounds. The details of the algorithm are quite complex. We simplify
this approach: we show how to randomly merge an arbitrary feasible solution J € Z(M1) NZ(Mys)
with a fractional feasible solution z*. Then, we argue that by performing this merge many times
we obtain a set J satisfying properties of Theorem 2.

Lemma 5. For every common independent set J € Z(M1)NI(Ma), vector x* € P(M1)NP(Mas),
parameter p € {2,...,r}, and T = (1 — 1/p)x* there exists a distribution of sets w(J) € Z(M1) N
Z(Ms), such that

o for everyu € J, Priué¢ m(J)] = (1 —Zy)/r;
o for everyu ¢ J, Priuc n(J)| = Zy/r;
o |JAT)| < 2p.

Moreover, the distribution over sets w(J) can be computed in polynomial-time (i.e. there is a
polynomial number of sets with non-zero probabilities and a polynomial time algorithm to compute
such non-zero probabilities).

The first two point in Lemma 5 imply E [x(7(J))] = & + (1 — 1)x(J). Intuitively, this lemma
shows that given a common independent set J and a vector x* in the intersection of two polyma-
troids, we can “reshuffle” our common independent set J and obtain a new common independent
set such that the number of changed elements is at most 2p and we have precise bounds on prob-
abilities of adding and removing elements to J. The parameter p represents the tradeoff between
the size of the “shuffle” and precision, i.e. closeness of T to z*.

We prove this lemma (relying on the swap procedure of Chekuri, Vondrak and Zenklusen [11]) in
Section A. Our lemma could be seen as a reformulation of the Chekuri, Vondrék and Zenklusen [11])
result in the language convenient for our purposes.

2.2 Algorithm

We first give an algorithm for rounding a vector in the matroid intersection polytope (Theo-
rem 2). We describe discrete and continuous time stochastic processes that change a random
set J(t) € Z(My) NI(Mz) over time t € T' = [tg, 1]. The reason to present both continuous and
discrete processes together is that readers from different communities could find one or another
more intuitive. At time to, we let J(tg) = Jo where Jy is a random set satisfying E [x(Jy)] = Z
and Jy € Z(M1) NZ(Ms). We obtain Jy by first finding a convex decomposition z* = 3 \ix (1),
1% € Z(My) NZ(Msy); picking a random I¥) with probability );; removing every element from (%)
with probability 1/p; and letting Jy to be the resulting set. (In fact, we could set J(¢p) in almost
arbitrary way e.g., J(t9) = @). Then, at some random moments ¢t € T, we add and remove some
elements from J(t). In the end, the algorithm outputs the set J(1). We then show how to simulate
the process in polynomial-time.

We let tg = 1/(4qr). We pick a sufficiently large integer number N and let At = (1 — ¢g)/N;
Ty = {to+kAt : 0 < k < N}. Note, that N may be super exponential. In fact, later we let N — oo
and At — 0. Throughout the paper we write o(1), o(At), O(At) etc. assuming that At — 0 and
all other parameters are fixed. If || Xy — Yn|loo < an = o(1) (i.e., imy_oo any = 0), where Xy, Yy

are random variables, and ay is a sequence of numbers, we write X =Y + o(1).



We describe the stochastic process in two different ways: first, as a limit of discrete time Markov
stochastic processes, each of which is generated by an algorithm, and then as a continuous time
Markov process.

Discrete Time Stochastic Process. Fix a sufficiently large N. Set JV(to) = Jo. At
every moment ¢ € T, with probability rAt/t, the algorithm replaces the set J N (t) with the set
JN(t+At) = w(JN(t)), where w(JN (1)) is the set from Lemma 5; and with probability (1 —rAt/t),
it keeps the set J™(¢) unchanged i.e., sets JV(t + At) = JV(t). Here, we assume that N is
sufficiently large and, hence, rAt/t € [0,1]. In other words, the algorithm generates a Markov
process with transition probability (for J' # J),

Pr[JN({t+At) =T | JN@) =J] = A1) p(J,J') At, (15)

where A(t) = r/t and p(J,J") = Pr[n(J) = J'] is the probability of picking the set J’ defined in
the proof of Lemma 5. Note, that since the set T contains N elements, the running time of the
algorithm described above is not polynomial or even exponential. We give an efficient algorithm
later.

We always assume that N is sufficiently large. As N — oo, the processes JV(t) tend to a
continuous time Markov process! J(t). We formally define the continuous time Markov process
J(t) below.

Continuous Time Stochastic Process. The stochastic process J(t) is a non-homogeneous
continuous time Markov process with finitely many states defined on the time interval T = [tg, 1].
The states of the process are sets J € Z(M1) NZ(M3). We denote the state at time ¢ € T by J().
At time tg, J(tg) = Jp. The generator of the process is A(t)p(J, J'), where as before A(t) = r/t and
p(J,J') is the probability of picking the set J’ in Lemma 5. In other words, the process is defined
using equation (for J' # .J),

Pr[J(t+At)=J" | J(t)=J] = A@t) p(J, J') At + o(At), (15)

when At — 0. The desired set J returned by the algorithm is the set J(1).

Connection with the Poisson Process. The stochastic process J(t) can be described in a
natural way using a non-homogeneous Poisson process? P(t) with rate A(t) defined on [tg, 1]. At
moment tyg, P(tg) = 0. Whenever the Poisson process P(t) jumps, the process J(t) goes from one
state J to another state w(J). Note that the transitions J — 7(J) do not depend on ¢. Thus,

J(t) = 77O (Jp).
The same is true for processes J (¢):

TN () = 7P O (),

!The limit is taken in the Skorohod topology. However, we only need that J~ (1) — J(1) in distribution.

2We remind the reader the definition of the Poisson process with rate A(t). The Poisson process is a process with
independent increments. For every ¢1 < t2, the random variable P(t2) — P(t1) is distributed as a Poisson random
variable with parameter f:lz A(t)dt. Each realization of the process is a monotone right-continuous (cadlag) step
function taking values in N. We say that the process jumps at a point ¢, if P(t) = lim;+; P(t') +1 i.e., the trajectory
P(t) has a jump discontinuity at t. Note, that for every ¢, (P(t) — limy4¢ P(t")) € {0,1}. The probability that the
process jumps in the interval [¢,t + At] is A(t) At + o(At).



here BY is the number of jumps of the process J™V(t) in the interval [to,t]. As N — oo, BN (t) —
P(t) (in distribution), hence, for every ¢, the limiting distribution of JV(¢) equals the distribution
of J(t).

Algorithm. To prove Theorem 2 we need to show that, first, the process can be simulated in
polynomial-time and, second, that the set J(1) satisfies the properties (13) and (14).

The algorithm for computing J(1) first computes the number of jumps of the Poisson process,
P(1), and then applies P(1) times, the algorithm from Lemma 5.

Algorithm 1 (expected polynomial-time rounding algorithm)

1. Compute P = P(1).
2. Let J = Jy.
3. Repeat P times:

e J =mn(J), where 7(J) is the distribution returned by the algorithm from Lemma 5.

4. Output J.

The number of jumps in the interval [tg, 1], i.e., P(1), is distributed according to the Poisson
distribution with the parameter

- 1 1 dt
i :/ At = [ " = rlog(1/to).
to

to
That is, for every k € N, Pr[P(1) =k| = e_/i/Ik/(k‘!). Since E[P(1)] = A = rlog(1/ty), the
algorithm running time is polynomial in expectation.
To make the algorithm truly polynomial-time, we need to slightly modify it: either by allowing

an exponentially small probability of a failure or by replacing P with a random variable P’ which
is distributed as P conditioned on {P < 2eA}. Namely, instead of P, we define P as

Pr [p - k} =Pr(P(1) =k | P(1) < 2ed),

and let J = 7P (Jo). Thus, the number of loop iterations is always bounded by 2eA. Observe, that

Pr[P(1) > 2A] = 3 e_Zl/lk < ¥ e (%)k Ak < 94 — g-rlos(i/to)
k>2eA k>2eA

Hence, if we condition on P(1) < 2e\, the probability of every event changes by a factor at most
(1 —277), particularly inequality (14) still holds possibly with a slightly different C'. We also need



to verify that E [y(J)] = &. Observe, that E [7*(J)] = Z for every fixed natural k. This is shown
by induction (using Lemma 5):

1—2z, Ty,

)+ Pr [u ¢ Wk(Jo)} -

Pr [u € 7Tk+l<J())] = Pr [u € Fk(Jo)] (11— .

—_
N

IS
z

\
2

e
—
—_

|

\
&
8

Then,
Ex(/)] =) E [wk’(Jo)} Pr [15 = k} =Y @Pr [15 - ] = 7.
k=0 k=0
Lemma 6. The running time of our randomized rounding algorithm is O(rlogr) times the running

time of the algorithm from Lemma 5 generating the probability distribution over independent sets.

Analysis. By Lemma 22, for every t € T, J(t) € Z(M1)NZ(My). Hence, J(1) € Z(M1)NZ(My).
Define

a(t) = tx(IN() + (L - 1)F
w(t) = tx(J(®)+ A —-1)z

here, as in Lemma 22, # = (1 — 1/p)z*. We prove that V() is almost a martingale: for every
teTy,
E [z} (t+At) | JN(1)] = 2] (t) + O(A#),

and x(t) is a martingale.
Lemma 7. At every step t € T,
o for everyu € JV(t), Prug¢ JV(t+ At) | JN()] = (1 — &) At/t;
o for everyu ¢ JN(t), Prue JN(t+At) | V()] = z.AL/t.
o for everyu eV, E [zl (t+At) | JV(t)] =2l (t) + O((At)?) (uniformly as At — 0).
o for everyu €V, ta > t1, E[xy(t2) | J(t1)] = xu(t1).

Proof. The probability, that at step ¢ an element u € JV(t) is removed from JV(t) equals the
probability that the algorithm chooses to change J% (t), which is rAt/t, times the probability that
u ¢ w(JN(t)), which is (1 — &,)/r by Lemma 5. Thus, for u € JV(t),

Prug¢g JV(t+At) | JV()] = (l_fuw.

Similarly, for every u ¢ JV () we have

At T T At
Prlue V@) | JV(H)] = T = T




Hence, if u € JV (), then
E [z (t+At) -2l () | JV()] = E[(t+ At xu(IV(t+ A) — txu(JV (@) | V()] — At &,
=Prluec JV(t+At) | JV(H)] x At
—Prlug¢g JNE+AL) | V@) xt— i, At
— (1—O(AD) x At — “‘f“w
= O((At)?).

Xt — Ty At

If u ¢ JN(t), then

At

E [z] (t+At) — 2l (@) | JV()] X (t 4 At) — T, At = O((At)?).

The last item follows from item 3: subdivide the interval [ti,t2] into N/ — oo subinter-
vals. The expected change of z,(t) from one endpoint of each subinterval to another is at most
O((At)%) = O((1/N")?). The number of intervals is N’. Thus, E [z, (t2) — z,(t1) | J(t1)] =
limpy7 00 O((1/N")?) N’ = 0. O

Note, that E[z(tg)] = toE [x(J(to))] + (1 — t9)Z = Z. Thus, by Lemma 7, because z(t) is a
martingale,
E[x(J(1))] = E[z(1)] = E [z(t0)] = .
We now estimate the value of f(x(J(1))) = f(x(1)). To do so, we analyze the behavior of the
process f(zN(t)) as N — oo. Observe, that |2 (to) — |1 = ||x(Jo) — &|l1to < 27t (always), and
by Lemma 12 (which we prove later),

[fo— f(@)| = |f(@N(to)) — f(&)] < 8tor ri™L = 8tgr? = 47971 < 4D. (16)

Here, we denote fo = f(tox(Jo) + (1 —t0)&). Recall that D = max([r],2)?" 1. That is, f(z™V (to)) is
always very close to f(#). Thus, we want to show that f(xV(¢)) does not change much over time.
We fix N and express each Af(t) = f(z™N(t + At)) — f(z™(t)) as the sum of the linear term, which
we denote by AY (), and the non-linear term, which we denote by AZ(t):

Af(t) = fa(t+An) - f™ (1) (17)
N
_ (g o= () (a%(t)) (el (4 A1) — 2 (1))
AY ()
=N
+ (fVE+an) - fV ) - Y ‘W@N(z& + A1) -2V (1).
ueV u
AZ(t)

For ¢t S TN, denote YN(t) = Zt/GTNZt/<t AY(t/), ZN(t) = EtIETN:t/<t AZ(t/) Then,
F@N®) = fo+ YN (@) + 2V (@) (18)

Recall that p > 2 is an integer tradeoff parameter from Theorem 2. We first prove a concentra-
tion inequality for ZV (). Namely, we prove the following lemma.

10



Lemma 8. The following inequality holds, for every A > 128p, D > r9=1 and r > 2,

A
Pr |max |ZV(t)] > AD| < e” T 4 o(1),
teTN

as N — oco.

We present the proof in Section 2.4. To simplify the proof we make no attempt to optimize
constants. Then, in Section 2.5, we prove a bound on Y (¢).

Lemma 9. The following inequality holds, for every A\ > 128p, D > r¢~1, and r > 2

A2 A

Pr max [YV(t)| 2 AD | fo| <2ge %m0 4 (¢~ e ™% +o(1),
€lnN
as N — oo. Here fo = f(z(to)).

As a corollary of Lemma 8, Lemma 9 and equation (18) we get the following claim.
Claim 10. For every A > 128p, D > ri=1 and r > 2

A2 N

Pr [max | F(eV(1) ~ fol 2 20D | fo| < 2q¢ P T 4+ ge P 4 o(1),
teln

as N — oo. Here fo = f(x(to)).

Note, that in the proof of Lemma 9 we assume by induction that Claim 10 holds for all ¢’ < ¢
(the base is ¢ = 0). For the sake of analysis, we also assume that if f(2V(t')) — fo > 2AD for
some t', then we stop the process i.e., for every t > t/, we let 2™V (t) = ™ (#). This modification
of the process does not change the probability Pr [maxteTN |f(zN (1)) — fo| > 2AD | fo], since if
f@N () — fo > 2\D, then always maxery |f(z™(t)) — fo| > 2AD. Thus, we may assume that if
the algorithm changes 2™ (t), then f(2™(t)) — fo < 2AD.

We now show that Claim 10 implies Theorem 2. Let A = X/(4D). First, assume that X' >
512pD (then the condition A\ > 128p of Claim 10 is satisfied). By (16), |fo — f(Z)| < 4D < X'/2
and, hence, fo < f(Z) + X' /2. Write,

Pr(|f(@0) = f@ =X | fo] < Prllf(1)—fol=XN/2 | fo]
Pr [|f(z" (1)) = fol = 2AD | fo]
_ \2/(16D?) X /(4D)
< 2ge 30pa(DT1fo+3N/(AD) 4 ge 1Tl 4 0(1)
_ A2 /(16D2) A /(4D)
< 2qe 30pg(D—1(f(2)+\/2)+3)//(4D)) + ge” 17 +0(1)
o O
< 2ge PraU@+N) 4 ge” Dr 4 o(1).

for some sufficiently small absolute constants C7, Co. If N < 512pD, then the right hand side is
greater than 1 (for C; < 1/16; since C1N2/(Dpq(f(Z) + N)) < C1N/(Dp) < 1/2 and e'/? < 2),
and the inequality obviously holds. Since this inequality holds for every fj, we have

cyA"2 Co N

Pr(|f(z™ (1)) = f(2)| > X] < 2¢e” DraG@+) +ge” Do +0(1).

11



In the limit as N — oo, we get

c? o\

Pr[|f(z(1)) - f(&)] = N] < 2ge” PrUET) + ge” Do .

C )\/2

_ 2
We now slightly simplify the right hand side. The second term can be upper bounded by ge Pra(f@+X)

Hence,
C3N2

Pr [|f(m(1)) — f(@)] > )\/] < 3ge Draf@+N)
where C5 = min(C4, Cy). Observe, that for every ¢,

min(3ge%,1) < v/3ge—= < (¢ + 1)e /2.

Therefore,
C3A?

Pr[|f(2(1)) — f(B)| > N] < (g +1)e i@,
This concludes the proof of Theorem 2.

2.3 Self-Bounding Properties of Polynomials

We prove several easy bounds on degree-q polynomials. These properties of polynomials will be

used later to apply the method of bounded variances and corresponding concentration inequalities
(McDiarmid [22]).

Lemma 11. For every q € N and every degree-q polynomial f(x) with non-negative coefficients
that are at most 1, x € [0,1]", ||z||1 <, and r > 2 the following inequalities hold

q+1_1 i
1. f(z) < === < 2r9;

2. Bf(?) < 2(7"::11) § 47“q_1;

9?2 _ . .
3. azf(z) < 87172 fori #j.

Frioe; =
4o @ < 16r02.
Proof. We first verify that for ¢ = 0 all inequalities above hold. If ¢ = 0, then f(z) is a constant,

f(z) < 1. Thus, (1) f(z) <1; (2) 852_”) =0; (3) gif(.gg =0; (4) % = 0. We now consider the
case q > 0. '

1. If f contains only monomials of degree ¢, then

n

k=1
Now, for arbitrary f, we have
q
< k= < 2r,
f(z) < kZ_OT o1 = r



2. Write, f(z) = z;9(z)+h(x), where h does not depend on z;. Then, assuming that the inequality
holds for ¢’ < q, we get

of (z) dg(z) dg(z) RN (e )) 1
— < q < q —
ox; i ox; +g(z) < ox; 2 =2 r—1 2 2 r—1

3. Write f(z) = xjz;9(x) + h(z), where h does not have monomials multiple z;z;. Assuming that
we proved the inequality for all ¢’ < ¢, we get

*f(x) dg(x )+ dg(x )+ &g(x)
Zj Til

O0x;0x; 0x; Ox; 0x;0x;

&g(x)

xic’)xj

ri—1)

< 4pL

9(x) + ;i

< T2 g3 o gpa3 < 2p42 4 2972 4 99972 L 9p72 < g2,

4. Write f(z) = 22g(z) + h(x), where h does not have monomials multiple z7. Assuming that we
proved the inequality for all ¢’ < ¢, we get

0> 0 0
f (290) g(x) | 22 g(x)
ox; Ox; Ox?
< 1607 1609 < 4rT2 4 8r0 T 4 40972 < 16772

— 2g(x) + 4z,

O]

Lemma 12. For any degree-q polynomial f(x) with non-negative coefficients that are at most 1,

n

) = F@) = (i -

i=1

of (x) 2 q—2
)| <8l =y,

and
‘f(l/) - f(:c)‘ < 4|z —y|rt?

for all x,y € [0,1]™ such that ||z|1 <7, ||yl <7r andr > 2.

Proof. Let y =z + ¢ for some § € [—1,1]". Then using the Taylor expansion of g(t) = f(x +t-9)
for ¢t € [0, 1] with the Lagrange form for the remainder term we obtain g(1) = ¢g(0)+¢'(0) +¢"(¢)/2
for some ¢ € [0, 1]. Therefore,

Fly) = f) =D (v — ) 8£;Zc)

=1

B O f(x+¢- O flx+&-9)
N ZZ&(S O0x;0x;

23 loil) x ma,

i=1 j=1 ij

( >f(2)
= (i) [0
(

O0x;0x;

IN

0x;0x;
7]

0*f(2)
81?i8xj

n

2
E \52\) X max
zE[O,I]"L;.HzHlSr

=1 )

IN

IA

1
llz = ylli x 167972 < 8|z — ylF r472.
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We have used that ||z][; = [[(1 = &) -z + - y|l1 < r, since the norm is a convex function. We also
used Lemma 11 (items 3 and 4).
Similarly, g(1) = g(0) + ¢’ (&) for some & € [0,1]. Thus,

n 0f(z)
’f(y) — f(l')’ < (; ‘51‘) X ZG[OJI}I%L?H)EHIST Oz

<Az - a-1
1’7J

Lemma 13. For any degree-q polynomial f(x) with non-negative coefficients and vector x,

> U0, < arte).

u

Proof. 1t is sufficient to prove the inequality for every term g(z) = a ], (z4)% of polynomial f(z)

where ) d, <gq,
89
qu § dug < qg )

2.4 Proof of Lemma 8

We use the following concentration inequality. This inequality is a reformulation of Theorem 3.15
(page 224), McDiarmid [22]. For details see Section B.

> Ax()

t'eT:t' <t

Theorem 14. Let

(where t € T) be a stochastic process adapted to the filtration F(t) (t € T) (i.e., loosely speaking,
x(t) depends only on F(t)). Suppose that E[Ax(t) | F(t)] < Au(t) and Azx(t) < b a.s. for a
nonrandom sequence Au(t) > 0 and a (nonrandom) constant b > 0. Then for any A > 0 and v > 0,

A2

Pr |max(x(t) — Y Ap(t) > X and V < v| < e HOHOIE),
teT Py

where the random variable V (the predictable quadratic variation of x(t)) is the sum of conditional
variances

V=Y Var[Ax(t => E[(Az(t) - E[Az(t) | FO)? | F@)].

teT teT

Lemma 8. The following inequality holds, for every A > 128p, D > ri~! and r > 2,
Pr [inaX\ZN( )| > )\D] ¢~ + o(1),
€Tn

as N — oo.

14



Proof. Recall, that we defined AZ(t) in equation (17) and Z¥ (¢) in equation (18). By Lemma 12,
2N N2 < 8Py N N2
[AZ()] < 8177 27 (t + At) — 2T ()| < —=[la7 (t + At) — 27 (O)]]5.

Denote AH (t) = [|2™V (t + At) — 2N (1) ||1, HN (t) = Yvery<t AH(t). At every step the algorithm
changes at most 2p elements of JV(t) i.e., [JN(t + At) A JN(t)| < 2p, thus

AH®t) = ||(t+ At)x(JV(t + At)) — tx(JV (1)) — At
= tlx(IV(t+ AL) — x(JV ()|l + O(AL)
< 2pt+ O(At).

and

8D 8D 16Dpt
ZNW] < =5 AHM) < = max AH() Y AH() < 25PN gNGy oA, (19)
<t t'<t

Then,

E[AH®) | JYO)] SE[I(t+ A (Y (¢t + A) — tx (V@) | TV (0] + Atl|z]s

E[[Ix(N(t+ A) = x(JN (@)t + [x(IV (¢ + AL At | IV (@] + At
S Prlug ¥+ AL | IV t+

ueJN (t)

+ Y Prluc N+ A | V)]t
u@ JN (t)

+ E [TV + A0 | V0] AL+ [[#]1At.

<
<

Note, that [JV (t + At)| < 7 (because JV(t + At) is an independent set, and r is the rank of M;
and Ms), and |Z| < |z*| = r. Also, by Lemma 7,

Y Prlug¢g JVE+AL) | TNW]t+ Y PrlueJN+Ar | SVt
ueJN (¢) ug JN(t)

1— 7, P
( > ; tAt) + ( > ttAt)
ueJN(t) u@ JN (t)

< [N ()AL + || 2|1 At < 2rAt.

Denote Au(t) = 4rAt. Then, E[AH(t) | JN(t)] < Ap(t) and > tery Au(t) < 4r. Now, we
bound the predictable quadratic variation of H™ (),

V = Y Var[AH(t) | JY®)] < > E[(AH(®t)? | JV ()]
teTn teTN
< (2p+o0(1)) Z E[AH(t) | JV(t)] < 8pr+o(1).
teT

15



Applying the concentration inequality from Theorem 14 (with v = 8pr+o(1) > V and b = 2p+o0(1)),
we get

_ ()\/)2
Pr [maX(H(t)) —dr > )\’} <e ToertN'/3 4 o(1),
teTn

if ' > 4r, then
()2 Y

Pr [max(HN(t)) > 2/\’] <Pr [maX(HN( ) —4r > )\} e WwNHNS 4 o(1) = e 16737 4 o(1).
teTn teTn

Therefore, for every positive A’ > 4r (using (19)),

/

16D
0 psz] e~ T/ + o(1);

IN'D
Pr{maX|ZN()|23 p] Pr[max\ZN()y
T

teTn teTy
and for A = 32p\'/r (i.e., every A\ > 128p),

__3Xr
Pr [;n%x\zw )| > AD] < €T L o(1) < ¢ T £ of1).
€inN

2.5 Proof of Lemma 9

Lemma 9. The following inequality holds, for every A > 128p, D > r%~1 and r > 2

A2
Pr [m%XD/N( )| > AD | fo] < 2qe 30pa(D~Tfo+3N) 4 (g —1)e” T + 0(1),
te

as N — oo. Here fo = f(x(to)).
Proof. By Lemma 7, E [z (t + At) — 2/ (t) | JV(t)] = O((At)?) (for all u € V), thus

.fL'N
ZM( w(t+ A =z () | JV(t)

ox
ueV w

E[AY(t) | JN(@#)] =E = 0((At)?).

and E [YN(¢)] = o(1). Note, that ||z (t+At) -2 (¢)[|1 < 2pt+O(At) and af( ( ) < 4pa=1 < 4D
(by Lemma 11). Hence, |AY (t)| < 8pD + o(1).
We now estimate the sum of conditional variances of the process YV (¢).

V=3 var[av() | 7N0] < Y (E[AY©)? | JV0)]),

teTn teTy

Then,

E[aym)? | Mo =E[( 2 ‘W(g‘”“”t x (1= xu(J(t + Ab))+

wesv@y 0T
3 a‘fa(j:(t))txxu(J(t—i-At))—l-O(At))z | JN(t)]-
ud JN (1) “
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The process JV (t) makes at most one jump in the interval [¢, t+At], so |JV () AJN (t4+At)| < 2p,
and the number of non-zero summands in the expression above is at most 2p. Thus (by Cauchy—
Schwarz),

Blavm? | o) <ue] Y (ZED s an)
ueJN (t)
3 (afa(iit)) £ Xu(J(t + At))>2 | JN(t)} +o(At).
ugV(t)
Using Lemma 7, we find
ueJN (¢ v
: ¢JN () <af‘§xi ! t) ) 5312&5) + olAd)
< 2p( g;(t) ((W)Q tAL + g;(t) (af(;"zit)))z FutAL) + o(At).

Now, we bound (af (x(t))) < 4r971 < 4D (by Lemma 11) and in the first sum, we replace ¢t with

2, (t) > txu(JNV(t)) =t (for u € JN(t)) (note: all derivatives of f are nonnegative since f has
nonnegative coefficients),

E[(AY(1)? | JN(t) <8pDZ 8:): )At+8tpDZ 5 Of () Ty At + o(At).
ueV w ueV w

We bound the first term using self bounding properties of polynomials (Lemma 13):

8pD Z 8f w(t)At < 8pDqf(xy(t)) At < 8pDq( fo + 2AD)At.
ueV
Here we used the fact that we stop the process if f(z,(t)) > f(x(to)) + 2AD. We bound the second

term by the inductive hypothesis (see Claim 10) applied to the polynomial g(z) = % ZuGV of éi Ty,

(whose degree is (¢ — 1) and whose coefficients are in the range [0, 1]). Let £ be ‘the event

B 0f (x(1)) 1 0f(x(ty))
5‘{%2%%&% 9, xu>§qu€§;mﬂcu+2w}’

then,

)\2
Prie | g > 1 (g - 1) (2 FeT0 T 47 ).

where go = g(x(to)). We estimate go. Using that x,(to) = (1 — to)Tu + toxu(J (o)) > (1 — o)y
and tg = 1/(4qr), we get T, < 4qr/(4qr — 1) zu(to) < ¢/(q¢ — 1) zyu(to). Then,

Of(x 1« Of (z(t f(t f
-1 2t <q_q1<nghio>>xu<t0>>gm:qq_ol.

ueV
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The last inequality follows from Lemma 13. Thus,
N GO A
Prie | fl 2 1 (g 1) (2 90 T 4 o7 )

Assume, that £ holds, then

8tpDAt( 3 0f(x(t)) xu) < 8tpDAt( 3 ‘W T+ 2)\qD).

ucV O ueV Tu
Since T, < 4qr/(4qr — 1) x4 (to) < 8/7 x4 (to),

8tpDAt(§ Z‘; (w u(to) + 2>\qD)
ue

< 10tpDAt(qfo + 2AgD).

IN

8tpDAt( D ZACIO) azu>

ox
ueV w

In the last inequality, we again used the self bounding properties of polynomials (Lemma 13).

We thus get that the following upper bound on the sum of conditional variances (assuming &
holds),

1
V < 10tpDq(fo + 2A\D) / (14 t)dt + o(1) < 15pgD(fo + 2AD).
to

Applying the concentration inequality from Theorem 14 (with v = 15pgD(fo + 2AD), b =
15pD + o(1), Au(t) = O((At)?)), we get (note Y (tg) = 0)

-~ A2p2
Pr majzi D/N(t” > AD and V <w | f0:| < 2¢ 30pqD(fo+2AD)+16pD?)/3 + 0(1)
te
22
—  9¢ 30pa(D—Lfo+2X)+16pA/3 + 0(1)

R A
< 2e 30pa(D~1fg+3X) +o(1).

Finally,

Pr r?ajg(\YN(tHZ)\D | fo} < Pr[r{lag(\YN(t)]Z)\Dandvgv | fol +PrV>uv | fo
€ €

A2

< 2ge B TRrN 4 (g — 1)e T 4 o(1).

2.6 Base Polytope Rounding

We now discuss Theorem 1. We use the same algorithm as before. We only need to make a minor
change. We replace Lemma 5 with the following lemma.

Lemma 15 (Analog of Lemma 5). For every set J € B(M), vector z* € B(M) there exists a
probabilistic distribution of sets w(J), x(w(J)) € B(M), such that
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o foreveryue J, Priué¢n(J)] = (1—uzy,)/r;
o foreveryu ¢ J, Priuec n(J)] =xy/r;
o |JAT(J)| <2
Moreover, the distribution over sets w(J) can be computed in polynomial-time.

In the algorithm, we use 7 as the transition function for the set J. The lemma follows from the
standard basis exchange property (compare with Lemma 22): for every two bases I,J € B(M),
the exists a matching {(a;,b;)} between J \ I and I\ J such that for every i,

X((J\ ai) U{bi}) € B(M).

3 Applications

For every potential application that can be formulated as the mathematical programming problems
(1)-(5) or (6)—(10), we need to show two things. First, we must show that we can find a good
fractional solution within a reasonable time. A very powerful tool to solve this problem is convex
and linear programming, i.e. we must show how to reduce one non-linear (and possibly non-convex)
constraint to a set of more tractable convex constraints and guarantee decent approximation of the
original set of constraints. Second, we need to demonstrate that the concentration bounds from
Theorems 1 and 2 imply meaningful bounds in terms of the parameters of that specific application.

3.1 Quadratic Minimum Spanning Tree

Our first application is a generalization of the classical Minimum Spanning Tree Problem. In
the classical problem we are given an undirected weighted graph G = (V, E) the goal is to find
a spanning tree T of minimum weight. In the Quadratic Minimum Spanning Tree Problem we
are given nonnegative weights c, > 0 for each edge and weights w, . for each pair of edges. We
assume without loss of generality that w.. = 0. The goal is to find a spanning tree 7" in graph G
that minimizes the objective function ) . c. + 2676,€T We - This problem has applications in
transportation, telecommunication, irrigation and energy distribution and received some attention
in Operations Research literature [3, 15, 25, 39]. In many applications one needs to balance between
various objectives which are usually modeled as constraints in the mathematical programming
formulation such spanning tree problems also received a lot of attention in OR literature [17, 23, 35].
We consider the Multi-Objective Quadratic Spanning tree problem.

Let c.; € [0,1] and we e ; € [0,1] be the coefficients in the j-th objective for j = 0,... k. Let
M be the graphic matroid of graph G, i.e. forests in graph G are the independent sets in M and
spanning trees in GG are bases in M. Consider the following continuous mathematical programming
relaxation of the problem

. 2
Il’llIlE Ce0 T + E We,e’ ,0LeLe!

ecE e,e'cE

2 .
ZCejxe + Z We e, jLele! < Cj, i=1,...k,

eck e,e’'€F
x € B(M),
0<z. <1, Vee .
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Let A7 be the |E| x |E| matrix with diagonal elements A7(e,e) = c.; and off-diagonal elements
Aje o = We,er j/2. Then we can re-write the above mathematical programming problem as

min Z 2T A%, (20)
e€E

2TAr <Gy, j=1,...,k, (21)

x € B(M), (22)

0<uxz <1, Ve e E. (23)

The objective function and constraints of this mathematical programming problem are convex if
all matrices A7 are positive semidefinite. One possible way to define positive semidefinite matrices
is to associate a set of labels S¢; with each edge e € E and define we ¢/ j = [Sej N Serj|/A where A =
max_ |Se|. This is a measure of how different the label sets for edges e and €’ are. Then the matrix
A is positive semidefinite if ¢Z > |Se;|/A. In this case we can solve our continuous mathematical
programming relaxation with arbitrary precision by known methods in convex programming. Note
that if all sets have the same cardinality, then for any integral solution x the value of 2T A’z lies in
the interval [©(n), ©(n?)] (depending on the structure of label sets).

Let z* be an optimal fractional solution of the relaxation (20)—(23). Applying the randomized
rounding from the proof of Theorem 1 we obtain an integral solution & such that the probability
that we have an error larger than eC; for objective function g;j(z*) = 2*TAJz* is e==°Ci/9(M) gince
Y ecpTe = r = n — 1. Therefore, if the right hand side C; > n then with high probability our
integral solution violates the right hand side by a factor of at most 1 + . Analogously, the error
term for the objective function go(z) is negligible with high probability if ego(x*) > n.

3.2 Unrelated Parallel Machine Scheduling

We consider the problem of scheduling unrelated parallel machines with multiple objectives. An
instance of the problem consists of a set J = {Ji,...,J,} of n jobs and a set M = {M; ..., M,,}
of m machines. The job J; has a processing time p;; if it is assigned to be processed on machine
M;. We assume that p;; € [0,1] or p;j = 400 (which means that this job cannot be processed on
machine M;). There are costs ¢;; € [0,1] associated with processing job J; on machine M;. Each
job must be processed without interruption for the respective amount of time on one of the m
machines. Every machine can process at most one job at a time. The goal is to assign each job to a
machine and find an ordering of the jobs assigned to each machine to optimize suitable objectives.

The unrelated parallel machine scheduling is one of the classical scheduling models arising
in various applications with various and sometimes multiple objective functions (see for example
[21, 4, 36]). Here we just choose two objectives to illustrate our method. The first objective is
the total squared load of each machine. Formally, let L; be the total sum of processing times
of jobs assigned to the machine M;. Then we would like to minimize > ;o L? (see [4, 36] for
additional motivation, references and algorithms on unrelated parallel machines with this objective).
Intuitively, this objective tries to balance the load on different machines.

On the other side, our jobs can belong to different customers, i.e. J = U?_,r; and we would like
to be fair to all customers and balance the cost of processing jobs for all the customers. Note that
this objective is different from bounding the total cost of processing jobs as in [32]. If Cj is the total
cost of jobs in group R then our second objective function is to minimize Y 7_; C2. Actually, this
objective function is substantially more difficult than the sum of squared machine loads since each
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term Cjy includes variables from different jobs and machines. This complication basically breaks
the type of analysis from [36, 10] that was based on negative correlation of variables with the same
machine (or job) indices.

We formulate the problem as follows

2
min g;(z) = Z Zpijwzj ) (24)

2

p@) =3 | 2 Yy | <L (25)

Z IEijzl, Jjéj, (26)
M;eM
Tij € {0, 1}, Jj eJ,M; e M. (27)

The constraints (26) are matroid base constraints in the partition matroid on the ground set
consisting of pairs (M;,J;) for M; € M and J; € J. Moreover, both the objective function
(24) and the constraint (25) are convex. Therefore, we can solve the continuous relaxation of
this problem in polynomial time with arbitrary precision. Let z* be an optimal solution of such
relaxation.

Theorem 1 implies that the error in the objective function (24) and the constraint (25) is at
most eg,(z*) for 7 = 1,2 with high probability if g.(«*) > n. This is a reasonable assumption
since the value of the quadratic polynomial in (24) could be as high as n? and the value of the
quadratic polynomial in (25) could be as high as n? depending on the instance.

Obviously we can easily extend our result for any constant (or relatively slowly growing) number
of objective functions. We could have many different partitions of jobs into customer groups such as
zipcodes, income levels, political preferences etc., for each such partition we could define the fairness
objective function like (25). We can obviously add any polynomial number of linear constraints,
like cardinality constraints for each machine or upper bounds for machine loads. The total weighted
completion time objective can be also added to our framework by using the method developed by
Skutella [34] and Sethuraman and Squillante [28] to approximate such an objective with a convex
function.

3.3 Scheduling with Time Windows

Scheduling and Vehicle Routing with Time Windows is a large area of Operations Research. It
studies the problems when each job (client) comes with a set of time windows where it can be
executed (served); see surveys [24, 33| for further applications and references. We consider one
specific problem in this area.

An instance of the problem consists of a set J = {Ji,...,Jp} of n jobs and a set M =
{Mi...,Mp} of m machines. Each job has a unit processing time. For each job J;, machine M;
and time ¢ we define ¢;j; = 1 if this job can be processed on M; at time ¢t and c¢;;; = 0, otherwise.
We define a matroid M with elements 7. Each set of jobs that can be simultaneously be assigned
to a feasible machine-time slot is independent. To check that M is indeed a matroid we just need
to notice that this is exactly the definition of a transversal matroid [29]. For each pair (i,t), let A
be the set of jobs that can be processed on machine M; at time ¢. Then any independent set in M
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is exactly a partial transversal of the set system {A;;}. In addition, jobs are partitioned into sets
X1,...,X, where all jobs from the same set are incompatible and cannot be scheduled together.
This constraint can be modeled as a standard partition matroid constraint.

The usual objective function is linear, we would like to maximize the total weight of processed
jobs. In addition, we associate a cost ¢; € [0, 1] with processing of every job and ask to balance the
cost distribution between various groups of jobs as in (25), i.e. J = U’_;r, and we consider the
constraint )

q
1Y o) <L (28)

s=1 \jeR;NS

where S is the set of chosen jobs. One can easily define a continuous convex relaxation as in
the previous section. The bounds of the Theorem 2 imply that one can find an integral solution
of value close to the value of the fractional optimal solution with high probability. The fairness
constraint (28) is violated by the amount €L with probability e==’L/O() which is negligible if
L > r =rank(M).

3.4 Constraint Satisfaction

In this section we will show implications of our concentration theorems for constraints arising from
the classical constraint satisfaction problems. For illustration purposes consider the constraint
corresponding to the maximum cut problem in undirected graphs with edge weights w;; € [0,1/2],
ie.

g(x) = Z wij(x; + xj — 2xiy) > W. (29)

(i,))eE

That is we consider a problem of general type (1)—(5) or (6)—(10) when some of the constraints
have above form. Consider the linearization of the constraint (29)

Y wigzg = W, (30)
(i,))eE

zij < 1 + xy, (31)

Zij < 2 — Ty — Ty (32)

0<z;<1 (i,j)€E. (33)

We solve the continuous relaxation of the problem (1)—(5) or (6)—(10) with linearized constraints.
Let * be the optimal fractional solution and

L(z*) = Z wij max{z] + 7,2 -z} — 27 }.
(i.j)€E
It is known [1] that g(z) > L(z)/2 for any x € [0,1]". Therefore, g(xz*) > W/2. Since the
polynomial g(z) has positive and negative coefficients we apply our concentration theorems for
the linear function Z(i’j)eE wij(x; + x;) and polynomial E(i’j)eE 2w;;jx;x; separately. Note, that
> ij)er wij (7 + x7) = O(r) and polynomial }-; iy p2wiaiz] = O(r?). We obtain that for a
rounded solution g(z) > (1 —&)W/2 with high probability 1 — e~ W*/€*) if W > r3/2. Note that
this is not very restrictive since a random cut contains half of the graph edges.
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More generally, instead of maximum cut constraint (29) we could have any maximum constraint
satisfaction type of problem (e.g. Max k-SAT or Not-All-Equal-k-SAT) as long as we have two
conditions. First, there is a reasonable (preferably constant) gap between original (like (29)) and
linearized (like (30-33)) constraints. Second, the right hand side W is much larger than square
root of the denominator of the fraction in Theorems 1 or 2.

3.5 Dense Polynomials

Consider the following optimization problem

max f(x),
gj(l‘)ZCj, jzl,...,k‘,
x € P(M1) N P(Mz),

(

(

(
x; € {0, 1}, VieV, (
where f(x) and g;(z) are degree-q polynomials for all j = 1, ..., k with absolute value of coefficients
upper bounded by one. Let 7 = min{rank(Mi),rank(Maz)}. Arora, Frieze and Kaplan [2] proved
(implicitly) the following theorem.

Theorem 16 ([2]). Given the optimization problem (34)-(37), it is possible to define
O(no(q4k1°g"/€2)) linear programs such that for at least one linear program every feasible solution
of (34)—(37) is a feasible solution of that linear program. Moreover, for every optimal fractional

solution x* of that linear program and every optimal integral solution T of (34)-(37) we have
f(z*) = f(z) £ er? and g;(z*) = g;(Z) £ e for j=1,... k.

Theorem 16 implies that in time O(nO(q4klog"/ 52)) one can find a reasonable approximate so-
lution z* to the continuous relaxation of the problem (34-37). Combining Theorem 2 and our
rounding algorithm applied to the fractional solution z*, we obtain an integral solution & such that

with high probability max;{|f(z) — f(z*)|, |g;(Z) — g;(z*)|} = O <\/r‘1_1r‘1) = O (r?7'/%) where
r = ey ¥ <T,ie. forlarge enough 7 the error term due to the randomized rounding procedure
is negligible in comparison with er? (the error term due to Theorem 16).
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A Fractional Swap Rounding

We need several definitions and a decomposition lemma to describe fractional swap rounding.

Definition 17. For a common independent set J € Z(M;)NZ(M2) and an arbitrary set of elements
I C V, the directed bipartite exchange graph Dy, (J,I) is a bipartite graph with arcs (j,7) for
any pair of elements ¢ € I\ J, j € J, such that JU {i} \ {j} € Z(M;). The directed bipartite
exchange graph Dy, (J,I) has an arc (i,j) for any pair of elements ¢ € I\ J, j € J such that
JU{i}\ {j} € Z(M3). The directed graph D, m,(J, ) is the union of two digraphs Dy, (J, 1)
and Dy, (J, ).

Definition 18. A directed path or cycle P in D g, am,(J, I) is called irreducible if P N Dy, (J, 1)
is a unique perfect matching on the vertex set of P in Dy, (J,I) and P N Dy, (J,I) is a unique
perfect matching on the vertex set of P in Dxy,(J,I). Moreover, if P is a path, then both its
endpoints must be in J.

The next two lemmas explain why it is important to consider irreducible paths. These lemmas
were shown by Chekuri, Vondrék and Zenklusen [11] based on the framework developed in [19].

Lemma 19 ([11]). For any irreducible path in D, m,(J, I) we have J AV (P) € Z(Mq)NI(Ma).

Lemma 20 ([11]). We are given I,J € Z(My) NZ(Mz) with |I| = |J|. For any integer p > 2, we
can find in polynomial time a collection of irreducible paths and cycles {Py, ..., Py} of length at
most 2p — 1 and m < p|I A J| in Dy, pm, (1, J) with coefficients v; >0, Y v = 1 such that for
some y > 0,

> (P = 2((1= DI\ D)+ 3\ D).
=1

Chekuri, Vondrédk and Zenklusen used these lemmas in their algorithm to merge common in-
dependent sets from the convex representation of z* into one solution. The merge is performed in
many phases each consisting of many applications of the lemma.

We prove several easy corollaries that allows us to merge a common independent set J €
Z(M1)NZ(Myz) with the fractional solution z*. Then, our algorithm performs a certain (random)
number of merges and outputs the result. This significantly simplifies the algorithm and allows us
analyze it for the case of polynomials.

Corollary 21. We are given I,J € Z(M1) NZ(Mz) and |I| = |J|. For any integer p > 2, we can
find in polynomial time a collection of set pairs {(Ai, B;)} with coefficients v, >0, >, v =1 such
that for some ~' > 0,
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1. A;CJ, Bi CI, |Ail,|Bi|l <p, Ai # @ for all i;

2. (J\ A) UB; € T(My) NT(My);

3. BN (J\A)=2;

o Xivix(Ay) = 'x(J) and 3o, vix(Bi) =~/ (1 = 5)x(I).

Proof. Find a collection of paths {Py,..., P, } and weights ; as in Lemma 20. Then, enumerate
all elements in the set N J and let u; be the i-th element for i =1,...,[INJ|. Let T = 14+~|INJ]
and 7' = v/T". We define

e Ai=JNV(P),Bi=INV(P),~y =~/Tfori=1,...,m;
o A ={ui—m}, Bi={ti—m}, 7. =7(1—-1/p)/Tfori=m+1,.... m+|[INJ|
° Ai:{ui_(mﬂmﬂ)}, B, =0,y =~/@l), fori=m+|[INJ|+1,....,m+2[INJ|.

We now verify that all sets A;, B; satisfy the required conditions. The property 1 follows from
the fact that |P;| < 2p and P; alternates between sets I \ J and J \ I. Therefore, |4;| < p and
|Bi| < p for i <m;and |4;|,|Bi] <1< pfori>m. Also by construction, A; C J and B; C I.

To show Property 2, we use Lemma 19. We get for i < m,

(J\Ai) UB, =JA V(PZ) S I(Ml) ﬂI(MQ).

For i > m, (J \ Al) U B; C J, hence (J \ A@) UB,; € I(Ml) ﬂI(MQ).

Property 3 holds for i < m, because B; C I'\ J (see Definition 17) for i < m. Property 3 holds
for ¢ > m, because B; C A; for i < m.

We now show Property 4,

Z%X(Ai) = %X(J\I) + 7(1—Fl/p)x(m J) + ’Yépx(m J)
= %X(J) =7'x(J)
Similarly,
S aixB) = 20— o+ i)
= (L= 1p)Ex(D) = (1= 1/p)yx(D),
Finally,
;LN 1 vy 1+AlInJ|
zi:%'— F(;%ﬂLIﬂJW(l—p)WLuﬂJ’p) ST InJg

O]

Lemma 22. For every common independent set J € Z(My)NLZ(Ma), vector z* € P(My)NP(Mas)
and parameter p € {2,...,r}, there exists a probabilistic distribution of sets (A,B), A C J and
B CV, a positive a > 1/r, and vector & = (1 — 1/p)x* such that
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o 7(J)=(J\A)UB € I(M1)NI(Ma3);
o foreveryu ¢ J, Priuc n(J)] = aky;
o foreveryue J, Priué¢n(J)] =a(l—2,);
o |Al[B|<p; A# 2.
Moreover, the distribution over pairs (A, B) can be computed in polynomial-time.

Proof. Represent z* as a convex combination [29] of common independent sets I, € Z(M;)NZ(Mz)
with coefficient \j:
2t =" Nex(Ii).
k

Then, for every I}, using Corollary 21, find a collection of pairs (Ag;, By;) such that

S wix(Ai) = wx(7) and 3 px(Bes) = (1 - ;>x<fk>.

Let \
k
I'= —.

Pick a random k with probability Ap/(7;I), and then a random i with probability Y- Thus, we
pick a pair (k,i) with probability Axvki/(viI'). Output (A, B) = (A, By;), ©(J) = (J \ A)U B.
We now compute Pr[u € w(J)]. If u ¢ J, then

Prluen(J)] = Prlue B]=E [xu(B;)]
A
= %:fy&(ZVMXu(Bki»
= g "y)];]} X ’yk(l - *)Xu(lk)
= La- LY ot = 20 -
k p

If u € J, then, similarly,
Prlu¢n(J)] = PrlueA\B]=E [xu(4;\ Bj)]

= Z ,;:} ( Z %iXu(Ak:i \ Blm))
k 7

If u € By, then u € Ay;, because By; N (J \ Ag;) = @ (see Corollary 21, item 3) and u € J. Hence,
Xu(Aki \ Bri) = Xu(Aki) — Xu(Bri) and

Pru ¢ n()] = 302k (3 wilaes) — xa(Bia))
k 7
A 1
= zk: %7]} X Yk (Xu(J) - (1= Z))Xu(lk))
= XM () - (1= D) =
k
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Now, we estimate o = 1/T". It is easy to see that for every u € J,

Prue A = Z,:Z}(Z’WXU(AM» _ XuI(:f) — %
k i

Since, A # &, we derive E[A| > 1. On the other hand, E|A| = ar. Therefore, « =1/T" > 1/r. O

Lemma 5. For every common independent set J € Z(M1)NLZ(Mz), vector z* € P(M1)NP(Ma),
parameter p € {2,...,r}, and T = (1 — 1/p)x* there exists a probabilistic distribution of sets
w(J) € Z(M1) NZ(My), such that

o foreveryue J, Priué¢ n(J)] =(1—2,)/r;
o foreveryu ¢ J, Priuc n(J)] = Zy/7;
o |[JAT(J)| < 2p.

Moreover, the distribution over sets w(J) can be computed in polynomial-time (i.e. there is a
polynomial number of sets with non-zero probabilities and a polynomial time algorithm to compute
such non-zero probabilities).

Proof. The algorithm generates sets A, B as in Lemma 22. Then, it outputs n(J) = (J\ A) U B
with probability (ar)~!; and 7(J) = J with probability 1 — (ar)~!. O

B On Theorem 14
In this section, we explain why Theorem 14 easily follows from Theorem 3.15 (page 224), McDi-
armid [22].

Theorem 23 (see Theorem 3.15 in [22]). Let 2(t) (wheret € T') be a martingale w.r.t. the filtration
F(t). Suppose that Ax(t) = z(t + At) —z(t) < b a.s. for a (nonrandom) constant b. Then for any
A>0andv >0,

2
Pr(z(1) —E[z(1)] > X and V <v] < 6—72v<1+<$/<3v>>>7

where the random variable V (the predictable quadratic variation of x(t)) is the sum of conditional
variances

V=3 Var[Au(t) | F(t)] =) E[(Az(t) -E[Az(t) | FON® | F(1)].

teT teT

We derive an easy corollary (Theorem 14) which is convenient for our purposes.

Proof of Theorem 14. As in the rest of the paper, we assume that T'= {to + kAt : 0 < k < N} for
some N and At = (1 —tg)/N. Let pu(t) = 3 pcppop An(t') and y(t) = x(t) — p(t). Observe, that

Pr r)]taeaélg((x(t)) - ;Au(t) >AXand V <w

< Pr |max(x(t) — Z Apt)>Xand V <wv

teT
teT:t'<t

=Pr [maxy(t) >Xdand V < U:| )
teT
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Since E [Az(t) | F(t)] < Au(t), y(t) is a supermartingale. Note that

Vy = ZVar Ay(t) ZVar [Ax(t) | F(t)] =V,

teT teT

because Ap(t) is a nonrandom sequence. Define

, y(t), if max{y(t'):¢ e T;¢ <t} < X\
y(t) = .
A, otherwise.
It is easy to see that y/(t + At) —y/(t) < y(t + At) —y(t), thus y/(¢) is also a supermartingale, and
Y (t+ At) =y (t) <yt + At) —y(t) < x(t + At) — z(t) < b.
For Ay'(t) = y(t' + At) — o/ (1),

S ZVar [Ay'(t ZVar [Ay(t) | F(t)]=V.

teT teT

We have

Pr [r{lajgcy(t) > Xand V < v} =Pr [y (1) =Xand V <]
c
<Pr[y(1)=Xand Vy <v].
It is now sufficient to show that

2
Pr [y’(l) =Xand V, < v] < e_m.

We would like to apply Theorem 23. The process y'(t) satisfies all the conditions of Theorem 23
except y/(t) is not a martingale, but a supermartingale. However, we can slightly increase the
values of Ay/(t), so that y”(t) is a martingale. To do so, we pick a threshold £(¢) < 0 (which is a
F(t) measurable random variable) so that E[Ay”(t) | F(t)] =0, where

Ay"(t) = max(y/(t), £(t)).

Such &(t) exists since E[Ay'(t) | F(¢)] < 0, but E [max(Ay/(¢),0) \ ( )] > 0. Now, y'(t) =

Yovery < Ay (t) is a martingale. We have Ay”(t) < max(Ay/'(t),0) < b, and
= ZVar [Ay"(t) ZVar Ay (t) | Ft)] <Vy.
teT teT

So, by Theorem 23,

A2

Pr[y/(1) = Xand Vy <v] <Pr[y’(1) =X and Vyr < v] e 220F037E)
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