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Abstract

Stochastic Integer Programming is a variant of Linear Programming which incorporates integer
and stochastic properties (i.e. some variables are discrete, and some properties of the problem are
randomly determined after the first-stage decision). A Stochastic Integer Program may be rewritten
as an equivalent Integer Program with a characteristic structure, but is often too large to effectively
solve directly. In this thesis we develop new algorithms which exploit convex duality and scenario-
wise decomposition of the equivalent Integer Program to find better dual bounds and faster optimal
solutions. A major attraction of this approach is that these algorithms will be amenable to parallel

computation.



Chapter 1

Introduction

Optimisation is a field of mathematics which provides tools for making optimal decisions in a given
situation. Decision problems are classified by how they can be mathematically represented. This
classification determines which algorithms can be effectively and efficiently applied to any given
problem.

A powerful modelling technique in optimisation is Linear Programming, which allows us to
solve decision problems which can be represented as Linear Programs. A Linear Program consists
of a linear objective function which must be minimised or maximised subject to a set of linear
constraints. We can represent a generic linear program with n decision variables and m linear
inequality constraints in the following form:

CLP =mincixy + - + Cuy
xX

s.t. Q1,11 + -+ A1.nTn < bl

(1.1)

A1 T1 + -+ ATy < by,
To abbreviate this formulation, define
I a1 b
rx:=|:], c:=|:|, and b:=
Tn Cn b

as the vectors of decision variables, objective coefficients and linear constraint constants respectively,

and
ai1 Q1o ... a1 n
a2 Q29 ... a2 n
A=
Am,1 Qm2 .. Gmn

2



as the matrix of linear constraint coefficients. We can now represent (1.1) using matrix algebra in

the condensed form:

T

I =minc'x
x

(1.2)
s.t. Ar < b

We will use similar abbreviations when formulating optimisation problems in subsequent chapters.
In fact, since additional indices to distinguish variable vectors will frequently be required, from this
point onward the notation x; will not denote the 7th variable in the vector x unless this is specifically
indicated in the text.

Linear Programming is a valuable tool for modelling decision problems but has several limita-
tions. We will focus on two of these limitations. First, a Linear Program cannot model discrete
decisions (such as a yes/no decision); all decision variables in a Linear Program must be continuous.
Second, a Linear Program cannot model a problem in which some of the problem data is unavailable
when the first decision needs to be made. Discrete decisions and imperfect knowledge are common
properties of real-life decision problems, and a more general framework than Linear Programming
is necessary to model these problems accurately.

Stochastic Mixed-Integer Linear Programming, typically shortened to Stochastic Integer Pro-
gramming, generalises the concept of Linear Programs to account for these limitations. Incorporat-
ing binary and integer variables into a standard Linear Program formulation is a straightforward
process, although solving the resulting non-convex optimisation problem is frequently difficult. On
the other hand, there are several valid approaches to incorporating a stochastic element into a Lin-
ear Program so that the initial decisions must be made in conditions of uncertainty. The research in
this thesis focuses on a scenario-based approach in which initial decisions must be made before the
outcome scenario is known, then recourse decisions are made in reaction to the outcome scenario.

A well-known algorithm for solving scenario-based Stochastic Programming problems is the
Progressive Hedging algorithm of Rockafellar and Wets [98]. This algorithm calculates what the
best initial decision would be if the outcome scenario were known beforehand (for each possible
outcome scenario), then tries to find an intermediate solution which is reasonable for all outcome
scenarios by alternately updating the decision variables, a set of averaged consensus variables, and
the dual multipliers.

The Progressive Hedging algorithm is an effective approach for non-integer Stochastic Programs



in that it is guaranteed to converge to the global optimal solution. The algorithm may also be
applied to Stochastic Integer Programs but the guarantee of optimal convergence does not apply;
since the averaging operation is not well defined on an integer set this outcome is not surprising.

The main contributions of this thesis fall into two major classes. First, we will define algorithms
for Stochastic Integer Programming which improve on Progressive Hedging and more generally the
state of the art in Stochastic Integer Programming, either in the direction of calculating dual bounds
or in finding high-quality feasible solutions. These algorithms are based on a similar alternating-
update framework, but with structures and goals that are better suited to an integer programming
environment. Second, we will explore the underlying theory which motivates and justifies the
construction of these algorithms.

The main chapters of this thesis are structured as follows.

Chapter 2 formalises and elaborates on the background material presented in the Introduction.
This chapter also contains a review of the current literature in stochastic integer optimisation and
related fields of mathematics.

Chapter 3 describes the Frank-Wolfe method, several of its generalisations, and their appli-
cations. Section 3.2 extends existing knowledge by demonstrating that these Frank-Wolfe-type
methods can be applied to solving the convex hull relaxation of integer programs. This technique
is employed in Chapters 4 and 5. Section 3.3 demonstrates that the Frank-Wolfe method can be
applied to non-smooth optimisation problems.

Chapters 4 and 5 use a modified version of the Progressive Hedging algorithm to compute the
ordinary Lagrangian dual bound of a Stochastic Integer Program directly. The primary algorithmic
difficulty in this approach is in solving subproblems over the convex hull of the feasible set. The
main results of Chapters 4 and 5 are included in the published papers [16] and [17] respectively.

Chapter 6 takes the alternate approach of constructing penalty functions which result in strong
augmented Lagrangian duality. The primary algorithmic difficulty in this approach is in dealing
with the restrictions which this places on the penalty function (in particular, non-differentiability).
Having done this, an alternating update algorithm is used to obtain high-quality primal feasible
solutions. The main results of Chapter 6 are included in the published paper [93].

Chapter 7 proposes an modified version of the algorithm developed in Chapter 6 which has

stronger theoretical properties when applied to a Stochastic Mixed-Integer Program with only in-



teger variables in the first stage.
Chapter 8 summarises and concludes the results presented in the thesis and outlines potential

directions for future research.



Chapter 2

Background and Literature Review

2.1 Introduction
2.1.1 Integer Linear Programming

A Mixed Integer Linear Program (MILP), typically abbreviated to Mixed Integer Program
(MIP) or Integer Program (IP), may be written in the following general form:

(P =mincl'x
s.t. Ax < b
(2.1)
=0

rzeR" 1 x 71

This MIP has n decision variables, represented by the vector z. n — ¢ of these variables are
continuous, and the remaining ¢ are discrete or integer variables. The vector ¢ has the same length
as = and defines the coefficients for each variable in the linear objective function. A is a [ x n matrix
and b is a vector of length [, which together define the constraints on the decisions variables as a
set of [ inequalities.

A particular choice of decision variables x is called a solution. If a solution satisfies all of the
conditions of the problem, then it is a feasible solution. If a feasible solution yields the best possible
objective value across all feasible solutions, then it is an optimal solution. In this case the objective
is being minimised, so the best possible objective value is the smallest.

Equation (2.1) may appear restrictive since it does not account for differences in objective

and constraint type, or for different variable bounds. However, it is possible to reformulate any



integer linear program with equalities, negative variables, or a maximisation objective in the form
of Equation (2.1), and so any results proved for Equation (2.1) may be generalised to other forms.
In practice it is often more intuitive to construct a MIP using a combination of equalities and

inequalities, and with a variety of variable bounds.

2.1.2 Stochastic Programming

The representation of a problem as a MIP assumes that all decisions may be made in advance with
full knowledge of what effect they will have. Unfortunately this is not always the case. In many
practical problems it is necessary to make decisions before everything about the problem is known
with certainty. For example, when scheduling train networks the exact number of passengers each
day and the occurrence of any mechanical faults are not known with certainty when the timetable
is arranged. In agriculture, the weather conditions which will occur in a particular year are not
known when the crops are planted.

In both of these examples and in many other practical problems the future conditions are not
known with certainty. It is possible to model this uncertainty with a probability distribution.
For example, the probability distributions associated with the set of outcomes corresponding, for
example, to high or low passenger traffic, good or bad weather, and the frequency of mechanical
faults may be estimated using previous data, which allows a partially informed decision to be made.

Different possible outcomes are modelled as separate scenarios, each of which is assigned a
probability of occurring. Stochastic programs aim to find the decision which has the best average
outcome across all scenarios.

There are some problems which arise when applying the answer obtained by solving a stochastic
program to the real world. First, the assignment of probabilities to outcome scenarios is often made
without knowledge of the exact actual probabilities of all outcomes; an informed guess must be made.
Second, it may not be practical to examine all possible outcome scenarios; the number of outcome
scenarios may be prohibitively large, or infinite in the case of a continuous random distribution.
This second problem is addressed by taking a representative sample of the set of possible outcomes
as the scenario space for the purposes of obtaining a tractable stochastic program.

These issues mean that the optimal solution of a stochastic program will not necessarily be ex-

actly “optimal” in the real world. Therefore, algorithms for stochastic programs frequently prioritise



finding a “good” solution quickly over finding an “optimal” solution.

The work presented herein will generally employ a decision stage based approach to modelling
the stochastic elements of a given problem. These models may have two or more stages. A decision
problem with two stages will be referred to as a two-stage stochastic program. A problem with
more than two decision stages will be referred to as a multi-stage stochastic program.

In a two-stage stochastic program, the first stage decisions or initial decisions are made
before the outcome scenario is known. After the outcome scenario is determined, the second stage
decisions or recourse decisions can be made. For example, in the hypothetical train scheduling
problem above, if a mechanical fault occurs it may be possible to reschedule other trains to cover
the gap.

A multi-stage stochastic program is structured similarly. However, instead of fully unveiling the
final outcome scenario in a single step, it is revealed in several discrete steps. Recourse decisions
may be made at each of these steps. The structure of the outcome scenarios is typically represented
with a tree structure.

An alternative approach to modelling stochastic aspects of a problem is chance-constrained
programming. In a chance-constrained program, one or more constraints must be satisfied with

a given probability (or degree of certainty). A chance constraint may be written in the form

which has the meaning “x must be chosen such that the probability that the constraint f(x) < b is
satisfied is greater than or equal to p”.
Chance constraints are more appropriate to some classes of problems than the two- or multi-stage
approach, and can more directly tackle problems involving continuous random distributions.
Chance-constrained programming is outside the scope of this project. More detail about this

approach may be found in, e.g. [84].

2.1.3 Stochastic Programming Formulation

Two-stage stochastic programs have a much simpler structure than multi-stage stochastic programs.
For the purposes of simplicity and clarity, the following introductory explanation of decision-stage

based Stochastic Program problem formulation will focus on the two-stage case.



Two-stage stochastic programs are modelled with two sets of variables, corresponding to the first-
stage and second-stage decisions. Since the first-stage decisions must be made before determination
of the random variable, there is a single set of first-stage variables across all possible scenarios.
Since the second-stage decisions may be made after the random outcome is observed, and may
therefore respond to it, there are different sets of second-stage variables for each scenario.

A Two-stage Stochastic Mixed Integer Linear Program (SMILP), abbreviated here to

Stochastic Integer Program (SIP), may be written in the following general form:

TP =min 'z + ZPS[Q(% s)]
seS

s.t. Az < b
(2.2)

x =0
rzeR" 1 x 71
where
Q(z,s) =mindly
y

s.t. Wy < hy — Tsx
(2.3)
y=0

ye R™" " xZ"
In an SIP, the second-stage problem for each possible scenario is modelled as a MIP, with the
first-stage decision used as a parameter. The expected value of the second-stage problem across all
scenarios is added to the first-stage problem as a penalty or incentive in the objective function.

The set S is the set of all possible outcome scenarios s. The expected value of the second-
stage problem, given a first stage decision, is found by taking the average value of the second-stage
decision problem across all possible scenarios s € .S, weighted by the probability p, of each scenario
s. We will always assume that ) _ops = 1.

This IP has n first-stage decision variables, represented by the vector x, and m second-stage
decision variables, represented by the vector y. A full solution to the two-stage SIP consists of
a single first-stage decision and multiple second-stage decisions, each of which corresponds to an
outcome scenario. A particular choice of decision variables for each stage and outcome scenario is
sometimes referred to as a policy. This term is used because we cannot make all of the decisions

required in the problem which the stochastic program represents at a single point in time, but we
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can initially define a policy which chooses decisions when and as appropriate. To be feasible a
policy must satisfy all constraints on both the first- and second-stage variables.

In the context of SIP formulations such as (2.2) our problem data is represented as follows. ¢ and
d are vectors of length n and m respectively which define the objective functions for the first-stage
and second-stage problems. A is a matrix and b is a vector which together define the first-stage
constraints Ax < b. As the second-stage decision y has not yet been made in the first stage, the
first-stage constraints do not refer to those decision variables. Similarly W, and T are matrices and
hs is a vector which together define the second-stage constraints W,y < hy, — T,z for each scenario
s. Within the Q(x, s) subproblem the first-stage decision has already been made and is treated as
a constant, so the Tix term is written on the right-hand side of the second-stage constraints in this
formulation.

This formulation does not give any explicit guarantees that the second-stage problems Q(z, s)
will be bounded or feasible for all possible first-stage decisions x. To correct this we may enforce
an additional recourse condition. (%/F as defined in (2.2) and (2.3) has relatively complete
recourse if Q(z,s) < oo for all x which satisfy the first-stage constraints Az < b and x > 0. The
stronger condition of complete recourse holds if W,y < z for all scenarios s and vectors z of real
numbers with the appropriate dimension.

The formulation given in (2.2) for ¢°/F has the disadvantage that most of the complexity is

CS[P

concealed within the Q(x,s) function. To address this problem, can be reformulated as a

single deterministic equivalent MIP as follows:

¢'P = min Tz + Zps [dly,]

Z,Y15--5Y|9) seS

s.t. Az < b

Tix + Weys < hg Vse S
(2.4)
r=20,y=>0
reR" 1 x 71
ye R™ " x Z"
This is an ordinary MIP and in principle may be solved using techniques for solving ordinary mixed

integer programs. For real world problems, since there is a separate set of variables and constraints

for each scenario, the MIP is invariably very large and therefore exceptionally difficult to solve in
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this way.

However, this MIP does have a particular structure imposed by its origins as an SIP, which
allows specialised algorithms to solve it much more easily. The principle behind these algorithms is
to separate, or decompose, the problem into smaller subproblems.

Algorithms based on stage-wise decomposition, alternately named primal decomposition,
separate the variables and constraints based on which decision stage they correspond to. The L-
shaped method (see e.g. [71]) is a standard stage-wise decomposition method. Stage-wise decompo-
sition methods, like Benders decomposition, are often strongly based on duality and are thus open
to further development with the application of new duality methods for Integer Programming, but
are less well adapted to parallel decomposition.

Algorithms based on scenario-wise decomposition, alternately named dual decomposi-
tion, separate the variables and constraints based on which outcome scenario they correspond to.
Lagrangian duality gives a theoretical basis for scenario-wise decomposition on which many algo-
rithms have been constructed. Since there are a large number of scenarios in an SIP, and the
subproblems corresponding to each scenario are not strongly dependent on each other, scenario-
wise decomposition offers a great deal of scope for parallel computation. As such, scenario-wise

decomposition methods will be a primary focus of this research.

2.1.4 Introduction to Lagrangian Duality

In some constrained optimisation problems, a particular subset of the constraints make the prob-
lem significantly more difficult to solve. Conversely, if these constraints could be removed from
the problem it would be easier to solve. These constraints generally provide important information
about the problem, so simply ignoring them is not practical and will not result in a useful answer.
However, it is possible to move this information from the constraint into the objective using La-
grangian duality.

Consider a general MIP of the form:

PP =mincl'z
st.Qr=r (2.5)

reX
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where the term x € X represents the “easy” constraints as well as bounds and integrality of the
variables. For the purposes of this discussion the s constraints represented by QQx = r are considered
difficult constraints. In the context of duality, the x variables are referred to as primal variables.

The Lagrangian corresponding to ¢/ is:
L(z,\) ="z + M(Qz — ) (2.6)

The corresponding Lagrangian dual function is

CER(N) = mxin L(z, \)

(2.7)

st.xe X

and the corresponding Lagrangian dual problem is
¢H7 = max (" () (2.8)

The vector A\ of dual variables has length s. In the case where x consists of only continuous
variables, the initial program is convex and the Lagrangian dual is a strong dual, meaning that
¢LP = (P (e.g. [100, Theorem 3.27]).

If = contains integer variables the problem is no longer convex, and a duality gap between (/¥
LD

and may occur. (P is still guaranteed to be a weak dual to (! — it yields a lower bound
on the value of (/¥ which provides information and may contribute to finding the solution for (/%

via another method such as Branch-and-Bound.

Definition 2.1 Given a set X, The convex hull of X, denoted conv(X), is the smallest convex

set containing X. A constructive definition will be given in Section 2.3.2.

A primal characterisation of the Lagrangian dual problem is

CLD T

=minc z
st. Qe =r (2.9)
x € conv(X)

(see e.g. [46]). This is a primal problem which has the same optimal value as the Lagrangian dual

problem. Furthermore it is a continuous programming problem, as taking the convex hull of the
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feasible set X removes the integer restriction on the decision variables. In practice it is challenging
to calculate conv(X) and model it with linear constraints.

The augmented Lagrangian corresponding to ¢ is:
Ly(z,\) =c'oe+ \(Qz —r) + ¢ (Qz — ) (2.10)

The corresponding augmented Lagrangian dual function is

GH () =min L, (r. )

g (2.11)
st.ze X
and the corresponding augmented Lagrangian dual problem is
(P = max LX) (2.12)

The augmenting term ¥*(Qx — r) is intended to penalise decisions which violate the difficult con-
straints Qz = r. The augmenting function ¢?(-) has the properties ¥?(0) = 0 and ¥”(u) > 0
for all w # 0, and determines the character of the penalty for violation of the hard constraints.
The penalty parameter p is a strictly positive scalar parameter which determines the size of
the penalty. The typical augmenting function used in most applications of augmented Lagrangian
duality is:
v(u) = £ Jul (2.13)

Similarly to the ordinary Lagrangian dual, the augmented Lagrangian dual is a strong dual to
¢I” if the decision variables z are continuous (e.g. [100, Theorem 4.30]). Under some conditions,
the augmented Lagrangian dual may also be strong for an integer problem; these conditions are
discussed further in Section 2.2.1. Otherwise, it is a weak dual. The added term improves the
convergence properties of algorithms which employ Lagrangian duality, although in general it has
the undesirable side effect of destroying separability present in the original Lagrangian.

A primal characterisation of the augmented Lagrangian dual problem, due to Feizollahi et al.
[37], is

g“pLD* = rnwinch + pw

st.Qr =r (2.14)

(z,w) € conv(Sy)
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where the set Sy is defined as follows:
Sy = {(z,w) e R"™ : " (Qz —r) <w,z € X} (2.15)

2.1.5 Applying Lagrangian Duality to Stochastic Programming

To apply Lagrangian duality to Equation 2.4, it is necessary to express the difficult part of the
problem (that the first-stage decisions must be the same for all scenarios) as a constraint. To
do this, we separate the first-stage variables = into separate vectors x, for all s € S and impose
a non-anticipativity constraint to ensure that the first-stage decisions remain identical for all

scenarios. The non-anticipativity constraint may be expressed in several ways, for example:

e Linking the first-stage decisions sequentially, i.e. 11 = z3, 1o = 3, ..., T|5—1 = T3]
e Linking one first-stage decision to all of the others, i.e. x; = x5, 21 = 3, ..., 71 = 7)g).

e Linking all of the first-stage decisions to a new non-anticipativity or consensus variable

T,le. T =o1,T =102, ..., T =T

For the sake of condensing notation, when describing an SIP, let « represent all of the first-stage
decision vectors {zs; : s € S}. Similarly let y represent all of the second-stage decision vectors
{ys : s €S}, and X represent all of the dual variable vectors {\; : s € S}.

In the context of this formulation, a decision policy is composed of a first- and second-stage
decision for each possible outcome scenario. If a policy satisfies the non-anticipative constraints, it
is described as non-anticipative or implementable. If a policy satisfies all of the other constraints
on the first and second stage variables it is described as admissible. A policy is feasible for /7
if and only if it is both implementable and admissible, since this means that it satisfies all of the
constraints on the problem. If no other feasible policy results in a better objective value, then it is
an optimal policy.

CSIP

The following representation of uses the consensus decision variable approach to represent

the non-anticipativity constraints.
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¢ =min > p, ["x, + dly,]

T,y,T
T seS

st. Ary <b Vse S
Tixs + Wsys < hs VselS
=T Vses (2.16)
=20,y =20 VseS
1, € R x 79 Vse S
eR™" xZ" VYseS
The constraints here which define the feasibility of first- and second-stage decisions for a particular

scenario may be abbreviated as (z,ys) € Ky, where
Ky :={(z,y) | Az < b, Tz + Wyys < hg,z e R" I x 29,y e R™ " x Z"}.

This facilitates a more compact representation of the SIP:

CSIP—mmZpS c xs—i—dTys]
v seS

s.t. (z5,ys) € Ky Vse S (2.17)

rs =2 VselS

The Lagrangian corresponding to (F is
L(xz,y,z,\) Zps (s, Ys, T, As), (2.18)
seS
where
L(xs,ys, T, As) = (Tws + dys) + A (2s — 7). (2.19)

Note that the pg scaling factor also applies to the dual multiplier term in this formulation. Since
the dual variables are free we can multiply each of them by a scaling factor such as p, without loss

of generality. The corresponding Lagrangian dual function is

¢MH(X) =min L(z, y, 7, \)
29,7 (2.20)
s.b. (xs,ys) € K

and the corresponding Lagrangian dual problem is

P = m}z\ingR()\). (2.21)
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The primal characterisation of the Lagrangian dual corresponding to (2.9) is

(Slp—mmZps "z +dly,]

T k)
Y seS

s.t. (xs,ys) €conv K, Vse S (2.22)
rs =1 Vsel

Define an augmenting function ¢*(u) : R"SI — R as follows:

W)(u) = W)(Uh ey Us,y U\S\ Zps¢ us (223)
seS
The augmented Lagrangian corresponding to (¥ using the augmenting function (2.23), is
Lf(x,y,z, ) Zps (s, Ys, T, As), (2.24)
seS
where
LA(74,ys, T, As) = (g + dlys) + AN (zg — ) + 0P (25 — 7). (2.25)

The corresponding augmented Lagrangian dual function is

(Y (A) =min LP(x, y, , \)
zY2 (2.26)
s.t. (xs,ys) € K

and the corresponding augmented Lagrangian dual problem is

EP+ = m)z\aLXCLRJF()\). (2.27)

p

Each of the constraints in Equation 2.26 contain only variables from a single scenario, and therefore
may be separated by scenario. The augmented Lagrangian in the objective of (2.26) is not generally
separable by scenario due to the augmenting term. However, if z is fixed the resulting objective
and problem C[fD * is separable by scenario and much more tractable. This observation motivates
algorithms which solve the overall problem by iteratively solving Q“pLD * for a fixed Z, then using
the result to generate an improved value for z. Similar approaches are possible for other non-

anticipativity conditions.
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Example 2.2 Consider the following SIP with two first-stage variables x' and x* and a single

second-stage variable y:

¢S =mina! + (1000y1) (1000y2)

z,y

.. —yp < rt —a?

(2.28)
—yp <2t +a2? 1
xla 1’2, Y1,Y2 € {O’ 1}
The set of feasible decisions in each scenario is
Ky = {(z", 2% 1) € {0, 1 | =2t + 2% — o <0},
Ky = {@1@2,92) € {07 1}3 | _ml - xZ — Y2 < _1} .
Given these definitions, we can rewrite this problem in the form
P =mina! + (1000y1) (1000y2)
.y
s.t. (xl,:vQ,yl) € K, (2:29)

(3717552,91) € K,

We can think of this as playing a (quite unfair) game as follows. You choose to pay a dollar (z* =1)
or not (' =0). In either case, choose heads (z* = 1) or tails (r* =0), then flip a coin.

e In scenario 1 the coin is tails: if you did not pay and you chose heads (so x'—2* = 0—1= —1)
then you must set y; = 1 and pay the penalty of 1000 dollars. If you paid the dollar and/or
you chose tails (so ' — x* = 0) then you may set y; = 0 and pay nothing further.

e In scenario 2 the coin is heads: if you did not pay and you chose tails (so x' + 2% —1 =
0+0—1=—1) then you must set yo = 1 and pay the penalty of 1000 dollars. If you paid the
dollar and/or you chose tails (so x* + 2> —1 = 0) then you may set y» = 0 and pay nothing
further.

Obviously the best move is to pay the dollar (after which the heads/tails choice is irrelevant);

this yields an objective value of 1 in all outcome scenarios and hence (51 = 1.
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We can rewrite in terms of non-anticipativity constraints as follows:

1 1
¢51P = min 5(33% +1000y;) + 5(95; + 1000ys,)
Iiw?y

s.t. (21, 23,91) € Ky

1 2
(xlaxluyl) € KQ (230)
1 _ =1 1 _ =1
Ty =x, Ty =2
2 =2 2 =2
xry=x, Ty =2

The Lagrangian dual bound can be calculated via the dual problem definition as in (2.21) or the
convex hull-based primal representation as in (2.22). Both will be demonstrated below.

The Lagrangian dual problem corresponding to (2.30) is

1 1
¢LP = max min 5(331 + 1000y, ) + 5(acg + 1000y )+
z,T,Y

1 B _ 1 _ _
P ) R EH A RO VICAI))

s.t. (x1,23,11) € K,
(‘rixiyl) € K2
with the implied dual feasibility condition \} = —)\! and \2 = —\3. If we let X! = A\ = =\l and

N =22 = —)\2 then CLP can be rewritten in the form

1 1
¢PP = maxmin = ((1 — Azl — A2? 4+ 1000y,) + 5((1 + A ad + A%22 + 1000y,)

A T,Ty

s.t. (x],23,91) € K;
(ZE%, JZ%, yl) € KQ
By substituting all of the feasible points and eliminating those which are dominated by other feasible

CLD

points, we can rewrite as:

1 1
¢tP = max [5 min {0, =A% +1000,1 — A", 1 — X" — \*} + 3 min {1000, A*, 1 + A", 1 + A" + )\2}]
A feasible solution to this mazimisation problem is \' = 0 and \* = 1, which results in

1 2 1 1
5mm{o,—A —|—1000,1—0,1—0—1}+§m1n{1000,1,1+0,1+0+1}25.

Since the Lagrangian dual problem is a maximisation problem, % 15 a lower bound on the Lagrangian

dual bound.
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Now consider the primal representation based on the convex hull of the feasible region. Since
(0,0,0) and (1,1,0) are in K1, (3,1,0) is in conv K;. Since (0,1,0) and (1,0,0) are in K», (1,1,0)
s in conv K.

1 1

Therefore x1 = 2} = ' = %, x 2

=2 =7= % and y; = yo = 0 is a feasible solution of the
convex hull representation of the Lagrangian dual of (1. This solution has objective value % Since

1 s an upper

the conver hull representation of the Lagrangian dual is a minimisation problem,

bound on the Lagrangian dual bound.

1

5 s an upper and lower bound on the Lagrangian dual bound, it must in fact be the

Since
Lagrangian dual bound, resulting in a duality gap of 1 — % = % between the primal optimal solution

and the dual bound.

2.2 Current Literature in Lagrangian Duality

Overviews of Lagrangian duality may be found in [12, 100]. Some theory with particular relevance
to the developments of later chapters is discussed in this section.

Algorithms for convex optimisation which employ Lagrangian duality include the subgradient
method, cutting plane method, bundle methods, and alternating direction method of multipliers
(among many variants). These methods and the associated literature will be discussed in Sections

2.3 and 2.5.

2.2.1 Exact Augmented Lagrangian Duality for Integer Variables

The augmented Lagrangian dual is not in general a strong dual for an integer problem, so it only
provides a bound on the optimal solution rather than the exact optimal value. However, under some
conditions on the problem, the augmenting function and the penalty parameter, the augmented
Lagrangian dual is strong. Boland and Eberhard [18] showed that the augmented Lagrangian dual

applied under the following conditions is a strong dual:

e The augmenting function ¢ is of the form ¥ (u) = ¢(|u|), where ¢ is a convex, monotonically

increasing function, ¢(0) = 0 and for some ¢ > 0 the following conditions hold:

@25
a

liminf, , o
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and diam {a|¢(a) < §} approaches 0 from above as ¢ approaches 0 from above.
e One of the following conditions holds:

— The feasible set of the LP relaxation of the problem does not contain a lineality space.

— The constraints on the feasible set are rational and the norm used in the augmenting

function is the infinity norm.

— The convex hull of the feasible set is bounded.
e One of the following conditions holds:

— The penalty parameter goes to infinity.

— The feasible set is finite and discrete, and the penalty parameter is sufficiently large (but

finite).

Feizollahi et al. [37] generalised this result under the condition that the penalty parameter goes
to infinity, for general mixed-integer linear programs, and for augmenting functions ¢ which satisfy
the weaker conditions of being proper, non-negative, lower semi-continuous and level-bounded.

Feizollahi et al. also showed that in the alternate case where the penalty parameter is restricted
to finite values, the above result holds even when the feasible set contains infinitely many feasible
points. Furthermore, if the penalty function is proper, non-negative and bounded below by the
infinity norm in a neighbourhood of the origin, the augmented Lagrangian dual is exact even if the
feasible set is not discrete (some of the variables are continuous). In particular, these conditions on

the augmenting function are satisfied by the use of any norm as an augmenting function.

2.2.2 Semi-Lagrangians

Instead of directly applying Lagrangian relaxation to an equality constraint in a mixed-integer linear
program, in some cases it is preferable to reformulate the constraint into a different form first. Semi-
Lagrangian relaxation, as proposed by Beltran et al. [9], includes a redundant inequality constraint
Qr < r to accompany the complicating equality constraint Qx = r. When Lagrangian relaxation
is applied to the equality constraint, the inequality constraint remains as an explicit constraint on

the problem. An equivalent approach is to reformulate the difficult constraint Qx = r into two
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sub-constraints Qx < r and Qx > r, and then apply Lagrangian relaxation to only one of these two
sub-constraints.

Under some conditions, semi-Lagrangian relaxation results in a strong dual even for integer
programs, given that the problem has non-negative coefficients and the non-integrality constraints
on the variables are polyhedral. However, this comes at the cost of retaining an inequality constraint
in the problem to be solved. At worst the resulting problem will be no easier to solve than the
original MIP.

To put the semi-Lagrangian approach to effective use, the structure of the problem and algorithm
employed must allow the resulting primal integer programs (which include the scenario-linking
inequalities) to be solved easily. This is accomplished by choosing values for the dual variables which
allow the problems to be simplified. The method for choosing suitable dual variables varies from
problem to problem. For example, consider the p-median problem with the following formulation:

= mmZ Z CijTij

i=1j=1
s.t. Zl’ij =1 VJ,
=1
Tij < Yi, V1, J,
5, yi € {0, 1}

Beltran et al. [9] gradually applied semi-Lagrangian relaxation to this problem using the following

procedure (with appropriate termination conditions):

1. Apply a full Lagrangian relaxation to the first constraint (3", z;; = 1,Vj) and second con-

)

straint (3], v; = p) and solve the associated dual problem

(AN, ') = argmaxmmz [Z Cijij + A\j (Z Tij — 1) + 1 (

Ap 7j=1 |i=1 i=1

T
<

2.31
s.t. Lij < yi7vz7]7 ( )

Tij, Yi € {07 1}

using a cutting plane method.
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2. Add the constraint Y~ x;; < 1Vj (i.e. use a semi-Lagrangian relaxation for the first con-
straint) to (2.31) and solve again, using the dual variables (A’, u') obtained from the previous
step as a starting point. This problem is solved with a general MIP solver (such as CPLEX).

Denote the optimal choice of dual variables for this problem as (A", u”).

3. Add the constraints > ;" x;; < 1 Vj and X" y; < p to (2.31) (i.e. a full semi-Lagrangian
relaxation) and solve again, using the dual variables (A", u”) obtained from the previous step

as a starting point.

The motivation for this approach as opposed to solving the full semi-Lagrangian dual problem
directly is that the dual information obtained at each step makes the subsequent problems consid-
erably easier. In particular, when solving the partial semi-Lagrangian dual problem, any variable
x;; whose cost ¢;; exceeds the corresponding dual variable A\; may be eliminated from considera-
tion. The solution to the full semi-Lagrangian dual problem is typically close to that of the partial
semi-Lagrangian problem, which allows a relatively easy search for the optimal solution.

Different problems require different approaches to choosing appropriate dual variables for semi-
Lagrangian relaxation. For example, when solving Uncapacitated Facility Location problem in-
stances it is instead ideal to keep small as many dual variables as possible, since this eliminates a
large number of variables from the corresponding subproblem [10].

A further refinement of semi-Lagrangian duality is to replace the complicating inequality con-
straint with a surrogate constraint; that is, replace the set of equalities Q;x = R; for ¢ € I with
a single inequality > .., @Q;x = >,..; R;. In combination with the (previously redundant) added
inequalities, this replacement does not weaken the formulation, and when Lagrangian duality is
applied to the single surrogate constraint only a single dual variable results. This approach is

considered in [85, 64].
2.3 Convex Optimisation

2.3.1 Convexity Definitions

Definition 2.3 A set C' € R" is said to be a convex set if for all points v and y in C, and for all
a in [0,1], the point ax + (1 — @)y is also in C.
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In informal terms, this means that any straight line connecting two points in C' is itself contained

in C.
Definition 2.4 The set of extended real numbers R U {+00, —o0} is denoted Ry,.

Definition 2.5 The epigraph of a function f : X — Ry, denoted epi f, is the set of points lying

on or above the graph of the function:

epif = {(z,p) |z € X, € R, pu = f(2)}
A function is convex if and only if its epigraph is a convex set.

Definition 2.6 A function on a convexr set X € R", f : X — Ry, is said to be a convex function

if for all points x and y in X, and for all o in [0, 1], the following condition holds:

floz + (1 —a)y) <af(z)+ (1 —a)f(y)
Equivalently a function is convex if and only if its epigraph is a convex set.

In informal terms, this means that any straight line connecting two points on the graph of f lies
entirely above f.

A convex optimisation problem has the form

¢ = min f(z) (2.32)

reX

where X is a convex set and f is a convex function. Unless otherwise stated we will assume
that the feasible set X is closed and that ¢ is bounded below (and therefore an optimal solution
exists). The properties of convex sets and functions are used to design algorithms specifically for

these problems.

2.3.2 Convex Analysis, Duality and Optimality Conditions

For an overview of convex analysis see e.g [97]. Some basic definitions are reproduced here.

Definition 2.7 The convex hull of a set X < R"™, denoted conv(X), is the set of all points which

may be obtained as a conver combination of points in X i.e. if x is in conv(X) then there exist
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points Ty, ..., x, i X and weights Ay, ..., \, satisfying Y, A =1 and X\; € [0,1] Vie (1,...,n)
such that

n
i=1

This is also the smallest convex set containing X .

Definition 2.8 The effective domain of a convex function f : X — Ry, is the set of all points

x € X such that f(z) < 4o0.

Definition 2.9 A conver function f : X — Ry is said to be proper if f(x) < o0 for some x € X

(i.e. the effective domain of f is non-empty) and f(x) > —co for allx € X.

Definition 2.10 The characteristic function of a set X < R" is denoted 6x : R" — Ry, where

0 X
Ox(@) = {+OO i;X

Definition 2.11 Assume V is a vector space. The set of linear functionals on this vector space is

said to be the corresponding dual (vector) space, and is denoted V'*.

The results presented in later chapters will frequently only consider the special case where the
vector space V is a finite dimensional Euclidean space, meaning that VV* = V. In these cases the
distinction between the vector space and its dual is unimportant. However, some definitions and

cited results will use the more general notation.

Definition 2.12 A function f : X — Ry, is said to be lower semi-continuous at xq € X if

f(zo) < liminf f(z)

T—>T(0

Consider as an example the function d;py : R — R, defined by

S (1) = {0 =0

+o00o x #0.

This function is convex and lower semi-continuous but is not differentiable or continuous at 0.
The existence of convex functions which are not differentiable means that the theory of ordinary
derivatives and gradients is frequently not applicable in convex analysis. Instead, an analogous

concept which leverages the convexity property is used.
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Definition 2.13 The subgradient of a convex function f : X — R, is denoted 0f, and is defined

as follows:

Of (xg) :={a™* | " € X7, f(x) — f(xo) = (z¥, (x — x9)) Yz € X} (2.33)
The condition f(x) — f(xo) = {x*, (x — o)) YV € X is referred to as the subgradient inequality.

Note that there exist more general definitions of the subgradient which do not rely on convexity
or the global behaviour of f, although they are generally equal to the convex subgradient when
the latter exists. We will use the definition presented above unless the text specifically indicates
otherwise.

If X is a finite dimensional real vector space, a consequence of the subgradient inequality is that

the hyperplane with normal vector x* which touches epi f at z( is a supporting hyperplane of epi f.

Definition 2.14 An optimisation problem of the form

min f(z) (2.34)

zeX

is said to be convex if its objective function f is a convexr function and its feasible region X is a

convex set.

Remark 2.15 Optimsation problems with integer variables are almost always nmon-convex, since

their feasible regions are a discrete set of points or hyperplanes.

The basic definition of the globally optimal solution to an optimisation problem (that no better
feasible point exists) is difficult to evaluate directly for a given point. Based on the structure of
convex optimisation problems we can define an equivalent optimality criterion which is more
easily evaluated. This will be particularly useful when we define termination conditions for the
algorithms presented in later chapters.

If a convex optimisation problem of the form (2.34) is unconstrained (i.e. X = R") and smooth,
its optimal points xg are those which satisfy 0 = V f(x¢). Similarly, if the optimisation problem
is unconstrained and non-smooth its optimal points xy satisfy 0 € df(x); to see this, substitute

x* = 0 into the subgradient inequality to obtain

flx)—f(z°) =0 VzeX.
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If the convex optimisation problem contains constraints a more sophisticated optimality criterion
is required. In addition we will need some form of constraint qualification condition to exclude

“unreasonable” constraint sets and objective functions.

Definition 2.16 The normal cone to a conver set X at a point I is denoted Nx(Z) and is defined
as follows:

Nx(z) :={z" |{x —2,2%) <0 Vzre X}

Theorem 2.17 [100, Theorem 3.34] Consider a convex optimisation problem
¢'P =min f(x)
stogi(x) <0 Vi=1,...,m
(2.35)
reX

where f and every g; are convex functions, every h; is an affine function, and X is a conver and

closed set in R™. Assume that the following qualification conditions are satisfied:

e The Slater condition holds i.e. there exists a point x such that g;(x) =0 for alli =1,...,m

and hj(x) =0 forall j=1,...,p.

e The objective function f is continuous at some feasible point.

Then, if T 1s a feasible point such that the conditions
m P
0€df(&)+ Y, Nifgi(#) + Y 1;Vhy(&) + Nx (&) (2.36)
i=1 j=1
(where Nx(Z) is the normal cone of X at &) and

~

are satisfied for some \e R™ and j1 € RP, then & is an optimal solution of (2.35). Conwversely, if &
is an optimal solution of (2.35), the criteria (2.36) and (2.37) must be satisfied for some \e R™
and fi € RP.

The conditions given in (2.36) and (2.37) are a generalisation of the Karush-Kuhn-Tucker
(KKT) conditions to non-smooth optimisation.
A variety of methods for solving convex optimisation problems are explored in the following

sections.
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2.3.3 Alternating Direction Method of Multipliers

The Alternating Direction Method of Multipliers (ADMM) is a primal-dual algorithm for
solving convex optimisation problems [44, 48]. ADMM is based on the idea of iteratively solving an
optimisation problem with one set of variables fixed, then another, with the end goal of obtaining
the optimal decision for all variables.

ADMM proceeds on the assumption that the convex problem may be expressed in the form

¢'P =min f(z) + g(y)
st. Ar+ By =c¢
reX
yeY
where f and g are convex functions and X and Y are convex polyhedral sets.

The augmented Lagrangian with penalty parameter p corresponding to the relaxation of the

constraint Ax + By = c is:
p
Ly(w,y, ) = f(2) + 9(y) + AT (Az + By — ) + [ Az + By — cf;
The ADMM algorithm is outlined below.

Initialise Initialise the decision variables z° and y°. Set the dual variables A\° to zero. Set k = 1.

Step 1 Update x:

2" € argmin L,(z,y" 1, A1)
reX

Step 2 Update y:

y" € argmin L, (2", y, \F71)
yey

Step 3 Update dual variables \:

N N p(AxR + By — )

Step 4 Check for convergence; if the method has not yet converged, set £ = k + 1 and return to
Step 1.
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The choice of penalty parameter p involves a tradeoff; typically when the penalty parameter is
larger convergence is swifter (in terms of number of iterations) but each individual subproblem is
more difficult to solve.

When applied to a stochastic integer program ADMM is equivalent to the Progressive Hedging
algorithm of Rockafellar and Wets [98]. In this context, the minimisation in step 1 is separable
into smaller subproblems, and that in step 2 has a closed-form representation, which aids in the
practical application of the algorithm. Progressive Hedging is discussed further in Section 2.5.1.

The Alternating Direction Method of Multipliers is a special case of Douglas-Rachford splitting
[43]. Eckstein and Bertsekas [32] demonstrated that Douglas-Rachford splitting is itself an applica-
tion of the proximal point algorithm, and applied generalisations of the proximal point algorithm
involving variable step lengths and approximate solving of subproblems to ADMM.

Another possible generalisation of ADMM is to vary the penalty parameter at each iteration
and/or by the variable to which each penalty pertains [70]. Lenoir and Mahey [75] proposed a
variety of methods for altering the penalty parameter at each iteration to improve the rate of
convergence. Computational results indicated that these methods did not perform significantly
better than choosing a “good” static penalty parameter, but they did remove the need to choose a
good initial parameter.

Two theoretical and practical overviews of the Alternating Direction Method of Multipliers are

given by Boyd et al. [21] and Eckstein and Yao [34].

2.3.4 Frank-Wolfe Method

Methods of feasible directions for solving convex optimisation problems approximate the feasible set
by finding feasible points. Since the feasible set is convex, any convex combinations of these feasible
points must also be feasible. A simple example of a feasible directions method is the Frank-Wolfe
method [41] (also known as the conditional gradient method). The Frank-Wolfe method assumes
that the objective function f is differentiable, so its gradient V f exists.

The Frank-Wolfe method always converges to the optimal solution of a convex optimisation
problem which satisfies the conditions for its use. At any given iteration, z is the current candidate

solution, and Z may be chosen as an extreme point of the feasible set. (The feasible set is assumed

to be bounded.)
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Since the developments in this thesis make extensive use of the Frank-Wolfe method and its

generalisations, they are reviewed in greater detail in Chapter 3.

2.3.5 Subgradient Method

Gradient projection methods for convex optimisation problems (of the form of Equation 2.32), with

a continously differentiable objective function, have the following basic steps:

Step 1 Calculate the direction of steepest descent. Terminate if the current point is a stationary

point.

Step 2 Take a step in the direction of steepest descent, and project the result onto the feasible set

to obtain a feasible point.

Step 3 Take a step in the direction of this feasible point. Return to Step 1.

The length of each step is determined by an arbitrary parameter which typically decreases over
time.

If the objective function is not continuously differentiable, it may not be possible to find a
direction of steepest descent. In this case, instead of finding the gradient of the function at a point,
we can instead take a subgradient of the function and take a step in that direction. A method of
this form is called a subgradient method.

At any given iteration, the chosen subgradient may not be a direction of descent at all. However,
convergence is guaranteed by the property that for sufficiently small step sizes, the distance from
the optimal solution set must decrease at every step ([12], Proposition 6.3.1). (The idea of the
proof is that the angle between any subgradient and any optimal point must be smaller than a right
angle.)

Summaries of the properties of subgradient methods may be found in [12, 103].

2.3.6 Cutting Plane Method

Calculating a subgradient of a convex function f at a point x is analogous to finding a supporting
hyperplane to the function which comes into contact with the graph of the convex function at z. A

convex function may be approximated from below by finding a number of supporting hyperplanes
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and finding the pointwise maximum of these hyperplanes. Cutting plane methods use this to
generate successively closer approximations to the convex objective function, with the following

basic steps:

Initialise Choose a starting point by some heuristic. Set k = 1.

Step 1 Find a subgradient at the current point, and the supporting hyperplane which corresponds
to this subgradient. Add this hyperplane to the set of supporting hyperplanes.

Step 2 Choose a new point by solving the problem

— k
¢ = min F*(z)

where F* is an approximation of f at the current step k generated by taking the maximum

of the supporting hyperplanes.

Step 3 Set k£ = k + 1 and return to Step 1.

If the objective function f(x) is polyhedral then the cutting plane method converges to an
optimal solution in a finite number of steps, since the approximation of the objective function
becomes exact with a finite number of cutting planes. Otherwise, the cutting plane method is only
guaranteed to converge in the limit as the number of iterations goes to infinity [12].

Cutting plane methods were first developed by Cheney and Goldstein [25] and by Kelley [66].
Summaries of the properties of cutting plane methods may be found in [12, 100]. The basic cutting

plane method has largely been superseded by bundle-type methods, considered in the next section.

2.3.7 Bundle Method

Bundle methods are a general class which differ from the above methods in that they do not
necessarily change the current point at every iteration; they build up information about the problem
until a sufficiently descending step is found, and only then actually take that step and change the
current point.

The term “bundle” refers to the bundle of information which is accumulated over time as the

method runs. The cutting plane also stores a “bundle” of information in the form of the set of
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cutting planes. However, bundle methods place more emphasis on curating the bundle, to limit its
size and to maximise the useful information stored given that limitation.

The information used by subgradient, cutting plane and bundle methods can be represented as
a set of triples (z;, fi, s;) where x; is a point in the decision space, f; is the value of the objective
function at z; and s; is a subgradient of f at x;. In bundle methods, this set is curated by selecting
which pieces of information to keep and which to discard, and by compressing multiple pieces of
information into a smaller form (while retaining as much useful information as possible).

A bundle method has the following basic steps:

Initialise Choose a starting point x; by some heuristic, and find a subgradient at the current point.

Add this information to the bundle. Set £ = 1, and set x; as the current stability centre z.

Step 1 Choose the best next point .1, based on the current approximation of the objective
function (which is derived from the bundle) and a stability term (to stop the algorithm from

moving too far from Z, based on limited information).
Step 2 Perform an optimality test on xy, ;. If it is suffiently close to optimal, terminate.
Step 3 Find a subgradient at z;,;. Add the information obtained thereby to the bundle.

Step 4 Perform a progress test to determine whether x;.; should replace the current stability

centre 7.
Step 5 Select which items in the bundle of information should be discarded and/or compressed.

Step 6 Set k =k + 1 and return to Step 1.

A specific implementation of the bundle method must define

A means of approximating the objective based on the information bundle,

A stability term for the problem,

e A progress test for updating the stability centre,

A test for (sufficient) optimality, and
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e An algorithm to determine which of the pieces of information in the bundle (subgradients at

points) should be retained, compressed or discarded.

As an example, the proximal bundle method is a commonly used bundle method based on
combining bundle ideas with the proximal point method. The proximal point method consists of
iteratively finding the best point (with respect to the objective) which is in close proximity to the
current point (which is enforced by adding a term |z, — 2j+1|*, using some norm |-|, which penalises
a choice of new point x;,1 if it is far away from the current point x;).

Therefore, the proximal bundle method employs a proximal term of the form |z, — §c|2 to
enforce proximity of new points xy1 to the current stability centre 2. One possible implementation
builds cutting planes (as in the cutting plane method) using the subgradients obatined in Step 4.
In this case, the solution to the update problem in Step 2 has a closed-form solution. Furthermore,
it is easy to determine which cutting planes are currently not affecting the selection of x;,; and
can be discarded [29].

The progress test considers the difference between the expected objective value at xp,; based
on the current approximation to the objective, and the actual objective value calculated at that
point; if the approximation is good, it is “safe” to take a step. The optimality test also takes into
consideration the distance in the decision space between = and xj,1; if the approximation is good
and the best point is close, the algorithm should be very close to the optimal point.

Summaries of the properties of subgradient methods may be found in e.g. [60, 29]. The proximal

bundle method is considered in detail in e.g. [73, 69, 40].

2.4 SIP Reformulations and Benchmark Instances
2.4.1 Scenario Clustering

Instead of fully decomposing an SIP with n outcome scenarios into n separate subproblems, it
is possible to partially decompose the problem by incorporating multiple scenarios (and the non-
anticipativity constraints which link them) in a single subproblem. The resulting subproblems are
more difficult, but the larger number of non-anticipativity constraints which are enforced explicitly
can improve the convergence rate of the overall algorithm employed to solve the SIP.

An obvious problem to consider is how to choose which scenarios to cluster together. Crainic et
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al. [27] experimented with clusters of similar scenarios, dissimilar scenarios, and scenarios chosen at
random (with similarity measured by either properties of the constraints or distance of anticipative
solutions corresponding to each scenario). They found that, when applying Progressive Hedging to
network design problems, clustering similar scenarios resulted in the best performance, followed by
clustering dissimilar scenarios. Either clustering strategy performed better than clustering scenarios
at random, but any clustering method outperformed the no-clustering approach.

Scenario clustering has also been tested with encouraging computational results in combination
with the subgradient method and cutting plane method [35] (in which scenarios were clustered
with similar scenarios) and applied to multi-stage stochastic problems [36] (in which scenarios were

clustered based on the stage in which they diverged).

2.4.2 Test Problems for Stochastic Programming

SIPLIB (A Stochastic Integer Programming Test Problem LIBrary) [3] provides a variety of bench-

mark problems for stochastic integer programming. SIPLIB contains the following problem sets:

e DCAP - dynamic capacity acquisition and allocation under uncertainty, with mixed-integer

first-stage and pure binary second-stage variables [4]
e EXPUTIL - expected utility knapsack problem, with pure binary variables

¢ MPTSP - multi-path travelling salesman problem, with pure binary first- and second-stage

variables

¢ PROBPORT - chance constrained portfolio optimisation, with continuous first-stage and

pure binary second-stage variables

e SEMI - SIP related to planning semiconductor tool purchases, with mixed-integer first-stage

and continuous second-stage variables

e SMKP - stochastic multiple knapsack problem, with pure binary first- and second-stage

variables

e SIZES - SIP related to product substitution applications, with mixed-integer first- and

second-stage variables
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e SSLP - SIP related to server location under uncertainty, with pure binary first-stage and

mixed-binary second-stage variables [92]

e VACCINE - vaccine allocation problem, with continuous variables and employing joint

chance constraints

Bodur et al. [15] presented two sets of benchmark stochastic integer programming problems.
Both the first set of capacitated facility location problems (CAP) variables and second set of stochas-
tic network interdiction problems (SNIP) have binary first-stage and continous second-stage vari-
ables.

For the purposes of benchmarking, stochastic integer programs are sometimes generated from
problems with only continuous decision variables by arbitrarily limiting some variables to be integer-
valued only.

Multi-stage extensions of some SIZES, DCAP and SEMI problems have been created by Zenarosa
et al. [115], and may be found at [114].

In the computational experiments performed throughout this work, we will generally refer to

the CAP, DCAP and SSLP problem sets.

2.5 Stochastic Programming Algorithms
2.5.1 Progressive Hedging

The Progressive Hedging (PH) algorithm for continuous stochastic problems was originally for-
malised by Rockafellar and Wets [98]. Both the current name and operation of the algorithm are
based on what Rockafellar and Wets term the principle of progressive hedging in optimisation
under uncertainty. The essence of this principle is that by finding a solution to a stochastic prob-
lem without enforcing non-anticipativity, and then gradually demanding greater conformity to the
non-anticipativity constraints, a good solution will be found.

The Progressive Hedging algorithm is outlined below. A more formal definition of the algorithm

is deferred until the introduction of Chapter 4.

Initialise Determine the starting values for the primal variables 22, 4% and dual variables A2 for all

s € S. Set the consensus variables 2° = >, ¢ ps2?. Choose a value for the penalty parameter
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p. Set k= 1.
The starting values for the primal variables x4 and ys are obtained by finding the optimal

anticipative decisions for each scenario. It suffices to initially set the dual variables to zero.
Step 1 Update = and y for each scenario:

(2%, 9%) € ?rg;rnin Ly(z,y, 2"\ vse S
z,y)EXs

Note that since T¢ !

is constant the parts of the augmented Lagrangian which were non-
separable are now constant and can be ignored. Therefore, this minimisation is separable into
subproblems, each of which contains the variables and constraints from one scenario. This

greatly decreases the computational difficulty of this step.

Step 2 Update z:

7% € argmin L, (2%, y*, 7, \* 1)
Step 3 Update dual variables A for each scenario:

A= Ny g pF (e —7) VsesS

Step 4 Check for convergence; if the method has not yet convereged, set k = k + 1 and return to
Step 1.

Progressive Hedging is guaranteed to converge to the optimal primal solution when applied to
a convex stochastic problem even if the subproblems used to update the primal variables are not
solved exactly [98]. In particular it is possible to use a computationally simple heuristic to obtain
an approximate solution to the subproblems quickly, rather than use a slower method to obtain an
unnecessarily precise solution. This idea has been applied to control problems related to fishery
management [57]. In practice, finding a more accurate solution to the subproblems can actually
slow the convergence of the Progressive Hedging algorithm, not only in terms of computation time
but also with respect to the number of iterations [65].

Since the feasible region of a SIP is non-convex by virtue of the integrality restriction, the above
convergence result does not apply in the SIP context. In an intuitive sense, taking the probability-

weighted average of the first-stage decisions is problematic for an integer problem. If any first-stage
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variables are integer-valued, their average is unlikely to be an integer itself. Even if all of the first-
stage variables are integer-valued, the integer-valued second-stage variables cause the second-stage
problem (2.3) to be non-convex, which means that the objective function of ¢5/F (as defined in
(2.2)) is non-convex.

Progressive Hedging may be used to solve the continuous relaxation of an SIP with relative ease,
since this is simply an ordinary continuous stochastic program. An intuitive approach to solving
the SIP (and integer programs in general) is to first solve their linear relaxation and then examine
feasible integer points with values near to the fractional optimal point of the relaxation. The notion
of finding a “nearby point” is not always practical, especially in the case of a binary program, and
in general there is no guarantee of finding an optimal or even feasible integer point in this way.
Nevertheless, this approach has been applied to some problems with success [77].

The first application of Progressive Hedging to general multi-stage stochastic integer program-
ming was made by Lokketangen and Woodruff 78], using tabu search to solve the integer program-
ming subproblems.

Since the Progressive Hedging algorithm is not guaranteed to converge to the optimal primal
solution when applied to integer problems, solving the subproblems approximately is attractive
in this context also. Progressive Hedging has been used in this way to solve stochastic lot-sizing
problems, solving the scenario subproblems with a dynamic programming algorithm only guaranteed

to yield an optimal solution in the initialisation step [54].

Penalty Parameters

The value of the penalty parameter is especially important when applying Progressive Hedging to
integer stochastic problems, since for these problems the parameter determines not only the rate of
convergence and difficulty of the subproblems (as in continuous stochastic programming), but also
the quality of the solution found by the algorithm [88, 77].

A downside of the conventional approach of choosing a single penalty parameter which applies
to every non-anticipative constraint is that the decision variables may not all have the same scale.
For example, if a problem contains a binary variable and another variable with a large range of
possible values, failure to achieve consensus with respect to the binary variable will be penalised to

a lesser degree, even if its value is a more important component of the policy. This downside can
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be overcome by choosing separate penalty parameters for the non-anticipativity constraints which
pertain to each decision variable.

Watson and Woodruff [112] proposed the rule

&

pli) = max,es(29) — mingg(29) + 1

for choosing a penalty corresponding to each integer first-stage variable x;, based on the anticipative

first-stage decisions z? obtained for each scenario in the initialisation step. They proposed the similar

rule
C;

maX(ZseSps |I2 - j0| ) 1)

pli) =

for continuous variables.
In addition, the results covered in the previous section regarding penalty parameters for ADMM

are also applicable to Progressive Hedging.
Variable Fixing

Once the Progressive Hedging algorithm has obtained consensus as to the optimal value of a given
decision variable, that variable may be “fixed” to that value to decrease the computational difficulty
of the subproblems to be solved.

The difficult part of this procedure is to find a reliable heuristic to determine that the opti-
mal value of the variable has in fact been reached. If the heuristic is too conservative, then the
improvement in performance will be small. If the heuristic is too aggressive it may lock variables
prematurely to a non-optimal value.

One possible approach is to wait until the value of all integer variables has achieved consensus,
then fix the integer values and determine the value of the continuous variables by directly solving
the IP-equivalent problem [78, 77]. Since the resulting problem is a continuous LP it can be
computationally tractable despite its large size.

Alternatively, variables which have not yet achieved consensus may be “slammed” by fixing
them to a consensus value which seems reasonable based on the present value of the variables. This
method is easiest to apply to problems where all of the bounds on the variables are either from
above or below, since in this case it is possible to guarantee admissibility of the slammed variable

by taking the most pessimistic value for the variable [112].
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Obtaining Lower Bounds

A downside of Progressive Hedging as applied to SIPs is that despite being a Lagrangian dual-based
approach it does not directly yield lower bounds. Gade et al. [45] showed that the dual variables
obtained at each step may be used to compute a lower bound for the SIP. The lower bounds are

computed by solving the following mixed integer linear program for each scenario s:

Dy(A) = min py(c"zs + dlys) + Al

Ts,Ys
s.t. (w5, ys) € K
The sum Y ¢ Ds()) is a lower bound for the SIP. This mixed-integer linear program is of comparable
complexity to the mixed-integer quadratic program solved for each scenario in each Progressive
Hedging step, and requires a similar amount of computational effort to solve.

The lower bounds obtained by this method, using the dual variables from successive steps of
Progressive Hedging, are not guaranteed to converge to the optimal Lagrangian dual value ¢*P
when Progressive Hedging is applied to an integer problem. However, computational experiments
show that in some cases tight bounds can be obtained by this method [45]. In particular, when
the penalty parameter is chosen to be small the quality of the lower bound tends to improve.
Unfortunately, this low penalty parameter also causes the method to converge very slowly. The

developments in Chapters 4 and 5 of this work address this weakness of the Progressive Hedging

algorithm.

2.5.2 Dual Decomposition

The Dual Decomposition method for stochastic integer programs was proposed by Carge and Schultz
[22]. Tt is based on a branch-and-bound framework, using the (non-augmented) Lagrangian dual to
obtain dual bounds (lower bounds for a minimisation problem). Each node of the branching tree
corresponds to an IP. Assuming that we are solving a minimisation problem, the method proceeds

as follows:

Initialise Initialise the set of problems P by adding the original IP equivalent problem (Equation
2.4).
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Step 1 Choose (and remove) a problem P from P. If P is empty then the best known solution

(2,2) (if any) is optimal; terminate.

Step 2 (Compute lower bound) Solve the corresponding Lagrangian dual problem to P. If P is
infeasible return to Step 1.
If the optimal objective value of the Lagrangian dual problem is greater than the best known
solution’s objective value Z, return to Step 1; the assumptions made by the bounds on this

problem cannot result in a better solution than what we already have.

Step 3 (Compute upper bound) Otherwise, consider the solution found for the Lagrangian dual

problem.

o If the first-stage decisions w1, ..., 75| across all scenarios are identical, then compute the
second-stage decisions and objective value which corresponds to this first-stage decision.
If the objective value is smaller than 2 (hence an improvement), replace (2, 2) with the
objective value and first-stage decision obtained here. Remove any problems in P with

known lower bounds which are worse (greater) than 2 and return to Step 1.

o If the first-stage decisions w1, ..., 7|5 across all scenarios are not identical, then compute
their average and round the integer variables by some heuristic to obtain an integer deci-
sion Z. If this rounded decision is feasible then determine whether it is an improvement
on our existing best known solution as above, and remove any problems from P which

are now known to result in suboptimal solutions. In any case proceed to Step 4.

Step 4 (Branching step) Select a first-stage variable z* which did not acheive consensus across all
scenarios. (Its average value is 7.) Add two new problems to P by taking the current P and

adding one of two constraints to it:

e If z' is an integer variable, add the constraints ! < || Vs € S to one problem and

rl > |z;] + 1 Vs € S to the other.

s

e If 2" is a continuous variable, add the constraints . < 7' —e Vs € S to one problem and

z' = '+ Vs € S to the other, where ¢ is a small constant to ensure disjoint subdomains.
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The optimal value of both of these problems is bounded below by the lower bound on P, since

they are a strictly more constrained version of P. Once this is done, return to Step 1.

The idea behind the Dual Decomposition algorithm is to force consensus of first-stage decision
variables which are not reaching consensus across all variables by adding constraints to the problem
which force the variables in one direction or another from their “natural” average. The algorithm
can determine which constraints might result in optimal solutions (and therefore should be retained),
and which constraints might result in suboptimal solutions (and therefore should be removed from
consideration), by computing bounds on the resulting problems.

As it uses the non-augmented Lagrangian dual, the calculation of the Lagrangian dual and
thus the lower bound calculation may be made in parallel easily. Unlike Progressive Hedging, the
Dual Decomposition method is also guaranteed to find an optimal decision to an SIP; eventually
the constraints added in each branching step will constrain the decision variables to their optimal
values. However, Dual Decomposition yields much slower initial improvement in (lower and upper)
bounds than Progressive Hedging.

The computationally-difficult part of the Dual Decomposition algorithm is solving the La-
grangian dual problem in Step 3. The original implementation by Carge and Schultz [22] used
a proximal bundle method [68] to solve the dual problem. The proximal bundle method may
partially be used in parallel in that the subproblems may be solved separately by scenario; if a
non-anticipativity constraint linking the first-stage variables to a consensus variable Z is used, the
master problem of the algorithm may also be solved in parallel [79]. Guo et al. [50] employed
Progressive Hedging to find reasonable lower bounds quickly (which in some cases allows a given
branch to be ruled out immediately) and to find a good starting point for the proximal bundle
method.

Other methods of applying branching methods to stochastic integer programming are also pos-
sible. Lulli and Sen [81] applied a branch-and-price method to SIPs, using a column generation
algorithm to solve the primal problem directly and obtain bounds, rather than using the Lagrangian
dual. Though they appear different the two approaches to solving the problem and obtaining bounds
are closely related [79]. Another branch-and-bound algorithm for problems with integer second stage

was proposed by Ahmed et al. [4].
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2.5.3 Diagonal Quadratic Approximation

The Diagonal Quadratic Approximation (DQA) method for multistage stochastic (non-integer)
programs was first proposed by Mulvey and Ruszczyniski [86, 87]. The principle of the DQA method
is similar to Progressive Hedging in that the augmented Lagrangian is employed to separate the SIP
into scenario-wise subproblems. The primary distinguishing feature of DQA is that the augmented
Lagrangian is approximated by a simpler, separable function.

Consider the quadratic term of the augmented Lagrangian:
P 2
2 li — 2, (2.38)

This term considers cross-products of the form x] z;, which combines two different variables z; and
x; in a non-separable quadratic term. This cross-product term may be approximated around Z;
and z; as follows:

vlvy ~ ol + @] x; — 3] 7y (2.39)
Since ; and Z; are constants this approximation is linear and separable in x. The augmented
Lagrangian also contains terms of the form (Q;x;)” Q;x;; these terms are still quadratic but their
sum is separable. This principle can be used to approximate the augmented Lagrangian in the
context of other applications besides stochastic optimisation.

When this approximation is employed, the augmented Lagrangian for a stochastic program
becomes separable by scenario. Therefore, the Progressive Hedging-type approach of using a non-
anticipativity variable z and alternating between minimisation over the decision variables and non-
anticipativity variables in an iterataive manner is unnecessary, and so sequential non-anticipativity
constraints (i.e. x; = w3, T9 = x3, etc.) are used instead. However, since the accuracy of the
approximation (2.39) is dependent on the proximity of z to a chosen fixed point ¥, an iterative
series of minimisations bringing = closer to the optimal decision is still necessary.

To accomodate a multistage problem, define z;(¢) as the decision variables corresponding to
outcome scenario i in stage ¢, and define v(i,t) as the outcome scenario which scenario 4 is linked
to by the non-anticipativity constraint in stage t. Define ip(m,i,k) as the approximation of
the augmented Lagrangian. Given an initial state (2° A°) for the primal and dual variables, a

penalty parameter p, and an update parameter o € (0, 1], the  updates of the DQA method are

accomplished as follows:
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Initialise Set k = 1 and 2* = z°.

Step 1 Minimise E"(w, z", A) over  and A with respect to feasibility constraints on @, to obtain

a new feasible decision «*. Note that this can be solved independently for each scenario.
Step 2 If z* is sufficiently close to ", terminate.

Step 3 Update &":

Step 4 Set k = k + 1 and return to Step 1.

Step 1 is solved using a primal-dual barrier method. A more sophisticated implementation of
the DQA method also proposed in [87] integrates the consensus update in Step 3 with the barrier
method; in effect the consensus update is not forced to wait until near-optimality of  and X is
achieved in each iteration.

Like Progressive Hedging, the DQA method can be applied in parallel, with each of a group of
computational nodes being responsible for its own scenarios and their associated subproblems. Since
the non-anticipativity constraints link scenarios together as pairs instead of linking all scenarios to
a single consensus decision, each computational node need only communicate with the subset of
nodes with which its scenarios are paired. Scenario clustering may be used to combine all of the

scenario-wise subproblems assigned to a node into a single larger subproblem.



Chapter 3

The Frank-Wolfe Method and
(Generalisations

3.1 Introduction

3.1.1 The Frank-Wolfe Method

This chapter introduces the Frank-Wolfe method and its more sophisticated generalisations, and
develops theory related to these algorithms for reference in subsequent chapters. Section 3.2 demon-
strates how the Frank-Wolfe method and its variants can be applied to solving the convex hull
relaxation of an integer program. Section 3.3 explores a generalisation of the Frank-Wolfe method
to non-smooth optimisation.

The Frank-Wolfe method (sometimes referred to as the conditional gradient method) was initially
proposed by Frank and Wolfe in [41] for quadratic programming problems, and was generalised by
Holloway [61] for general convex programming problems.

Given a problem of the form

¢ =min{f(z) |z € X}, (3.1)
where f is a convex, continuous and differentiable function whose gradient V f is known, and the

feasible set X is closed and convex, the Frank-Wolfe method consists of the following steps:

Initialise Find a feasible solution 2° € X for Equation 3.1. Set k = 1.

Step 1 Set & € argmingey {Vf(2" )z —2F 1)}, If VF(@*1)(& — &) = 0, the algorithm

terminates; we cannot find a better point than 2%~1.

43
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Step 2 Set t¥ € arg minge,<; {f((1 — 7)1 + 7F)}.
Step 3 Set &F = (1 — t*)2* + thek.
Step 4 Set k = k + 1 and return to Step 1.

The termination condition in Step 1 may be informally interpreted as “there exists no feasible
point in a direction of descent from the current point”. Formally, by reference to the Karush-Kuhn-

Tucker conditions in Theorem 2.17, #*~! is an optimal solution of (3.1) if and only if
—Vf(@"1) e Nx (a8 (3.2)

e (x—a*1 —Vf(2))<0forallzeX.
Furthermore, since f is a convex function, the hyperplane with gradient V f which intersects

the graph of f at #*~! minorizes f; therefore,
F@h) + V@ (EE -2t

(i.e. the minimum of this hyperplane over X) is a lower bound on (¥ for all k.

The Frank-Wolfe method has a worst-case convergence rate of O(1/k) (e.g. [42]).

To utilise the Frank-Wolfe method we need to be able to solve the minimisation problems in
Steps 1 and 2. Since V f(z)(x — ) is affine with respect to x for a fixed z, and X is convex, the step
1 update is typically not very difficult. However, f((1 — 7)& + 7€) is merely convex with respect to
T for fixed & and £ (it need not be affine or smooth), so even though its feasible set [0, 1] is very
simple in structure the Step 2 update may not be easy to solve exactly, depending on the structure
of f.

In early iterations of the algorithm our t* updates are based on gradient information at points
which are not necessarily close to optimal. This gradient information is therefore only an approxi-
mate guide to the location of the optimal point; therefore, it is unsurprising that the line search in
Step 2 may be performed approximately as well without compromising the convergence properties
of the Frank-Wolfe method. The rules used for these approximations generally make use of the

1 and global properties of the objective function. The approximation

gradient information at £~
schemes used in ordinary gradient descent algorithms are generally applicable to the Frank-Wolfe

method as well.
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An example of such an approximation scheme is the Armijo rule [6]. The Armijo rule chooses a
step length based on the accuracy of the gradient information. If the gradient information remains
reliable over a long step length then a long step will be chosen. Conversely, if the gradient infor-
mation becomes inaccurate over a long step length then a shorter step will be chosen. This process
is formalised in the context of the Frank-Wolfe method as follows. At step 2 in iteration k of the
-1

Frank-Wolfe method we wish to choose a step length t* from #*~! in the direction d* = ¢¥ — &*

based on the gradient V f(2% ). Replace the minimisation over 7 with the following procedure:

Initialise Set an initial step length 0 < s < 1, a step-size multiplier 0 < § < 1, and a parameter

0 < v < 1 which determines the required accuracy of the gradient projection. Set m = 0.
Step 1 Set 7 = ™s (this is the trial step length).
Step 2 If f(2" 1) — f(@" ' + 7d*) = —y7(V f(2F1),d*) then set t* = 7 and terminate.
Step 3 Set m = m + 1 and return to Step 1.

In fact, it is not necessary to use any information about the objective function or the progress
of the algorithm when choosing t*. For example, if we skip step 2 entirely and initialise the step

sizes using the rule
k _ 2
k+2
for all k, the Frank-Wolfe method converges with the same worst-case rate of O(1/k) [42].

3.1.2 Simplicial Decomposition Method

A limitation of the original Frank-Wolfe method is that it retains minimal information from one
iteration to the next. In particular, the direction of the 2* step is limited to the direction of the
most recently found feasible point £€*. A more sophisticated algorithm which makes better use of
previous calculations is the simplicial decomposition method (SDM) as given in [61, 110].

SDM applied to (3.1) consists of the following steps:
Initialise Find a feasible solution #° € X. Let &Y = 2°. Set k = 1.

Step 1 Set & € argmingey {Vf(2" ) (x —2F 1)}, If VF(@* )& — &) = 0, the algorithm

terminates; we cannot find a better point than 2%~1.
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Step 2 Set (tf§,th,... tF) e argming -, {f(7E + 7+ +FF) [ E+ i+ 4 =11
Step 3 Set & = the0 - thel ... 4 thek,
Step 4 Set k = k + 1 and return to Step 1.

A generalisation of the Frank-Wolfe method is to retain the feasible points Z from each iteration,
and in step 3 find & by searching over the convex hull of all (or a subset of) the previously generated
extreme points together with the previous z, rather than only the most recent extreme point [61].

The major practical disadvantage of SDM, as opposed to the basic Frank-Wolfe method, is the
increased complexity of the minimisation problem in Step 2. Instead of minimising a potentially
complicated convex function over a single variable, SDM must minimise over a larger number of
variables, and the number of these variables grows larger with more iterations. The restricted
simplicial decomposition method is a more sophisticated version of SDM which retains only the
“important” points from previous iterations, quantified by their weights (¢, ¥, ... %) in the convex
combination used to generate the next candidate solution #* [56, 109]. Once the size of the set of
retained extreme points reaches some chosen limit, any further extreme points replace the currently
least important one. This restricts the subproblem in Step 3 of the algorithm to a manageable size.

As with the Frank-Wolfe method, the convergence properties of SDM may be preserved (or

partially preserved) even when the (t& ¥, ... %) update is not calculated exactly. In fact, if we set

th —

| =

for all 7 and k, SDM converges with rate O(In(k)/k) [42].

3.2 Solving over the Convex Hull of Integer Programs

The main application of Frank-Wolfe type methods in this thesis is to solve problems of the form
mxin {f(z) | z € conv(X)} (3.3)

where f is a convex, continuous and differentiable function, and X is of the form

X:={zeR"™xZ"| Az < b} (3.4)
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where A and b are defined such that X and hence conv(X) are bounded sets.

Problems of the form (3.3) arise naturally from applying the primal characterisation (2.9) of the
Lagrangian dual problem to integer programs. The primary difficulty in solving (3.3) is that while
the feasible set conv(X) is convex and polyhedral, finding the linear inequalities which explicitly
represent conv(X) is a difficult task. The naive approach of enumerating the extremal points of
X is impractical since in general the number of such points is very large. In this section we will
demonstrate that the Frank-Wolfe method can be applied to this problem with good results; in
effect the Frank-Wolfe method enumerates only a few of the extremal points, meaning that it is
computationally practical, but optimality of the final solution is still guaranteed.

The key insight which makes the Frank-Wolfe class of methods well suited to this class of
problems is that to find the minimum of f(z) over conv(X) it is not necessary to construct a
complete explicit representation of conv(X). Finding some extremal points of X which are close to
the optimal point is sufficient, and the required number of points is typically manageable.

This application also has good theoretical convergence characteristics; as we will see, the sim-
plicial decomposition method in particular is guaranteed to find the optimal solution in finite time
when applied to (3.3). The underlying principle behind this guarantee is that (in the worst-case
scenario) SDM is guaranteed to construct a complete explicit representation of conv(X) eventually.
In practice the method generally terminates well before this point.

SDM applied to (3.3) consists of the following steps:

Initialise Find a feasible solution z° € conv(X). Let £ = 2%, Set k = 1.

Step 1 Set & € argmingex {Vf(2" ) (x —2F 1)}, If Vf(@F 1) (" — 25 1) = 0, the algorithm

terminates; we cannot find a better point than #+~1.

Step 2 Set (t§,t%,...,t}) € argming -, {75 + 7 + -+ ) [ TE+ T+ T =11,
Step 3 Set &% = the0 +het + .. 4 thiek
Step 4 Set k =k + 1 and return to Step 1.

In Step 1 we substitute a minimisation over X for the original minimisation over conv(X). This

is permissible since the set of extremal points of conv(X) in the direction —V f(2*~1) must always
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include a point in X, by the definition of the convex hull. Since we have an explicit representation
for X, Step 1 can be evaluated using a MIP solver.

For the sake of convenience, in the following proofs we will use the abbreviation
VE =40 ¢ e
Using this notation we can combine Steps 2 and 3 to obtain
it e rr{rin {f(z) ]z e conv(V")}.

In the case where X contains only integer variables (i.e. n = m) the proof of finite convergence
is straightforward since X is a finite set. As such we will consider this case first and then generalise

to the mixed-integer case.

Lemma 3.1 At each iteration k of the simplicical decomposition method applied to (3.3), exactly
one of the following is true:
o &% is not in conv(V* 1) and hence conv(VF1) < conv(VF).

o %1 is optimal with respect to the original problem (3.3).

Proof. Since #* ' € min, {f(z) | z € conv(V* 1)}, and f is a convex function, the gradient

Vf(2*=1) at this point satisfies the condition (V f(2*71),z — 2F¥71) = 0 V z € conv(V*7!) (this

is a necessary condition for optimality). Therefore:
o If(Vf(ah 1), =271 < 0 then £ is not in conv(V*~1) and hence conv(V*™1) < conv(VF).
o If (Vf(2" 1), &% — 2815 = 0 then
(V@18 — i1y >0 veex
and hence
(Vf@EMY, 8 =21 >0 Ve conv(X).

The optimality of 2" with respect to (3.3) follows from the definition of the gradient.

k

Since exactly one of the conditions on (V f(2"1),&F — #%~1) must be satisfied, this completes the

proof. m
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Proposition 3.2 The simplicical decomposition method applied to (3.3) finds the optimal solution

i a finite number of iterations, under the assumption that X is a finite set of discrete points.

Proof. By Lemma 3.1, at each iteration & of SDM we either expand the inner approximation
conv(V*) by adding a new point £¥ € X\V*"! to V¥ or we find the optimal solution. Since X is a
finite set, eventually the possible points to add to V* will be exhausted and so the optimal solution
must be found instead. =

When X contains non-discrete variables and hence is not finite in size, we will need to take a

different approach based on exhausting the faces of conv(X).

Definition 3.3 Let C' be a convez set. A convex subset F' of C' is called a face of C' if for every
x € F and every y,z € C such that x is a convexr combination of y and z we have y,z € F. We will

represent this relation as F < C.

Observe that C' itself and the empty set are both faces of C' according to this definition. In some

circumstances we will want to exclude these.

Definition 3.4 Let C' be a convex set. A face F' of C is called a proper face of C if it is a

non-empty strict subset of C.

We will make use of the following standard definitions.

Definition 3.5 The affine hull of a set X < R", denoted aff(X), is the set of all points which
may be obtained as an affine combination of points in X i.e. if x is in aff (X)) then there exist points

T1,..., %, in X and weights Ay, ..., \, satisfying >, N; = 1 such that

i=1
(This is also the smallest affine set containing X.)

Note that this definition differs from that of a convex hull in that the weights need not be in
the interval [0, 1].

Definition 3.6 The relative interior of a set X < R", denoted ri(X), is its interior with respect
to its affine hull i.e. if x is in ri(X) then there exists a neighbourhood of x such that any point in

the intersection of that neighbourhood and aff(X) is also in X.
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Definition 3.7 The lineality space of a conver set X < R™, denoted lin(X) is the largest subspace
of R™ such that
r+lin(X)c X VrelX.

In particular if X is an affine subspace then lin X is the same subspace translated such that it

includes the origin.

Lemmas 3.8 and 3.9 are well-known results relating to the properties of faces.

Lemma 3.8 A convez set is the union of the relative interiors of its faces (including non-proper

faces). Furthermore, these relative interiors are all disjoint sets.

Lemma 3.9 Polyhedral sets have a finite number of faces. Furthermore, all of these faces are
themselves polyhedral sets, and can be represented in the form H nconv(X), where H is a supporting

hyperplane of conv(X).

We can now work towards the main result. Lemma 3.10 establishes the intuitively obvious
result that linear optimisation over a set defined by mixed-integer linear constraints must produce

an extreme point of the convex hull of the feasible region.

Lemma 3.10 Let X < R" be defined as in (3.4). Let X = convX. Then for all d € linaff X\{0}
and all x* € argmin, {{d,z) | x € X}, 2" ¢ ri X.

Proof. (Note that aff X = aff X.) Assume for the purposes of contradiction that z* € ri X. By
definition there exists an open ball B.(z*) of radius € > 0 such that every point in the intersection
of B.(z*) and aff X is also in X. In particular this includes the point x* — ed/2 ||d]|.

However, since z* € argmin, {(d,x) | z € X} there are no points in the intersection of X and
the halfspace {z | {(d,x) < {d,z*)}. Since X is the convex hull of X there are also no points in the
intersection of X and that halfspace. This is a contradiction. m

Lemma 3.11 demonstrates that any face F' of conv(X) does not extend beyond the convex hull

of the points of X which are contained in F.
Lemma 3.11 Let X < R” be defined as in (3.4). Let F be a face of conv(X). Then

F=conv(XnF).
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Proof. Since it is a face of a polyhedral set, F' can be expressed as the intersection of conv(X) with
one of its supporting hyperplanes H = {a: |aTz =0 } (see Lemma 3.9). Furthermore o’z < 3 for
all z € conv(X).
By definition, any point zy € F'(S conv(X)) may be expressed as the convex combination of a
set of points x1,...,z, in X:
To = M\Ty1 + - +)\nxn,znl/\i =1
i=1

Multiply both sides by o’

n

alzg = alz +--- + )\naTa:n,Z ANo=1
i=1

If 29 € F then a’xy = . Since o’z < 3 for all z € X we have
B = OéTl‘i

forallie{l,...,n},and so z; € H nX < H nconv(X) = F for all i € {1,...,n}. Therefore every
point in F' may be expressed as a convex combination of points in X n F', and so F' € conv (X n F)).
conv (X n F) € F follows from the observation that since F is a convex set, the convex hull of a
subset of F' is itself a subset of F'. =

Proposition 3.12 establishes that if the termination conditions of the simplicial decomposition
method are not satisfied, then the next vertex ¢* will expand the inner approximation conv V' by
‘exploring’ a new face of X. Since X has a finite number of faces to explore, the desired convergence

result follows directly in Proposition 3.13.

Proposition 3.12 Let X < R™ be defined as in (3.4). Let V be a finite subset of X. Let X =
conv(X). For all € convV, £ € X and d € linaff X\{0} which satisfy the following conditions:

(d, € — &) = 0V e conv(V) (3.5)
mxin {ldyx—2)|zeX} <0 (3.6)
£ e arginin {{d,z) | x e X}, (3.7)

there exists a proper face F'<1 X which satisfies the following conditions:

& eriF (3.8)
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proj d =0 (3.9)
linaff F’
FnconwV = (3.10)

Proof. Since d € linaff X\{0} and precondition (3.7) holds, the preconditions of Lemma 3.10 are
satisfied; therefore, £* is not in the relative interior of X. By 3.8, £* is in the relative interior of a
(non-empty) face F' # X. By definition this means F' is a proper face which satisfies (3.8). We will
show that this face also satisfies (3.9) and (3.10).

Since £* is in F' it is also in X n F'. Since X n F' is a subset of X, by precondition (3.7) we have
& eargmin{{d,z) | xe X n F}.

Since taking the convex hull relaxation of a linear IP does not change its optimal value, and any

point in X n F' is also in conv(X n F'), we have
argmin {(d,z) | x € X n F'} € argmin {{d,z) | x € conv(X n F)}.
By Lemma 3.11 we have conv(X n F) = F and hence
argmin {{d, x) | x € conv(X n F)} = argmin {{d, z) | z € F'}.
Since {d,x) = {projj,.a r d, ) for all  in F' we have

argmin {{d, ) | x € F'} = argmin {( proj d,x) |z € F}
T T lin aff I

Therefore we have

T lin aff F’

£* € argmin {< proj d,z) | x € F}

Since £* € ri F' we must have proj;,.¢ rd = 0 and hence F satisfies (3.9).
We will show that F satisfies (3.10) by contradiction. Assume that there exists a point ¢ in the
intersection of F' and conv V. Since q € I’ we know that ¢ — &* € linaftf F'. Since proj, .4 rd = 0

we have
{d,q) =<, &) (3.11)

Since {(d,—&) is constant with respect to  we have

argmin {{d, ) | x € X} = argmin {{d, z — ) | x € X}
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and therefore by precondition (3.6) we have
& eargmin{{d,x — 1) | z € X} (3.12)
By (3.11), (3.12) and (3.7) we have
{d,qg—2)={d,§ — )= rnmin{<d,x—:i’> |z e X} <0.

Since ¢ € conv V' this contradicts precondition (3.5). Therefore the intersection of F' and conv V'

must be empty, and so F satisfies (3.10). m

Proposition 3.13 The simplicical decomposition method applied to (3.3) finds the optimal solution

i a finite number of iterations.

Proof. By Lemma 3.1, at each iteration & of SDM we either expand the inner approximation

conv(V*) by adding a new point £&¥ € X\V*"! to V* or we find the optimal solution. Furthermore,

1

at each iteration we know by construction that either #~! is an optimal solution for (3.3), or the

following conditions are satisfied:
o iF e conv(VET)
o Fe X
o Vf(2*1) e linaff X\ {0}
o (Vf(ah1), &k — k1Y > 0 V¢ € conv(VF1)
e min, {{Vf(&* 1),z —2")|zeX} <0

o & eargmin, {(Vf(2" 1), z) |z e X}

Therefore, by Proposition 3.12, at each iteration k which precedes the discovery of an optimal

solution there exists a proper face F'* such that

o (¥ eri F* and hence F* n conv V¥ # ¢F, but

o [* nconvVF 1 =g
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Let §* denote the set of faces of conv(X) which have non-zero intersection with V*. At least
one face F* is added to F* at each iteration which precedes the discovery of an optimal solution.
Since conv(X) is a polyhedral set it has a finite number of faces, so eventually an optimal solution

must be discovered. m

Remark 3.14 An attractive property of this convergence proof is that it can be easily generalised to
the case where f may change from one iteration to the next. We will make use of this observation

in Section 4.2.4.

3.3 Frank-Wolfe Method for Non-Smooth Optimisation

The Frank-Wolfe method and its generalisations studied in the previous sections utilise the gra-
dient of the objective function to find an appropriate search direction at each iteration. As such,
these methods can only be applied to optimisation problems with smooth objective functions. In
this section we propose a generalisation of the Frank-Wolfe type methods to non-smooth convex

optimisation.

Definition 3.15 The limit inferior of a sequence of numbers {xy} as k — oo is defined by

k—oo \ m=k

liminf {x}} := lim (inf xm) :
k—o0
The limit inferior of a sequence of sets { Xy} as k — oo is defined by
li,?liank =z | I{x} stz € XV, 2 > x}
—00

Assume E is a subspace of a metric space X, Y is an ordered metric space, and a is a limit point

of E. The limit inferior of f : E —Y as x — a is defined by

r—a

lim inf f(x) := lim (inf { f(2) | # € E n Bla)\ {a}})

where Be(a) is the metric ball of radius € around a.

The definition of the limit superior (limsup) of a sequence of numbers or a function follows

k

directly by analogy. The limit superior of a sequence of sets requires x* — x and ¥ € X, for all

k, where {X,,} is a subsequence of {X}}.
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Definition 3.16 The directional derivative of f at x in the direction of d is defined by

F/(w;d) o= timing LE T4 = F0)

7.0 T

Since [ is continuous the directional derivative has a single value even when f is non-smooth at x.

Given a problem of the form
P =min {f(z) |z e X}, (3.13)

where f is a convex, continuous, but not necessarily differentiable function whose subgradient 0 f
and directional derivatives f'(z;d) are known, and the feasible set X is closed and convex, the

non-smooth Frank-Wolfe method consists of the following steps:

Initialise Find a feasible solution 2° € X for Equation 3.13. Set k = 1.
Step 1 Set s* € argmin {||s| | s € 0f(&*71)}.

Step 2 Set &F € arg mingey {sk(:p — ikil)} and dF = ¢ — 3h-1,

Step 3 Set t* € arg ming<,<; {f(2"! + 7d*)}.

Step 4 Set % = 2% + tFdF.

Step 5 If min {f’(fck; d)|de X — {xk}} > 0, terminate; 2 is a local minimum (and hence a global

minimum by virtue of convexity of f and X).

Step 6 Set k =k + 1 and return to Step 1.

As with the normal Frank-Wolfe method, we can generalise the step length update in Step 3 to

utilise a heuristic instead, for example a generalised version of the Armijo rule:

Initialise Set an initial step length 0 < s < 1, a step-size multiplier 0 < g < 1, and a parameter

0 < v < 1 which determines the required accuracy of the gradient projection. Set m = 0.
Step 1 Set 7 = f™s (this is the trial step length).

Step 2 If f(2%') — f(@% ' + 7d¥) = =47V f(2* )T d* then set t* = 7 and terminate.
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Step 3 Set m = m + 1 and return to Step 1.

Remark 3.17 Unlike the corresponding step from the ordinary Frank-Wolfe method, Step 1 of the
non-smooth Frank-Wolfe method (in which we calculate the minimal subgradient of the objective
function f at a point $*71) is not necessarily trivial. In practice we might use a bundle method
to generate increasingly accurate approximations of the minimal subgradient, while incorporating a
guarantee of descent with respect to £*. In the theoretical results which follow we will concentrate

on the simpler case in which Step 1 can be solved exactly.

We will now show that the non-smooth Frank-Wolfe method using the generalised Armijo rule,
applied to (3.13), converges to an optimal solution. The following definitions and proofs are analo-

gous to those given for the conditional gradient method in [12, Section 2.2].

Definition 3.18 7 € X is stationary for (3.13) if

Fl(T:d) >0 VdeX — {1}

When X is closed and convex, stationarity is a necessary condition for optimality of . It is also a

sufficient condition if f is convex.

Definition 3.19 The bounded direction sequence {d*} is subgradient-related to the solution se-
quence {2*} if for any subsequence {2*}rex which converges to a mon-stationary point, the corre-
sponding sequence {d*}reic satisfies the following condition:

limsup f/(2%;d*) <0 (3.14)

keK ,k—o0

Remark 3.20 Especially in a non-differentiable setting, (3.14) may be satisfied even if {3¥}rex

converges to a stationary point.

The following lemma does not make any assumptions upon the manner in which the solution
sequence {7*} is generated. We will assume that this sequence converges to some point z without loss
of generality; since X is compact, we can replace {#*} with a convergent subsequence if necessary.
Therefore, this result can be applied to the non-smooth Frank-Wolfe method using the generalised

Armijo rule.
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Lemma 3.21 The direction sequence {d*} and solution sequence {i*} generated by the non-smooth

Frank-Wolfe method are subgradient-related.

Proof. Assume that {#*} converges to a non-stationary point z. By construction of d*, the sequence

{d"*} is bounded. Furthermore, for all k > 0 we have
fl@% d*) < f(i%d), VYde X —{i"}
Take the limit:

limsup f'(2*;d*) < limsup f(2%;d), Vde X — {i*} (3.15)
keK ,k—o0 ke K, k—o0

Since f is locally Lipschitz continuous, by [26, Proposition 2.1.1] the function (#,d) — f'(Z;d) is

upper semi-continuous and so we have

limsup f'(2*%;d) < f'(z;d) (3.16)

keK k0
for any fixed d € X — {#*}. Take d € argmin, {f'(z;d) | d € X — {2*}}. By the assumed nonsta-

tionarity of ¥ we have that

fi(z:d) < 0. (3.17)

Therefore, by combining inequalities (3.15), (3.16) and (3.17) we have

limsup f'(2%;d") < 0.
keK k>0

This is the required condition to demonstrate that {d*} is subgradient-related to {*}. =

Proposition 3.22 Assume that x and d are chosen such that f'(x,d) < 0, and that —oo <
f'(x,d) < oo. Then the generalised Armijo rule algorithm terminates after a finite number of

iterations.
Proof. The termination condition ofthe generalised Armijo rule is:
f(@+7d) = f(z) < 77f'(2:d)

Assume for the purposes of contradiction that this condition is never satisfied, i.e.

fle+7d) = f(z) =77 f (2;d) > 0
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Rearrange and take the limit to obtain

i @+ 7d) — S @)

710 T

—yf(w;d) = 0

and so
(1 =) f(z;d) =0
Since v < 1 we have

fl(@;d) =0

which contradicts our initial condition that f’(x,d) < 0. Therefore the termination condition of
the generalised Armijo rule must be satisfied by a sufficiently small 7, which the update step of the

algorithm will eventually generate. m

Proposition 3.23 Assume that (°F as defined in (3.13) is bounded below. Then the solution
sequence {2*} generated by the non-smooth Frank-Wolfe method with the generalised Armijo rule

satisfies the condition

lim (i)~ f(#* 1) =0

k—o0

and limy_q t* f'(2%; d*) = 0.
Proof. By the convexity of f we have
F@EF 55 = f(@0) + (@ dY)

for all £ > 1. Since t* > 0 this is equivalent to

f@* +t*d*) — f(@")

7104 d") < - (318)
If {tk} is generated according to the generalised Armijo rule we have
ok 4k gky — f(4k

tk

Since « € (0, 1), if f'(2%;d*) < 0 then

F@F 4 tRd™) < f(3F).
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The update step for ¥ preserves the property that
f@EY) < f@EFt ) < @M. (3.20)

i.e. the sequence {f(2*)} is monotonically decreasing. By assumption f is bounded below over X,

so {f(2%)} is also bounded below. Therefore we have limy,_,o, f(2¥) = f > —oo for some f and so

lim (f(2¥)— f(@@* ")) =0, (3.21)

k—oo
as required.

By combining (3.19) (with £ — k£ — 1) and (3.20) we have

FR) — FERY) < B @),
for all £ > 2. Take the limit of both sides:
Jim (F(3%) = f(@ 1) <y lim /(@01 d" ) = lim £5f7(2% ).
Since v is an arbitrary positive constant, by (3.21) limy,_,4 t* f'(2%; d*) is bounded below by 0. Since
tF is strictly positive for all k and f'(2*;d*) is strictly negative for all k, limy_ t*f'(2%; d¥) is
bounded above by 0. Therefore
lim #°f(3%;d*) = 0,

as required. m

It is well known [99] that the limits correspond to the Kuratowski(—Painlevé) limit of the epi-

graph multifunction, giving rise to the following definitions:

epi(e-18yw fy) = liminfepif,,
epi(e-liyy fy) = limsupepif,. (3.22)

(Recall that epi denotes the epigraph, as in Definition 2.5.)

Definition 3.24 Assume X is a vector space with dual space X*. The convex conjugate of a

function f : X — Ry at a point x* € X* is given by

fH(@®) = sup {(z, %) — f(2)}

reX

The convex biconjugate of a function f : X — Ry at a point x € X is the convex conjugate of

its convex conjugate, and is denoted f**.
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We need the following result which is a special case of the general result found in [113].

Theorem 3.25 [113, Theorem 3.4] Suppose { fx}ren is a family of locally uniformly bounded, closed
convex, functions. Then

e—lskaoofk = (e—hkﬁoof]:)* (323)

Corollary 3.26 Suppose {Cilren is a family of closed convex, uniformly bounded sets and C :=
liminfkﬁoo Ck Then

min_liminf 6%, (d*) = e-lip—o0 0, (d) = 65(d). (3.24)

{dkad} k—oo
Proof. The first identity corresponds to the well-known equivalent formulation of the epi-limit

infimum which may be found in e.g. [7, Theorem 1.13]. We note that

epile-1sgo0dc, ()] = liininfepi dc, (+)
= lillgn inf[Cy x [0, +00)]
= [hin inf Ci] x [0, +90)] = epidtimint,_,,, ¢, (1) = epidc(-).

The second identity now follows from Theorem 3.25 applied to the indicator function x — d¢, ().
[ |

In the following result we will use the notation

O f(a*) :={z € Of (2%) | {z,d*) = f'(a*,d")}.

Corollary 3.27 Suppose f : R* — R is a closed, convex function and x, — Z along with d* — d.

Suppose in addition that we have liminfy o, Og f(2¥) # &. Then

liminf f'(z*, d") = e-lipwdy , o)) = f'(Z,d). (3.25)

k—0o0

Proof. First note that for any d we have

f'(z*, d) = sup{(z,d) | z € Of(a*)} = 037t (d) = ;dkf(w’“)(d)‘

As f is closed, convex (finite valued) we have {f(2*)}ren locally uniformly bounded and so we may

apply Corollary 3.26 to obtain

h;?l iogf fl(z* d*) = {?i%} 1111& io?f 5, samy(d) = e-liesands | ok (d)

= O infj,_ o0 0 f(2*) (J)
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As f is semi-smooth and regular it is directionally upper semi-continuous by [105, Corollary 2.2
and Proposition 2.3]. Hence we have (z,d) = f'(z,d) for any z € liminfy , dg f(2*) from which

the result follows. =

Proposition 3.28 The limit point T of a convergent subsequence {#*}rerc of the solution sequence
{2*} generated by the non-smooth Frank-Wolfe method using the generalised Armijo rule is station-

ary (and therefore optimal) with respect to the convex problem defined in (3.13).

Proof. To arrive at a contradiction, assume that Z is non-stationary. Since {d*} is subgradient-
related to {#*} (as per Lemma 3.21) we have that

limsup f'(2%;d") < 0. (3.26)

ke K k—w

From the structure of the 2% update step it follows that limj_,. t* = 0. Via Proposition 3.23 we
have limy,_,q t* f'(z*,d*) = 0 and due to (3.26) we then must have limy_,., t* = 0.

Define t* = t¥/3. Recall that 5 € (0,1) is the Armijo rule step length multiplier; assuming the
initial step length was too long, ¢* is the smallest candidate step length which did not satisfy the
Armijo rule criterion at step k. Since {t*} converges to zero there exists some k € K such that ¥ < 1
for all k > k. By directional upper semi-continuity of {0 (z*)}rex there exists a subset K’ € K and
2k € Ogr f (%) for which limgegr o0 2 = 2 € iminfregr ko0 Ogr f(2¥) # . For notational simpleity
we rename this subsequence index set K’ to be K.

Therefore, based on the condition in the generalised Armijo rule, we have

f@* + t+d*) — (@)

vf (&% dF) < 7

which implies

(y =) f'(@"d") < = — f'(@"; d")
Note that (3.26) and ~ € (0,1) implies
. : o 1( k. gk
Jminf ¢y —1)£/(3% d°) > 0.
Therefore we have
. f@E ) — f@Y) L
0<kléir§}k1££o( T — f(z%;d") ).
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Next note that

lim inf (f(:%k + ) = @) - f’(ik;dk)) + liminf f'(3%;d")

keK k—>c0 tk keK ,k—>00
< liminf f(jk—l_fkdk)_f(jk)
T REK koo tk
and so we have
o (f@ER ) = f(E) A
0 < 1;{%&( " — @
ko Thak\ _ p(ak
< liminf (f(x tHd) - @ )> — liminf f(&";d")
eK, k—o t keK k—oo
ok gk gk _ f(4k -
< it (f SERNAIERS, (x))—f’(a‘r,d), (3.27)

having applied Corollary 3.27 to obtain the last inequality.
By the Mean Value Theorem for subgradients (e.g. [26, Theorem 2.3.7]) applied to f on the
interval [0,*] there exists ¥ € (0,#*) for all k > 0 such that

f(@* + thdF)y — f(zk

= ) ¢ {s"d" | se of(&" +t*d")}

and so
f(:%k + fkdk) — f(:%k
£k

By the upper semi-continuity of df, for each € > 0 there exists a § > 0 such that

) < max {s"d" | se of (2" + t"d")}. (3.28)

of(2F +t*d*) < of(Z) + eB(0;1) VY 2% + t*d* € 2 + 6B(0; 1)
for k sufficiently large and hence we have
max {s"d" | s € of (2" + t"d")} < f'(z,d) + e,

for k € K sufficiently large. Thus for any € > 0 we have

lim inf (f(:%k + 1Y) - f(:%k)) — f(z,d) < e

keK k>0 tk

As € is arbitrary we have

ke K,k—o0

lim inf (f(“%k + 1) - f(:%’“)> — f(z,d) <0 (3.29)

which contradicts (3.27). =
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Remark 3.29 The name ‘conditional subgradient method’ is avoided in this section since an algo-
rithm with this name based on the structure of the subgradient method was proposed by Larsson et
al. in [72]. This differs from the non-smooth Frank-Wolfe method stated above in that conditions
are imposed on the choice of subgradient s* in Step 1 based on the feasible set, but the step direction
€% is defined directly as the negative of this subgradient rather than performing the minimisation
in Step 2. Under some conditions this may result in a step to a non-feasible point, which must be

projected back onto the feasible set.



Chapter 4

Calculating Dual Bounds with
Frank-Wolfe-based Progressive Hedging

4.1 Introduction

In this chapter we will consider the problem of calculating high-quality dual bounds for two-stage

SIP problems, as represented by (2.4) and repeated here for reference:

TP —minelz + Z [deSTyS]
Y seS (41)

st (x,ys) € Ky Vse S

The set of feasible decisions K for scenario s is defined as follows:
K, = {(:)j,y) | Ax < b, Tsx + Wyys < hg,x e R x Z9,y e R™™" x ZT}

As in (2.16) we can reformulate this problem using non-anticipativity constraints as follows:

¢ =min Y p, [Tz, + dly]

z,y,T
7 seS

st (xs,ys) € Ky Vse S (4.2)

zs—2 =0 VseS
With the exception of the non-anticipativity constraints xy — z = 0 this problem is separable by
scenario s. By using Lagrangian relaxation to remove this constraint we can move the non-separable

terms to the objective, where they can be dealt with more easily.

The Lagrangian corresponding to the relaxation of the non-anticipativity constraints in (4.2) is

L(z,y,2,A) = > ps [("ws + dlys) + Al (2, — 7)] (4.3)
seS

64
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In order to guarantee that the Lagrangian dual problem is bounded the dual feasibility condition
D ees PsAs = 0 must be enforced. Under this condition the Y o ps 1% term is equal to zero and the
Lagrangian may be expressed in the form
L(z,y, ) = > pa [(¢" + Az + dly.] . (4.4)
sesS

The corresponding Lagrangian dual function is

¢*(X) =min L(z, y,7,\)
22 (4.5)
st. (x,ys) € Ky Vse S

and the corresponding Lagrangian dual problem is:
¢PP = max (M) (4.6)

The inclusion of a maximisation over the dual variables makes (4.6) difficult to tackle directly. A

well-known primal characterisation of (X (incorporating only primal variables) is:

¢ =(g1y1r;)2ps c'ay+dly

s.t. (xs,ys) € conv(Ky) Vse S (4.7)
rs =2 VselS

Since the feasible region has been convexified this is essentially a continuous Stochastic Program.

The optimal value of the Lagrangian dual problem (*P is a high-quality dual bound for the
corresponding SIP instance. However, calculating this optimal value is not necessarily trivial. The
current chapter and Chapter 5 will develop methods for solving the primal characterisation of ("
given in (4.7). The primary challenge facing these methods is that no explicit representation is
available for the set conv(Kj).

In this chapter we will also require the augmented Lagrangian dual. The augmented La-

grangian corresponding to (°/F, using the augmenting function (2.23), is
L (x,y,T,\) Zps (s, Ys, T, As), (4.8)
seS

where

Loy, 20 = (g + dly,) + N (e = 8) + 5 o — 25 (4.9)
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4.2 Algorithm Design and Theory

4.2.1 Algorithm Background

This chapter covers the theoretical development and computational application of a novel algorithm,
called Frank-Wolfe-based Progressive Hedging (FW-PH), which is used to compute high-quality La-
grangian bounds for SIPs efficiently and with a high potential for parallelization. The fundamental
idea behind FW-PH is to apply the Progressive Hedging (PH) algorithm to the convex hull relax-
ation (4.7). Since this is itself a continuous stochastic program, the Progressive Hedging algorithm
is guaranteed to converge to optimality. Although conv(K,) is only defined implicitly, we can get
around this by applying a Frank-Wolfe (FW) type method to solve the PH subproblems.

FW-PH has two important advantages over the direct approach of applying PH to the integer

stochastic program (4.2) and calculating dual bounds as in [45].

1. FW-PH requires less computational effort. To apply PH directly to a SIP, we must solve a
quadratic mixed-integer program for each scenario in each iteration for the primal variable
update, and calculating a dual bound requires an additional mixed-integer program to be
solved for each scenario. By contrast, FW-PH requires only a single mixed-integer program
for each scenario at each iteration, to both calculate a dual bound and update the primal

variables.

2. Under reasonable assumptions, the sequence of dual bounds obtained by FW-PH is guaranteed
to converge to the optimal Lagrangian dual bound ¢*P. The dual bounds calculated in [45]

have no such guarantee.

4.2.2 Convergence of Progressive Hedging

Psuedocode for the Progressive Hedging algorithm is given in Algorithm 4.1. The algorithm is given
in a general form which is applicable to the original SIP (4.2) and the convex hull relaxation (4.7).

The termination condition on Line 16 of Algorithm 4.1 is motivated by the squared norm primal
residuals Hx’sc — kaz for all s € S which quantifies consensus and the dual residual Hf’“ — 57'“*1H2
which quantifies convergence. If all of these residuals are small then z* is close to satisfying the

necessary and sufficient conditions for optimality [21, Section 3.3]. We can determine whether all



Algorithm 4.1 PH applied to problem (4.2) (Ds = K;) or (4.7) (Ds = conv(Kj)).

1: Precondition: Y _¢psAY =0
2: function PH(\°; p, ks, €)
3: for se S do

4: (z2,40) € argmin, , {(c + X)) Tz + d]y | (z,y) € D,}
5: end for
6 0 e Shagps (e X)Ta+ 4]
T 77 Zses psx?
8 AL e A04 p(2? —70) for all se S
9: for k=1,..., k4. do
10: for se S do
11: ¢F — min, , {(c+ N)Tz +d]y | (z,y) € D}
12: (k%) e argmin, , {Lg(ac, y, TFL Y | (z,y) € DS}
13: end for
14: st - ZSGS psgblsC
15: T* Z]sespsxlsc
16: if /S,eqp. ot — 2412 < ¢ then
17: return (zF, y* 78 N\ k)
18: end if
19: ML NP p(ak — 7%) for all s€ S
20: end for
21: return (ghmes yFmes ghmes \Fmas ghmas)

22: end function
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of the residuals are small in a single step by considering their sum:

_ L1112 _ L2 L2 _ L_1112
ot = ot - ] = Dol - |- 2
ses sesS

By the definition of the squared 2-norm we can rewrite this as:

>ops [l = s+ 7 =25 o] = X D pe [k, — 2y + @k — 2k

seS seSi=1

k—1

k. zk and 7}

i are the ith elements of their respective vectors. Since the definition of z*

where z
in line 15 implies that the dual feasibility condition Y ¢ ps(2%; — ZF) = 0 is satisfied, we can write

2.2 pe [l =) + (@ - 7]

seSi=1

_ZZPs o — T+ 20y — 3@ -3 + (@ -2’

seSi=1

=N p [t -2 + @ -]’

seSi=1

=D pe ek =2

seS

The following proposition addresses the convergence of PH applied to problem (4.7).

Proposition 4.1 Assume that problem (4.7) is feasible with conv(Ky) bounded for each s € S, and
let Algorithm 4.1 be applied to problem (4.7) (so that Dy = conv(Ky) for each s € S) with tolerance

€ =0 for each k = 1. Then, the limit lim,_,o \* = \* exists, and furthermore,
1 Mmoo 3 e ps(c 2 + qlys) = ¢47,

2. limy_,q ¢(NF) = ¢EP,

3. limy o0 (z% — Z%) = 0 for each s € S,

and each limit point (((x¥,y*)ses, T*) is an optimal solution for (4.7).

Proof. Since the constraint sets Dy = conv(Kj), s € S, are bounded, and problem (4.7) is feasible,
problem (4.7) has an optimal solution ((z*,y*)ss,2*) with optimal value ¢(¢P. The feasibility
of problem (4.7), the linearity of its objective function, and the bounded polyhedral structure
of its constraint set Dy = conv(Kj), s € S, imply that the hypotheses for PH convergence to
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the optimal solution are met (See Theorem 5.1 of [98]). Therefore, {)\k} converges to some \*,
Mg e X e PslcT 2 + qlys) = (PP limg 0o 9(AF) = (4P, and limy (2% — 2%) = 0 for each s € S
all hold. The boundedness of each Dy = conv(Ky), s € S, furthermore implies the existence of limit
points ((x*, y*)ses, 2*) of { 2% ) ses, 2 )}, which are optimal solutions for (4.7). m

Note that the convergence in Proposition 4.1 applies to the continuous problem (4.7) but not to
the mixed-integer problem (4.2). In problem (4.2), the constraint sets K, s € S, are not convex, so

there is no guarantee that Algorithm 4.1 will converge when applied to (4.2).

4.2.3 Applying the Simplicial Decomposition Method

To use Progressive Hedging (as in Algorithm 4.1) to solve (4.7) requires a method for solving the
subproblem

(%, y%) € argmin { L2 (z,y, 2" ', A\L) : (2, y) € conv(K)} (4.10)

z,y

appearing in Line 12 of the algorithm.

As we saw in Section 3.2, the Frank-Wolfe method and its generalisations are well suited to
solving a problem of this form. In this chapter we will use the simplicial decomposition method
(SDM) to solve these subproblems.

The application of SDM to solve problem (4.10), i.e., to minimise L?(z,y,Z, \s) over (z,y) €
conv(Kjy), for a given s € S, is presented in Algorithm 4.2. Here, t,,4, is the maximum number of
iterations and 7 > 0 is a convergence tolerance. I'’ is the bound gap used to measure closeness to
optimality, and ¢, is used to compute a Lagrangian bound as described in the next section. The
inner approximation to conv(Kj) at iteration ¢ > 1 takes the form conv(V}), where V! is a finite
set of points, with V! < conv(K,). The points added by Algorithm 4.2 to the initial set, V2, to
form V! are all in K: here V(conv(Kj)) is the set of extreme points of conv(Kj) and, of course,
V(conv(Ky)) € K.

Observe that

c+ A+ plat™t = 2) ] :[c+3\51

v($7y)L§($7 Y, ‘/fa AS)|(x,y):(x§*1,y§*1) = [ 0 ;

and so the optimization at Line 5 minimises the gradient approximation to Lf(x,y,Z, \s) at the

point (271 yt~1). Since this is a linear objective function, optimization over V(conv(Kj)) can be
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Algorithm 4.2 SDM applied to problem (4.10).
1: Precondition: V! < conv(Kj) and z = >, ¢ psa’
2: function SDM(V?, 2% A, 2, tiaw, T)
3: forAtzl,...,thdo

4: Ao A+ p(at™! = 2)

5 (25, ) € angmin, , { (c + X)Ta + Ty | (2,9) € V(conv(K.)) |
6: if t =1 then

7: b5 — (c+ \)TZ, + ql s

8: end if R

9: I —[(e+A) (@ — 27 + ¢/ (U5 — v )]

10: e (VR (CAR T

m (o) € argming {L2(x, 520 | (@.9) € conv(V})]
12: if I'" < 7 then

13: return (2%, yt, VI o)

14: end if

15: end for

16:  return (almer gylmaes Vimaz ¢ )

17: end function

accomplished by optimization over K (see, e.g., [90], Section 1.4, Theorem 6.3). Hence Line 5
requires a solution of a single-scenario MILP.

The value of ¢, for the first iteration in particular (¢ = 1) is used to construct a dual bound for
the overall SIP in Proposition 4.2.

The (2%, y)-update at Line 11 can be accomplished by expressing (x,y) as a convex combination
of the finite set of points, V!, where the weights a € RVl in the convex combination are now also
decision variables. That is, the Line 11 problem is solved with a solution to the following convex

continuous quadratic subproblem

L§($7 Y, z, AS)St(Ivy) = Z(fi,gi)e\/g ai(§i7:’y\i)7
i1, vy @ =1, anda; > 0fori=1,... [V

.....

(2%, 9!, a) € argmin (4.11)

Ty,a
For implementational purposes, the z and y variables may be substituted out of the objective of
problem (4.11), leaving a as the only decision variable, with the only constraints being nonnegativity
of the a components and the requirement that they sum to 1.

The convergence properties of the simplicial decomposition method (see Section 3.1.2) guarantee
that an arbitrarily near-optimal solution can be found for the augmented Lagrangian 4.10 which
comprises the main Progressive Hedging update step. However, the convergence speed of SDM may

be slow. Furthermore, it will frequently be an inefficient use of computational resources to solve the
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augmented Lagrangian calculation exactly or nearly exactly. If the choice of dual variables is poor
(which is especially likely in the early iterations), an exact solution to the augmented Lagrangian
is not much more useful than an approximate one. This motivates the development of the FW-PH

method found in the next section.

4.2.4 FW-PH Method

The FW-PH method obtains an approximate solution to the augmented Lagrangian by running a
small number of SDM iterations for each update step. This has the advantage of greatly reducing
the number of MILP subproblems to be solved in each PH iteration. The standard PH convergence
proof relies on exact updates and therefore is not directly applicable to FW-PH. The remainder of
this section will demonstrate that despite this obstacle, FW-PH is still guaranteed to converge to
the optimal Lagrangian dual bound.

The FW-PH algorithm is stated in pseudocode-form in Algorithm 4.3. Similar to Algorithm 4.1,
the parameter € is a convergence tolerance, and k;,q,; is the maximum number of (outer) iterations.
The parameter t,,,, is the maximum number of (inner) SDM iterations in Algorithm 4.2.

The parameter o € R affects the initial linearization point Z, of the SDM method. Any value
a € R may be used, but the use of 7, = (1 — a)2* ! + az®! in Line 6 is a crucial component in
the efficiency of the FW-PH algorithm, as it enables the computation of a valid dual bound, ¢*, at
each iteration of FW-PH without the need for additional MILP subproblem solutions. Specifically,

we have the following result.

Proposition 4.2 Assume that the precondition Y, sps\) = 0 holds for Algorithm 4.3. At each
iteration k = 1 of Algorithm 4.3, the value, ¢*, calculated at Line 9, is the value of the Lagrangian

relazation ¢(-) evaluated at a Lagrangian dual feasible point, and hence provides a finite lower bound

on (P,

Proof. Since Y o psAY = 0 holds and, by construction, 0 = ¥ ¢ ps(22—2"), we have Y, ¢ psAL =0
also. We proceed by induction on k£ > 1. At iteration k, the problem solved for each s € S at Line
5 in the first iteration (¢ = 1) of Algorithm 4.2 may be solved with the same optimal value by
exchanging V(conv(Kj)) for Kj; this follows from the linearity of the objective function. Thus,
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Algorithm 4.3 FW-PH applied to problem (4.7).

1: function FW-PH((V?)s, (22,40 ses, A%, oy @, €, kmazs tmaz)
2: 7° ZseS psasg

3 AL e A4 p(a? - 720, for se S

4: for k=1,..., k4. do

5: for se S do

6: Ty — (1—a)F 1+ azh?

7: [2F, y*, VE ¢F] « SDM(VEL T NE 2R~ 1 0n, 0)
8: end for

9: (bk - Zses ps¢l;

10: F = g psah

11 if /e e 2k — 212 < ¢ then

12: return (2%, y%).cs, 7%, ¥, ¢F)

13: end if

14: ML NP p(aF — 7%), for s€ S

15: end for

16:  return ((ahmer yhmar) g ghmae) Nkmos ghmos)

17: end function

an optimal solution computed at Line 5 may be used in the computation of ¢,(AF) carried out in

Line 7, where

PL :\; =N 4 p(@, — 2N = N p((1 = )2 kit = 2

S

= M pap(tt - ).

By construction, we have at each iteration k£ > 1 in Algorithm 4.3 that

D@t =2 =0 and > pAE =0,
sesS seS

which establishes that >, ¢ psj\lsC = (. Thus, M is feasible for the Lagrangian dual problem, so that
(b(j\k) = D5 Ps®F, and, since each ¢* is the optimal value of a bounded and feasible mixed-integer
linear program, we have —oo < gb(;\k) <. m

We establish convergence of Algorithm 4.3 for any o € R and t,,,, = 1. For the special case
where we perform only one iteration of SDM for each outer iteration (¢,,,, = 1), we require the
additional assumption that the initial scenario vertex sets share a common point. More precisely,

we require the assumption

ﬂprojx(conv(\/f)) # (4.12)
seS
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which can, in practice, be effectively handled through appropriate initialization, under the standard

assumption of relatively complete recourse. We describe one initialization procedure in Section 4.3.

Proposition 4.3 Let the convezified separable deterministic equivalent SIP (4.7) have an optimal
solution, and let Algorithm 4.3 be applied to (4.7) with ke = 00, € =0, « € R, and ty0, = 1. If
either tmae = 2 or (4.12) holds, then limy_,q ¢F = (LP.

Proof. First note that for any t,,., = 1, the sequence of inner approximations conv(VF), s € S,

will stabilise, in that, for some threshold 0 < k;, we have for all k > k,
conv(VF) = D, € conv(K,). (4.13)

This follows from the conclusion of Proposition 3.12 that each expansion of the inner approximations
conv(VF) takes the form VF «— VE1 U {(Z,,7,)}, where (Z,,7,) is in the relative interior of a
previously unexplored face of conv(K;). By a similar argument to Proposition 3.13, since each
polyhedron conv(Kj), s € S has only a finite number of such faces, the stabilization (4.13) must
occur at some Es < 0.

Case 1: tpax =2

The stabilizations (4.13), s € S, are reached at some iteration k := max,eg {ks}. Noting that
D, = conv(VF) for k > k we must have

(2%, y¥) € argmin { L2 (z,y, 2", AF) : (2, y) € conv(K,)}. (4.14)
zy

Otherwise, due to Lemma 3.1, the call to SDM on Line 7 must return V¥ 2 V*=1  contradicting
the finite stabilization (4.13). Therefore, the k > k iterations of Algorithm 4.3 are identical to
Algorithm 4.1 iterations, and so Proposition 4.1 implies that lim; 2% — 28 = 0, s € S, and
limy, e #(A¥) = (P, By the continuity of X — ¢,(\) for each s € S, we have limy_, ¢F =
Mg 2 eg PsPs(AE 4+ a(@h™h — 2M1)) = limyoo Do Ps@s(AF) = limye0 p(NF) = (FP for all
aeR.

Case 2: 1,4, = 1 and (4.12) holds

We have at each iteration £ > 1 the optimality

(a:l;, yf) € argmin {Lg’(:vs, ys, T L, )\’;) | (zs,ys) € conV(VSk)} )

x?y
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When stabilisation occurs as in (4.13), the iterations k > k of Algorithm 4.3 are identical to PH
iterations applied to the restricted problem

min {Zps(chs +qlys) | (vs,ys) € Dy, Vs€ S,z, =7, Vs e S} . (4.15)

z,Yy,T
e seS

We have initialised the sets (V?).es such that nesproj, conv(V?) # &, so since the inner approxi-

mations to conv(K;) only expand in the algorithm, ngegproj,(Ds) # &J. Therefore, problem (4.15)
is a feasible and bounded linear program, and so the PH convergence described in Proposition 4.1
with Dy = D,, s € S, holds for its application to problem (4.15). That is, for each s € S, we have
1) limg o A¥ = A* and limy o0 (2% — Z%) = 0; and 2) for all limit points ((z*, y*)ses, Z*), we have

S

the feasibility and optimality of the limit points, which implies 2} = z* and
min {(c + \5)"(z — 2*) + ¢/ (y — y*)s.t.(z,y) € D} =0 (4.16)
.,y

Next, for each s € S the compactness of conv(K,) 2 D,, the continuity of the minimum value

function

A min{(c+ Az + ¢ ys.t.(z,y) € Dy},
T,y

and the limit limg_q A = limg_ AP+ ap(zb — 2F) = A*, together imply that

lim min {(c F AT (2 — 2 4 ¢ (y — yF)st(a,y) € ES} =0. (4.17)

k—owo x,y

Recall that A¥ = M + pa (251 — 2F1) is the t = 1 value of AL defined in Line 4 of Algorithm 4.2.
Thus, for k + 1 > k, we have due to the stabilization (4.13) that

min {(c F AT (2 — 28 + ¢T (y — yF)st. (2, ) € 55} =
x’y

min {(c F AT (2 — 2P + ¢ (y — yF)s.t.(z,y) € conv(Ks)} (4.18)

Z,y
If equality (4.18) does not hold, then the inner approximation expansion D, < conv(VF+!) must
occur, since a point (Zs,7s) € conv(K,) that can be strictly separated from D, would have been
discovered during the iteration k + 1 execution of Algorithm 4.2, Line 5, ¢ = 1. The expansion
D, < conv(VF+1) contradicts the finite stabilization (4.13), and so (4.18) holds. Therefore, the
equalities (4.17) and (4.18) imply that
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lim min {(c F AT (2 — 2 4 ¢ (y — st (a,y) € COHV(KS)} = 0. (4.19)

k—oo x,y

Our argument has shown that for all limit points (x*,y*), s € S, the following stationarity condition
is satsfied:

(c+ X)) (x—2¥) +q) (y—y¥) =0 V(z,y) € conv(K,), (4.20)

which together with the feasibility z* = z*, s € S implies that each limit point ((z*, y¥)ses, T*) is
optimal for problem (4.7) and A* is optimal for the dual problem (4.6).

Thus, for all ¢,,,, = 1, we have shown lim;_, (2% — 7%) = 0, s € S, and limy_, ¢(\F) = ¢LP.
By a similar argument to Case 1 (drawing on the continuity of A — ¢s(\)) we can show that
limy e ¢F = CFP.

]

While using a large value of t,,,, more closely matches Algorithm 4.3 to the original PH al-
gorithm as described in Algorithm 4.1, we are motivated to use a small value of t,,,, since the
work per iteration is proportional to ¢,,.. Specifically, each iteration requires solving ¢4, |S| MILP
subproblems, and t,,,.|S| continuous convex quadratic subproblems. (For reference, Algorithm 4.1

applied to problem (4.2) requires the solution of |S| MIQP subproblems for each A update and |S|
MILP subproblems for each Lagrangian bound ¢ computation.)

4.3 Computational Results
4.3.1 Preliminary Information

We performed computations using a C++ implementation of Algorithm 4.1 (D; = K, s € S) and
Algorithm 4.3 using CPLEX 12.5 [63] as the solver for all subproblems. For reading SMPS files into
scenario-specific subproblems and for their interface with CPLEX, we used modified versions of the
COIN-OR [1] Smi and Osi libraries. The computing environment is the Raijin cluster maintained
by Australia’s National Computing Infrastructure (NCI) and supported by the Australian Gov-
ernment [89]. The Raijin cluster is a high performance computing (HPC) environment which has
3592 nodes (system units), 57472 cores of Intel Xeon E5-2670 processors with up to 8 GB PC1600
memory per core (128 GB per node). All experiments were performed in a serial setting using a

single node and one thread per CPLEX solve.
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In the experiments with Algorithms 4.1 and 4.3, we set the convergence tolerance at ¢ = 1073,
For Algorithm 4.3, we set t,,4, = 1. Also, for all experiments performed, we set \° = 0. In this
case, convergence of our algorithm requires that (4.12) holds, which can be guaranteed during the
initialization of the inner approximations (V?).s. Under the standard assumption of relatively
complete resource, i.e., the assumption that for all z € X and s € S there exists y, such that

(x,ys) € K, a straightforward mechanism for ensuring this assumption is to solve the recourse

problems for any fixed z € X. Specifically, for each s € S, let

Js € argmin{q, y | (Z,y) € K,},
Yy

and initialise V for each s € S so that {(Z,7s)} € V2. Observe also that this initialization cor-
responds to a technique for computing a feasible solution to the original problem (4.1), which is
independently useful for obtaining an upper bound on (517

For the computational experiments, we run the following initialization to obtain (Vso)ses and

(22, 49)ses that are input into Algorithm 4.3:

Algorithm 4.4 Initialization step for FW-PH

1: Precondition: Problem (4.1) has relatively complete recourse
2: function FW-PH-INITIALIZATION(A?)
3: for s e S do
(29, y7) < argmin, , {(c + \)) T2 + ¢/ y | (2,y) € K}
Ve {25 4d)}
if s # 1 then
g, < argmin, {¢]y | (29,y) € K.}
Ve = VP (el m)}
end if
10: end for
L1 return (‘/50’ (:ES’ yg))seS
12: end function

If problem (4.1) does not have relatively complete recourse, then any means to compute a feasible
solution to (4.1) may be employed to initialise each V| s € S, in a way to satisfy (4.12).

Two sets of Algorithm 4.3 experiments correspond to variants considering o = 0 and o = 1.
Computations were performed on eight problems: the CAP instance 101 and 102 with the first 250
scenarios (CAP-101-250 and CAP-102-250), the DCAP instance DCAP233_500 and DCAP243_500
with 500 scenarios, and the SSLP instances 5-25-50, 5-25-100, 10-50-100, and 15-45-15 (which encode
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the number of servers, clients, and scenarios, respectively). For a more detailed description of the
structure of these instances see Section 2.4.2. For each problem, computations were performed for
different penalty values p > 0. The penalty values used in the experiments for the SSLP-5-25-50
instance were chosen to include those penalties that are tested in a computational experiment with
PH whose results are depicted in Figure 2 of [45]. For the other problem instances, the set of penalty
values p tested is chosen to capture a reasonably wide range of performance potential for both PH
and FW-PH. All computational experiments were allowed to run for a maximum of two hours in

wall clock time.

4.3.2 Numerical Results

Gap(%) # Iterations Time

FW-PH FW-PH FW-PH
p PH =0 a=1 PH a¢=0 a=1 PH 4=0 a=1
20 0.05 0.17 0.09 509 398 445 T T T
100 0.01 0.00 0.00 178 446 440 1975.91 T T
500 0.07 0.00 0.00 540 92 93 T 931.84 986.83
1000 0.15 0.00 0.00 544 127 130 T 1345.04 1425.90
2500 0.34 0.00 0.00 581 259 274 T 3087.30 3276.03
5000 0.66 0.00 0.00 33 473 468 293.03 T T
7500 0.99 0.00 0.00 28 18 19 225.66 138.80 170.14
15000 1.59 0.00 0.00 545 28 33 T 246.65 283.53

(a) CAP-101-250; absolute percentage gap based on the known optimal value 733827.32

Gap (%) # Iterations Time

FW-PH FW-PH FW-PH
p PH =0 a=1 PH g=0 a=1 PH o=0 a=1
20 047 046 049 422 426 412 T T T
100 0.01 0.00 0.00 219 408 405 3343.29 T T
500 0.08 0.00 0.00 48 46 46  757.09 524.11 540.72
1000 0.13 0.00 0.00 24 25 24 297.34 271.72 286.68
2500 0.29 0.00 0.00 13 16 16 151.72 160.46 171.43
5000 0.61 0.00 0.00 14 18 18 156.90 170.86 188.87
7500 0.93 0.00 0.00 17 22 23  187.08 224.37 237.81
15000 1.91 0.00 0.00 22 39 42 228.26 450.64 436.41

(b) CAP-102-250; absolute percentage gap based on the known optimal value 788996.97

Table 4.1: FW-PH result summary for CAP problem instances: dual bounds.

Tables 4.1-4.3 provide a summary indicating the quality of the Lagrangian bounds ¢ computed

at the end of each experiment for the eight problems with varying penalty parameter p. In each



Gap (%) # Iterations Time
FW-PH FW-PH FW-PH

p PH =0 a=1 a=0 a=1 a=0 a=1
2 013 012 0.12 2234 576 570 T T T

5 0.22 0.09 0.09 2367 561 559 T T T
10 0.23 0.07 0.08 2583 592 573 T T T
20 0.35 0.07 0.07 2539 572 567 T T T
50 1.25 0.06 0.06 2721 578 580 T T T
100 1.29 0.06 0.06 2755 428 438 T 4016.29 4492.36
200 2.58 0.06 0.06 2667 256 262 T 1707.97 1848.49
500 2.58 0.07 0.07 2839 244 246 T 1799.88 1569.58

78

(a) DCAP-233-500; absolute percentage gap based on the best known upper bound 1737.73

Gap (%) # Tterations Time
FW-PH FW-PH FW-PH

p PH =0 a=1 PH 4=0 a=1 PH 4=0 a=1
2 0.14 0.18 0.18 1710 558 o77 T T T

5 0.20 0.13 0.13 2108 570 562 T T T
10 0.29 0.11 0.11 2110 562 559 T T T
20 0.52 0.10 0.10 2233 570 577 T T T
50 0.70 0.10 0.10 2355 578 b7 T T T
100 1.32 0.09 0.09 2504 393 395 T 3744.33 3849.53
200 1.40 0.10 0.09 2568 244 261 T 1866.03 1854.85
500 2.11 0.10 0.10 2486 180 165 T 983.41 884.66

(b) DCAP-243-500; absolute percentage gap based on the known optimal value 2167.51

Table 4.2: FW-PH result summary for DCAP problem instances: dual bounds.

of these tables, the first column lists the values of the penalty parameter p, while the following are

presented for PH and FW-PH (for both a@ = 0 and o = 1) computations in the remaining columns:

¢*-¢
C*

reference value (* that is either a known optimal value for the problem, or a known best upper

+ 100% between the computed Lagrangian bound ¢ and some

1) the absolute percentage gap ‘

bound thereof (column “Percentage Gap”); 2) the total number of dual updates (“# Iterations”);

and 3) the indication of whether the algorithm terminated due to the time limit, indicated by letter

“T” or the satisfaction of the convergence criterion \/ 3o Ds ok — T2 < ¢, indicated by the
time elapsed in seconds (column “Time”).

The following observations can be made from the results presented in Tables 4.1-4.3. First, for
small values of the penalty p, there is no clear preference between the bounds ¢ generated by PH
and FW-PH. However, for higher penalties, the bounds ¢ obtained by FW-PH are consistently of

better quality (i.e., higher) than those obtained by PH, regardless of the variant used (i.e. & =0 or



Gap (%) # Iterations Time

FW-PH FW-PH FW-PH
a=0 a=1 PH ¢=0 a=1 PH =0 a=1

p
1 030 0.00 0.00 105 115 116 225.80 150.63 151.52
2 0.73 0.00 0.00 51 56 56 107.85 71.56 72.07
5 091 0.00 0.00 25 26 27 51.77 33.43 34.88
15 3.15 0.00 0.00 12 16 17 22.00 20.59 21.95
30 6.45 0.00 0.00 12 18 18 1844 2329 24.00
50 9.48 0.00 0.00 18 25 26 21.00 34.37 37.89

100 9.48 0.00 0.00 8 45 45 7.95 6220 67.77

(a) SSLP-5-25-50; absolute percentage gap based on the known optimal value -121.60
Gap (%) # Tterations Time

FW-PH FW-PH FW-PH
PH =0 a=1 PH 4=0 a=1 PH 4=0 a=1

0.16 0.00 0.00 82 97 90 385.08 266.05 248.92
0.45 0.00 0.00 42 43 44 196.76 119.57 121.30
1.06 0.00 0.00 18 21 22 83.66 58.29 61.62
15 296 0.00 0.00 13 15 16 5140 42.50 46.35
30 6.21 0.00 0.00 19 24 23 56.58 7047 64.26
50 791 0.00 0.00 3123 38 36 T 113.21 107.54
100 791 0.00 0.00 27 74 70 44.60 223.73 216.66

(G108 R B o

(b) SSLP-5-25-100; absolute percentage gap based on the known optimal value -127.37

Gap (%) # Tterations Time
FW-PH FW-PH FW-PH
p PH =0 a=1 PH o=0 a=1 PH 4=0 a=1
1 0.57 0.22 0.22 130 234 234 T T T
2 0.63 0.03 0.03 131 226 227 T T T
5 1.00 0.00 0.00 104 218 219 4885.74 T T

15 292 0.00 0.00 33 45 118 1012.11 1463.75 3949.99
30 4.63 0.00 0.00 18 21 22 413.28 618.52 619.85
50 4.63 0.00 0.00 11 26 27 20247 759.83 756.59
100 4.63 0.00 0.00 9 43 45 106.76 1302.04 1271.27

(c) SSLP-10-50-100; percentage gap based on the known optimal value -354.19

Gap (%) # Tterations Time
FW-PH FW-PH FW-PH
P a=0a=1PH a=0a=1 PH =0 a=1
1 285 2.15 217 224 304 300 T T T
2 221 100 1.00 193 272 272 T T T
5 1.21 0.01 0.03 181 180 178 7021.35 T T
15 4.13 0.00 0.00 421 84 86 T 5022.34 4986.36

30 7.89 0.00 0.00 35 66 68 424.76 1873.24 1866.31
50 7.89 0.00 0.00 23 67 65  257.40 992.90 1020.19
100 7.89 0.00 0.00 6 69 62  32.25 562.65 428.18

(d) SSLP-15-45-15; percentage gap based on the known optimal value -253.60

Table 4.3: FW-PH result summary for SSLP problem instances : dual bounds.
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a = 1). This tendency is clearly illustrated by the results of the DCAP experiments in Table 4.2,
where the absolute percentage gap of the Lagrangian lower bound with the known optimal value
was 0.06% with p = 200 for FW-PH (« = 0), while it was 2.58% for the same value of p for PH.
This improvement is consistently observed for the other problems and the other values of p that
are not too close to zero. Also, FW-PH did not terminate with suboptimal convergence or display
cycling behavior for any of the penalty values p in any of the problems considered. In the case of the
SSLP-5-25-50 problem instance, the FW-PH algorithm terminated due to convergence in all cases.
The percentage gaps suggest that the convergence for PH was suboptimal, while it was optimal for
FW-PH. Moreover, it is possible to see from these tables that the quality of the bounds ¢ obtained
using FW-PH were not as sensitive to the value of the penalty parameter p as obtained using PH.

The FW-PH (a = 0) versus PH convergence profiles for the experiments performed are given
in Figures 4.1-4.8, in which we provide plots of wall time versus Lagrangian bound values based
on profiling of varying penalty. Since the o = 1 variant of FW-PH behaved very similarly to the
a = 0 variant in all cases, the plots of the a = 1 variant have been omitted for brevity. The time
scales for each plot have been chosen to highlight the most interesting features. The trend of the
Lagrangian bounds is depicted with solid lines for FW-PH with o = 0 and with dashed lines for
PH.

As seen in the plots of Figures 4.1-4.8, the Lagrangian bounds ¢ generated with PH tend to
converge suboptimally, often displaying cycling, for large penalty values. In terms of the quality of
the bounds obtained, while there is no clear winner when low penalty p values are used, for large
penalties, the quality of the bounds ¢ generated with FW-PH is consistently better than for the
bounds generated with PH, regardless of the o value. This last observation is significant because
the effective use of large penalty values p in methods based on augmented Lagrangian relaxation
tends to yield the most rapid early iteration improvement in the Lagrangian bound; this point is
most clearly illustrated in Figure 4.5, which depicts the results of the SSLP-5-25-50 experiments.

Although finding primal feasible solutions is not the stated purpose of FW-PH, in practice the

algorithm can be easily modified to generate these solutions by adding one of the following heuristics:
e Record the vertices generated in the final SDM step; these points are integer feasible.

e Perform a single Progressive Hedging-style iteration at the end of FW-PH to generate an
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integer feasible point.

These heuristics are not guaranteed to find a high-quality feasible solution. However, small-scale

testing indicated that both approaches are promising and worthy of future examination.

Remark 4.4 It may seem counter-intuitive that in some cases (particularly when applied to the
DCAP class of instances) the PH algorithm completes more iterations than FW-PH, despite the
fact that PH is solving a more difficult class of subproblem than FW-PH at each iteration (QMIP
vs MIP). However, in these cases it is generally the case that the PH algorithm eventually cycles
at some distance from the optimal dual bound (and therefore is solving potentially easy QMIPs
in which only the cycling variables are contributing to complexity), whereas the FW-PH algorithm
asymptotically converges to the optimal dual bound (and therefore is solving potentially difficult and

ill-conditioned MIPs). Additional experimental work would be required to investigate this further.

4.4 Conclusions

This chapter has presented an alternative approach to compute Lagrangian dual bounds for SIPs
that combines ideas from Progressive Hedging (PH) and the Frank-Wolfe (FW) based methods.
This approach is motivated by the weaknesses of previous methods for retrieving dual bounds from
PH and PH-like algorithms; in general these previous methods require additional computational
effort and the dual bounds they retrieve are not necessarily of high quality. In general the direct
application of PH to SIPs is handicapped by the non-convexity of the SIPs.

By applying Progressive Hedging to the primal characterisation of the Lagrangian dual prob-
lem, which is itself a convex stochastic program, the issue of non-convexity is side-stepped. This
approach is specifically directed towards finding Lagrangian dual bounds, as opposed to finding the
primal optimal solution. The primary difficulty with this approach is that the PH update subprob-
lems can no longer be computed directly, since the convex hull relaxation appearing in the primal
characterisation is not explicitly defined. Section 4.2.3 shows that a FW-like method such as the
simplicial decomposition method can be used to solve the update subproblems. However, using
SDM to solve these subproblems exactly at each PH iteration is likely to be very slow.

A more sophisticated algorithm, designated as the FW-PH algorithm, is proposed in Section

4.2.4. FW-PH has good convergence properties under general assumptions on how the Lagrangian
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bounds are computed and on the number of SDM iterations used at each step. Furthermore, under
mild assumptions on the initialization of the algorithm, FW-PH convergence only requires the
solution of a MILP subproblem and a continuous convex quadratic subproblem for each iteration
and each scenario. FW-PH is versatile enough to handle a wide range of SIPs with integrality
restrictions in any stage, while providing rapid improvement in the Lagrangian bound in the early
iterations that is consistent across a wide range of penalty parameter values.

The numerical results for FW-PH, presented in Section 4.3, are encouraging as they suggest
that the proposed FW-PH method applied to SIP problems usually outperforms the traditional
PH method with respect to how quickly the quality of the generated Lagrangian bounds improves.
This is especially true with the use of larger penalty values. For all problems considered and for all
but the smallest penalties considered, the FW-PH method displayed better performance over PH
in terms of the quality of the final Lagrangian bounds at the end of the allotted wall clock time.

The improved performance of FW-PH over PH for large penalties is significant because it is the
effective use of large penalties enabled by FW-PH that yields the most rapid initial dual improve-
ment. This last feature of FW-PH would be most helpful in its use within a branch-and-bound
or branch-and-cut framework for providing strong lower bounds (in the case of minimisation). In
addition to being another means to compute Lagrangian bounds, PH would still have a role in such
frameworks as a heuristic for computing a primal feasible solution to the SIP, thus providing (in
the case of minimisation) an upper bound on the optimal value.

Several opportunities to extend the FW-PH algorithm and its implementation are immediately
apparent. The approach taken in this chapter of performing exactly one SDM iteration per PH
iteration is unnecessarily limiting; a more sophisticated approach would vary the frequency of SDM
updates based on their projected utility. The assumption that every extreme point is retained in the
inner approximation of the feasible region is necessary for the convergence proof given in this chapter,
but is likely unnecessary for convergence in practice. Furthermore, while we have observed that the
structure of the FW-PH algorithm is amenable to parallel computation, the computational results
presented in Section 4.3 do not explore the benefits of doing so. These potential improvements are

pursued in Chapter 5.



Chapter 5

Simplicial Decomposition-based
Augmented Lagrangian Method

5.1 Introduction and Background
5.1.1 Problem Formulation

In this chapter we will consider the problem of calculating high-quality dual bounds for a more

general class of MIP having the form
C*:=min{f(x): Qr =z,x€ X,z€ Z}, (5.1)

where f is convex and continuously differentiable, () € R7*" is a block-diagonal matrix determining
linear constraints Qz = z, X < R" is a closed and bounded set, and Z < R?is a linear subspace. The
vector x € X of decision variables is derived from the original decisions associated with a problem,
while the vector z € Z of auxiliary variables are introduced to effect a decomposable structure
in (5.1). In particular, the decomposable structure takes the form: 1) X = []2, X; with X; < R™
closed and bounded and )", n; = n; 2) f(z) = >, fi(x;) where f; : R™ — R are convex and

differentiable for ¢ = 1,...,m; 3) @ has block diagonal structure with block diagonal components
denoted as Q; e R%*™ ¢ =1,...,m where ) ¢; = ¢, so that after setting z = (z;);=1,m, where
foreach?=1,...,m, z; € R% we may write Qx = z as Q;x; = z;, 7 = 1,...,m. This decomposable

structure is implicitly present throughout the chapter, although explicit referral to it is typically

avoided where it is not needed.

Assumption 5.1 Problem (5.1) is feasible with finite optimal value.

87
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The structure of (5.1) is sufficiently general to include two-stage SIP problems. In particular,

(5.1) represents a two-stage SIP when the problem data of (5.1) is defined as follows:

e f is a linear function in x.

e g = ¢qj and n; = n; for all 7 and j in 1,...,m, and furthermore n > ¢. ¢; is the number of
first-stage variables, while n; — ¢; is the number of second-stage variables.

e Construct @); by horizontal concatenation of the identity matrix of size ¢; with the zero matrix
of size ¢; x (¢; — n;). This links the first-stage variables one-to-one with variables in z.

e X is restricted by the linear constraints of the SIP on first- and second-stage variables.

o Z = {(21, s Zqs Zqutls - - s Zmxqn) | 25 = Zixq+j Vi=1,...om—1, Vjel,...,q}. The

definition of this linear subspace enforces the non-anticipativity constraint.

By a similar (albeit more complicated) construction process it can be shown that multi-stage SIP
problems can be represented by (5.1) as well. Stochastic programs in which f is convex but non-
linear, or in which X is a general compact (not necessarily convex) set, can also be represented by
(5.1).

We develop a solution approach to solving the following relaxation of (5.1),
COLP = min {f(x) : Qr = 2, € conv(X), 2 € Z} (5.2)
and its Lagrangian dual problem due to the relaxation of Qx = z,
(P = sup ¢“ (w), (5.3)
which is based on the dual function
¢ (W) := mxin {f(x) +w (Qz —2) : x € conv(X), z€ Z}. (5.4)
When f is linear, then ¢¢ (w) = ¢ (w) where
d(w) := Iﬁlizn{f(x)—i—wT(Qa:—z),xeX,zeZ}. (5.5)

(That is, when f is linear, the role of X and conv(X) are interchangeable.) Consequently, when f

is linear, (“LP = (P := sup, ¢(w). However, when f is nonlinear, then in general, (“*P < (&P,
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Strict inequality is demonstrated with the following example. Let f : R? +— R be defined by
f(x) = (x1 — 0.5)? + (z2 — 0.5)%, X = {0,1} x {0,1}, and let Qz = z be defined to model the
constraints 1 — 2, = 0 and 2o — 29 = 0 where Z = {(21,2) : 21 = 22} = R% We see trivially
that ¢“LP = 0, which is verified with the saddle point zf = 23 = 2 = 25 = 0.5 and w* = (0,0).
However, (LP = 0.5, which is verified with either of the saddle points z¥ = 2% = 2z¥ = 2 = 0 and
w* = (0,0), or z¥ = 2% = 2 = 23 = 1 and w* = (0,0). Thus, (“*P < ¢LP.

Given that X is compact and f is continuous, in order for —o0 < ¢“(w) to hold, it is necessary

and sufficient that the dual feasibility assumption
weZ i={veR':v'z=0forallze Z} (5.6)

is maintained either by assumption or by construction. Under condition (5.6), the z term in defini-

tion (5.4) vanishes, and we may compute
¢ (w) = mwin {f(x) +w'Qz : x € conv(X)}.
Consequently, ¢¢ becomes separable as
6°w) = D00 (),
i=1

where ¢f (w;) := min, {f;(z;) + w/ Q;z; : x; € conv(X;)} and w = (wy,...,wy) € R x -+ x R? has
a block structure compatible with the block diagonal structure of Q.

Given that X is closed and bounded (thus so is conv(X)), and (5.2) is assumed to be feasible,
then in order to guarantee that the maximum in (5.3) is realised for some w* € Z1, we assume
a constraint qualification such as Slater’s condition. In other words, we assume that there exists
(x*, 2*) such that * € int(conv(X)) and Qz* = z*, where int(-) returns the topological interior of

the set argument. If conv(X) is polyhedral, then even this Slater’s condition is not required.

5.1.2 Method Overview

The method developed in this chapter is an iterative solution approach to solving problem (5.3)

subject to the following challenges:

Implementability: The set X is not convex (for example, it may have mixed-integer constraints
as part of its definition). Consequently the augmented Lagrangian method is not supported

by the theory of proximal point methods.
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Efficiency of parallelisation: The solution approach should be amenable to efficient parallel com-
putation, in the sense of maximising the computational work that can be parallelised, the
memory usage that can be distributed, and minimising the amount of parallel communica-

tion.

Our method is theoretically applicable to calculating Lagrangian dual bounds of any problem which
can be expressed in the form of (5.1) and satisfies Assumption 5.1. However, to implement the

method in practice we will need to have an solver available to evaluate its subproblems.

Assumption 5.2 The gradient of f is known for all x € X. Furthermore, a solver is available for

the following problems:

e Minimise an affine function over X.

e Minimise the sum of f and a quadratic function over the closed convex hull of a nonempty

subset of X.

Remark 5.1 In the case where (5.1) represents a SIP, Assumption 5.2 is trivially satisfied: f is
an affine function and X is defined by linear constraints and integrality constraints (so we can

minimise an affine function over X with a standard MILP solver).

Throughout this chapter we will assume that the problem of interest (5.1) satisfies Assumptions
5.1 and 5.2.

For the Lagrangian dual problem (5.3), we note that the objective function ¢ is concave, even
when f and X are not convex. We can apply a subgradient method (see e.g. [103]; in textbooks [12,
102]) for solving (5.3) in an efficiently parallelizable manner. Such an approach is proposed in [22].
However, it is preferable to make use of structural features of (5.3) that allow for smoothing or
regularization, so that better convergence properties are realised. For this reason, we consider
alternative developments based on proximal point methods that are modified to address both of the

above two challenges.

5.1.3 Background

As a starting point, we consider the classical augmented Lagrangian method based on proximal point

methods. The augmented Lagrangian (AL) method (also known as the method of multipliers) is
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developed from proximal point methods, and references include [58, 94, 11, 12].

The AL method typically has favorable convergence properties as a dual solution approach for
convex problems (linear convergence rate under certain assumptions, see [95, 11] and references
cited therein). However, two issues arise: 1) the set X is not convex, and so current theories of
convergence are not applicable; and 2) the primal subproblem associated with each iteration of
the AL method is not separable due to the augmented Lagrange term, making efficient parallel
implementations difficult to develop.

This chapter introduces modifications to the AL method that address both of these issues. In
order to introduce computational tractability in light of the possible nonlinearity of f and the
nonconvexity of X, the modified AL method solves an alternative dual problem that can provide
a weaker dual bound than that provided by the value of (5.3). In the case when f is linear,
the alternative dual problem is equivalent to (5.3). This matter is explained in more detail in
Section 5.2.5. The method that results from these modifications is most naturally compared with
the proximal bundle method. The proximal bundle method initially appeared in [74], and for
a survey with history, see [29]. Use of inexact oracles for computing ¢(w) and elements of the
subdifferential set d¢p(w) are studied in [29, 30, 52| and references therein.

In its dual form, the bundle method may be referred to as the stabilized column generation
method [5] or the proximal simplicial decomposition method [14]. In implementation, the developed
algorithm more closely resembles the latter dual form.

For parallelisation of the proximal bundle method, see [39] and [79]. The approach developed
in this chapter is most naturally compared with [79], as both approaches address the manner in
which the same continuous master problem is approximately solved. The approach of [39] uses
a substantially different parallel computational paradigm based on subspace optimization. This
approach, in which solution subspaces are assigned to processors based on periodically updated
global state information, is not necessarily based on the problem’s decomposable structure.

The proximal bundle method approach requires modification for efficient parallelisation. This
matter is addressed in [79], where a solution to the continuous master problem is obtained by primal
dual interior point methods that exploit the decomposable structure present in the augmented

Lagrangian term. We provide and analyze an alternative approach based on the use of:
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1. the simplicial decomposition method (SDM) [61, 110, 12, 13|, which provides an alternative
framework to the proximal bundle method to address the implementability of the proximal

point method while allowing for the possibility that f is nonlinear; and

2. nonlinear block Gauss-Seidel (GS) method [59, 111, 49, 108, 20] to approximate the solutions

to the continuous master problem.

For a more detailed description of the simplicial decomposition and block Gauss-Seidel methods, see
Sections 3.1.2 and 6.3.1 respectively. Motivated by its constituent parts, the algorithm we develop
is referred to as SDM-GS-ALM.

In an iteration of SDM-GS-ALM, the analog to the continuous master problem is not solved
to (near) exactness; instead, approximate solutions based on possibly just one nonlinear block GS
iteration are used. Due to the underlying need for convexification of the non-relaxed constraint
set, implementability requires that the nonlinear block GS method must be integrated with the
SDM so that optimal convergence of the resulting iterations can be established. In this way, a
serious step condition similar to that used in proximal bundle methods is eventually satisfied after
a finite number of such integrated SDM-GS iterations, and analogous dual optimal convergence of
our approach is recovered even with the deviations from the proximal bundle method. In summary,
we algorithmically integrate the AL method, the SDM, nonlinear block GS iterations, and the
proximal bundle method serious step condition. A convergence analysis is also provided for SDM-
GS-ALM. Such an integration allows for a considerable improvement in parallel efficiency with
respect to maximising the computational work that can be parallelised, the memory usage that can
be distributed, and minimising the amount of parallel communication.

Other methods developed in the past that are related to aspects of our contribution include the
following. In terms of approximating within the AL method, we include reference to [31, 33|, where
the research goal of developing implementable approximation criteria is addressed. The separable
augmented Lagrangian (SALA) method [51], which is an application of the alternating direction
method of multipliers (ADMM) [48, 44, 21] with a form of resource allocation decomposition and
incorporates separability into the AL method. Other approaches to introducing separability into
the AL method include [23, 107]. Jacobi iterate approaches applied within either a proximal bundle

method or an AL method framework are considered in [86, 101]; the accelerated distributed aug-
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mented Lagrangian method (ADAL) developed in [23] is like a Jacobi-iterate analogue of ADMM
with supporting convergence analysis. Other approaches to incorporating separability are found
in the alternating linearization approaches [67, 76] and the predictor corrector proximal multiplier
(PCPM) methods [24, 55]. All of these methods provide implementable mechanisms for approximat-
ing primal subproblem solutions and effecting parallelism in a setting where X is convex. However,
they are not practically implementable in our setting where X is not convex and its convex hull
conv(X) is not given beforehand in a computationally useful closed-form description.

In papers such as [45, 38], ADMM is applied directly to the primal problem (5.1). In both
works, it is acknowledged that ADMM is not theoretically supported in optimal convergence due
to the lack of convexity of X. Nevertheless, [45] reports the potential for Lagrangian dual bounds
to be recovered at each iteration of ADMM even though it is applied to (5.1). In [38], where
ADMM is applied to nonconvex decentralised unit commitment problems, heuristic improvements
to ADMM are introduced to address the lack of convexity due to the mixed-integer constraints. In
contrast to both of these approaches, where ADMM is applied directly to the primal problem (5.1),
the approach developed in this chapter and the preceding chapter both resemble ADMM but with
application to a primal characterization of the dual problem. In these two approaches, the challenge
of not having an explicit form for this primal characterization is addressed.

The FW-PH algorithm developed in the previous chapter is structureally similar to the SDM-
GS-ALM algorithm developed in this chapter. While the algorithms differ only slightly in terms
of functionality, there are substantial differences in the motivation and the convergence analysis.
The convergence analysis of FW-PH interfaces with the convergence analysis for ADMM, which is
most naturally developed in the context of the theory of maximal monotone operators and Douglas-
Rachford splitting methods [32, 34|, or as the proximal decomposition of the graph of a maximal
monotone operator [82]. In contrast, the convergence analysis of SDM-GS-ALM naturally reflects
its synthesis of SDM, the nonlinear block GS method, the proximal bundle method, and the AL
method. The convergence analysis of SDM-GS-ALM follows under more general assumptions than
that for FW-PH. In particular, the convergence analysis of SDM-GS-ALM allows for trimming of
the inner approximations, and it does not require the warm-starting required by FW-PH. The most
important difference in functionality is due to the influence of ideas from proximal bundle methods

in SDM-GS-ALM, where updates of w are taken conditionally at each iteration, while such updates
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are taken unconditionally at each iteration of FW-PH. We shall see that these conditional updates
help to mitigate performance problems that arise due to the seemingly inevitable use of suboptimal

algorithm parameters.

5.2 Algorithm Design and Theory
5.2.1 Augmented Lagrangian Method

Algorithm 5.1 provides a general framework for an AL method with approximate subproblem solu-
tions that uses the bundle method’s serious step condition (SSC). This framework will be useful to
guide the developments presented next, in which we discuss optimality conditions and convergence
properties of the algorithm. The convergence proof of Algorithm 5.1 is based on the convergence
proofs of the proximal bundle method such as found in Chapter 7 of [100]. In the following we
denote the augmented Lagrangian (AL):

Ly(w,zw) = f(@)+w Qe —2)+5]|Qz - 22

= f(@)+w' Qu+5]Qz 2 (5.7)

where the AL relaxes Qv = z and with the second equality following from w € Z+ and z € Z.
In the proximal bundle method, the dual function ¢ is approximated by a cutting plane model
function that majorizes ¢. Instead we use the following approximation ngﬁ :R? x R® x RY — R of ¢¢

centered at (2, 2%), k = 0, to replace the cutting plane model:

Bl at ) = Lo, 24,) + B Qat = 2[5,

* w) expression; this is required

The § Hka — zkHz term is a duplicate of a term inside the L,(z", 2
to guarantee that, under appropriate conditions, (E can be used as an upper bound on ¢ (see
Lemma 5.4).

The convex hull conv(X) is not known explicitly, and so ¢© cannot be evaluated directly. Con-

sequently, we will also require a tractable minorization of ¢. For z* € conv(X), k > 0, define

d(w, %) as follows:

d(w, 2¥) = min {f (") + V. /(") (z = a*) + 0 Qu 1w € X} (5.8)
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To justify that for any z¥ € conv(X) this function minorizes ¢, observe that f(x) > f(z*) +
Vo f(2®) T (z — %) for all z; furthermore, since the objective term f(z*) + V. f(2*) " (z —2%) +wTQx
is linear in terms of z, its minimum with respect to x over conv(X) is identical to its minimum over
X.

In Algorithm 5.1, a proximal bundle method-like serious step condition is used in Line 9 that
makes use of (E and gg in place of the cutting plane model and ¢, respectively. Proposition 5.9 will
demonstrate that any sequence of solutions converging to the argmin in Line 5 must eventually
satisfy this serious step condition, unless dual optimality (i.e. the Line 8 condition) has already
been achieved. The Line 6 condition is an optimality condition for z which we enforce for any
accepted approximate solution to the Line 5 subproblem.

The inputs f, @, X, and Z specify the data associated with problem (5.1); p > 0 is the
AL term coefficient; w° is an initial dual solution; v € (0,1) is the parameter of the serious step
condition of Line 9; and € > 0 is a tolerance for termination. Algorithm 5.1 will be given a specific

implementation in the form of SDM-GS-ALM in Section 5.2.5.

Algorithm 5.1 A general approximated ALM using a bundle method SSC.

1: Preconditions: w!' e Z+, v € (0,1).
2: function APPROXALM(f, Q, X, Z, p, w', v, €, kmaz)
3: for k=1,2,..., k4. do

4: Solve approximately

5: (z*,2%) € argmin, , {L,(z, z,w") : 2 € conv(X), z € Z} such that
6: 1) zF € argmin, {Hka — sz 1z € Z} and
7 2) either

8: H(wk, o zk) H(wk, k1) < € or

St +p(Quh—2k).ak) —g(whah )

9: 0<7ys< i Bk ak 2F)— ¢(3)k7rk1)
10: if p(wk, 2", 2 ) H(w*, 2"71) < e then
11: return (xF, 2%, W)
12: else
13: set WAL« Wk + p(Qxk — 2F)
14: end if
15: end for
16:  return (2% 2% WF)

17: end function

Remark 5.2 Under the assumption that conv(X) is not known beforehand by any characterization,
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direct evaluation of ¢€ or any of its subgradients at any w € Z+ is not possible. This dual function

18 not used in the prorimal bundle method and is only treated indirectly in the current development.

In addition to generating a sequence {wk} of dual solutions to (5.3), our algorithm will also
generate a sequence of primal solutions {(z*,2*)} to (5.2), and so reference to (5.2) will be useful.
In applying the AL method to problem (5.2), the continuous master problem for fixed w € Z+ takes
the form

¢ (w) := min {L, (v, 2,w), 2 € conv(X), z € Z}. (5.9)

p
Lemma 5.3 For any optimal solution w* to problem (5.3), we have C;;‘L(w*) = (9EP . Additionally,

any optimal solution (x*,2z*) to problem (5.9) with w = w* is also optimal for problem (5.2).

Proof. We specialise developments in, e.g., Section 4 of [96] or Section 6.4.3 of [100]. In the

following, we begin assuming @ € Z+ as an arbitrary fixed vector to show:

1
_—\T . =2l P . 2
max {(u} W) Qx % w WQ} 5 min |Qz — =5 . (5.10)

wez L
By the uniqueness of the projection onto a subspace, z € argmin,, |Qx — z|3 is the unique z € Z
for which (Qz — 2) € Z+. Moreover, the optimality condition for left-hand side problem in (5.10):
0€ad, {(w —w)"'Qx — 2%) |l — @2 + 641 (w)} dictate that (w—w) € p(Qx+ Z) (where we have used,
forwe Z+, 06,1 (w) = Nyi(w) = Z, where §,1 denotes the indicator function of a convex set Z1 and
N1 (w) the normal cone at w). Hence (w—w) = p(Qz— 2) for some z € Z. Furthermore, w—w € Z+
must hold, and so z € Z must be chosen so that p(Qz — z) € Z+ also. Consequently, from our first
observation, this z € Z must be the unique solution of the right-hand side of (5.10). Evaluating the
objective on the left-hand side of (5.10) (observing that we must have p(Qz — z) € Z+) establishes

the claimed equality. We may compute:

1
c 2
gé&}fgb (w) 5 lw — @5 (5.11)

1
= max min {f(x) +w' Qv — % lw—@)5:ze ConV(X)}
p

weZl =

= min { f@) +&7Qa } (5.12)

z + max,ezL {(w —w)'Qu — 2%) |lw — ng} :x € conv(X)

= min {f(x) +w'Qr + glrélél {|Qv— 2[5}z e COI]V(X)}

= min {L,(z, z2,w),z € conv(X),z € Z}.

T,z
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The switching of min and max in (5.12) is justified by the Sion min-max theorem [104] along with
the convexity of f, conv(X), Z and conv(X) assumed compactness. In substituting @ = w*, the

CCLD

value of the left-hand side maximisation problem (5.11) is clearly , while the same substitution

on the right-hand side (5.10) yields the value (' (w*), from which we see that (“*P = ¢/ (w*). To
prove the last claim, we note that L,(z*, 2%, w*) = ¢°PP implies that |Qz* — 2*|5 = 0. Otherwise,
¢ (w*) < ¢°LP | contradicting the dual optimality of w*. Thus, (z*, z*) is feasible and optimal for
problem (5.2). m

The approximation $ satisfies the following bounding relationship.

Lemma 5.4 For each (x%,2%), k = 0, such that the z-optimality condition is satisfied:
2F e argmin{”@xk — zH; [z € Z} , (5.13)

we have for each w e Z+

(E(w, 2, 2F) = ¢ (w + p(Qz* — 2Y)). (5.14)

Proof. Via convexity of the term |Qz — 2|3 over (z, 2) € conv(X) x Z, we may write the following

inequalities that hold for (z,2) € conv(X) x Z and a fixed w € Z+. Via the subgradient inequality:

Lo(w, 2,w) = f(z) + ' Qu + £ Qut = 2
+p(Qut = 25)T(Qu = 2) = p(Qa* — M) (Qa* — =)
= f(2) +wTQx — £ Qah — 2, + p(Qa* — )T(Qr — 2)
—s L,(x, 2,w) + g |Q2* = 2|2 = f(2) + |w + p(Qa* — 24)|" Qu (5.15)

> min {f(:v) + (w + p(Qz* — zk))T Qr:z¢€ COHV(X)} . (5.16)

Note that the term —p(Qz" — 2*) Tz vanishes due to the optimality condition associated with (5.13).
Inequality (5.14) follows from the inequalities (5.15)—(5.16) once the substitution (z,z) = (z¥, 2%)
and the definition of quS(w, 2%, 2%) are applied to the left-hand side of (5.15). m

Observe that, due to the linearity of the objective function with respect to z in (5.8), the use of
constraint sets X and conv(X) are interchangeable, and so in evaluating gg, an explicit description
of conv(X) is not required. Furthermore, from the definition of ¢“, the convexity of f over R”, and

the interchangeability of X and conv(X) in (5.8), it is clear that for all z¥ € R, k > 0, we have
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¢ (w) = qg(w, 2*). This is not only true in principle but also practically if one can provide a oracle
that returns an extremal point of conv(X) when minimising a linear function over X. When the
non-convexity is entirely due to the presence of integer restrictions on variables, MIP or MINLP
solvers can provide such an oracle. Later in Section 5.2.5 we shall see that the class of problems
that is amenable to the final implementable algorithm is dictated, in practice, by the user’s ability
to provide such an oracle. Moreover, when f is linear, we have ¢¢(w) = gzvﬁ(w, xk) for all 2%, k = 0;
the two functions collapse into the same function with the centering at x* of the latter function
now irrelevant.

~

The first important property of (w,z) — ¢(w,x) is its continuity.

Lemma 5.5 Let X be compact, and f be continuously differentiable. Then (w,T) — 5(@, T) is

continuous over (0,T) € Z+ x R™.

Proof. From (5.8), compute

0@,7) = f(T) — Vo f(@) T + min {[Vof @) + T Q) + Seomvix) (@)}
= f(f) - sz(f)—rf - §:onv(X) (_ [fo(f) + wTQ]) )

0, ifze conv(X);

) is the indicator function on the set conv(X) and §*
o, otherwise. (X)

conv

where Ocony(x) () 1= {
is the conjugate function [95] of dconv(x). As conv(X) is convex and compact, we see that 67, (")
has domain R™ and is thus continuous over R" (e.g., Lemma 2.91 of [100]), yielding the intended
conclusion. m

The second property of gg is its limiting behavior as the solutions (2%, 2*) approach certain critical

values.

Lemma 5.6 Let the sequence {(;Ek,zk)} c conv(X) x Z satisfy the z-optimality condition (5.13)
for each k = 1. If, for some fized w € Z*, the sequence {(:ck, zk)} converges optimally in the sense

that

klim (2%, 2%) = (2%, 2*) € argmin {L, (7, 2,w) : v € conv(X), 2 € Z},
—00 T,z

then
lim (e + p(Qa* = 2),a%) = Ly(a*, 2%, w) + £ |Qa* = =°[5. (5.17)
—00
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Proof. We begin by writing the necessary (and sufficient) conditions associated with the optimality

(z*,2*) € argmin,, , {L,(z,2,w) : 2 € conv(X), z € Z}:

[ V") +[w+ p(Qe* — 2] ] [ T ] >0 forallzeconv(X),zeZ
—p(Qx* — z*) z—2* | T ' ‘

Since 2* € argmin, {Hka — zHi [z E Z} for each k > 1, we have Qz*F — 2¥ € Z', and so Qz* — z* €
Z*+ also. Thus, we can simplify the consideration of the above displayed necessary conditions to

consider the x block only:
| Vf(@*) + [w+ p(Qz* —2%)]7Q ]T[ r—2x* | >0 forallzeconv(X),
which implies

IIlwlIl{[ Vf(x*) + [w+ p(Qx* — 2*)]TQ ]T[ r—ax*]:ze€ conv(X)} = 0.

In terms of ¢(w + p(Qz* — z*), z*), the above equality is re-written as:

~

dw+ p(Qr* — 2*),2%) = f(z*) + w Qz* + p |Qz* — 2*|;

= L,(a*,2*,w) + £Qa" = =*[;

where the equality (Qz* — 2*)T2* = 0 is utilised. The continuity of (&, Z) — 5(5, T) established in
Lemma 5.5 gives the desired conclusion. m

We use Lemmas 5.5 and 5.6 to develop the proximal bundle method-like serious step condition
(SSC) that makes use of <$ and gg in place of the cutting plane model and ¢, respectively. Defining

Ok = Wk + p(Qx* — 2*), consider the following modified serious step condition:

B RO e N 519
¢(wk7 xku Zk) - ¢(wk7 xk_l)

where v € (0, 1) is the SSC parameter. The upper bound of (5.18) is satisfied automatically since
5( koak 2F) = ¢%(@%) = (5(5}’“@’“) holds by Lemma 5.4 and the definition of ¢. However, the

satisfaction of the lower bound is conditional on ~.

Remark 5.7 Throughout this chapter, we shall always assume or construct z* such that the z-
optimality condition (5.13) is satisfied for each k = 0. Due to the necessary conditions of optimality

associated with (5.13) and that Z is a linear subspace, we have (Qx* — 2K)T2 =0 for all z€ Z. It
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immediately follows that if w* € Z+, then &F = w* + p(Qa* — 2¥) € Z+ also. Thus, the satisfaction
of the z-optimality condition (5.13) guides the generation of {wk} so that if W € Z1, then Wk e Z+

s always maintained for each k = 1.

Under certain circumstances, the denominator of the ratio displayed in (5.18) can be zero. The

k

following lemma states that this never happens when w” is not dual optimal with respect to the

dual problem (5.3).

Lemma 5.8 For any w € Z* that is not dual optimal with respect to the dual problem (5.3) and
(x,2) € conv(X) x Z, we have

~

o(w, x,2) — ¢ (w) > 0. (5.19)

Consequently, at any iteration k, the denominator of the ratio displayed in (5.18) cannot be zero

k

when w" is not dual optimal.

Proof. By the definition of 5 , we have

~

* S p
¢(w’x>z) - ¢C(w) = LP(:U ) 2 7("-)) + 5 ||Ql’ - ZH% - ¢C(w)
for all conv(X) and z € Z, where

(%, 2*) € argmin {L,(z, z,w) : x € conv(X),z € Z}.

(That is, we substitute L,(z, z,w) from the definition of $ with L,(z*, 2%, w) to get the inequality.)
Now L,(z*, 2% ,w) — ¢“(w) > 0 when w is not dual optimal. Otherwise, if L,(z*, 2*,w) = ¢%(w),
then Qx* = z* must hold, and (z*, 2*,w) is a Lagrangian saddle point for problem (5.2) with respect
to the Lagrangian relaxation of the constraint QQx = z. This contradicts the non-dual optimality of
w. Thus, the strict inequality (5.19) is established.

In the context of (5.18) at iteration k, noting that ¢ (wk) = d(w*, 2* 1), we substitute (z, z) =
(2%, 2%) and w = w* in the strict inequality (5.19) and so the denominator in (5.18) is positive when

k

w" is not dual optimal. m

From Lemma 5.6, we have the following result regarding the satisfaction of condition (5.18).
Proposition 5.9 Let the sequence {(z*,z%)} < conv(X) x Z satisfy

2P e argmin{”@xk — sz 1z € Z}
z
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for each k = 1. Furthermore, letw € Z*+ and w ¢ argmax,, ¢(w). If the sequence {(z*, 2¥)} converges

optimally in the sense that

klirn (2, 2%) = (2%, 2*) € argmin {L, (v, 2,w) : z € conv(X), z € Z},
—>0 T,z

then condition (5.18) must be satisfied after a finite number of iterations.
Proof. For all (2%, 2*) € conv(X) x Z with 2* € argmin, {HQl’k — sz}, we have

$(w,xk,zk) = L,(2" 2F w) + g Hka — zkHz

> ¢%(w + p(Qz* — M) = d(w + p(Qa" — 2F), 2"),

where the first inequality follows from the definition of 5 and Lemma 5.4, and the second inequality
follows readily from the definition of gg, the subgradient inequality and the interchangeability of X
and conv(X). By the assumption that w is not dual optimal, the denominator of (5.18) cannot
be zero by Lemma 5.8. It follows from the convergence in (5.17) implied by Lemma 5.6 that the
ratio in (5.18) must approach 1, and so condition (5.18) must be satisfied after a finite number of
iterations. m

Consequently, unless the current w” is already dual optimal, there cannot be an infinite number

of null-steps when using condition (5.18). Recall that we use k to count only serious steps.

Proposition 5.10 Assume that problem (5.3) has an optimal dual solution w*, and that for each
k=1, ¢9Wk) < ¢%w*). Also, assume that p and vy may vary with each iteration, defined by
sequences {py} and {y} such that py > 0 and vy € (0,1), bounded strictly away from zero for all
k=1, and py (%) =c > 0 for all k. If the sequence {wk} of dual updates is generated with
Algorithm 5.1 with € = 0 and ky,qr = 00, then {wk} converges, and limy,_, qvﬁ(wk, k=) = ¢9LP (and
consequently limy,_, ¢ (wWF) = CYFP ). FPurthermore,

lim ¢(w*, 2%, 27) = (1P,
k—o0

and all limit points (z,Z) of the sequence {(z*,z*)} are optimal for problem (5.2).

Proof. Let w* be any dual optimal solution for problem (5.3). For each iteration k > 1, write the
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following two relations:

ot — |2 = [ — w0 + (@t — )

= |o* - w*Hz + 2p,(Qz" — 2") N (WF — w*) + p} | Q2" — zk‘z : (5.20)

and gbc(w*) <L,, (xk, zk,w*) =L, (a:k, zk,wk) + (w* — wk)T(ka — zk)

= (W —w*)T(Q2F — 2F) < L, (z", 2%, wF) — ¢%(w). (5.21)
Substituting the inequality (5.21) into equality (5.20), we have

2 2
e N

+ 201 [y (¥, 25, 0F) = 6€ ()] + g} [ Qa* — 2 (5.22)
o —a 2 Bt ) — )]
+ 2py, [ka (z", 2%, WF) + % |Qa" — zkHz — $(w”, xk_l)] : (5.23)

By assumption, for each k > 1, we have ¢%(w¥) < ¢%(w*), so by Lemma 5.8 and € = 0, the
Line 8 condition of Algorithm 5.1 never holds. Therefore the alternate Line 9 termination condi-
tion, which is equivalent to the satisfaction of condition (5.18), must be satisfied for each k& = 1.

Rewriting (5.18), with the substitution &* = w**!, as

GWhH, k) — G, a1

L, (2%, 2%, Wby + % Hka — zkHz — q;(wk, "1 < (5.24)
Tk
and substituting (5.24) into (5.23), we have
R N R A A e B D)
201 [~ -
+ LG k) - gt ok )]
Tk
)2 ) ®
< [t =3 + 21 | S 2¥) - 67
LT D TS N N oA
+ 20— [S( ) — gt ot (5.25)

From (5.25), we make the following three inferences: 1) that {|w" —w*|} is bounded, 2) that
Yo [¢9 (w*) = ¢(w)] is finite, and 3) that {w*} converges. To establish these inferences, we

rearrange terms and sum the inequality (5.25) from k = ¢,... N for some integers 1 < ¢ < N to



103

get
N ~
23 o [6°(07) = B )| + -
k={

2 1-— ~ 1— ~ _
< ot = 2o (FI) SN — 2 (F ) Gt

Ve
Sl L= L=y \ | 30 ki1 ok
+2 ) | o - prer | —— G, b
k=/¢ +
<t = wt [y + 26|07 (@) = St 2t )] (5.26)

where the last inequality follows from the assumption that pg (1;Zk ) = ¢ for all k£ and the bounding
relationships implied by the optimality of w*:

0% (w*) > 7 (W) = P ) (5.27)

Noting that each summand ¢€(w*) — ¢(w* !, %) in the summation on the left-hand side of (5.26)
is nonnegative so we have immediately from (5.26) that Y.,” | px [¢C(w*) = 5( k,xk_l)] < o and
{(w* —w*)} is bounded, establishing the first two inferences from (5.25). The validity of the first
two inferences imply the boundedness of {w*} and the convergence limy_,4 gzvﬁ(wk, 7F1) = % (w),
respectively. The boundedness of {wk} implies the existence of limit points, while the convergence
limy_o0 gg(wk, k1) = ¢¢(w*) implies that all such limit points are dual optimal. It is straightforward
from (5.27) that limy_,q 6% (w*) = ¢¢(w*) also.

To establish the third assertion, that {wk} in fact converges, we drop the summation from the

left-hand side of (5.26),
JwN Tt — w*Hz < ot - w*Hz + 2c [¢C(w*) — (B(we, xefl)] , (5.28)

and note that the above analysis holds independent of the choice of dual optimal w*. Since it was
just shown that {wk} has limit points, and that all such limit points are dual optimal, we now
specify w* to be one of these limit points. We then choose an appropriate ¢ for any € > 0 so that

the right-hand side of (5.28) is arbitrarily small, i.e.,

ot~y < e

for all N > ¢. Thus, limy_w" = w*, and it is clear that the limit point w* of {w*} is in fact

unique.
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To prove the last assertion, the satisfaction of (5.18) is rewritten as
G ak) — Gt ") < B, ot 2F) — G(wk, )
1 /o o
< = (Bt ab) = (k2" ).
Tk

k—l) — CCLD

Due to the convergence limy ,q é(wk,x , we have on taking the limit as £ — o

of the last displayed inequalities that limy . ¢(w¥, 2", 2F) = ¢CLP. Noting that ¢(w*, ", 2F) =

L, (xF, 28, wk) + £ Hka — 2F ;, it is clear that if limsupy_,., pr = 00, then we have

lim Qz* — 2[5 = 0
and
,}E& L, (¥, 2%, wk) = ¢OLD,
and so the limit points of {(z*, 2*)} must be feasible and furthermore optimal for (5.2). Now assume
0 < limsup py < oo. In taking the limit points (Z, zZ,w*) of the sequence {(x’“,zk,wk)} and p of
{pr}, noting that the optimal value of problem (5.9) with w = w* is (“* by Lemma 5.3,
O+ L@z — 213 < Lp(z, 5,07 + £ 1@z - 21} = O,

From this, it follows that |QZ — Z||5 = 0 and L;(7, z,w*) = ¢°*P, and so (Z, Z) must be feasible

and furthermore optimal for (5.2). =

5.2.2 Convergence Rate Analysis for Augmented Lagrangian Method

The proof of Proposition 5.10 allows for the following remarks on the rate-of-convergence associated
with limy e g(wk,:ck_l) = (YEP_ Note that each iteration k of Algorithm 5.1 corresponds to a

serious step update of wk.

1. Let pr = p and 7 =~y for all k = 1, where p > 0 and v € (0, 1) are constants. Then, from the

proof of Proposition 5.10, we have
N N~
> |69 = ot 2+ < oo
k=1
and since {qg(wk, $k’1)} is monotonically non-decreasing, it is clear that

6% (w*) = §wF, ) = o(1/k),

where o is the Little-o notation.
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2. Let pp = kp for some constant p > 0 and vy, = cﬁ’;k for some constant ¢ > 0 so that

Pk (1;}?’“) = c is a constant. Then we have

Lk |60 = (ka4 ) | < oo,
and so ¢C (w*) — d(w*, z"1) = o(1/k2).

3. Let p, = pb® for some constant p > 0 and b > 1, and as ~y;, = cﬁ’;k for some constant ¢ > 0 so

that pg (%) = ¢, a constant. Then we have

Wb [60w) = Bk ot Y | < oo,

and so ¢C (w*) — dw*, 2"1) = o(bF).

Since the number of null step updates per serious step is not fixed, and a null step does not
require significantly less computational effort, these convergence results in terms of serious steps
cannot be generalised to a convergence result in terms of total steps or runtime without some notion
of how often null steps are taken.

Exploratory numerical tests did not conclusively reveal any clear and consistent pattern to
the frequency of null steps as the algorithm progresses. However, for at least some combinations of
instances and parameters the null step frequency increased significantly as the duality gap decreased.
Therefore, the practical convergence behaviour of the algorithm in terms of runtime is likely worse

than the above results would suggest.

5.2.3 Integration of the Simplicial Decomposition and Gauss-Seidel
Methods

We consider the following general two-block problem

min {F(z,2) : z € conv(X), z € Z} (5.29)

where F' : R" x R? +— R is a continuously differentiable function, conv(X) and Z are closed
convex sets, and conv(X) is also bounded. (Z can be more generally a convex set in this setting,
not necessarily a linear (sub)space.) Additionally, we assume for each fixed z € conv(X) that
z +— F(x,2) is inf-compact. (That is, the set {z € Z : F(z,z) < ¢} is compact for all x € conv(X)

and ¢ € R.) In the context of Algorithm 5.1, we would identify F(z,z) = L,(z, z,w) for a given w.
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Problem (5.29) is assumed to be feasible, bounded, and to have an optimal solution (z*,z*).
We shall utilise the following two-block nonlinear Gauss-Seidel (GS) method with the z update
approximated in a manner resembling an iteration of the SDM. As per Assumption 5.2, we assume
the user provides an oracle to return an extremal point in conv(X ) when minimising a linear function

over X. This can be used to initialise the following and later algorithms.

Algorithm 5.2 An iteration of inner-approximated nonlinear Gauss-Seidel approach applied to
problem (5.29).

1: Precondition: 7 € conv(X), 2 € argmin, {F(Z,2) : z € Z}, D < conv(X)
2: function SDM-GS(F, X, Z, D, 7, Z, tmaz)
3: fort=1,...,t,. do

T «— argmin, {F(x,2) : x € D}

Z «— argmin, {F(Z,z) : z € Z}
end for
Z € argmin, {V,F(T,2)"(z — ) 1z € X}
Reconstruct D to be any set such that

{T+a(z—2):ae[0,1]} € D < conv(X)

10: Set I' « =V, F(Z,2)(z — 7)
11: return (7,2, D,T)
12: end function

If the 2z block update of Line 5 is trivialised, such as by making it not actually appear in the
definition of F', or by making Z a singleton set, then Algorithm 5.2 would be identical to SDM
applied to problem (5.29) in which the z block of variables correspondingly does not play any role.
On the other hand, if the z update (4) is replaced with an update based on an exact minimisation
T « argmin, {F(x,Z2) : x € conv(X)} (so that the computations of Lines 7-10 and the returning of
D and I" can be skipped), then Algorithm 5.2 would be equivalent to a more traditional two-block
nonlinear Gauss-Seidel method. Different forms of approximation of the x update, such as those

resulting from gradient descent steps in z, are also considered in [53, 20].

Remark 5.11 The main approach envisioned for constructing the inner approximation D on lines 8
and 9 is to take D < conv(D u {Z,z}). To implement this update of D, we need to save the points

x computed during previous calls to Algorithm 5.2.

We assume in the following proposition that Algorithm 5.2 is applied iteratively in the sense

k

that at iteration k& > 0, we input (7,%) = (2%, 2*) and return (¥,2) = (%!

kJrl)

, 2 . Furthermore,
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at the same iteration k call of Algorithm 5.2, we set d**! = 7 — ¥ where 7 and ¥ are set as in
Line 9. This provides a reference sequence of directions {dk} necessary in the proof of the following

proposition.

Proposition 5.12 For problem (5.29), let F' be convex and continuously differentiable, and let
conv(X) and Z be nonempty and convex, with conv(X) bounded and z — F(x,z) inf-compact for
each x € conv(X). Then, for any tpna = 1, the sequence {(z*,2*)} generated by iterations of

Algorithm 5.2 has limit points (Z, z), each of which are optimal for problem (5.29).

Proof. In light of the convexity and continuous differentiablity of ' and the convexity of conv(X)

and Z, it is sufficient to show that

V.F(z,2) (x—%) =0 forall v € conv(X) (5.30)

and V,F(z,2) (: —2)=0 forallze Z, (5.31)

As V. F(a*, 2%)T(z—2*) = 0 for all z € Z holds for each k > 1 (this follows due to the optimality 2* €
argmin, {F(xk, z):z€ Z} that holds by construction) the satisfaction of the latter condition (5.31)
is trivially established for any limit points (z, z). It remains only to show the satisfaction of the
a-stationarity condition (5.30). This may be established by using Proposition 3.2 of [20] combined
with the last sentence of Remark 3.3 from the same reference; a more explicit proof that (5.30)
holds is given in Section 5.2.4.

Note, for the sake of nontriviality, that V,F(a*, 2*)T(z — 2%) = 0 for all x € X is assumed not
to hold for any £ > 1. Thus, with reference to the argument given in Section 5.2.4, the sequence
of directions {dk } satisfy the the Direction Assumption (DA), prior to Algorithm 5.3. Also, the
Gradient Related Assumption (GRA) referred to in Section 5.2.4 is satisfied for this same {d*}, by
Lemma 5.16 therein. Due to the construction of D in Line 9 and setting (z**!, 2*™1) = (%, 2) after
the termination of the for loop of Lines 3-6, we have given {d*} and any choice of (3,0) € (0,1)
the satisfaction of the Sufficient Decrease Assumption (SDA), also referred to in Section 5.2.4. It
then follows from Lemma 5.14 that limit points (Z, Z) of { (", 2*)} do exists, and that each of which

satisfies the stationarity condition (5.30). m
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5.2.4 Establishing optimal convergence of SDM-GS

Given initial (z°,2°) € X x Z < R" x RY, we consider the generation of the sequence {(z*, 2¥)} with

iterations computed using Algorithm 5.3, whose target problem is given by

min{F(z,z):xe X,ze 7}, (5.32)

T,z
where (z, z) — F(x, z) is convex and continuously differentiable over X x Z, and sets X and Z are

closed and convex, with X bounded and z — F(z, z) is inf-compact for each = € X.

We define the directional derivative with respect to x as

F —F
Fl(x,z;d) = 11{101 (z +ad,2) (= Z)
a (07

Of interest is the satisfaction of the following local stationarity condition at x € X:
Fl(z,2;d) =20 forallde X — {z} (5.33)

for any limit point (z, z) = (Z, z) of some sequence {(z*, 2*)} of feasible solutions to problem (5.32).
For the sake of nontriviality, we shall assume that the z-stationarity condition (5.33) never holds
at (x,2) = (2%, 2%) for any k > 0. Thus, for each ¥, k > 0, there always exists a d* € X — {mk} for
which F! (2%, 2%; d*) < 0.

Direction Assumptions (DAs): For each iteration k > 0, given z* € X and 2* € Z, we have d*

chosen so that 1) z* + d* € X; and 2) F!(z*, 2%;d*) < 0.

Gradient Related Assumption (GRA): Given a sequence {(z*,2%)} with
limy, (2, 2%) = (7, %), and a bounded sequence {dk} of directions, then the existence of a direction
de X — {7} such that F/(%,%;d) < 0 implies that
limsup F/ (2%, 2%, d*) < 0. (5.34)
k—>00
In this case, we say that {dk} is gradient related to {xk} This gradient related condition is similar
to the one defined in [12]. The sequence of directions d* is typically gradient related to {xk} by

construction. (See Lemma 5.16.)

To state the last assumption, we require the notion of an Armijo rule step length o € (0, 1]

given (z%, 2% d*) and parameters 3,0 € (0,1).
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Algorithm 5.3 Computing an Armijo rule step length o at iteration .

1: function ARMIJOSTEP(F, ¥, 2*, d*, B3, o)

2 ak 1

3 while F(2* + ofdF, 2%) — F(2F, 2%) > afo F! (2%, 2%; d¥) do
4: af — Bak

5 end while

6
T

return of

end function

Remark 5.13 Under mild assumptions on F' such as continuity that guarantee the existence of
finite Fl(z,z;d) for all (z,z,d) € {(z,2,d) :x € X,de X —{z},z€ Z}, we may assume that the
while loop of Lines 85 terminates after a finite number of iterations. Thus, we have o € (0,1] for

each k = 1.

The last significant assumption is stated as follows.

Sufficient Decrease Assumption (SDA): For sequences {(z*,z*,d*)} and step lengths {a*}

satisfies

k+1’ >

computed according to Algorithm 5.3, we assume for each k > 0, that (z kL)

F(2" 22 < F(a® + ofdb, 25).

Lemma 5.14 resembles standard Armijo rule convergence proofs for algorithms which take it-
erative steps in a single variable, but incorporating the z-update required by our Gausss-Seidel

approach requires special care.

Lemma 5.14 For problem (5.32), let F': R™ x R™ +— R be convexr and continuously differentiable,
X < R™ conver and compact, and Z < R™ closed and convex. Furthermore, assume for each
x € X that z — F(x, z) is inf-compact. If a sequence {(xk, 2 dk)} satisfies the DA, the GRA, and
the SDA for some fived 3,0 € (0,1), then the sequence (z*, 2¥) has limit points (T,%), each of which

satisfies the stationarity condition (5.33).

Proof. The existence of limit points (Z, z) follows from the compactness of X, the inf-compactness
of z +— F(x,z) for each z € X, and the SDA. In generating {ak} according to the Armijo rule as
implemented in Lines 2-5 of Algorithm 5.3, we have

F(ak + akdk 2F) — F(aF, 2

“)
" < oF!(aF, 25 db). (5.35)
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By the DA, F!(z*, 2*; d*) < 0 and since o > 0 for each k > 1 by Remark 5.13, we infer from (5.35)
that F(zF + ofd*, 2*) < F(a*, 2F). By construction, we have F(x*1 281y < F(2F + ofdF, 2F) <
F(a*, 2%).. By the monotonicity F(2*1, 2k*1) < F(2*, 2*) and F being bounded from below on

X x Z, we have limy_,, F(z*, 2¥) = F > —oo. Therefore,

khm F(afth 28 — P 2%) = 0,
—00

which implies

lim F (2" 4+ o*d", 2F) — F(2*, 2%) = 0. (5.36)

k—o0

We assume for sake of contradiction that limy (2", 2%) = (7,Z) does not satisfy the stationarity
condition (5.33). By GRA, we have that {dk} is gradient related to {xk}, that is,

lim sup F! (2", 2%; d*) < 0. (5.37)

k—c0
Thus, it follows from (5.35)—(5.37) that limj_,, o = 0.
Consequently, after a certain iteration k > k, we can define {dk}, a® = a*/B, where a* < 1 for

k > k, and so we have

F(z* + aFd*, 2F) — F(2*, 2F)

o (2%, 2% d¥) < =

(5.38)

Since F' is continuously differentiable, the mean value theorem may be applied to the right-hand
side of (5.38) to get
oF! (2", 2% d¥) < Fl(a% + ardF, 2%, d"), (5.39)

for some a* € [0, a"].

Again, using the assumption limsup,_,., F"(z*, 2*; d*) < 0, and also the compactness of X — X,
we take a limit point d of {dk}, with its associated subsequence index set denoted by &, such that
F!(%,%,d) < 0. Taking the limits over the subsequence indexed by K, we have

’ngo%elc F!(a*, 2% d*) = Fl(z,7%;d)

and

lim Fl(aF + &"d*, 2% d¥) = Fl(7,%;d).
k—00,keC
These two limits holds since 1) (x,z) — F.(x,z;d) for each d € X — X is continuous and 2)

d — F!(z, z;d) is locally Lipschitz continuous for each (z, z) € X x Z (e.g., Proposition 2.1.1 of [26]);
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these two facts together imply that (z, z;d) — Fl.(x,z;d) is continuous. Then, inequality (5.39)

becomes in the limit as k — o0, k € IC,
oF!(%,z,d) < Fi(%,7;d) = 0<(1—0)F.\(T,%d).

Since (1 —¢) > 0 and F'(7,%;d) < 0, we have a contradiction. Thus, ¥ must satisfy the stationary

condition (5.33). m

Remark 5.15 Noting that F!(z%, 2% d*) = V,F(x%, 2*)Td" under the assumption of continuous

differentiability of F', one means of constructing {dk} is as follows:
d¥ « argmin {V,F (2", 2")'d:de X — {«"}}. (5.40)
d

Lemma 5.16 Given sequence {(:z:k, zk)} with limy_, (2%, 2%) = (T, 2), let each d*, k = 1, be gen-

erated as in (5.40). Then {d"} is gradient related to {z*}.
Proof. By the construction of d*, k > 1, we have

Fi(2F, 25 d") < Fl(a", 2% d) vVde X —{a"}.
Taking the limit, we have

limsup F} (2%, 2%, d*) < limsup F (2, 2%, d) < F)(T,7;d) Vde X — {7},
k—a0 k—o0
where the last inequality follows from the upper semicontinuity of the function (z, z,d) — Fi(z, z; d),

which holds in our setting due, primarily, to Proposition 2.1.1 (b) of [26] given that F' is assumed

to be convex and continuous on R". Taking
d € argmin {F,(3z,%;d) : d e X — {T}},
d

we have by the assumed nonstationarity that F'(Z,%;d) < 0. Thus, limsup,,_,,, F/(z*, z¥;d*) < 0,

and so GRA holds. =

5.2.5 Implementing the Augmented Lagrangian Method using SDM-
GS

The method SDM-GS-ALM is now stated as Algorithm 5.4, which uses Algorithm 5.2 as a subroutine

to provide a practical implementation of Algorithm 5.1.
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Remark 5.17 At the return of Algorithm 5.2 in Line 8 of Algorithm 5.4, we have

= —V,L,(z", 25 ") (Z — ")
T 7~
—[vﬂﬂx% (W +p(Qa =) Q| (G —a")
where T is computed on Line 7 of Algorithm 5.2. One may verify the equality (Qz* —2F)T2F = 0 due

to z* € argmin, {HQx’“ — sz 1z € Z}. Moreover using this value of I and the computation of(z on

Lines 4 and 12 one may show, using the fact that & € argmin {V,L,(z*, 2% w*)T(x — 2¥) : 2 € X},
that

(Z L,(z% 2% W HQ:C kH; —-I'= 5(& + p(Qa* — zk),:ck) )

Algorithm 5.4 A practical implementation of Algorithm 5.1 based on the use of SDM-GS itera-
tions. (SDM-GS is given as Algorithm 5.2.)

1: Preconditions: 2° € conv(X), 2% € Z, w’ e Z1, D < conv(X), v€ (0,1).
2: function SDM-GS-ALM(f, Q, X, Z, D, p, 2°, 2° &° 7, €, tmaz, Fmaz)
3: (3: 20D F)<—SDM GS(L,(+,w"), X, Z, D, 2°, 2% tn4s)

i 0 Lyt 2w + §]Qaf - 20, ~T
5: set w® « w® + p(Qz° — 29), ¢° — &
6: for k=1,2,... ke do _ 5
7: Initialise w¥ « wk=1, @F «— pF~! = (Default, null-step updates)
8: (2%, 2%, D,T) « SDM-GS(L,(, - ) X, Z, D, x*1 26t )
9: if L,(z, 2% W) + & HQSEk ’“H — ¢" < ¢ then
10: return (z¥, 2%, w*, §F)
11: end if
12: ¢<—L($ 2k Wk —|—£HQ3¢ kH;—F
13: M A
Ly(k 2% wh)+ 5| Quk—2F |3 —ok
14: if n, = v then
15: set wk — wk + p(Qak — %), ¢F — &
16: end if
17: Possibly update p, e.g., p « min{max{@/p)(l_nk1)71/(10p)710,4}710/p} as in [69]
18: If p was updated, v « pzfic
19: end for _
20: return (2%, 25, W* ¢F)

21: end function

Proposition 5.18 Let {(:ck,zk,wk)} be a sequence generated by Algorithm 5.4 applied to prob-
lem (5.1) with X compact, Z a linear subspace, w° € Z+, p >0, v€ (0,1), € = 0 and kyop = 0. If

there ezists a dual optimal solution w* to the dual problem (5.3), then either
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1. W =w is fized and optimal for (5.3) for k = k for some finite k; or
2. w* is never optimal for (5.3) for any finite k = 1, but limy_,,, w* = @ is optimal,

and the sequence {(mk, zk)} has limit points (T,Z), each of which are optimal for problem (5.2).

Proof. In the first case, Algorithm 5.4 never takes serious steps for iterations k£ > k > 1, and so
with w* = @, optimal for (5.3) and fixed for k > k, the Algorithm 5.4 iterations continue with the
generation of {(x’“, z’“)} as generated by iterations of SDM-GS (Algorithm 5.2). By Proposition 5.12,
the sequence {(z*, 2*)} has limit points (Z, %), each of which is optimal for problem (5.9) with w = .
Then, by Lemma 5.3, (7, Z) is also optimal for problem (5.2) since @ is optimal for (5.3).

* is never dual optimal for (5.2) for any finite & > 1, any serious

In the second case, where w
step must be followed by a finite number of consecutive null-steps. We consider the subsequence
indices {k;},-, where the update w* ™ is obtained by a serious step. By Proposition 5.10, we have
lim; o ¢ (Wkitl) = (“FP and accommodating the null steps in between, we have also limy, ¢ (w*) =
CCLP  To prove the last claim, we note that w/ = wk+! for all integers j such that k; < j < ki41 due
to the taking of null steps. From Proposition 5.10, we have that lim; o, L, (2%, 2%, wh) = (“LP. By
the continuity of (z,z,w) +— L,(z, z,w), the convergences limy,_,, w* = @ and lim; o, Q" — 2% = 0
(again, Proposition 5.10), we have lim;_, L,(z%, zFi whi+1) = (YLD also. Next, at each i, and

integers j such that k; < 7 < k;;1, observe that
L,(x™, 2% W) = Ly(a?, 27, w?) = Ly(a"*, 27+t whist),

In taking the limit of the above inequality as ¢ — oo, it becomes evident that limy_, Lp(a:’“, 2P wk) =

CYED in the original sequence also. By the optimality of @w for problem (5.3), we know from
Lemma 5.3 that ¢'*(@) = ¢“*P, and so each limit point (Z,%) must be optimal for problem (5.9)
with w = . Furthermore, by Lemma 5.3, (7,Z) must also be optimal for problem (5.2). (These
limit points exist furthermore, due to the compactness of conv(X) and the continuous and closed-

form expression that the unique solution z* € argmin, {HQQB’“ — sz cz€ 7 } has given z* € conv(X)

when Z is a linear subspace.) m
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5.2.6 Parallelisation and Workload

The opportunities for parallelisation and distribution of the computational workload in SDM-GS-
ALM, as stated in Algorithm 5.4, are not immediately apparent. This section explicitly indicates
which update problems may be solved in parallel, and the nature of the required communication
between the parallel computational nodes.

The bulk of computational work, parallelisation, and parallel communication occurs within
the SDM-GS method stated in Algorithm 5.2, where for the problems of interest, the following
decomposable structures apply: X = [[", X;, D = [[", D;, and F(z,z) = > | F(x;,2). In the
larger context of Algorithm 5.4, the subproblem of Line 4 in Algorithm 5.2 can be solved in parallel

given fixed Z € Z and w € Z+ along the block indices i = 1,...,m as
min {fi(a;) + (W) Qi + g 1Qz— %Pz e Di} , (5.41)
while the subproblem of Line 7 is solved as
mxin {foi(%-) + (w; + p(Q:T; — Ez))T Qix:x€ Xi} )

Remark 5.19 In the setting where problem (5.1) is a large-scale mized-integer linear optimization
problem, the subproblems of Line 4 are continuous convex quadratic optimization problems for each
block i = 1,...,m, which can be solved independently of one another and in parallel. In the same
setting, the Line 7 subproblems are mized-integer optimization problems for each blockv =1,... m,
which can also be solved independently of one another and in parallel. Additionally, the reconstruc-

tion of D occurring in Line 9 can be done in parallel for each D; along the indices i =1,... m.

Parallel communication is needed for the computation of the z update in Line 5 in Algorithm 5.2.

In the larger context of Algorithm 5.4, this takes the form of solving

RS ~ 2
min {; |QiT; — zil; : z € Z} :
This minimum corresponds to taking an average, which we can accomplish this by using a reduce
type parallel communication. This type of communication applies an operator (in this case, sum-
mation) to the value in each processor. Dividing by m afterwards yields the desired average. The
evaluation of the serious step condition through calculating 7, in Line 13 in Algorithm 5.4 also re-

quires a reduce-sum type parallel communication. For implementation purposes, the computation
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of these values, including the computation of I' from the SDM-GS call, can be combined into one
reduce-sum communication.

In total, each iteration of Algorithm 5.4 requires two reduce-sum type communications, one for
computing the z-update of Line 5 Algorithm 5.2, and one combined reduce-sum communication to
compute scalars associated with the Lagrangian bounds and the critical values for the termination
conditions. The storage and updates of ¥ and w* and D can also be done in parallel, while 2* and

~* need to be computed and stored by every processor at each iteration k.

5.3 Computational Results
5.3.1 Preliminary Information

In this section, we present and examine the results of two computational tests with the following

purposes:
Test 1: to demonstrate the effect of enforcing the serious step condition on the Lagrangian values;

Test 2: to compare the parallel speedup obtained with the use of two parallel implementations
of SDM-GS-ALM (Algorithm 5.4) versus the parallel speedups reported in [79] for two other
parallel approaches. Additionally, the final iteration Lagrangian bounds are compared between

the different parallel implementations for each experiment.

Computational experiments were performed on instances from three classes of problems. The first
class consists of the capacitated allocation problems (CAP) [15]. The second and third classes
consist of the DCAP and SSLP problems from the Stochastic Integer Programming Test Problem
Library (SIPLIB), which are described in detail in [91, 3] and accessible at [3]. These are all large-
scale mixed-integer linear optimization problems, so the preceding observations for when f is linear
apply.

Test 1 was conducted with a Matlab 2012b [83] serial implementation of Algorithm 5.4 using
CPLEX 12.6.1 [62] as the solver. The computing environment was on an Intel® Core™ i7-4770
3.40 GHz processor with 8 GB RAM and on a 64-bit operating system. All experiments for Test 1

were run with maximum number of iterations k,,q. = 20.
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The parallel experiments of Test 2 were conducted with a C++ implementation of Algorithm 5.4
using CPLEX 12.5 [63] as the solver and the message passing interface (MPI) for parallel commu-
nication. For reading SMPS files into scenario-specific subproblems and for their interface with
CPLEX, we used modified versions of the COIN-OR [1] Smi and Osi libraries, either to instantiate
appropriate C++ class instances of the subproblems directly, or to write scenario-specific MPS files
from the SMPS file. The computing environment for the Test 2 experiments is the Raijin cluster
maintained by Australia’s National Computing Infrastructure (NCI) and supported by the Aus-
tralian government [89]. The Raijin cluster is a high performance computing (HPC) environment
which has 3592 nodes (system units), 57472 cores of Intel Xeon E5-2670 processors with up to 8 GB
PC1600 memory per core (128 GB per node). All experiments were conducted using one thread

per CPLEX solve.

5.3.2 Effects of the Serious Step Condition

The results of the Test 1 set of experiments are depicted in the plots of Figures 5.1-5.4. The
use of different penalty parameter p values is differentiated by the use of different plot colors. The
penalties are chosen so that the smallest penalties (in red) are near optimal in terms of the resulting
computational performance, while the larger penalties are known beforehand to be too large for
optimal performance. For testing purposes, this is the most interesting way to choose penalty values,
as smaller (than optimal) penalty values yield very little difference in Lagrangian bound between
the use of different SSC parameter values. Solid line and dashed line plots depict the Lagrange
bounds due to the use of a more stringent SSC parameter value v = 0.5 and a more lenient value
for the SSC parameter v = 0.125, respectively. The dotted line plots depict the Lagrangian values
resulting from the non-use of the SSC, so that it evaluates true no matter what. The following

observations are suggested from the results of the Test 1 experiments:

1. First, the most significant differences between the varied use of SSC occur when the penalty
coefficient values are large. In this setting, it seems to be the case that the use of more stringent
(i.e., larger) values of the SSC parameter v has the effect of mitigating the destabilizing
effect of having a penalty parameter p value that is too large. This is significant because

the performance of iterative Lagrangian dual solution approaches based on (or related to)
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proximal bundle methods is sensitive to the tuning of the p value, and the optimal tuning
of such parameters is assumed to be unknown beforehand in practical applications. For this
reason, any mechanism to mitigate the effect of having an unfavorable tuning of the penalty

parameter is highly desirable.

. As is the case for the proximal bundle method, information from the SSC test can be used
to dynamically fine-tune the value of the penalty parameter p. For the convergence analysis
culminating in Proposition 5.18 to remain valid, it is expected that if p does vary with iteration

k, that it should stabilise to some positive value.

. While not enforcing the SSC can adversely affect the growth trend in the Lagrangian bound,
the use of a SSC parameter v value that is too large can have a similar effect for the tail-end
values. This is most clearly seen in the Figure 5.1 DCAP-233-500 p = 50 and p = 100 plots.
In these plots, the growth in Lagrangian bound value is noticeably stunted in the tail-end

iterations for the larger v = 0.5 value as compared with the smaller v = 0.125.
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Profiles for DCAP-233-500 comparing different SSC parameters y with no SSC condition over different penalties p
1740 —

1735

1730

1725

$ 1720
©
>
i=}
c
>
(=} .
S 1715 :
c -
g :
g .
g :
€ 1710 —6— p=50, y=0.500
H ==0-= p=50, y=0.125
; ++:@-++ p=50, No SSC
1705 o e p=100, y=0.500
g p=100, y=0.125
i p=100, No SSC
1700 B —6— p=500, y=0.500
: J --0-= p=500, y=0.125
9 =++@-++ p=500, No SSC
1695 0 —6— p=1000, y=0.500
[« ~ CERTTY s SELLTEY « SEEHRTY ¢ FTTTTY o LRI o) =-0-- p=1000, y=0.125
«:@+++ p=1000, No SSC

1690 ! ! ! ! ! ! ! ! ! |
0 2 4 6 8 10 12 14 16 18 20

Number of iterations

Figure 5.1: Applying SDM-GS-ALM to DCAP-233-500 using different penalties and parameteriza-
tions for the serious step condition
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Profiles for SSLP-10-50-100 comparing different SSC parameters y with no SSC condition over different penalties p
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Figure 5.4: Applying SDM-GS-ALM to SSLP-10-50-100 using different penalties and parameteri-
zations for the serious step condition

5.3.3 Benefits of Parallelisation

For the Test 2 experiments, we primarily compare the parallel speedup achieved with Algorithm 5.4

against that achieved with the enhancements to the proximal bundle method presented in [79].

Additionally, we compare the Lagrangian bound at the final iteration.

The enhancements in [79] use structure-exploiting primal-dual interior point solvers to improve

the parallel efficiency of solving the proximal bundle method master problem. (The solution of this

master problem is analogous to the approximated solution to problem (5.9) obtained by using the
SDM-GS method in Algorithm 5.2.) The first solver is referred to by its acronym OOQP [47], while
the second is PIPS-IPM [80].



122

In the experiments of Test 2, the underlying computing architecture and third-party software are
inevitably different between our tests and those in [79]. Additionally, the termination criterion is
necessarily different from that given in Step 2 of Figure 2 in [79] due to the differences in algorithms.
In our tests, the termination criterion comes from Lines 9-11 of Algorithm 5.4 with e = 107%. We can
nevertheless create a meaningful control in the tuning of the most important parameters affecting

the performance of the algorithm.
1. As done in [79], we set the SSC parameter v = 0.1, and we initialise the dual solution w® = 0.

2. In analogy to the possible trimming of cutting planes noted in [79], practical implementations
of Algorithm 5.4 may judiciously trim the set D to improve performance. As all cuts are kept
in the experiments of [79], so we also avoid trimming the expansion of D in our experiments,

and so we just use the simple update rule D « conv(D u {Z,7}) within Algorithm 5.2.

3. We use an update rule analogous to the one in [69] as is done in [79]. which takes the suggested

form given in Line 17 of Algorithm 5.4. Initially, p = 1.

In Tables 5.1-5.2, the columns headed by OOQP and PIPS-IPM report the parallel speedup due
to the use of N = 1,8, 16, 32 processors, which are originally reported in Figure 2 of [79]. If, given
the use of N processors, Ty denotes the total wall clock time (in seconds) divided by number of
iterations, then we compute the parallel speedup as T3 /T. For the computational experiments with
Algorithm 5.4, we compute each table entry T /T after taking, from five identically parameterised
experiments, 1) the minimum 7 value, and 2) the average Ty, N > 1, value. The column headed
by SDM-GS1-ALM presents the parallel speedup values for the application of Algorithm 5.4 with
tmae = 1. The column headed by SDM-GS5-ALM is analogous, with ¢,,,. = 5. The total wall
clock time per iteration values used to compute the ratios T;/Tx are provided in Tables 5.3-5.4,
accounting for taking the minimum (/N = 1) or average (N > 1) over the five experiments for each
set of parameterizations associated with Algorithm 5.4. Also in Tables 5.1-5.2, the best Lagrangian
bounds obtained for each combination of test problem and algorithm are reported.

For the two sets of experiments based on the application of Algorithm 5.4, a problem-specific
maximum number of main loop iterations was set so as to make the tests as comparable with the

tests in [79] as possible. These results are reported in Tables 5.3-5.4. For each entry (A, B) of these
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tables, A provides the number of iterations at termination, and B provides the average wall clock
time (in seconds) per iteration.
We draw the following conclusions from the results of the Test 2 experiments reported in Ta-

bles 5.1-5.2.

1. The improvement in parallel speedup (SDM-GS-ALM columns) over either OOQP or PIPS-
[PM is evident for all problems except for the one with the fewest number of scenarios (SSLP

5-25-100).

2. Slightly inferior final Lagrange bounds reported for SDM-GS1-ALM (t,,,. = 1) are evident.
This deficit is improved by using SDM-GS with t,,,. = 5, as done for the SDM-GS5-ALM
experiments. But even these bounds are usually not as good as the bounds obtained with
OOQP or PIPS-IPM; this is due to their more exact solving of the master problem instances.
This suggests that as the iterations £ > 1 increase, it is advantageous to solve the continuous

master problem with SDM-GS iterations using larger t,,,, values.

3. Interestingly, parallel speedup is enhanced for SDM-GS5-ALM over SDM-GS1-ALM; although
the latter yields lower average total wall clock time per iteration, the proportion of efficiently

parallelizable work seems to increase in the former.

For Test 2, we also tested the performance of Algorithm 5.4 on the SSLP 10-50-2000 problem,
which is of substantially larger scale than the other test problems considered in this chapter. Using
N =1,2,4,8,16, 32,64 processors, we see very good speedup, which suggests the realised benefit of
distributing the use of memory. We also see that for such large-scale problems, the additional cost
in time of performing more inner loop Gauss-Seidel iterations (larger t,,,,) becomes marginal, since
the cost of solving the mixed-integer linear subproblems takes a larger share of the computational

time.



No. Proc. | OOQP PIPS-IPM

Speedup for SSLP 5-25-100

SDM-GS1-ALM SDM-GS5-ALM

1 1.00 1.00 1.00 1.00
8 5.54 5.23 4.38 4.78
16 8.89 8.55 6.61 7.07
32 11.69 11.94 8.19 8.89
Lagr. Value |-127.37 -127.37 -127.71 -127.58

No. Proc. | OOQP PIPS-IPM

Speedup for SSLP 10-50-500

SDM-GS1-ALM SDM-GS5-ALM

1 1.00 1.00 1.00 1.00
8 2.64 2.80 6.87 6.95
16 2.70 2.92 12.95 12.84
32 2.98 3.40 21.67 20.98
Lagr. Value | -349.14 -349.14 -349.48 -349.14

Speedup for SSLP 10-50-2000

No. Proc. SDM-GS1-ALM SDM-GS5-ALM
1 1.00 1.00
2 2.34 2.34
4 4.81 4.83
8 9.29 9.25
16 18.69 18.48
32 34.63 35.10
64 60.59 60.93
Lagr. Value -348.35 -347.75

Table 5.1: Comparing speedup

PIPS-IPM for SSLP instances
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and final best Lagrangian bound of SDM-GS-ALM, OOQP and
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Speedup for DCAP 233-500

No. Proc. | OOQP PIPS-IPM SDM-GS1-ALM SDM-GS5-ALM

1 1.00 1.00 1.00 1.00
8 2.44 5.32 6.88 8.11
16 2.81 8.15 13.28 15.65
32 1.63 10.25 23.42 27.40
Lagr. Value | 1736.68 1736.68 1734.99 1736.02

Speedup for DCAP 243-500

No. Proc. | OOQP PIPS-IPM | SDM-GS1-ALM SDM-GS5-ALM

1 1.00 1.00 1.00 1.00
8 2.85 5.71 6.51 7.61
16 3.59 5.85 12.28 14.44
32 1.98 6.44 21.99 25.25
Lagr. Value | 2165.48 2165.50 2162.58 2164.48

Speedup for DCAP 332-500
No. Proc. | OOQP PIPS-IPM | SDM-GS1-ALM SDM-GS5-ALM

1 1.00 1.00 1.00 1.00
8 2.03 5.56 6.83 8.50
16 2.33 5.00 12.84 16.20
32 1.21 6.61 21.83 23.48
Lagr. Value | 1587.44 1587.44 1584.77 1586.11

Speedup for DCAP 342-500
No. Proc. | OOQP PIPS-IPM | SDM-GS1-ALM SDM-GS5-ALM

1 1.00 1.00 1.00 1.00
8 2.45 3.78 7.16 8.25
16 2.71 4.36 12.95 15.49
32 1.84 4.64 22.41 26.93
Lagr. Value | 1902.84 1903.21 1900.81 1901.90

Table 5.2: Comparing speedup and final best Lagrangian bound of SDM-GS-ALM, OOQP and
PIPS-IPM for DCAP instances

SSLP 5-25-100
No. Proc.| O0OQP PIPS-IPM SDM-GS1-ALM SDM-GS5-ALM
1 (8, 6.31) (8, 6.33) (8,3.22) (8,3.32)
8 (8, 1.14) (8, 1.21) (8,0.74) (8,0.69)
16 (8, 0.71) (8, 0.74) (8,0.49) (8,0.47)
32 (8, 0.54) (8, 0.53) (8,0.39) (8,0.37)
SSLP 10-50-500
No. Proc.| OOQP PIPS-IPM SDM-GS1-ALM SDM-GS5-ALM
1 (26, 3301) (22, 2939) (30, 168.80) (29, 171.85)
8 (31, 1252) (24, 1049) (30, 24.58) (29, 24.71)
16 (27, 1224) (28, 1005) (30, 13.04) (30, 13.39)
32 (31, 1106) (27, 865) (30, 7.79) (28, 8.19)
SSLP 10-50-2000
No. Proc. SDM-GS1-ALM SDM-GS5-ALM
1 (20, 840.69) (20, 845.77)
2 (20, 359.63) (20, 361.40)
4 (20, 174.83) (20, 175.03)
8 (20, 90.51) (20, 91.46)
16 (20, 44.98) (20, 45.76)
32 (20, 24.27) (20, 24.09)
64 (20, 13.87) (20, 13.88)

Table 5.3: Comparing iteration count and runtime of SDM-GS-ALM, OOQP and PIPS-IPM for
SSLP instances



DCAP 233-500

No. Proc.| OOQP  PIPS-IPM SDM-GSI-ALM SDM-GS5-ALM

1 (68, 16.15) (66, 12.71) (68, 3.67) (68, 5.21)

8 (68, 6.62) (70, 2.39) (68, 0.53) (68, 0.64)

16 (68,5.75) (73, 1.56) (68, 0.28) (68, 0.33)

32 (68, 9.91) (70, 1.24) (68, 0.16) (68, 0.19)
DCAP 243-500

No. Proc.| OOQP _ PIPS-IPM | SDM-GSI-ALM _SDM-GS5-ALM

1 (57, 14.37) (57, 12.10) (57, 3.72) (57, 5.11)

8 (57, 5.04) (58, 2.12) (57, 0.57) (57, 0.67)

16 (57, 4.00) (59, 2.07) (57, 0.30) (57, 0.35)

32 (57, 7.26) (59, 1.88) (57, 0.17) (57, 0.20)
DCAP 332-500

No. Proc.| OOQP _ PIPS-IPM | SDM-GSI-ALM SDM-GS5-ALM

T (82, 13.51) (80, 9.45) (82, 2.04) (82, 4.85)

8 (82, 6.65) (79, 1.70) (81, 0.43) (82, 0.57)

16 (82, 5.81) (80, 1.89) (81, 0.23) (82, 0.30)

32 |(82,11.20) (77, 1.43) (82, 0.13) (82, 0.21)
DCAP 342-500

No. Proc.| OOQP _ PIPS-IPM | SDM-GSI-ALM SDM-GS5-ALM

1 (59, 14.78) (71, 12.07) (59, 3.80) (59, 5.57)

8 (59, 6.03) (67, 3.19) (59, 0.53) (59, 0.68)

16 (59, 5.46) (56, 2.77) (59, 0.29) (59, 0.36)

32 (59 8.05) (62, 2.60) (59, 0.17) (59, 0.21)
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Table 5.4: Comparing iteration count and runtime of SDM-GS-ALM, OOQP and PIPS-IPM for
DCAP instances
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5.4 Conclusions

The developments in this chapter are motivated by the goal of improving the efficiency of paral-
lelisation applied to iterative approaches for solving the Lagrangian dual problem of large scale
optimization problems. These problems have nonlinear convex differentiable objective f, decom-
posable nonconvex constraint set X, and nondecomposable affine constraint set Qx = z to which
Lagrangian relaxation is applied. Problems of such a form include the split variable extensive form
of mixed-integer linear stochastic programs as a special case. Implicitly, our approach refers to
the convex hull conv(X) of X, and the assumed lack of known description of conv(X) needs to be
addressed. Proximal bundle methods (alternatively in the form of the proximal simplicial decompo-
sition method or stabilized column generation) are well-known for addressing the latter issue. In the
former issue, that of exploiting the large scale structure to apply parallel computation efficiently,
we develop a modified augmented Lagrangian (AL) method with approximate subproblem solutions
that incorporates ideas from the proximal bundle method.

The approximation of subproblem solutions is based on an iterative approach that integrates
ideas from the simplicial decomposition method (SDM) (for constructing inner approximations
of conv(X)) and the nonlinear block Gauss-Seidel method. It is the latter Gauss-Seidel aspect
that is primarily responsible for enhancing the parallel efficiency that is observed in the numerical
experiments. While convergence analysis of the integrated SDM-GS approach may be derived from
slight modifications to results in [20], for the sake of completeness and explicitness, Section 5.2.4
contains a proof of optimal convergence of SDM-GS as it is applied within our algorithm under
a standard set of conditions. A distinction between so-called “serious” steps and “null” steps, in
analogy to the proximal bundle method, is also recovered. Once these aspects are successfully
integrated, then the contribution is complete, where the beneficial stabilization associated with
proximal point methods and the ability to apply parallelisation more efficiently are both realised.
The resulting algorithm developed in this chapter is referred to as SDM-GS-ALM, which has similar
functionality to the alternating direction method of multipliers (ADMM).

We performed numerical tests of two sorts. In Test 1, we examined the impact of varying
the serious step condition parameter. We found that parameterizations that effect more stringent

serious step conditions seem to have the effect of mitigating the early iteration instability due to
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penalty parameters that are too large. At the same time, the more stringent serious step condition
parameterizations seemed to result in slower convergence to dual optimality in the tail-end. As is
the case for proximal bundle methods, information obtained in the serious step condition tests may
be used to beneficially adjust the proximal term penalty coefficient in early iterations.

In Test 2, we examined the efficiency of parallelisation, measured by the speedup ratio, due
to the use of the SDM-GS-ALM, compared versus pre-existing implementations of the proximal
bundle method that use structure exploiting primal dual interior point methods to improve parallel
efficiency. We saw in these results a promising increase in parallel efficiency due to the use of
SDM-GS-ALM, where the increase in parallel efficiency is attributed primarily to the successful
incorporation of Gauss-Seidel iterations. The results of the last problem tested, SSLP 10-50-2000,
additionally suggested a benefit due to the ability of SDM-GS-ALM to distribute not just the
workload, but also the use of memory. The vector of auxiliary variables z is the only substantial
block of data that needs to be stored and modified by all processors. In the context of stochastic
optimization problems, this represents a modest communication bottleneck in proportion to the
number of first-stage variables for two-stage problems, while for multistage problems, the amount
of such data that must be stored by every processor and modified by parallel communication can

increase exponentially with the number of stages.



Chapter 6

Penalty-based Gauss-Seidel Heuristic
Method

6.1 Introduction
6.1.1 Problem Formulation

In this chapter we will develop and demonstrate an algorithm for finding high-quality primal solu-
tions to two-stage stochastic mixed integer linear programs, as represented by (2.4) and repeated

here for reference:

P =mincl'z + Z [psdZ ys]
oY sesS
st.zeX (6.1)
ys € Ys(x) VseS

The sets of feasible first-stage decisions X, and second-stage decisions Y;(z) for scenario s, are

defined as follows:

X :={zeR""xZ| Az < b}
Y;(.I') — {yeRme‘ X 7 | TS.I‘—FWSZ/S < hs}

This notation differs from that of the previous chapters in that the first- and second-stage feasible

sets are separated.

Assumption 6.1 (17 s feasible, the optimal value of (°1F is bounded, and ps, c, ds, A, b, T,

W, and hg are vectors or matrices (as appropriate) of rational numbers.

129
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Similarly to (2.16) we can reformulate this problem using non-anticipativity constraints as fol-

lows:

¢TP = min Zps(chs +dly,)
€s

T,Y,2
S

st.z,e X VselS
(6.2)

ys € Ys(zs) Vse S
rs—2=0 VseS
With the exception of the non-anticipativity constraints x; — 2z = 0 this problem is separable by
scenario s. A natural approach to solving this problem is to relax this constraint in some way so as
to obtain full separability.
Since (%P contains integer variables, applying ordinary Lagrangian relaxation to the non-
anticipativity constraints does not result in strong duality. Under some conditions, strong duality
may be retrieved through augmented Lagrangian relaxation of these constraints. The augmented

Lagrangian corresponding to (%7 is

Lp(wa Y, 2, A) = Z [ps(Csz + dsTys) + AZ(J;S —z) +Pi(xs — Z)] (6.3)
seS

where ) is an appropriate penalty function dependent on the scenario s and penalty parameter p.
The penalty parameter may be a scalar or a vector, depending on the penalty function. A linear
increase in the components of p should result in a linear increase in the value of ¢. The properties
of an ’appropriate’ penalty function, as defined by Feizollahi et al. [37, Assumption 2|, are stated

in Assumption 6.2.

Assumption 6.2 v satisfies the following requirements:
e ) vanishes at zero (i.e. 1(0) =0)
o (u) is strictly positive for all non-zero u.
e 1 is lower semi-continuous.
e 1 1s level-bounded.

o lims o diam{u | Y(u) <} = 0.
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By making the variable substitution w, = ;‘,—z, (6.3) may be rewritten in the simpler form

Lp(ma Y,2,w) = Z [ps(Csz + dsTys + w?(xs —2)) + iz — Z)] . (6.4)
seS
In order to guarantee that the augmented Lagrangian dual problem is bounded the dual feasibility

condition w € Q := {w | Y g ws = 0} must be enforced. Under this condition the Y ¢ psw?z
term is equal to zero and the augmented Lagrangian may be expressed in the form

Lp(wa Y, Z>w) = Zps [(CT + wg)xs + dzys + wﬁ(ﬂfs - Z)] . (6-5>
seS

The corresponding augmented Lagrangian dual function is

CLR+

14 ((.d) Z?ing(m,y,z,w)

1

st.zse X VselS (6.6)

ys € Ys(xs) Vse S

and the corresponding augmented Lagrangian dual problem is:

G = max (1 (w) (6.7)

6.1.2 Conditions for Strong Duality

Under some conditions on the penalty parameter p and augmenting function v, the augmented
Lagrangian dual is strong even when applied to problems with integer variables. For clarity some
results from Feizollahi et al. [37], adapted to the problem structure considered in this chapter, are

stated below.

Theorem 6.1 [37, Theorem 2] Suppose that Assumption 6.1 on (5'F as defined in (6.1) and As-

sumption 6.2 on the penalty function ¢ used in (6.7) hold. Then sup,,. CpLD* = (SIP,

Proof. Apply [37, Theorem 2] to (6.1). m

Theorem 6.1 is theoretically interesting but its practical utility is limited, since it relies on taking
the supremum of the Lagrangian dual over all p > 0. Typically this means that p must go to +o0,
which is computationally infeasible; very large penalty parameters generally lead to intractable
numerical issues.

A more practically useful result may be obtained with more restrictive assumptions on the

penalty function.
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Assumption 6.3 v satisfies the following requirements:
1. ¥(0) =0
2. Y(u) = 0>0,YugV
3. p(u) = Alullw, Vu e V

for some open neighbourhood V' of 0 and positive scalars 6,7~ > 0.

Theorem 6.2 [37, Theorem 5] Suppose that (6.1) satisfies Assumption 6.1. If ¢ : [ [ gR™ — R
is a summed augmenting function (u) 1= >4 ¥5(us) for (6.6) such that ¢ satisfies Assumption
6.3, then there exists a finite penalty parameter p such that ¢}P+ = (M (wpp) = CSTP | for wrp (an

optimal multiplier of the linear programming relaxation of the non-anticipativity conditions).

Proof. Apply [37, Theorem 5] to (6.1). m

Applying Theorem 6.2 to obtain strong duality only requires a finite choice of penalty parameter.
However, the restriction imposed by Assumption 6.3 introduces computational difficulties of its own.
In particular, the third part of Assumption 6.3 implies that v is non-smooth at zero, which means
that we can no longer apply algorithms which require smoothness of the objective function to solve

the minimisation problem in the augmented Lagrangian dual function.

Remark 6.3 One may see with little difficulty that the proof of [37, Theorem 5] does not rely
on the setting of w = wrp. Indeed one can show that for any w € ) there still exists a finite
penalty parameter such that Theorem 6.2 holds true. To see this, considering the notation of [37],
one needs to replace App with a generic (dual feasible) X and (¥ in [37, Theorem 5] with the
Lagrangian dual function (*()\) defined earlier in [37]. Also, adjust the definition of p in [37,

Theorem 5] accordingly.

Feizollahi et al. observed that any norm function satisfies the requirements of Assumption 6.3
and therefore that employing one as an augmenting function would result in strong duality as per
Theorem 6.2. However, the class of norm functions is lacking in flexibility, since deviation from
consensus in each direction is penalised equally. In Section 6.2 a more general class of penalty

functions satisfying Assumption 6.3 will be defined.
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6.2 Penalty Functions derived from Positive Bases
6.2.1 Positive Bases

We will use the concept of a positive basis, sometimes also called a non-negative basis, to define

a more general class of penalty functions than the class of norm functions.

Definition 6.4 A point u € R™ is a positive combination of a set of vectors N = {ny,..., n;} <

R™ if there exists a; = 0 fori=1,...,1 such that u = Zi:l o;n;.

Definition 6.5 A set of vectors N = {n;,..., n;} < R™ is positively independent if for all

ie{l,...,l}, n; is not a positive combination of N\n,.

Definition 6.6 A set of vectors N = {ni,..., n;} < R™ positively spans a set S < R™ if all

points in S are positive combinations of N.

Definition 6.7 A set of vectors N = {ny,..., n;} € R™ is a positive basis for R™ if and only

if N is positively independent and N positively spans R™.

For purposes of brevity define {e;} i—1...m as the standard basis of R™, as follows:

The following sets of vectors are examples of positive bases for R™.

e The vertices of a m-simplex (generalised tetrahedron), centred at the origin.
e The set of vectors {+e;}1"; U {D", —e;}.

e The set of vectors {+e;}™,.

We will require the following result:

Theorem 6.8 (/28, Theorem 3.1]) {ny, ..., n;} positively spans R™ if and only if for every non-zero

u € R™ there exists an index i such that u -n; > 0.
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6.2.2 Generalising the 1-Norm and oo-Norm

The 1-norm and oo-norm are particularly amenable to alternate representations because they are
polyhedral and may be represented as the maxima of a finite number of hyperplanes. These two

norms may be represented using the positive basis {+e;}7, in the following ways.

fule = max {xelu) (63
|ull; = Z max{+e; u,0} + Z max{—e, u, 0} (6.9)
i=1 i=1
or alternatively |ul; = Z max {v; u: v; € {+e;, —¢;}} . (6.10)
i1

The representation of the 1-norm given by (6.10) cannot be generalised to an arbitrary positive basis,
since it is dependent on each basis vector being matched with a negative multiple of itself. The

representations of the oco-norm and 1-norm given by (6.8) and (6.9) respectively may be generalised

to an arbitrary positive basis N = {n;,..., n;} as follows:
Y (u) = {Iiaxl{nl-Tu} and (6.11)
l
N (u) = Zmax{nju, 0}. (6.12)

For a general positive basis NV, these functions are not norms because they are not necessarily abso-
lutely homogeneous. As an illustrative example, the set of one-dimensional vectors N = {(—3), (1)}

is a positive basis for R!, but for u > 0 we have:
Ui ((=1)u) = max{-3(—u), I(~u)} = 3u # u = max —3(u), L(u) = [~1]¥3 (u)
and
VY ((=1)u) = max{—3(—u),0} + max{1(—u),0} = 3u
# u = max{—3(u),0} + max{1(u),0} = |-1|¥] (u)
However, ¢ (u) and ¢ (u) do share some useful properties with norms.

Lemma 6.9 Y (u) and ¥ (u) are positively homogeneous, i.e. (au) = ap(u) for all u and all

a = 0.
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Proof. Since « is non-negative it can be extracted as a constant factor from the maximums, as
follows:

V¥ (qu) = max {an u} = @ max {n u} = anp (u)

1=1,...,0 1=1,...,l

VN (o) Zmax{ozn u,0} = aZmax{n u,0} = av (u)

]
Lemma 6.10 % (u) and ¥ (u) are strictly positive for all non-zero u.

Proof. By Theorem 6.8 at least one n;u term is positive for any non-zero u. Therefore, the
maximisation term in % (u) and at least one of the maximisation terms in ¥1' (u) is always positive
for any non-zero u. Since each of the maximisation terms in 1" (u) is bounded below by zero this

is sufficient to show that both functions are strictly positive for non-zero u. m

Lemma 6.11 2 (u) and ¥ (u) separate points, i.e. P¥(u) = 0 implies u = 0.

Proof. Follows directly from Lemma 6.10 and the observation that ¢ vanishes at zero, i.e. %2 (0) =
WY(0) = 0. m

Lemma 6.12 92 (u) and ¥ (u) are finite valued.

Proof. The maximum or sum of a finite number of finite valued functions is finite valued. =
Lemma 6.13 ¢ (u) and ¢ (u) are sub-additive, i.e. ¥(u) < ¥(u) + ¥(v).

Proof.

Vo (u+v) = max {n] (u+v)} < max {n; (u)} + max {n] (v)} = ¢ (u) + Uz (v)

i=1,...,0 1,..., i=1,...,
l !
Y (u4v) = Z max{n; (u + v), 0} < Z max{n, (u),0} + Z max{n; (v),0} = ¥ (u) + ¥ (v)
i=1 =1
[
Lemma 6.14 ¢ (u) and ¢ (u) are coercive, i.e. ¥(u) — +0 as ||Ju] — +o0.

Proof. Follows directly from positive homogeneity of ¢1' (u) and 3 (u). =
In the next section we will see that this weaker set of properties is sufficient for ¥Y (u) and ¥ (u)

to yield strong duality when employed as Lagrangian dual penalty functions.
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6.2.3 Strong Lagrangian Duality using Norm-like Penalties

The following results demonstrate that ¥ and 1 satisfy the conditions given in Assumption 6.3,

and therefore than when they are employed as penalty functions Theorem 6.2 may be applied.

Lemma 6.15 If two functions 4 : R™ — R and ¢ : R™ — R are positive homogeneous, contin-

uous, and strictly positive for all u # 0 then there exists a finite v > 0 such that
Ya(u) =yp(u)  for all ue R™.

Proof. Since they are positive homogeneous, 14 and p vanish at zero and so the required
property trivially holds with equality at u = 0. To obtain the required inequality for nonzero u, set
V ={u: ||lu|]| = 1} (where || - || is any norm) and take o = mingey ¥4(u) and 8 = max,ey ¥p(u).
Since 14 and Y5 are continuous and defined on the closed and bounded set V', by the Extreme Value
Theorem these extrema exist and are attained by their respective functions. Since these functions
are strictly positive and finite valued on V', and they attain their extrema, o and 3 both strictly
positive and finite.

For any point u € R™\{0}, ||ul|| is strictly positive and the point may is in V. Therefore, by the
positive homogeneity of ¥ 4(u) and ¥ (u) we have

$a(w) = |Jullia (i) > alful

[Jul]

and
U

Bllull > llulls ( ) ~ U ().

Let v = a/f. Since o and § are strictly positive and finite, v is also strictly positive and finite.

]

The required inequality follows:

Yau) = allul| = %BHUH = B[ul| = s (u).

Proposition 6.16 For any positive basis N, the augmenting functions % and ¥ given in (6.11)

and (6.12) respectively satisfy the conditions given in Assumption 6.3.
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Proof. Let V = B¥(0) be an open ball in the infinity norm with radius e > 0 centred at the
origin. This is an appropriate open neighbourhood of 0 for the purposes of Conditions 2 and 3 of
Assumption 6.3.

Condition 1: (0) = 0.
If u =0 then n/u = 0 and therefore ¥Y (u) = 0 and ¥ (u) = 0, as required.

Condition 2: ¢(u) =6 > 0,Yu ¢ V for some positive scalar 0.
Using Theorem 6.8, for any u # 0 we have some ¢ such that n]u > 0 and hence ¥2 (u) > 0. Now

define

§ = min{.lgaxl{nju} | |ulleo =€} >0, (6.13)

where § > 0 follows from the compactness of the e- ball, the continuity of u — max;—y l{n?u},
and Theorem 6.8. For any u ¢ V, the point v := sm is in V and hence ¥¥ (v) = § > 0. Using the

positive homogeneity property we have

=y (1) 2 0> 0

and so ¥ (u) = o= > 5 > 0,

using the fact that v ¢ V means |ul| = . This is the required inequality for 7.
g q q y %

Apply Lemma 6.15 to deduce that there exists a n > 0 such that:
N (w) = g () = nd > 0 for all u ¢ V.

nd is also a positive scalar and so this is the required inequality for Y.
Condition 3: ¢(u) = v||ul|w, Yu € V for some positive scalar .
The property holds trivially for « = 0. For any u € V\{0}, the point v := eqyy s in V and using

the same § as defined in (6.13) we have
mwg(u) =>0>0

andso ¢ (u) = 6142 > 2, >0,

£

and so we may place v := g > (. This is the required inequality for 2.

As above, apply Lemma 6.15 to deduce that there exists a n > 0 such that:

N () = Y (u) = ny|ufe > 0.
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ny is also a positive scalar and so this is the required inequality for ¥. m

Corollary 6.17 Suppose that (517 (as defined in (6.1)) satisfies Assumption 6.1, and that the
penalty function 1 appearing in Z§R+ (w) and CPLD+ (as defined in (6.6) and (6.7) respectively) has

the form of (6.11) or (6.12). Then, for each w € ), there is a finite p > 0 for which we have

CIJ):D+ _ Z£R+(w) _ CSIP (6.14)

Proof. Equalities (6.14) follow directly from Theorem 6.2, Remark 6.3, and Proposition 6.16. =

This result may be generalised to an even wider class of penalty functions.
Remark 6.18 Consider a positive basis N = {ny,...,n;} and the functions
gi(v) := max{n; u,0}.

Fach function g;(u) is non-negative, positive homogeneous and finite valued, and these properties
are preserved if multiple g;s are summed, or their mazimum is taken. By Theorem 6.8, for any
non-zero u there exists an index i € {1,...,1} such that g;(u) is strictly positive. Therefore, if every
one of the g; functions is combined using a combination of summation and/or mazimisation, the
resulting function g(u) will be strictly positive for all non-zero w. Applying Lemma 6.15 to bound g
below by a positive multiple of ¥ (as N was treated in Proposition 6.16) shows that this function
g(u) satisfies the conditions of Assumption 6.3, and as such will close the duality gap if used as an

augmenting function (as per Corollary 6.17).

Remark 6.19 By using the positive basis {+e;}I", U{> /-, —e;} or similar to define an augmenting
function, we can obtain penalty terms analogous to the Lagrangian terms obtained through surrogate

semi-Lagrangian relazation (see Section 2.2.2).

6.2.4 Defining an Appropriate Penalty Function for SIP

Section 6.2.3 provides us with a large class of viable penalty functions for achieving strong duality
using the augmented Lagrangian dual (6.7). The task remains to actually choose a penalty function
(or clearly defined subclass of penalty functions) which is specifically appropriate for two-stage SIP
problems.

The choice of penalty function is motivated by the following criteria:
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e The penalty function should have the flexibility to penalise deviation of each variable from
consensus to varying degrees, in reaction to the impositions placed upon each variable by the
outcome scenarios. A single variable’s deviation from consensus in the positive and negative

directions should also be separately variable.

e As we do not assume any information about the relationship between the first-stage variables,
it is more appropriate to penalise each variable for deviation from consensus individually,
rather than link multiple variables together in a single penalty term. This implies that we
should choose a positive basis composed of vectors with one non-zero component each, so that
each basis vector (and thus each penalty term) relates to only one variable. This criteria for
the penalty function should be revisited when designing a penalty function and associated

algorithm to solve a specific SIP instance or instance class.

e In particular, the x, variables which correspond to different scenarios should be penalised

separately, to minimise computational difficulty.

These criteria naturally lead to the definition of a penalty function which penalises each variable
linearly for deviation from consensus in the positive or negative direction, with the degree of pe-
nalisation for each variable in each direction controlled by its own penalty parameter. This penalty
function is formalised as follows.

Given a vector u := (us)ses € | [,cg R™* representing the deviation of each first-stage variable

from the consensus, we define for each scenario s the penalty function

PL(us) = BST[US]_ + ﬁsT[_US]_a

where p = (p_, D,)ses € Ri’g’”‘s‘ and [v]” := —min{0, v} (performed component wise), where in this

case v € R™. The definition of the overall penalty function ¢ is the sum of the scenario-specific
penalty functions over all scenarios, as follows:
V() = Y s(us) = D p! [us]™ + )5y [~u] (6.15)
ses ses ses

This penalty function has the same form as ¥ (u) (as defined in (6.12)) with the positive basis

N, =Py iCiv(s—1m, | s €S0 € {l,... ,n.}} U {_Bs,i6i+(571)n1 | se S,ie{l,...,n.}}



140

Substituting this penalty function into the augmented Lagrangian corresponding to the problem of
interest (6.5) we obtain

Ly, y,2,0) = 3 [pul( + WD)z, + dly) + g7l — o) + 9]l -l | (610
seS

As stated in Remark 6.3, for any given w there exists a penalty parameter p > 0 such that (77 =
C/’):RJ” (w). In particular, for purposes of simplicity we can set w = 0 and therefore obtain the

following representation of (/¥ for some p:

¢STP — minz ps(chag +dlys) + Z plws — 2] + Zﬁ;r[z — 4]
Y seS seS - seS

st.z;e X VselS (6.17)

ys € Ys(xs) Vse S

The only terms which are non-separable in this formulation are the z terms in the objective. In the
next section we will develop a Gauss-Seidel based approach which solves this optimisation problem

for  and y with z held constant (and vice versa) which circumvents this difficulty.

6.3 Algorithm Design and Theory

6.3.1 Block Gauss-Seidel Method

The block Gauss-Seidel optimisation approach applies to optimisation problems of the form
min {f(z,y) |z X,y e Y} (6.18)

where the objective function f is convex and the feasible sets X and Y are closed. The important
feature of this formulation is that the variables are split into two distinct groups. Our problem of
interest (6.17) can be placed in this form by separating the (z,y) and the z variables.

The basic principle of block Gauss-Seidel methods is to separate this optimisation problem into
two simpler subproblems, optimising over x and y separately while holding the other set of variables

constant:

min{f(z,9) | z € X} (6.19)
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for some y € Y and

min {f(z,y) | y € Y} (6.20)

for some z € X. There is obviously no guarantee that for any given ¢y the optimal decision = of
(6.19) will be an optimal, or even good, decision with respect to (6.18). The same applies to (6.20).
To achieve a useful result, Gauss-Seidel methods alternate between optimising with respect to

r and y. Starting at an initial point (2°,4°), at each iteration k the method minimises over x while

holding y = y*~! constant, finding an optimal point z*¥. The method then minimises over y while

holding z = 2* constant, finding an optimal point y*. Since we are carrying out a minimisation at

each step, the inequality
FE =y Y = fab g = fah ")

holds for all k, meaning the decision (z*,y*) found in each iteration is guaranteed to be no worse

than the previous decision (2%, y*~1). This basic framework is formalised in Algorithm 6.1.

Algorithm 6.1 A block GS method
. initialise (2°,y°) e X x Y
s for k=1,..., kpna do
a¥ « argmin, {f(z,y* 1) |2z e X}

1
2
3:
4: y* «— argmin, {fz*,y) |yeY}
5
6
7

k—k+1
. end for
. return (ghmex (Fmax)

The sequence of decisions {(xk, yk)} generated by Algorithm 6.1 has limit points if X and Y are
compact. Furthermore, if f is continuous and bounded from below the following proposition may

be applied.

Proposition 6.20 For problem (6.18), let f be continuous and bounded from below, and let X and
Z be compact. Then the limit points (z*,y*) of the sequence {(a*,y*)} generated by iterations of

Algorithm 6.1 are partial minima, i.e. they satisfy the following conditions:
f@*y*) < flz,y*) VeeX (6.21)

fa®y*) < fla*y) VyeY (6.22)
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Proof. We have by construction that f(2*, y*) < f(2*,y) for all y € Y, and (6.22) follows directly
from the continuity of f. To establish (6.21), assume for sake of contradiction that there is an
z € X for which f(z* y*) > f(Z,y*). Due to the continuity of f, we have, for some infinite
subsequence index set K such that limy_e ke (2%, ¥*) = (z*,y*), the existence of v > 0 such that
fa®, ") = f(Z,y%) > v > 0. Thus, f(z*,9%) > f(Z,4") + v = f@*0F) +9 = f@ 05 + 9,
which would imply that limg . f(2*,y*) = —oco since K is an infinite index set and f(a*,y*)
is monotonically non-increasing in the original sequence, so that f is unbounded from below, a
contradiction. Therefore, (z*,y*) must be a partial minimum for problem (6.18). =

If f is convex, differentiable and inf-compact, and X and Y are non-empty, closed and convex,
the limit points of Algorithm 6.1 are optimal for (6.18) (see, for example, [12, 49, 108]). However,
these conditions do not hold for our reformulation of ¢5”) since the [-]~ terms in the objective
of (6.17) are non-differentiable and the integrality constraints on x and y mean that their feasible
regions are non-convex. When these conditions do not hold, the partial minima found as limit
points of Algorithm 6.1 may be neither global nor even local minima of the problem.

The following examples illustrate the details of this problem and yield some insight into what
measures may be taken (particularly with relation to the penalty parameter p) to reduce its impact
on solution quality.

Examples:

1. Let problem (6.18) be specified so that f(z,y) : R x R +— R is defined to be f(z,y) =
72 + 102y + Ty?, and let X =Y = {-2,—-1,0,1,2}. For (2°,¢°) = (2, —2), the application of
Algorithm 6.1 leads immediately to the one limit point (&, ) = (1, —1). We have f(1,—1) = 4,
but f(0,0) = 0, so (z,y) = (1,—1) is not optimal. Note here that f is convex and continuously
differentiable, but the constraint set X x Y is nonconvex due to the integer restriction, and

this is the reason that the limit point was not guaranteed to be optimal.

2. Let problem (6.18) be specified so that f(x,y) : R x R — R is defined to be f(z,y) =
—2x —y+plr—yl, X = [-2,3], and Y = [0,5]. Observe that plx —y| is in effect a
penalty term which penalises infeasibility with respect to the constraint = = y. For p € [0, 1),
the optimal solution is (z*,y*) = (3,5). For p = 1, the optimal solutions are taken from

(x*,y*) € {3} x [3,5], and for p > 1, the optimal solution is (z*, y*) = (3, 3).
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(a) When applying the GS approach of Algorithm 6.1 with p € (0, 1), the resulting sequence
stabilises after one iteration at the optimum (z*,y*) = (3,5) for any feasible starting
point.

(b) For p = 1 with 2y > 3, we have after half an iteration (x',4°) = (3,4°) which is an
optimum solution, and the remaining updates stay at some optimal solution (z*,y*) €
{3} x [3,5]. For p =1 with starting point 3° < 3, we have ! = 3 and y' € [3, 5] and so
stabilisation at an optimal solution also occurs.

(c) For p > 1 with y° > 3, we have (z!,y') = (3,3), which is optimal. However, for p > 1
with ¢° < 3, we have 2! = y° and y' = 3/°, so that stabilisation occurs at (z,7) = (3°,4°),

which is not optimal.

3. Let problem (6.18) be specified so that f(x,y) : R® x R? x R3 — R is defined to be

f(,y) = 2x10 — w19 — 2213 — 2291 — 1299 + 2293 + p Z Z |i; — sl
i=12j=123

and let X and Y be defined so that

3
Y = {(x)”Zx” <lfori=1,2; z;;€{0,1} fori=1,2, j = 1,2,3},
j=1

and Z = {0,1}". For p — oo (simulating the enforcement of constraints z;; = y; for i = 1,2

and j = 1,2,3) we have the optimal solution

(z*,y*) = ([(0,1,0),(0,1,0)],0,1,0).

If such constraints are altogether ignored (p = 0), then the optimal z-component is z* =
((0,0,1),(1,0,0)). This behaviour would only change at the threshold p = 1. For p > 1, the
optimal solution would be (z*,y*) = ([(0,1,0),(0,1,0)], (0, 1,0)).

(a) Now we consider what happens when the GS approach of Algorithm 6.1 is applied. Let
y° = (0,0,0). Starting with a small penalty such as p = 0.5, we have

' =((0,0,1),(1,0,0)) and '€ {(0,0,0),(0,0,1),(1,0,0),(1,0,1)},

where there is more than one way to choose y'. If, for example, we make it a policy to

choose y by some bitwise lexicographical rule, then we choose y' = (0,0,0). Keeping
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kb — 2! and

this same penalty p = 0.5, we find that stabilisation has occurred, where z
y* = y! for k > 1. If we increase the penalty value to p = 2 for iteration k£ = 2, then
we have the stabilisation z! = ((0,0,0), (0,0,0)) and y* = (0,0, 0), which is suboptimal
(and p = 2 is the threshold for this change in stabilisation to occur).

If, instead, the y update is chosen by a reverse-lexicographic rule, so that y' = (1,0, 1),

then we have immediate stabilisation with

(zkayk) = ((07 0, 1)7 (17 0, 0)7 (17 0, 1))

for all £ > 1 for all p > 0. (Notice that no matter how large the penalty is, consensus
is not achieved in the GS setting. That is, without additional restriction on how y
is updated, the optimal y update may be chosen to always correspond to a consensus
solution that is infeasible for both scenarios. In practice, we would need a rule to insure
that the y update is chosen to satisfy ij:l y; < 1 to match with the constraints in the

x update subproblems.)

The shortcomings of the above GS approach motivate the introduction of more precision
in how the consensus discrepancies are penalised, where f is redefined to be
flx,y) =2w11 — 1wy 9 — 2213 — 2091 — Lo + 2293 + Z Z Pij |Tij =yl -
i=1,25=123
That is, instead of one scalar p, we have term-specific p; ; > 0 for each ¢ = 1,2 and
j =1,2,3. We start as before with y° = (0,0,0), and let p; ; = 0.5 for each i = 1,2 and

j =1,2,3. Assuming lexicographic rule in choosing y, we have as before
z' =((0,0,1),(1,0,0)) and y'=(0,0,0),

and this is stable if the penalty does not change. Now increase p;3 = p2; = 1, and we
have

2* = ((0,0,1),(1,0,0)) and 9*=(1,0,1),

and this is stable if the penalty does not change. Increasing p;; = p23 = 1, we have
again

2 = ((0,0,1),(1,0,0)) and *=(0,0,0),
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and this is stable. But once we again increase p; 3 = p21 = 2, we have
z* = ((0,1,0),(0,1,0)) and y*=(0,1,0),
which is optimal for the original problem.

Example 2 illustrates the trade-off inherent in choosing the penalty parameter. If a large p
is chosen, the non-differentiable terms in the objective function become dominant and the block
Gauss-Seidel method does not converge to the optimal decision for (6.18). This is dependent on
the initial point chosen; even if p is large we may still obtain convergence to the optimal point if
our initial point was chosen well. This problem is averted for a smaller choice of p, but the optimal
decision for the resulting problem may be infeasible with respect to the constraints relaxed by the
penalty term (in the context of SIP, these are the non-anticipativity constraints).

Example 3 further demonstrates that there may in fact be no viable choice of a single p which
avoids both of these problems. Part (b) of Example 3 suggests a possible solution; if the p parameter
(which multiplies each penalty term) is divided into a separate penalty parameter for each constraint,
then each component of p may be set only as large as is necessary to ensure that the final optimal
solution respects the relaxed constraint, which gives us the best possible chance to avoid sub-optimal
convergence of the block Gauss-Seidel method.

In practice it is unlikely to be clear a priori which of the relaxed constraints should be penalised
to a greater or lesser degree, in which case it will be necessary to modify the penalty parameters
in the course of the algorithm. The algorithm presented in the following sections takes the natural
approach of starting with small penalty parameters, then dynamically increasing them in an attempt
to enforce feasibility with respect to the relaxed constraints. This has the additional benefit of
providing the block Gauss-Seidel method with a reasonable starting point (based on optimising
with a small penalty parameter) with which to approach the more difficult problem (with a large

penalty parameter, and hence a sharper non-differentiable point).

6.3.2 Formalising a block Gauss-Seidel method for SIP

In this section we will examine how a block Gauss-Seidel type method can be used to obtain solutions
for SIP problems, in the form of (6.17). The central motivation is to separate the minimisation

over z from the minimisation over x and y so that the latter minimisation problem is separable.
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For purposes of simplicity let

& (,y,2,0) = D 0T Ys, 2, ps),

ses
where
s, Yo, 2, ps) 1= Pa(wg + dlys) + Y pl s — 2]+ D Bl [z — a7
ses seS
¢5TP may now be written in the form

CSIP = min Z ¢§($57 Ys, 2, ps)
€S

T,Y,z
S

st.z,e X Vsel (6.23)

ys € Ys(xs) Vse S

For a given p* = (Bf’ 7%)ses and an initial 2%, the proposed method will iterate between the solution

of the following [ = 0,1, ..., . subproblems:

(xk,lﬂ’ yk’Hl)seS «— argmin ¢p(l’, Y, zk:l, Pk)
$7y

st zse X, Vse S (6.24)
ys € Y(xy), Vs € S,

and

Shil+1 g+

— argmin ¢*( y Tz ), (6.25)

z
followed by [ «— [ + 1 and successive repetition until partial convergence is approximately achieved,
ie.
(bp(ick’l,yk’l, Zk’l,pk) . ¢p(£l}k’l+1,yk’Hl,zk’Hl,pk) <e

given a threshold € > 0.

kL2
5, 1s not

If the current primal infeasibility level, given by a residual measure such as ||z — 2

1 and the process is

acceptable for a e threshold, the set of penalties p* are then updated to pF+
repeated for iteration k + 1.
Note that the (z,y)-update step depicted in (6.24) is fully separable by scenario, since the z

term is held constant.
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The remaining problems are to recast the objective function ¢*(z,vy, z, p) (particularly the [-]
terms) in a form amenable to conventional MILP solvers, and to clarify the form of the z update

step. To accomplish the first, we consider an equivalent reformulation of the problem given by

min py(c’ xs+qsys)+p w +,08 W,

7y7w w

strw, =20, w, > P

ws =0, W = x4 — Rt

zs€ X, ys€Yi(zy).

The calculation of
Zk:7l+1 c argmin ¢p($k,l+1’yk’,l+l7z7pk) (626)

z

may be performed by computing

1 k,l+1
s

€ argmin ®”(z ", z, pb),

z

where the penalty function (z, z) — ®”(z, z, p) is defined by

plles— 21" + 7l — 7).

O (z,2,p) ==V’ ((xs — 2)ses) = Z (

seS

The last displayed problem can be solved using the following equivalent mathematical programming

formulation:

CI)p(xk’Hl,zk’Hl’pk) — min Z )T@S
Z’LU'LU SeS
st:w, >0, VseS, w,=z—a""" vses (6.27)

We =0, Vse S, w,=a" -2 Vses.

When the x components are all restricted to take binary values, it is possible to show that the

kl+1 kl+1

calculation of z can be performed in the following closed form where each component of z

always takes binary value. In that case, its optimal solution is given by

: g+ A
7 if ZSGS( - i )10 < ZseS ’ p];
= Lo, if Dees(l— xk l+1),0 > s xklﬂﬁﬁf yi=1,...,ng. (6.28)

either 0 or 1, otherwise

The cases in which we have a tie might require “flipping a coin” for deciding on the value for z%*+1,

as it becomes a case of multiple minima. The existence of multiple minima can be better understood
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from the following explicit form of the solution for the general case given in Proposition 6.21, from
which (6.28) is a special case. In the following proposition, we assume Z is a closed convex set, so

that no explicit integrality constraints are enforced.

Proposition 6.21 Suppose a set of scenario dependent solutions (zs)ses, where s = (Ts;)i1,. ny»

are given and z 1= (2;)i=1,. n,. For each i€ {1,...,n,} define
I (z) = {s€S|xs;> 2z}
I (z) = {seS|xs; <z}
I°(z) = {seS|x.,; =2}

Then z; solves problem (6.26) given fized (xs)ses if and only if

D0 Paim Dy L€ D P D Pl (6.29)

selt(z;) sel—(z;) seI0(z;) s€I0(2;)

defining the right-hand side to be {0} if I° is empty; this situation will only arise for small p.

Proof. The index s term of the penalty function ®” may be written as

D2 ((24)ses, 2, p) 1= Z Z Psimax{0, xs; — 2z} + Z p, ,max{0, z; — xs;}
=1 | sel*(z;) sel—(z;) 7
As this is separable in the variables (21, ..., z,,), its subdifferential is defined as the cross product

of intervals, one for each component 7. Thus, the necessary and sufficient condition

Oe 6@@(($s)ses> 2 p)a

can be equivalently stated as

0e 522.‘1)5((563)%57 Zi, p)7

for each ¢ = 1,...,n,, which is given by:
Oe Z Bs,i_ Z pS’L_I_ Z [ psz’ ]
sel—(z;) selt(z;) seI0(z;)
- Z —sz Z psz Z ps“ Z —sL,z
sel—(z;) selt(z;) S€I9(z;) s€l0(z;)

which in turn is equivalent to (6.29). m
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Remark 6.22 In practice I° is always non-empty; if we consider the formulation in 6.27 it is clear

that any solution where z; # xs, 1 for all © cannot be optimal since

We now consider how to update the penalty parameters p*. A simple strategy is

pk+1 _ Bff X 7[3[;1;,1 _ Zk,l]f

—S

Pt gl et

for some positive 7. By doing so, we are reinforcing the penalties associated with the respective

discrepancies. Recalling that [v]~ := —min{0, v}, we have namely that for each ¢ = 1,... ny:
k kil okl e kil kil
S Lot Yz —wgy),  if gy <z
Poi =3 & okl kil
J if 20 = 2

s k,l

EX)

T PR (G N E
ﬁ’;,iv if szyl =T
Remark 6.23 The update in p**1 has the effect of changing the left hand side of (6.29) at the next

iteration by the amount:

el IV TR AR MR O (630

SElt(2F) sel—(2F)

for each i = 1,... ,n,. If the addition of this factor ensures the sum in left hand side of (6.29)

at iteration k + 1 exits the interval [— ZSGIO(ZZ_)ﬁsvi,zselo(mgsi] associated with the prior choice
k

of 2F = :cfl then we would be forced to choose new consensus values z; in order to re-establish
the satisfaction of the optimality condition (6.29). In doing so, a reassignment of the index sets
I (2F), I(2F), and I°(2F) is effected. As intuition would suggest, the optimality condition (6.29)
is more easily satisfied when s € I°(zF) for large Py and pg,;, as this makes the target interval

[_ ZSEIO(zi) Psis ZseIO(zi) B&i] larger.

To effect a gradual increase in the terms AF in an attempt to improve convergence with the
satisfaction of the non-anticipativity condition, we considered an increasing multiplier factor to *

given by B*#~D — 1 (where B € (1,2] to keep penalty growth at a reasonable rate and (k — 1)
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represents an exponent and not an iteration index). In other words, we consider the objective at a

given iteration k£ as being

F (g, s, 2, w) 1= D psleTmg + gy + (BEY 1) [ D pl s — 27 + D50 [z — ™
seS seS seS

These observations culminate in the Penalty-based block Gauss-Seidel (PBGS) method presented
in Algorithm 6.2.

Algorithm 6.2 Penalty-based block Gauss-Seidel (PGBS) method for SIP

0 =0y 20
) P >7Z 767’7aﬁ7lmaxakmax

1: initialise p° = (p
2: for se S do

3: 19 — argmin, , {¢""(zs, s, 2%, ") 1 25 € X, ys € Ys(24)}
4: end for

5. for k=1,..., kya do

6: l.k,O - i,kfl

7 Zk,O - gk—l

8 for [ =1,...,l,. do

9: for se S do

10: (zbl ykl) — argmin, , {¢#F(z,, ys, 200, pF) t 1 € Xy, € Vi(no)}
11: end for

12: P argmin, ¢PF (2 YRl 2, p")

13: T ok (ghl=1 yRl=l hI=1 oy gk (ghl yhl okL ok
14: if I'<e or [ =I,,x then

15: (zF, g%) « (a8 B for all s€ S

16: 2F e okl

17: break

18: end if

19: [—1+1
20: end for
21:  if ||2* — 2¥]|2 <€ or k = kp., then
22: return ((2%, §%) s, 2%)
23: else
24: pf=pt il — 2] forall se S
25: pr=ptt [k — 2k forall se S
26: end if

27: k—k+1
28: end for
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6.4 Computational Results
6.4.1 Preliminary Information

The SIP instance classes selected for testing the capabilities of Algorithm 6.2 are the CAP [15],
DCAP [4] and SSLP [92] problem classes (see Section 2.4.2 for more details). Since Algorithm 6.2
is a heuristic with potentially high sensitivity to changes in the problem data, sets of 50 instances
were taken from two problems from each class so as to more reliably evaluate its potential. The

specific test problems from each class are:

e CAP101 and CAP111, with 100 scenarios sampled from the 5000 scenarios available.
e DCAP233 and DCAP342, with 100 scenarios sampled from the 500 scenarios available.

e SSLP5-50 and SSLP10-50, with 100 scenarios generated as per [92].

The Progressive Hedging algorithm (see Section 2.5.1) was also used to solve these problems
as a point of comparison with an existing heuristic for calculating primal solutions of SIPs. An
important point to note is that the Progressive Hedging algorithm uses the squared 2-norm as
a penalty function, and hence its subproblems are quadratic integer programs. Since the block
Gauss-Seidel based method presented here only requires linear integer programs to be solved, its
subproblems could be expected to be computationally easier. However, due to the other differing
characteristics of the two algorithms this does not suffice as a comparison of their merits.

Another advantage of PGBS in the context of SIP problems is that z%/*1 (computed in Line 12)
frequently satisfies the integrality constraints of the problem. By comparison, the z consensus values
computed in PH by averaging the first-stage variables tend to be non-integer. When the first-stage

ki+1 s especially prone to

variables are binary, the PH averaging computation of the consensus z
producing many non-integer components which can lead to episodic cycling in binary values set in
the assignment of scenario specific variables.

One important difference between PGBS and PH is that in PGBS we do not update the dual
variables w. In principle it would be possible to incorporate a dual variable update in PGBS.

However, preliminary experiments with the subgradient method to update the dual solutions w did

not provide significant improvement in the PGBS performance. It seems likely that this observation
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is related to the asymmetrical way we update the penalty terms which, in effect, subsumes the role
usually taken by the linear multiplier term. Consequently, in Algorithm 6.2 we use w = 0 and do
not update the dual solutions.

In the PGBS experiments, the parameters were chosen from 3 € {1.11,1.25}, and v € {0.50°, p"}.
Three different initial values for p° were used in both the PGBS and PH experiments; these were cho-
sen individually to suit each problem class. In the Progressive Hedging algorithm, dual multipliers
were initialised as 0.

As the CAP and SSLP problems have pure binary first-stage variables, we used (6.28) to perform
the z-update in PGBS (Line 12 of Algorithm 6.2). For DCAP, we relied on solving (6.27) explicitly.

A time limit of 1000 seconds and termination condition of e = 10~3 was used for both methods.
A total of 300 (3 x 2 x 50) instances were solved with three parameters choices for PH (different
choices of p°) and 12 combinations of parameter choices for PBGS (different choices of p°; 3, and
7). Parameters p® were set based on early experiments (in case of CAP) and considering values
known to be (near) optimal from other studies that have applied PH to instances of these problems
(in case of DCAP and SSLP, e.g., [50] and [45]).

All methods have been implemented using AIMMS 4.14 and subproblems have been solved using
CPLEX 12.6.2 with its standard configurations.

6.4.2 Numerical Results

A summary of the computational results is presented in Figures 6.1 to 6.3, which depicts the average
computational time and objective value difference for the 50 instances considered for both PH and
PBGS in all parameter settings that have been tested.

The blue bars indicate the average wall clock times for both methods. The instances in which
PH terminated due to the time limit of 1000s have been removed from the average calculations,
these being treated as outliers. The green line shows the average objective value relative difference,

which is calculated as

Y

N .
iz ppcs — Cmr
N Gy

where (bpag and Chyy are the objective function values obtained for the solutions returned by PBGS

and PH for instance i, respectively, and N is the total number of instances considered for average
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value calculations. To obtain (%pne and Chyy, we used the last solution returned by both methods

and evaluated it a posteriori. For the cases in which PH returned solutions that were infeasible in
regard to integrality restrictions (typically those obtained when the algorithm stopped due to the

time criterion), rounding has been performed to recover a feasible solution to be evaluated when

applicable.
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For the CAP instances, all configurations tested with PBGS and PH presented similar values

for the objective function, and in most configurations PBGS presented better performance in terms

of computational time.

For the DCAP instances, in all cases PH terminated due to the time
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limit of 1000 seconds. For these problems, a comparison in terms of objective function shows that
the differences between the objective function value of the solutions found by PGBS and PH are
more pronounced. A similar behaviour can be observed in the SSLP instances, in which PBGS
outperforms PH in terms of solution times in most cases while providing solutions that are, in the
worst case, 0.5% worse for SSLP5-50 and 5% worse for SSLP10-50. Overall, PBGS seems to be able

to obtain comparably good solutions however presenting more reliable convergence behaviour.
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6.5 Conclusions

This chapter has explored an alternative approach for solving stochastic mixed-integer problems
based on the combination of penalty-based and block Gauss-Seidel methods. The motivation for
this method arises from recently developed theoretical results which encourage the use of non-smooth
penalties within Lagrangian-based methods.

The computational experiments detailed in Section 6.4 suggest that there is potential for ex-
ploiting this framework as the resulting algorithm is competitive with contemporary methods in
terms of computational efficiency. Similarly to Progressive Hedging, the methodology developed
here is easily amenable to both parallel computation and multi-stage SIP problems. It can also po-
tentially benefit from many modern enhancements for PH available in literature, such as improved
techniques to set values for p [112] and scenario aggregation techniques [27, 45].

Further developments of this research can be separated into two classes. From a theoretical

Percentage difference
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perspective, suitable alternative extensions of the block Gauss-Seidel approach into non-smooth
non-separable problems are worth investigation. A better understanding of how to fine-tune the
updates of the penalty coefficients would improve the likelihood (or perhaps even guarantee!) that
the block Gauss-Seidel iterations do not display suboptimal stationarity. This would improve the
trend of the objective values computed by the main algorithm. In terms of practical considerations,
it would be of interest to evaluate the performance of the proposed approach with alternative
versions of PH that rely on heuristically improved ways of setting the penalty parameter p to
provide a more broad comparison of performance between the two algorithms. It would be also
of interest to evaluate the performance of the proposed approach in contexts other than SIPs, its
extension to the multi-stage case, and compare its performance with other algorithms that are
tailored to problems of similar structure, such as presented in [2], for example.

It is noteworthy that the PBGS algorithm is not theoretically guaranteed to converge to even
a feasible point (although when applied to our test problems it appears to do so invariably). A
modified version of the PBGS algorithm which is guaranteed to produce a feasible point for a

subclass of SIP is presented in the next chapter.



Chapter 7

Theoretical Extension for the
Penalty-based Gauss-Seidel Method

7.1 Introduction
7.1.1 Problem Formulation

In this chapter we will propose a modified version of the penalty-based Gauss-Seidel method of
Chapter 6 with stronger theoretical properties for certain sub-classes of Stochastic Integer Programs.
In particular we will show that the modified algorithm always converges to a feasible point. To

simplify proof construction later in this section we will use a slightly modified non-anticipativity

constraint formulation:

st.z;e X VseS
ys € Yy(xs) Vse S (7.1)
z—xs=0 VseS
ws—ys =0 VseSs

As in Chapter 6 we have
X :={zeR""xZ!| Az < b}

Yi(z) = {y eER™ " X Z" | Tsx + Wy, < hs}

and we make the following assumption on ¢°/F throughout:

156
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Assumption 7.1 (%P is feasible, the optimal value of (5’ is bounded, and ps, c, ds, A, b, T,

W, and hg are vectors or matrices (as appropriate) of rational numbers.

This formulation has one important distinction from those used in previous chapters; non-anticipativity
variables ¥y := ¥1,...,ys and constraints ys; — ys = 0 are added for the second stage. Since the
second-stage non-anticipativity variables are independent for each outcome scenario and otherwise
unconstrained, the non-anticipativity constraints s —ys = 0 have no practical effect on the feasibil-
ity of the second-stage decisions y,. The advantage of this formulation is that the first- and second-
stage variables are represented in a consistent manner. Note that in a multi-stage SIP formulation
all stages except the last have active non-anticipativity constraints, so this change in notation is
particularly well suited to generalising results for two-stage SIPs to the multi-stage case.

Define Z,, and R, as the index sets of first-stage integer and continuous variables respectively.
Similarly, define Z, and R, as the index sets of second-stage integer and continuous variables
respectively. We can then write (z,y) = ((xzz,a:Rz> , (yzy,yny)> without loss of generality by
reordering the components of x and y.

Many of the results in this chapter will require the first-stage variables to be pure integer i.e.
|Z.| = r =m and R, = . This is a significant restriction on the subclasses of SIP which those
results can be applied to.

Define

Ky ={(z,y) eR"IXZIxR™" " xZ" |z e X,y € Yy(z)}.

Condition 7.1 K is a non-empty set of feasible decisions constructed with linear constraints and

integrality constraints on the x5 and ys variables. This also implies that it is closed.
Condition 7.2 The optimal value of the SIP minimisation problem is bounded from below.

Condition 7.3 The set of constraints in K, which act on only the first-stage decision variables is

identical for all s € S.

Condition 7.4 The SIP model has relatively complete recourse i.e. for all scenarios s € S, if a
first-stage decision x satisfies all constraints in K, which act on only the first-stage decision variables

(i.e. x € X ), a second-stage decision ys exists which satisfies

(x,ys) € K.
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CSIP

The augmented Lagrangian dual problem corresponding to with penalty function ¢,(u) :=

Dses ¥y(u) and penalty parameter p is:
LD+ ._ LR
G = SUb ¢ (7.2)

where

G = min {3 p [T, + dlys + A (2 w05) = (25,95)) + 905 ((2005) = (24,35))]
es

52w
| (xs,ys) € Ky Vse€S}.

The theoretical results in subsequent sections will require a set of conditions on the penalty
function v, to be satisfied. In the remainder of this section we will discuss the consequences and
limitations of a sequence of condition sets, each stronger than the last, before reaching the full set
of conditions required for our final results.

The first and weakest set of assumptions on v, we will consider were introduced in [18] and later

used in [37] for the study of augmented Lagrangian duality in mixed integer programming.

Condition 7.5 1, : [[esR®" — R is a separable augmenting function ,(u) = 3 o ¥?* (us)

which satisfies the conditions
1. 9,(0) =0
2. p(u) =2 6>0,YVugV
3. Pp(u) = v||ul|w, Yue V

for some open neighbourhood V' of 0 and positive scalars 6,y > 0, p := (p1, p2,...,p|s|) with the

later a vector of positive scalars, which acts as a scaling parameter for 1,,.

Theorem 7.6 [37, Thm. 5 ] Consider a two-stage SMIP problem (5F as defined in (7.1) which

satisfies Conditions 7.1, 7.2, 7.3 and 7.4. Further, consider the augmented Lagrangian dual problem

Cﬁ%DJr CSIP'

as defined in (7.2) which corresponds to
If the penalty function ¥,(us) == 3 g V0 (us) used in (FPF satisfies Condition 7.5, then there
exists a finite p such that

G = (B Op) = €517

where App may be taken as an optimal multiplier of the linear programming relaxation of the non-

anticipativity conditions xrs = z.
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Proof. Apply the general theorem [37, Thm. 5 | to our problem (7.1). For the case of multidimen-
sional p observe that 1,(u) is bounded below by v, . (u) where v = min{p;,...,pr}. ®m

As in Chapter 6 we may set the dual variables in (iD * to zero to obtain

$7y7z7w

¢y (0) = min {Z ps [c'ms + dys + V0 ((2,ws) — (25,95) ] | (@5,9s) € Ky Vs e S}
es
If v, satisfies Condition 7.5 then by Theorem 7.6 for a sufficiently large finite p we have

CSIP _ CLR+ (O)

p

Since ¢}F*(0) and ¢%'F are respectively lower and upper bounds on ¢*”* we also have (57 = (LP+.
The minimum over z; and ys of the augmented Lagrangian corresponding to (7.1) with dual

multipliers set to zero is
¢, (2, w) := min {Zps lcTas + dlys + 02 ((z,w,) — (:Us,ys))]} (7.3)

eEK
(xsé/;)g RCE

where z € R”, w € R"*¥l and we write K, in the following form:
Ky ={(zs,ys) | ws € X and y, € Ys}.
We consider the augmented Lagrangian dual function with dual multipliers set to zero:
¢ (0) = min @, (2, w). (7.4)
This is a continuous, unconstrained (global) optimisation problem. As in the previous Theorem
7.6, under Assumption 7.1 on (5" and suitable conditions on ¢ we have (/" = (1#(0) for

sufficiently large but finite p. Any z and w which are optimal decisions for (¥

clearly must also
be optimal decisions for CpLR+(0). However the converse does not necessarily hold; in general the z
and w decisions which are optimal for ¢/#*(0) need not even be feasible with respect to ¢/, We

are interested in what we can discover about the local solutions to the minimisation of ¢,.

Assumption 7.2 ¢? : R"" — R is a continuous integer compatible regularization function

(ICRF), meaning that it satisfies the following conditions:
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1. P (u,v) = 0 for all (u,v) and (u,v) = (0,0) if and only if Y? (u,v) = 0.
2. If vy € (0,1) then ¥ (v (u,v)) < ¥ (u,v) for all (u,v) # 0.

3. There exists a continuous, strictly increasing, function v (-) : Ry — Ry and a M such that

for all M < M we have ¥ (u,v) < M implies [ (u, v)|l; <~ M__Y for the I, norm -1l

min. {ps]

on R™+™,
Remark 7.7 In practice it is generally the case that

¢§ (u7 U) = ps (u7 U)

for some coercive, differentiable function ¢ and so wsluw) Vs (u,v).

P& (u,w
Ps

As separation between the first and second stage variables is a basic tool in stochastic optimi-
sation we need this property to be reflected in the penalty functions as well. This is achieved by
allowing component wise radial strict monotonicity. We require the following further strengthened

assumptions:

Assumption 7.3 We say that ¢? = psips : R"™™ — R is an integer compatible regularization
function plus (ICRF" ), if we assume assumption 7.2 as well as the following conditions holding

forall se S:

1. The penalty (u,v) — s (u,v) is uniformly continuous over a bounded set.
2. If v € [0,1) then ¢ (yu,v) < s (u,v) and g (u, yv) < s (u,v) for all (u,v) # 0.

3. There ezists a function hg : [0,1] x [0, +00) — Ry which is uniformly continuous on bounded

sets, satisfies the condition

s (1 (u,0)) = s (u,0) < =ha (¢ [|(u, 0)]) <0

for all t € (0,1), and satisfies the condition that hy (t, |(u,v)|) = 0 if and only if either t =1
or |[(u, v)| = 0.
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4. There exists a function hy : R™™ — R, which is uniformly continuous on bounded sets,

vanishes at the origin and at no other point, and satisfies the condition
Vs (u,u) — s (', 0")] < hg ((u,v) — (W,0"))  for all (u,v), (u',v)

Remark 7.8 The penalty function used in the Progressive Hedging algorithm is ¢ (u,v) = |(u, v)||2.
This function is an ICRF™; in particular,

b (8 (w,0) ) = (£ = 1) [ (u,0) |
and
ha (u,v) = 2max {|[(u, v)||, (v, ')} ([ (u, v) = (', 0)])
satisfy the conditions of parts 3 and 4 of Assumption 7.3.

7.1.2 Applying Gauss-Seidel to Modified SIP Formulation

For a general treatment of the block Gauss-Seidel method see Section 6.3.1. In this section we will

consider the application of a Gauss-Seidel type method to find a local solution for

{nir% 0, (2, w).

Algorithm 7.1 Block GS method for SIP
initialise (2%, w°) € X x Y (29)
s for k=1,..., kpna do

wkt — argmin,, ¢, (2%, w)
2 argmin, ¢, (2, w*T)
E—k+1

end for

g ey

return (zFmex qpfmax)

Algorithm 7.1 apparently alternates between optimisation over the proximal first-stage and
proximal second-stage non-anticipativity variables z and w, respectively. In this section we will
see that (after some rearrangement) this algorithm can be implemented by alternating between

optimisation over the decision variables (z,y) and the proximal non-anticipativity variables z.
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Suppose that (z*,y*) is an optimal solution of the proximal point problem (7.3) for (z,w) =

(2%, w* ) ie. for all scenarios s € S we have

(I:> y:) € argmin(xs,ys)eKscT$S + dsTys + ¢; ((zk’ w§+1) - (xs> yS)) :

If wkt # y* for some s € S we have

pp (F, 0™ = ;Sps (mf;{lﬂ,{g ¢y +dys + P (25 wit) — (z6,95)) ]
= SZpS [c"a +d)yr + o2 (25 wit) — (2%, y2))]
> is ps [Tt +d]yr + 92 (2% yF) — (xf,47))]  due to condition 2 of Assumptions 7.3
perd
> ;p (erilsl)rele clwg+dlys + 0 (25 02) — (26, 9s)] = 00 (25, 9%)

which implies that w**! ¢ argmin,, {¢, (z¥,w)}.

Therefore, w**! € argmin,, {gop (zk, w)} implies that w*™ = y* for all s € S so that

min  c'x, +d]y, + P ((Zk, wf“) - (%795))

(zs,ys)EK s
= clat+dlyr + o (5 with) — (2 yl)) = “ Igr;li)lelK ¢ zy+d]ys + 0 (28— x,,0).
Hence w**! takes the component value y* of the optimal decision (z*,y*) for the minimisation
problems

. IgI,li)IelK clag+d)ys + L (zk — T, 0) and

©p (zk, wkH) = . ;)régll( Zps [chs +dly, + P (zk — T, O)] . (7.5)
W)E Ke =4

Deﬁne f (I, y) = ZSES Ps [Csz + d;rys] + 5HsKs (SL’, y) and place wp (uv U) = ZSES psl/}:gs (USJ US) :
Also, define 2, as a concatenation of the same vector |S| times to produce a vector in R™*I51 4 e,

2s) = (2,2,...,2). Observe that

PAME= argmingpp(z,w

k+1)

= arg mln?lln{Zps 'z, +dyys| + Ok, (z,y)
Y ses

+ > e (2wl = (24, 95))}

SES
= argminmin {f (@, y) + v, ((z5,0") = (z,9))}

= argmin (f o) (25, W) (7.6)
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where o denotes the infimal convolution. We can now rewrite Algorithm 7.1 in a form which
separates the minimisation over the decision and non-anticipativity variables, as shown in Algorithm

7.2.

Algorithm 7.2 Restatement of the block GS method for SIP

initialise (2", w") € X x Y(29)

cfor k=1,... kp. do
(571 yi™") € argming, yex. [¢ o + dJys + 0 (25— 2,,0)] forallses
Wt it
2 argmin, (f o1,) (z‘5|, w
k—Fk+1

end for

return (zkmax , wkmax)

k+1)

The z update step (as in 7.6) is too complicated to solve exactly as the evaluation of the objective
requires the solution of a MIP of equal difficulty as that provided by the original SMIP. Still this
problem is useful from a theoretical standpoint as it links the consensus problem to the Gauss-
Seidel step of the continuous regularisation. Later we will see that in practise we can still produce
a descent using the usual consensus update. Note that when z*! € argmin, > g DsVL" (z — xfj“),

the (z**1 wk*1) update step guarantees that

Qpp (Zk, wk-‘rl) — Zps [CTI};H_I + d;ryét-i-l + ¢§s ((zk,wfﬂ) _ (x§+17y§+1))]
SES
> Zps [cTa:’;H + djyf“] + minz PP (z — gt O) (7.7)
seS seS
= D ip [Tt ATy + D pae ((FFL W) = (2E b))
seS seS
> Al o () - )]
seS s€S
_— (zkH,wkH) > min g, (z,wkﬂ)

Thus the solution of zF+1

€ argmin, >, ¢ ps¥?* (2 — 2¥*1) produces a non-ascent step in ¢, (-, w*)
in that ¢, (2%, w*™') = ¢, (z*, W) = min, ¢, (z,w*™) . Using this observation we can write a
Gauss-Seidel algorithm that is guaranteed to produce non-ascent steps, which is given in Algorithm

7.3.
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Algorithm 7.3 Modified block GS method for SIP

initialise (2%, w") € X x Y(29)

cfor k=1,..., kpna do
(2541, Y"1 € argming, yex, [¢T@s + d]ys + 8 (28 — 3,,0)] forallse S
WL gyf
2K argmin, Y o pstPs (z —z
k—Fk+1

end for

return (zFmex qpfmax)

lsf-‘rl)

Note that for now the (2**!, w**!) update steps do not guarantee strict descent in ¢,. We will

address this in the next section, particularly in Lemma 7.23.

Remark 7.9 If the penalty function used in Algorithm 7.3 is the squared 2-norm, this algorithm is

equivalent to Progressive Hedging with no dual multiplier update.

7.2 Theoretical Results
7.2.1 Properties of the infimal regularisation for a SIP

In this section we develop the properties of the continuous regularisation ¢, of our SMIP. Critically
we are able to associate the local minima of this function with the feasible points of the associated
SMIP. Many of the following results are adapted from similar findings in [19] which apply to the
Feasibility Pump algorithm for mixed-integer programming. Recall that by 25 we denote a concate-

nation of the same vector | S| times to produce a vector in R™5 i.e. 2/ = (z, 2, ..., 2) € diag R™I5],

Lemma 7.10 Assume ¢?* are ICRFs for each s € S . Then for all (z,w) € R™ x R™I5 the

function p— ¢, (z,w) is non-decreasing.

Proof. This follows from the non-decreasing function dependence on p of the penalty terms p, —
PP, m

Lemma 7.11 Assume 92 are ICRFs for each s € S. Then

0, (z,w) < f(z,w) = Zps [cTz +d]w, + 6k, (2, ws)]
seS

for all (z,w) € R x R™*IS| for all p = 0.
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Proof. Observe that for (z,w,) € K we have

Pp (Z>w) = min {Zps [Csz + d;rys + ¢§S ((Zaws) - (Z’S, ys))]}

S$yYS KS
(@ syeA)S'e seS

Zps [¢"2 + d]w, + 0k, (z,w5) + V2 ((z,w5) — (2,w5))] = f(2,w).
seS

N

Note that since p — ¢, (z,w) is non-decreasing as per Lemma 7.10, the assumption that
{©,(z%,w°) | p > 0} is bounded in the following lemma implies that there exists a sequence {p;}
and a constant C' such that ¢,, (2%, w") — C, where C' is the least upper bound on ¢,(z", w?) for all
p > 0. Now a local minimum of an increasing family of functions might indeed increase in function
value at the minimiser and decrease in the domain on which it is a local minimiser. It is those local

minimisers that do not suffer from these issues that we wish to isolate.

Lemma 7.12 Assume that ¢, for all s € S, satisfies the assumption to be an ICRF* (see As-

sumption 7.8). Assume that ming er. gk, f (2,y) < +00. Let

©p (zo,wo) = inf {fp ((x,y) , (Z‘OS‘,wO)) | (z,y) € R™IS! x Rmxm} (7.8)

where

(w.y) = fo ((2.9), (s w°)) = Do [eTrg + dly, + 0 (25,95) + 08 (= w?) = (25,95)) ] -
seS

Then f, attains a local minimum for all p = (,01, P2, .- ,p|5|) > 0.

Proof. Let M > min yen, sk, f (#,y) and let p > 0 be sufficiently large that the condition

(M — Ming y)en, sk, f (2, y)) <M.

min,{p,}

is satisfied. Consider

Fi (Z,U)) = {(l’,y) € HSESKS | f(x7y) + wp ((Z\S|7w) - (xvy)) < M} (79>
< {(.T,y) € ILes K | [( min f(x7y):| +wp ((z|5|,w) - (1'73/)) < M}

x7y)EHsESK5
M — ming yen,esx. f (2,9)
ming{ps} '

= {(x’y) € Maes K | | (215, w) = (z,9)], < [S]77" <

This set Fi is bounded and non-empty, and so the minimum of f, is attained. m



166

Lemma 7.13 Assume that % are convex functions that for all s € S, satisfies the assumption to
be an ICRF* (see Assumption 7.8). Assume that the SIP has no continuous variables in the first
stage and that K for all s € S are bounded. Furthermore assume that we have a point (z°, w°) which
is a local minimum of @, for all sufficiently large p = (p1,p2,...,pys), and that {p, (2°, wo)}p>0 is
bounded above.

Then there exists a p = (,51, D2y - ,p|5|) > 0 such that for p = p the minimum in (7.8) is attained
by some (x,,ys) € K, for s € S and there is a fixed neighbourhood Bs (2°,w") (independent of p)
which verifies the local optimality of (2°,w°) for all p > p.

Proof. We now need to show that (z°,w") is a local minimum of ¢, with respect to a fixed
neighbourhood Bj (2°, w°) for all p greater than a sufficiently large p. To show this, we use the fact
that p — ¢, (+) is increasing with {¢p, (zo,wo)}p>0 bounded above by a constant C. We take C' to
be the smallest such constant.

For sufficiently large p > 0, define U, to be the largest (convex) connected component of
{(z,w) e R™ x R™*IS] | w0, (z,w) < p, (zo,wo) (< C’)}

containing (z",w?) which contains all the points (z,w) which demonstrate that ¢, fails to be a
strict local minimum at (2%, w®). Indeed if (2°,w?) fails to be local minimum within a fized convex
neighbourhood there must exists (¢, w?) € U, with (2*,w?) — (2% w°) as p — co. This situation
can be eliminated by showing U, = & for p > p.

Consider p — U,, noting that as U, is convex and let liminf o, U, := Uy, a convex set. Note

that
U, € {(z,w) e R" x R™BI | o, (z,w) < C} := W,

where {W,} is a monotonically decrease family of sets, and hence convergent, to the right hand side

of

(2% u’) e {(x,y) | Zps [c'z+d)y] <C, (z,y,) € K, for all 3} . (7.10)
ses

Thus we have U, contained in the largest connected component containing (2%, w") of the set in
(7.10).

We make the following observations:
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D sDs [cTzo + dng] 1 C and (2°,w?) € K, for all s by the initial assumptions of the lemma.

e For all (z,w) € U, and p is sufficiently large, every (z*,y*) which satisfies

(z*,y*) € arg (= I??i)lelK {Zps [Csz + dzys + U8 (2, ws) — (s, yS))]}
ke |

must also satisfy (z%, (ys)%) = (22, (w?))z). If this were not the case then (z%, (y¥))z) #

(22, (w?))z) for arbitrarily large p, and then {p, (2,w)} ., would not be bounded above for

all p > 0, contrary to assumption.

We next show that for p sufficiently large U, = . To this end assume that there exists

(z,w) € U, and so

SOP (va) = HliIl Zps [CT'IS +d;rys +¢§ ((’Zaws) - (:Usuys))]
R b

< ¢, (% w") < C. (7.11)

Thus for (z,w) € U, and p sufficiently large (p = p) we have

@p (2,w) = min {Z ps [¢'xs + dJys + 0L ((z,05) = (@, y)] | (2,9) = ((wr,22) , (yr, w])) € HSGSKS} :
seS

When we locally minimise over a compact, convex set
K’R(Z,’UJ) = {('Tuy) € HSESKS | Tz = Zg— and Yz = ’UJ%} )

(z,w) — ¢, (z,w) can be locally represented as a closed convex function on U,; it is the infimal

convolution of two closed, convex functions

(SL’, y) — Zps [Csz + d;—yS] + 5K’R (l’, y) )
seS

and

(1, 0) > > pat? (g, v,)

seS

with (z,w) = (z,y) + (u,v).
Hence taking (2, w’) = ¢ (2%, w%) + (1 — t) (2, w) € Uy (recall that (27, (w,))z) = (22, (w?))7) for

S

all (z,w) € U,) then by the local convexity of ¢, on the set U, and (7.11) we have for all ¢t € (0,1)

that

o, (2, W) < ty, (zo,wo) +(1—=1t) g, (z,w) <, (ZO, wo) ,
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which contradicts the initial assumption of the lemma that (2%, w") is a local minimum of ¢,. Hence
U= =

The following is another way of framing the observation made in the last result that the min-
imisers in (7.12), the definition of the function ¢, are attained exactly at the local minimiser of
the same function ¢;(-). This observation is critical to subsequent analysis so further justification

is provided.

Lemma 7.14 Assume that ¢, for all s € S, satisfies the assumption to be an ICRF*t (see As-
sumption 7.3). Assume that the SIP has no continuous variables in the first stage and that K for
all s € S are bounded. Furthermore assume that we have a point (2°,w°®) which is a local minimum
of v, with respect to a fized neighbourhood Bs (2%, w°) for all p = (pl, P2, ... ,p|5|) sufficiently large.
Then there exists p = (ﬁl,ﬁg, e ,,6|S|) > 0 such that for p = p, <z|05|7w0) e R8I x R™*ISI s the

unique minimum point of (x,y) — f,((z,y), <z|05|,w0>) in
0, (2%, w”) = inf {f, ((z,v), (Z‘OS‘,wO)) | (z,y) € R8I x Rmxw‘} (7.12)

and (2°,w®) also satisfies the conditions ¢, (2°,w’) = ¥ ops [cT2" + d]w?] for all p = p with
(2% w%) e K, for all se S.
Moreover p can be obtained by the strateqy of of selectively increasing ps for all the s € S

whenever the minimiser (x¥,y*) g n (z,y) — f,((x,y), (z‘os‘, w0>) has ¥ # 2°.

Proof. For all sufficiently large p there exists (z,y) € K that attains the infimum in the definition

of ¢, (2%, w?) i.e. we have

Pp (ZO,wO) = Zps [CTES + dzgs + wgs ((ZO,’LUS) - (jmgs))] < ©p (2,7 w/)
seS

for all (2/,w") € B; (Z‘()SPQUO). Thus

D0 ope [Tz 4 dlgs+ ol (20 ul) = (2., 0))] < 0, (2 0)
seS

< Dips[e @+ dlgs + v ((Fwl) = (24,95)]
seS
or

U, (2 0”) = (@9) = > patble ((2°%wl) — (2, 75))

seS

< Zps@/fff ((Z,vwls) - (fsags)) = \ij ((Z\/S\7w,) - (:E,gj))

seS
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Hence for any given (2/,w') € Bj (zl%‘,wo>
0< 1w [0 () = (26, 5)) — 0 ((°,w)) = (5, 95)) ] (7.13)
sesS

We will show that for all s€ S, :={se S| (2°,w?) # (Zs,¥s)} we must have

1/)55 ((207w2) - (fsags)) > ?/)gb ((Zl7w;) o (jsags))
for all (2, wl) = (2°,wd) +t ((Z,,5s) — (2%, w?)) € Bs (z°,w)) < R" x R™. (7.14)

Assume that (2%, w%) # (Zy, yy) for some s’ € S and t € (0, 1) is taken sufficiently small so that

(2% wd) # (2 wh) = (2% wd) +t((Zs,5s) — (2°,w)))

e B; (2", w)) <R"xR™.
is satisfied. Indeed we may take t to be a fixed number

B*H(lsw )]

for a fixed B = sup {|(z,w)| | (z,w) € Fx (2°,w°)}, where F as defined in (7.9) is a bounded set

t_

(note that t is independent of p > p). Given this, we have

t H(Qfs/, gs/) - (ZO, ’LUS/)

t)@y) = (s, w’)| < el G w?) [+ 1@ 9]

< t[B+|(zs, )] =9

so (z,,w',) € Bs (2°,wY) for this given t > 0 and all s’ € S. Now if we presume that the opposite

inequality to (7.14) holds for s = s’ and use the second part of Assumption 7.3 we have

W (0 0l) — @, 0) < W (1= 0)[(%ul) — (@e.50)])
< ?ﬂff’ ((Zo>wg’) - (Es’ags’))

which is evidently a contradiction. Thus we have (7.14) holding for all s € S,.
Consider (7.13) for a variable p and assume that for all p > 0 we have s € S, # ¢J. We now
consider two cases.

Case 1: 7, # 2° for some s € S.
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As we have a pure SIP in the x variables, and ¢?* is an ICRF™" for all s € S (see Assumption

7.3), we deduce form (7.13) that there exists a fixed € > 0 such that

i [77/}273 ((Z/7w;) - (jsags)) - ¢Zs ((20711)2) - (ZES7§S))]
= s (A= [ (" w)) = (@4,99)]) = ¥ (") = (@5, 5)
< —hg ((1 —1), H (zo,wg) — (i‘s,gjs)H) < —e <.

Then for p, > 0 sufficiently large for s € S, # (& we have the following contradiction arising from

(7.13):

Z psps ¢ps ) - (j&gs)) - ¢§5 ((ZO,U}S) - (fsags))]

seS, Ps

+ 3 patts (2 wl) — (24,35)) < 0.

S¢S,
Thus there exists p > 0 such that S, = & for all p > p and & = 20 (fixed) for all s € S.
Case 2: 7, =2 forall se S

If w® # ¢ then by (7.13) we have some ¢ € (0,1) (independent of p) which satisfies

(z‘ospwo) #* (z‘ospw;) = (zﬁg‘,wg) +1 ((zﬁg‘,gjs) — (Z‘OS‘,wS))

€ Bs (z|05|,w0) < R8I x rmxIsl
and then

U, (2l w®) = (=5:9)) < o (s v) = (:9))

\ij
= U, (1 =) ((15),9) = (=l 0"))) < ¥, (=5, 9) = (215, w"))
which is a contradiction. Therefore in this case we have (Z,,7,) = (2%, w?) € K, for all s € S. Hence

if p > p we have the equality

<m1n {f ((z,9), (zﬁg‘,wo))} )gpp 20w’ Zps 2% +dlw?]. (7.15)

(z.y)eK s
holding. Since the RHS is not dependent on p the minimum over f, is constant for all p = p.
It remains to show that if p is defined such that (z°, w") is a local minimum of ¢, with respect
to a fixed neighbourhood Bj (2%, w®) for all p > p, then the point (2° w°) uniquely obtains the

minimum of f, for all p > p.
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Let (#,9) be the minimiser of f,(-, (2, w")) for some sufficiently large p > p. Then (&,7)
cannot be anticipative since the penalty term and hence the minimum of f, would increase as p
increases (indeed the integral first stage assumption implies &, = 2° for all s € S for sufficiently
large p). If (Z, ) is non-anticipative but not equal to <z|os|, wo) then for sufficiently small ¢ € (0, 1),
(1 —1t) <Z%|,w0) + #(#,9) remains within By (z°,w°) (for all p = p). Since the second part of
Assumption 7.3 implies

208 (=) (%)) + (s, 5)) = (80, 9)) < Qo pathf (% 0l) = (3, 3)
s€S s€S

we have
Fo ((@,9), (1= 1) (z°,w°) + ¢(2,9)) < [, (@,9), (2", w")) = ¢, (=", ")
which contradicts our assumption that (2%, w°) is a local minimum of ¢, with respect to Bj (z°, w?).

Therefore, (Z‘OS‘,wO) uniquely obtains the minimum of f, for all p > p, as required.

Finally, observe that by (7.15) and

fp((zf)s‘,wo) 2‘5‘ Zps 2% +dlw? + ok, (2% w?) + 02 ((2°%w?) — (2°,w)))]

seS

we see that (zﬁﬂ, wo) can only attain the minimum Y, o ps [¢"2° + d]w?] if (2°,w?) € K for all
ses.

Lemma 7.15 Assume that ¢?, for s € S, satisfy the assumption to be an ICRF* (see Assumption
7.3). Then local minima of p; are also local minima of ¢y for p' = p. Furthermore, if the SIP

has no continuous variables in the first stage, local minima of p, are strict local minima of ¢y for

/

p =P
Proof. Follows immediately from the proof of Lemmas 7.13 and 7.14. =

7.2.2 Characterising Solutions of the SIP

We now characterise the solutions of the SIP (7.1) in terms of the minimisers of ¢,. Let g (z,y) :=
e Ds [¢Txs + dlys| and F := {(z,y) € R" x R™IS| | (z,y,) € K, for all s € S}; note that this

implicitly guarantees consensus for all elements of F'.
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Theorem 7.16 Assume that s, for s € S, satisfy the assumption to be an ICRF* (see Assumption
7.8). Suppose in addition that either:

1. We have a pure SIP that contains no real variables in both stages i.e. x and ys for all s € S

or

2. We have a pure SIP that contains no first stage real variables and given any (x,y) € F then

(ZEII, (yTy,w%y)) € F implies yr, = w%y.

Then there exists a p > 0 such that for p > p any local minimum of ¢, lies in the feasible region

F. Moreover for p > p large enough, the local minima of ¢, are exactly the points of F'.

Proof. Lemma 7.14 demonstrates that any local minimum of ¢, lies in F'; therefore we need only

show that if (2%, w®) € F then (2% w?) is a local minimum of ¢, for p sufficiently large. Let

g(y) = > ps[clw+dlyd]
seS
f(x,y) = g(x,y) + ok, (z,y) and
Yy, (ua U) = Zp8¢§s (usv US) .
seS

Consider K := ¢, (2%, w°) + 2, p > p sufficiently large so via (7.9) we know that the set

Fie (2% w°) = {(2,y) € Wees Ky | [ (2,9) + 1, (25, w°) — (x,9)) < K } (7.16)

is bounded. As f is lower semi-continuous and 1, ((zﬁg|, wo) — (- )) is continuous their sum is also
lower semi-continuous, implying that Fi (2", w") is a closed set. Next note that since ¢, (2", w") is
defined as an infimum of continuous functions (z,y) — g (x,y) + v, ((zﬁﬂ, w0> — (z, y)), it is upper
semi-continuous. Thus we may take (z’,w’) sufficiently close to (2, w?) so that ¢, (z/,w') + 1 <

0, (2%, w42 := K; since ¢, is an ICRF" for s € S (see Assumption 7.3), for all (z,y) € Fg (2%, w°)



173

with (a:zx,yzy) # ((22) . ,wgy) we have by for p := ming{p,} that
! _ w/)

1 s
_Awp ((SL’, Z/) - (z|IS|7wl)) = psp_Aws (xs —2,Vs
P seS p

= Zpsqu)s (xs - Z,uys - w;) = ¢ ((ZL’,y) - (Z|,S|7w/))
w')) = ((2,9) = (5, °))]

= () — () + [0 (00) — (s
> int {1 (0,0) = (s 0) | @) e Fic () winh (o) # ((22) 02, )

(s w”)) = ¥* ((2,9) = (s, w')) ]

— [ ((z,9) -
w®)) = ¢ ((z,y) = (s, )] > 0

=€ [ID ((ZE,y) - (Z\OSM

where

inf {1/1 ((:1: y) — (zﬂ;‘,wo)) | (z,y) € Fi (2°,w") with (xzz,yTy) # <(z2m)|5| ,wﬁy)}

>

1nf{h1 ((x ) — (z|05|,w0)) | (z,y) € Fr (20711)0) with (:Uzw,yTy) # <<22I)ISI ,w? )} =e> 0.

=—L >0 where
(o]

N (x,y), (2, w') e Fk (zo,wo)}
w') e F n Fg (2%, u°)}

!/

I' = max{f(z,y)— f (¢, w

= Inax {g (.Z', y) g (Zlv wl) | (33', y) ) (ZI7

which is finite since g is continuous, Fg (2%, w") is compact and F is closed. Refer to the definition
of an ICRF* given in Assumption 7.3 and assume we take (2/,w’) sufficiently close to (2%, w?) so

Take p > 0 sufficiently large so that § 1;
f(

that at least )
[0 (o)~ (2 07) — 6 (0) — (o)) < &

and hence v, ((x,y) — (Z‘/S‘,w’) > b ﬁm T
Then for (x,y) € Fx (2°, w°) with (mI Yy ) o ((Zg ) |
T y - g

) = @) = {f @y) = f (2l 0") + 4 (Glopp ') = @)} + f (2, 0”)

—F—i—F—l—f(zﬁg‘,w 0, w’).

,w? ) we have
Iy

f (l',y) + wp ((Z\/S\aw

T+ 05+ 1 (o) > ) = 1 (5.0%) = 0, (0

') is sufficiently close to (2%, w°) so that

Next note that if (x,y) € Fx_1 (2/,w') and we have (
y) = (Fsw”))[ <1

‘¢P ((ZL’, y) - (Z\,S\v U},)) - ¢p ((xu

then

K—-1>=f(x, )+77Z}p (( y) — (Z|/S|>wl))
= £ ew) 40 ((e,9) = (g w") + [ ((9) = () = ((9) = ()]

z,y) + U, ((x,y) - (Z|OSI7wO)) —1

WV
-
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and so Fx_1 (2/,w') € Fi (2°,w") giving

inf{f (z,y) + ¢, ((z|’5|,w') — (x,y)) | (z,y) € Fx_1 (#,w") with (xzz,yTy) # ((ng) ,wgy)}

S|

= ©p (ZO, wo) .

On the other hand for (z,y) € Fx (z°,w®) with (xzw,yTy) = ((20 )S : 011) we may take (2/,w’)

w
sufficiently close to (2%, w°) so (xzw,yﬂ) = ((20 >|S| ,w?_y) ( )

If the second stage variables are pure integer we then have (2/,w’) = (2°,w") = (z,y) and hence
pp (2, w) 290[)(2 y W )
for (2, w') sufficiently close to (z°, w?), which completes the proof for the first condition.
If the second stage variables are mixed integer then we know that ¢, is locally minimised in the

I Y

integer variables at ( ,w ) Suppose the local minimum of ¢, lies at ( w]?_y,w;2 y); then by

Iy

Lemma 7.14 we have (22 wg w!, ) € F and the second condition gives w/, = w? , which implies
Y Y

v
that ¢, is locally minimised at (z°,w"). m

We finish this section by making a comparison with the results of [18] and [37]. The following
version of the strong augmented duality is a version of these results applied to SIP reproduced from
Chapter 6. The results of [37] can be used to show that this theorem may extend to mixed integer
SIP. In effect this is augmented Lagrangian duality for a SIP where we have put the dual multipliers

to zero.

Theorem 7.17 Suppose that ¢f, for all s € S, satisfies the assumption to be an ICRF™ (see
Assumption 7.3), and in addition we have a pure SIP that contains no first stage real variables.
Then the there exists p = 0 such that for all p = p we have the global minimisers of ¢, are exactly
the optimal solutions of the SIP. Indeed

min @, (2, w) = G rnm{Zps c :U—i—dTys] | (z,ys) € Ky for all s € S},

n mx|S|
(z,w)eR" xR (z,y) s

the optimal value of the SIP.

Proof. We note that the previous proof shows that even when the second condition does not
hold, the only way that a given (2% w°) is not a local minimum of ¢, is for there to exist some
other (20, <wgy,w;y)) € F' (by Lemma 7.14 for which ¢, (2%, w°) > ¢, ( 0 (wo w y)) . Thus the

minimum of all such feasible solutions must result in the smallest and hence the optimal one. m
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7.2.3 Analysis of the Gauss-Seidel Step

Guass-Seidel is usually only studied for differentiable optimisation problems. We need to perform
Gauss-Seidel for a nonsmooth functions of special structure and hence develop the necessary theory

here to facilitate this analysis.

Definition 7.18 A function f : X — R u 4o is Fréchet subdifferentiable at x if there exists
a Fréchet subderivative x* such that

i ) = F@) = Gty

0.
h—0 |7

We denote the collection of all such subderivatives by 0f (x), the Fréchet subdifferential of [ at

x.

Lemmas 7.19 and 7.20 allow us to characterise the stationary points of ¢, as its partial minima,
which are points satisfying the stopping criteria of the Gauss-Seidel algorithm. Denote the unit
sphere by 51(0) := {x € X | ||z|| = 1}.

Lemma 7.19 Suppose that G (x,y) : X x Y — R is such that V,G (-,y*) € C'(X) exists and
the Fréchet partial subdifferential 0,G (x*,y*) exists. Suppose in addition that (x*,y*) is a partial

minimum of G in that

G(z*y) = G(z*,y*) forally and

G(x,y*) = G(z*y*) foralluz. (7.17)

Then (0,0) € 0G (x*,y*) (the Fréchet subdifferential) implying (z*,y*) is a stationary point. When

G (z,y) is jointly convex we have (x*,y*) a global minimum of G.
Proof. Clearly V,G (z*,y*) = 0 and 0 € 9,G (z*,y*) . We now show that
0G (x%,y") = {VaG (2%, y")} x 0,G (2%, y") .
Consider (z,, z,) € 0G (z*, y*) then by the definition of the Fréchet subdifferential

G(z,y) — G (2" y") = (Cayw — %) = (2, y —y*) Z o (|(2,y) — (2%, ¥%)]) (7.18)
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within some neighbourhood of (z*,y*). Now fix y = y* and consider the restricted version of (7.18)
which says that
G(z,y") —G(x",y") — (zgyx — ") Z 0 (|x — 2™|)

in a neighbourhood of z* (in X). But as V,G (-,y*) € C'(X) we must have G@v)-G@ty®)

lz—z*|

(V.G (x*,y* ),m> — 0 as |z — 2*| — 0 and so taking ﬁ — d € 51 (0) we have

z—at o ol]r—=*])

r—zF
- va x*ay* T :| + va :L‘*vy* — 2z,
VGt e | 4 (TG ) s

[G(m,y*) — G (z",y")

|z — 2] |z — 2|

implying (V,G (z*,y*) — z,,dy = 0 for all d € S; (0) .
Hence V,G (z*,y*) = 2, and 0G (z*, y*) = {V,G («*,y*)} x0,G (z*,y*). Thus V,G (z*,y*) =0
and 0 € 0,G (z*,y*) implies (0,0) € 0G (z*,y*) with the rest following immediately from known

results. ®m

Lemma 7.20 Suppose G (z,y) = >, gs (Ys)+ 2., h (x,ys) where g5 (-) and h (x,-) are proper, convex
functions and h (-,y) € C* (R") for each y. Suppose in addition that (7.17) holds. Then (z*,y*) is

a Fréchet stationary point of G and when h is jointly conver actually a global minimum.

Proof. Since the subdifferential of the sum of convex functions is the sum of their subdifferentials,

and the non-smooth component of G is separable in y, for each s € S, we have
0 e 9,G@u"y") = H (04,95 (Y3) + 0y, 1 (2%, 45))  and
0 = Z{V h(z* y¥)} exists.
Hence it follows from Lemma 7.19 that
(0,0) € oG (z*,y*) = {V.G (z*,y")} x 0,G (z*,y").

This in turn implies (z*,y*) is a minimum for G when £ is jointly convex (as the convex subdiffer-

ential equals the Fréchet subdifferential). m

Remark 7.21 The proof of Lemma 7.20 holds under the less restrictive assumption that h (-, y*) €
CY (R™) for the y* given in (7.17).
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7.2.4 Properties of the Consensus Variable Update Step

In this section we address the existence of descent for ¢, when the Guass-Seidel step in x in ¢, is

replaced by the consensus step. By conv K we denote the smallest convex set containing K.

Lemma 7.22 Suppose 1 € C* (R") is a finite, proper convex function and K a set defined by linear
inequality and the integrality constraints. Let zﬁ be the largest convex function on R™ x conv K
majorised by:

(Z,2) — Y (T —x) + Ornxk (T, 7).
Then ) (Z,u) = ¥ (z —u) for all (z,u) € R* x K and so Vi) (-,u) (Z) ezists for each u € K.
Furthermore, if

Y(@E—2z)=¢ (2" -2") V(@ 2)eR"xK (7.19)

holds then we have

~

Y(@E—z)2¢ (2" —2") V(z,2)eR" x conv K.
Proof. First we note that as 1 € C' (R") is a finite, proper convex function by definition
el :={g:R"xconvK — R |g convex and ¢ (Z,u) < ¢ (T —u), V(Z,u) e R" x K}.

Now @ (z,2) = sup {g (z,2) | g € U} and as (z,z) — ¢ (Z — x) is jointly convex on R™ x conv K we
have
V(@ —x) <Y (z,x) V(& x)eR" x conv K
and so
V(@ —u) <Y (@,u) <Y (T —u) Y(zz)eR"x K.

Hence ) (Z,u) = 1 (z —u) for all (z,u) € R" x K and so V¢ (-, u) (&) exists for each u e K.

Now assume that (7.19) holds. Let (Z,z) = X, \; (Z*,2") € R" x conv K where \; =0, >, \; =1
and (7', 2') € R" x K then

Z A (7 —a') = ¢ (20— 2°)

and so by [97, Theorem 5.6] we have

V(E—x) = Ny szn {Z)‘lw T |(a‘:,x)=Z)\i (Ez,x’)}

)\120 VA =1

> ¢ (2°—1%) V(z,z)eR" x conv K,
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as required for the second part of the lemma. m
Note that in Lemma 7.23 we assume relatively complete recourse. This implies that proj, K =

X and as a consequence of the linearity of this projection, proj,(conv K) = conv X.

Lemma 7.23 Suppose that = € C' (R") is a finite, proper convex function for all s€ S and K a
set defined by linear inequality and integrality constraints. Further, suppose that ¢, is as defined in
(7.3) and that it is derived from a SIP (7.1) with relatively complete recourse.
If 2% is not a minimum of ¢, ( ’”1) then for
z**l e arg miianS@/)gs (i — u?“)
seS

we have

k+1 | k+1

k+1) > Pp T ( Y ) = miin Pp (jvy]H_I) . (7.20)

0, (2,y

Proof. Suppose there is no strict decrease in step (7.7) above. Then we have
min > papf (2 — uf) = > papls (28 — ult).
* seS seS

Denote

G (xa y?*f) = Zps [CT:CS + d;rys] + ZPS%DS (f - 33'5) )
seS seS

a proper convex function jointly in (z,y,Z). Then by construction we have
G (x, y,xk) > G (uk+1,vk+1, xk) V(z,y) € s K (7.21)

and

G (U/k+1, ,Uk!+ ) > G ( k+1 k+1’ xk) vi, (722)

Note that when (z,z,y) = >\ (7%, 2%, y") € R" x convIlesKy = R™ x Iz g conv K (where
> A = 1 with A\; > 0) we have

Z)\iG(xi,yi,ji) = 2)\ Zps 'zl +d +2ps¢ps T —:I;)

seS seS

= ZPS cTag+d]ys) +ZP52)\W§S (7 =)

seS seS %
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We now form the largest convex function H (defined on (R"™ x Il,cg conv K)) which is majorised by

G

MR x K,- Denote

~

Us (2, 2,) = inf {Z Al (B —al) |2 eR" ahe X, Y Ni=1, 020, 2, = Zm;} (7.23)

where ¢#* is the largest convex function majorised by 1% (z —z) on R™ x X (noting that by
relatively complete recourse then P,K, = X) and noting that also (z,x) — @/AJQS (%, x5) is jointly
convex on R™ x conv K,. Next note that as ¢ € C' (R") and 92 (z7,u!*!) = 92 (7 — uF*1) for a
given (uft! vFt1) € K, (recall that relatively complete recourse gives u**! € X) and for all z € R"

we have Vﬂ@ﬁs (-,u’”l) existing. As (uk“,vk“) € II, K, then
H (uk+1 R+l f) e (uk+1 o+ j)
Thus by (7.21), (7.22) and Lemma 7.22 it follows that

H(x,y,xk) > H(ukﬂ,vk“,xk) for all (z,y) € Ilys conv Ky and

H W02y = H (WM 0" 2F) for all 7.
Hence by Lemma 7.20 we have (u**!,v**! 2*) a minimum for H. That is

H (l’, v, .CZ') > o (ukJrl’ ,UkJrl’ xk)

= G (ukH,ka, xk) = ¥, (:Bk,ka) for all (z,y,7).
Restricting (z,y, Z) € Ilses K x R™ this implies for all (x,y, ) € ;s K x R™ that

G (i[), v, ii‘) > G (ukJrl’ ,Uk+17 Z'k)
= G (ukz-‘rl’ Uk-H, [L'k) =, (il?k, yk:-i-l)

w0 @) = i Sl dln] + St (0 - )

min Zps [CT% + d;rys] + Z psP (T — xy)
€S

€llses Ks
(x,y) seShs s seS

- ' G T) = kot for all z € R"
(x,y)rennlisKs (z,9,2) = ¢, (*,y*) forall z

\Y

a contradiction to assumption that z* ¢ argmin ¢, (-, y*™*). =
Define
diag R™ 151 .= {z e RIS | 2, = 2 e R"} .
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So x5 € diagR™I®! for any z € R". Denote @, (z)5,y) := ¢, (z,y). Note that (zs,y,7) €
epip, if and only if r = ¢, (x‘g‘,y). Since epip, is a superset of epif + epiv, restricted to
(diag]R"X'S|) x R™ISI x R, for all (2/,4/,r) € epif and (x|5| —x’,y—y’,r’) € epiy” we have
(x‘g‘,y,r—i-r) €epip, or ¢, (x‘g‘ y) r+ 7' implying ¢, (z,y) < f (2", y") + 1, (x‘5| —x’,y—y’)
for all (2',y') € s K or

< . ! ! _I _I .
e (2,9) (x,y,gggjes&[f(x,y)+wp(x\5\ oy —y)]

Thus geometrically epi@, is the largest extended real valued function defined on (diag R”Xw) X
R™*15l whose epigraph contains the sum epi f + epi ¢, restricted to (diag R"*I1) x R™*8I x R. The

following lemma is derived from [19, Theorem 3.3].

Lemma 7.24 Suppose that the regularized function ©;(xo,yo) is greater than —o for some (o, yo)
and that s are ICRF+ with v are Lipschitz continuous (with a global Lipschitz constant). Then

@, 15 finitely valued for p = p and globally Lipschitz continuous.

Proof. Clearly ¢,(x,y) = ¢z(z,y) for all y and p > p. Thus when ¢z(z,y) > —oo for all y then
¢o(x,y) > —oo for all p = p. Moreover as ¢,(Z,7) < f(z,y) + ¢, ((Z)s,9) — (z,y)) < +oo for
any (x,y) € HesK, finiteness of ¢, follows. Thus if we can show ¢,(z,y) is bounded away from
negative infinity for (z,y) then we would have shown it to be finite valued.

Let C,, denote the cone epi y|-| in R™+™)*ISI+1  Note next that the Lipschitz continuity property
of %@/Jp corresponds to the existence of a Lipschitz constant p > 0 such that epi %@/Jp +C, S epi %@Z)p.
Now epi %wp—i—C’# C epi %zﬂP in turn implies epiv,+C,, < epivy, with int C,, # & for all p. Suppose
@,(x,y) = —oo for some (z,y) then

(715, —n) € epi f + epi),

for all n € Z* and so (using int C,, # &)

0

RISIx(rtm)+1 U (z5),y, —n) + C'p#) < [(epif +epith,) + C,hul N [(diagR”x|S|) x RS0« ]R]

C [epif+ (epivp, + Cpu)] N [(diagR”X|S|) % R™*IS| ]R]

C [epif+epit,| N [(diagR”X‘SD x R™*I81 « R] C epip,
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implying ¢, = —oo, contradicting ¢,(zo, yo) finite. Let ¢,(x,y) < a and take (z',y’) such that
) +4,((z1s,y) — (&',y)) < o Let (u,v) € R™+7mxI5 then

ep(u,v) < f@y) + (s, v) — (2,9))
< (fE ) +o,((s),y) — (2, 9))) +p (%%((wa v) — () - %%((-ﬂsh y) — (xﬁy’)))

< a+p G)wp((ww) —(ay) %%((xlslay) - <xcy'>>) <+l (wv) - (@),

where we have used the Lipschitz continuity of %W) again. As this holds for all a > ¢,(z,y) we
have ¢, ((u,v) < @ (2, y) + pllz —yl. As (u,v), (z,y) € R**™*I5] are arbitrary this completes the

proof. m

7.2.5 Final Results

In the next lemma we will require V ¢, (-, y*) to exist; this follows from the non-emptiness of the
partial Fréchet subdifferential since ¢, (x, y*) = ¢, (z*,y*) for all z would imply 0 € d,¢, (-, y*) (z*) #
¢ and

(2,9) = fo((2,9), (2.9)) = Y ps[c s+ dlys + 90 (2,0) = (25, 95))]

giVGS gpp (‘fa g) = min fp((x7 y) ) (‘fa g)) (724>
(z,y)ells K

We associate z = (z,y) € II,K, = K with z € K, f,((z,v),(z,y)) with f((z,y),2) and ¢, (Z,7)

with ¢ (Z,7) in the following results.

Proposition 7.25 Suppose (x,y) — f((z,y),2) € C*(R™™™) and K is a compact set. Define

K(xvy) = {z€K|gp(x,y)=f((x,y),z)} and
v (ry) = minf((z,y),2).

Then (z,y) — K (z,y) has a closed graph and the non-emptiness of the partial Fréchet subdifferential
Oxp (Z,7y) # & implies Vo (ZT,y) exists.

If in addition we assume:

1. The mapping (x,y) — ¢ (x,y) is Lipschitz continuous.
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2. The functions (z,y) — f((x,y),z) are strictly convex at (Z,y) for every z € K.

3. The functions (v,y,2) = (Vi f((x,y),2),h) and (,9,2) = (V2 F(z,9),2)h, ) is

jointly lower semi-continuous for any fized h.

4. We have (0,0) € 0, (7, 7).

Then the one side directional derivatives

¢ ((z,9),h) = in (Vi (2,9),2),h) =0 and
¢" (z,9),h) = gerg(l(igg)<v?x,y)f((iﬂ)72),h>>0 for all h

and so (Z,q) is a strict local minimum.

Proof. We first show that (x,y) — K (z,y) has a closed graph. Let (xy,yx) — (Z,7) and z; €

K (z1, yx) then there exists a subsequence z, — z € K with

0 (Thos Yrn) = J(Ths Ybrn) » 20) = ((2,7) , 2)

By the Berge maximum principle [8, Theorem 6.3.8] we have (z,y) — ¢ (z,y) continuous and so

and so zZ € K (z,7) .

Now consider z* € d,¢ (z,y) and so locally around = we have

p(2,9) —¢@,9) - @ o —2) = o[z - 7[)

and for z € K (z,y) we have f ((z,9),2) = ¢(x,9) and [ ((Z,9),2) = ¢ (Z,7) so

f((2,9),2) = [ (7,9),2) = &2 —2) = o[e — z) .

That is, for (=5 — d € S (0) as x — Z, we have

H(z9),2)-f((2.9).2) _ (z*, 2= > o Jz=z[)

! a2 =2

implying Vof ((Z,9),2) —a*,dy =0 forallde S;(0).

Hence

Vof ((2.9),2) = 2"
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and so 0,¢ (Z,9) = {V.f ((Z,79),2)} implying V.o (Z,7) exists.
Finally we assume in addition that (x,y) — f((z,y), z) are strictly convex for every z € K then
(0,0) € dp (z,7) . Then the previous argument can be adapted to show that (0,0) = V(, ¢ (Z,9)

exists. We next characterise that the one side directional derivative in the direction h := (hy, ho)

1
! _ L . . - _ ;7 o o
o (2,9),h) == liminf = (p(Z + thy, § + thy) — ¢ (7,5))
= min f((z,9),h) = min (V, 7,7),2), h).
EeK(j’g)f ((z,9),h) zeK(jvgf @ f(Z9),2), 1)

First note that as (z,y) — ¢ (x,y) is Lipschitz continuous we have the first equality below (the

second inequality follows from definitions) and so for z € K (Z, 9)

S , -
¢ ((@,9),h) = liminf 2 (o (7 +thy, g + thy) — ¢ (7,7))

< liminf % (f ((Z +thi, g +ths), 2) — [ (2, 79),2) = Vnf(Z,7),2), h).

Hence minsex(z,5){Vaf((Z,7),2), hy = ¢ ((Z,y),h). Now let t* | 0 be such that
| _ _ o
o' (z,9),h) = hmkmf & (¢ (2 +t"hy, G+ t"ha) — 0 (2, 7)) .

Now take 2" € K (T + t*hy,§ + t*hy) such that ¢ (T + t*hy, g + t*hs) = f ((Z + t*he, § + t7hs) , 2F)
for all k. Using the closed graph property of K (-) and the compactness of K we may assume (by
taking subsequences and re-numbering accordingly) that z* — z € K (Z,7). Then by the mean

value theorem

.1 _ _ .
QOI ((‘f7 g) ’ h) = h]?l t_k (f ((J: + tkhla Y+ tkhQ) 7Zk) - f ((l‘, y) 72))
> ué{%fn limkinf<V f((z+ pt*he, g+ pt*hs) , 2%)  B)

= Vewnf(Z,9).2).h) = Eer}(l(i;l@<v<m,y>f((f,§) ,2), h),
showing equality along with
(07 O) = <v($,y)gp (ja g) ) h> = <V(w,y)f((j7g) ) 2)7 h’> for all z € K (j7g) .

We now use the fact that each (x,y) — f((x,y),z) are strictly convex, from which it follows that

for any h we have <V%Iyy)f((f, y),Z)h, hy > 0. We now show that

FE G = liminty o 3 (F (7 + 0,5+ thy) — F (2.5) — ((0,0) , (4}, B5)))

= minzeK(i,g)<v%x7y)f((j> g) ) Z)hv h> >0
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which implies the existence of a strict local minimum (see [106]). Take #;, | 0 and h* — h be such

that

o2 _ _ o
" (z,y,h) = hmkmf = (f (& + teh}, g + teh) — f(2,9)) .
ks

Let 2F ¢ K (;Tc + i hk g+ tkh’g) and by taking subsequences and re-numbering we may assume

¥ — ze K (z,7). Applying the second order Taylor approximation we have
_ _ _ £ _ _
F((Z+ thi, g+ tehh) , 2%) = [ ((2,9),72") = §k<v§w)f ((z + p tehd, g + p*tehl)  2%) ¥, %)

for some p* € (0,1). Hence
f(@,5.h) = lminf(VE, ) f (7 + pitehy, § + pttehs) , %) B b5

<v?x,y)f ((f> Zj) ) 2) h7 h> = min <v?x,y)f (('T7 Zj) ) Z) ha h>

zeK(z,y)

A\

Now suppose minZeK(MKV%M)f ((z,9),2) h,hy =0 for any h then by the compactness of K (z,y)

2

and the lower semi-continuity of z — <V(I W)

f((z,y),2)h, h) the minimum is attained and we have
the contradiction to the strict convexity of <V%$’y)f ((z,9),2) h,hy =0 for some z € K (z,y). m
We will need the following result from [8, Propositions 1.3.5 and 1.3.6] or [99, Proposition 7.30

and Theorem 7.31].

Proposition 7.26 [8, Propositions 1.3.5 and 1.5.6] Let {f\},c, be a net of lower semi-continuous
functions to the extended real line defined on a fired Hausdorf space X. Suppose f : X — R,y :=

Ru {400} is lower semi-continuous.

1. Suppose X\ — epi fy is a lower semi-continuous with respect to f as a multi-function i.e. for

any open set V in X x R such that epi f 'V # & we have epi fx "'V # & eventually.
2. The set epi f contains all cluster points of nets {(zx, ax)}yep where (xy, )) € epi fi.
3. There exists a net {xx},., such that limy (f (x)) —infx f) = 0.
If {x\} converges to x then infx f = lim, infx f\ and x € argmin f.

Proposition 7.27 demonstrates that the mapping defined by one full Gauss-Seidel iterate of
Algorithm 7.3, forms a multi-value mapping which has a closed graph. This allows us to analyse
the descent properties of Algorithm 7.3. To do so we will need to exploit the previous result

regarding the convergence of the objective values of parametrised problems.
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Proposition 7.27 Suppose that ¢*= € C* (R™) is a finite, coercive, proper convex function for all
s € S and the associated SIP has pure integer first stage variables. Consider the following iterated
optimisation process: Given (x,y) for all s € S to find (us,vs) € Ky (a closed compact set) that is a

solution to:

min ¢ ug + dl v, + P (v — ), (7.25)
(us,vs)EK s
place y™' = v, and then place
v e arg mianswgs (x — uy) (7.26)

seS

returning (x ™, y*™). Then the mapping (z,y) — (x™, y™) has a closed graph.

k+1

Proof. Suppose (2*,y*) — (z,y) and for each k we have (y*)™ = v} where (uf

k+1
, Uy ) solves

min  c'u, + d] v, + PP (xk — us) ,
(us,vs)EKs
and
(") € arg mianswé’s (2 —ul™). (7.27)
* seS

We show that if ((z%)*!, (y*)*!) — (z*!,y™) then (z™,y™) solve (7.25) and (7.26). Both prob-
lems are parametrised optimisation problems. Denote fi (us,vs) := ¢ u, + d;rvS + rs (xk — us) +

Ok, (us, vs), [ (us,vs) i= clus+d]vs+ 9P (x — us) + 0k, (us,vs) and g (z,u) := >, g PsP?* (x — us) .
First note that without loss of generality we may take a member of the neighbourhood basis

V = Bs (us, ) X (, 8) and suppose

epi f N [Bs (as,75) x (o, B)] # .

Then there exists (u),v.) € Bs (i, Us) n K, for which f (u),v.) € (o, ). Now consider ¥ — z and

s) Vs

note that by continuity of ¢£* we have | (2% — u)) — % (z — u})| — 0 and hence fy (ul,v)) €

CRENECH

(a, B) eventually. Now take a cluster point (us, vy, ) of a sequence (uf, v ay) € epi fi (with

CRENCE

necessarily (uk vk) e K,). Note that we do not need to consider nets in finite dimensions. Again

RN

by continuity we get

fr (ub %) = cTul +d]vl + 0 (2 —uf) <oy

implying  f (us,vs) = ¢ us+dlvs + 97 (x—u,) <
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and so (us,vs, ) € epi f. Finally we note that [8, Proposition 1.3.5] we have

nf o) > g o,
(us,loJI:)eKs f (us, v) 1mksup (uS,lv?)eKs fr (us, vs)

and so once can certainly obtain a minimising sequence {(uk vk)} with

§7 7S

I (uf, vf) e ivn)fEK f (ug,v5)| — 0.

Convergence of a suitable such sequence follows from the compactness of the set K,. Thus we

can use Proposition 7.26 to claim that when (uf*! o) — (uf!,v') we have (u]',vf') €

S s 7S s 1 Ys

+1

)+1 = ovfth

arg min(y, .,)ex, f (s, vs) establishing the first part of our claim as we take (ys = Sim-

ilarly we can consider the associated optimisation problem where u**! — (u,)*! for all s € S and
the associated solutions to (7.27). We apply the same arguments to the associated coercive ob-
jective ¢ (-,uk“) — ¢ (-,u™™) where convergence is uniform on bounded sets. This convergence
is well known to imply epi-convergence which gives us 1 and 2 of the Proposition 7.26 assump-
tions (see [99, Theorem 7.11]). The only deviation from the previous arguments is the existence
of a convergent minimising sequence follows from the equi-coersivity of x — ¢ (x, uk“) . Indeed as

k“) — g (-,u™) in epi-convergent sense its level sets converge (see [99, Proposition 7.7]). As

g9 (- u
the level set of x + ¢ (z,u™) is bounded we may contain any minimising sequence within a fixed
bounded set and hence a convergent subsequences can again be extracted. m

Proposition 7.28 demonstrates that Algorithm 7.3 converges to a partial minimum of ¢,; this is

not immediate from the general properties of Gauss-Seidel methods since the x update is approxi-

mated with a non-ascent step based on the consensus problem.

Proposition 7.28 Suppose that ¢, is as defined in (7.3) and that it is derived from a SIP (7.1)
with relatively complete recourse. Suppose that V? satisfies the assumptions of Lemma 7.23 and
that the sequence (xk, yk) generated by Algorithm 7.3 converges to (x*,y*). Then we have for p > 0
sufficiently large that

o, (x"y) = ¢, (", y*)  forally and

0, (z,y*) = ¢, (@*y*)  forall z.

Proof. Clearly for every k we have

0, (xk’yk) >, (xk:’yk:—l-l) >, (Ik+1’yk+1)
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and as ¢, is Lipschitz continuous and bounded below when (mk, yk) — (z*,y*) we have ¢, (mk, yk) l

@, (z*,y*) so that ¢, (:Ek,yk) = ¢, (z*,y*) for all k. Moreover for each k we also have

©p (:Uk,y) = @, (mk,yk) for all y

and so letting k — oo we obtain ¢, (z*,y) = ¢, (z*,y*) for all y. It remains to be shown that
0, (z,y*) = ¢, (x*,y*) for all x. Suppose to the contrary that z* is not the minimiser of z —
©p (7).

By our earlier observations, made just prior to identity (7.5), we find that as y* € argmin ¢, (z*, -)
)+1

implies y* = (y*)" = v?! for all s € S and (u¥,v¥) which solves

min ¢ u, + dl v, + P (zF — ).
(US,US)GKS

This is the first iteration of our GS as applied to the initial point (z*,y*) to obtain (z*, (y*)“) =
(x*,y*). We may now apply the second part of the GS iteration under the assumption that z* is
not the minimiser of x — ¢, (z,y*). Lemma 7.23 implies for any

(31:*)4rl € arg mianswfs (x —ul)
v seS

that
2o (7%,5%) = 9, (%, (¥*) ") > ¢, (@), () ™) .
Let
2y = ¢, (z*,y*) — ¢, (&), (¥") ")

and hence for k sufficiently large (i.e. k > k) we must have by continuity of ¢, and of closed graph
of (z,y) — ((x)Jr1 : (y)H) proved in Proposition 7.27 and the fact that we take y**1 = (y*)™! and

2P = (2%)"! we have

$k+1 k+1)

=7 =0 () = (28 0F)
implying for any K that
K =, (xK+E’yK+E> — (xkyk:) ‘
Letting K — oo we get ¢, (¢*,y*) = —o0 a contradiction. Hence z* minimises x — ¢, (z,y*). ®
Theorem 7.29 is the culmination of the results in this section, and demonstrates that Algorithm
7.3 always converges to a feasible solution when the first stage of the SIP consists of purely integer

variables.
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Theorem 7.29 Assume that s, for s € S, satisfy the assumption to be an ICRF* (see Assumption
7.3). Suppose that ¢, is as defined in (7.3) and that it is derived from a SIP (7.1) with relatively
complete recourse. Suppose that 1 € C? (R"™™) is a finite, coercive, proper convex function for all
s € S with ¥4 for s € S are globally Lipschitz and that the sequence (zk, yk) generated by Algorithm
7.3 converges to (x*,y*). Then (x*,y*) is a stationary point of ¢,. When we have a SIP with pure
integer first stage variables then for p sufficiently large this implies (z*,y*) € F i.e. is a feasible

solution.

Proof. Note that by Proposition 7.28 we have ¢, (z,y*) > ¢, (z*,y*) for all  and so 0 €
0upp (-,y*) (z*). Thus by (7.24) and Proposition 7.25 we have V¢, (-, y*) (z*) = 0 existing. Fur-
thermore by Proposition 7.28 we have ¢, (z*,y) = ¢, (z*,y*) for all y and so 0 € d,¢, (z*,-) (v*).
Hence by Lemma 7.19 we have (0,0) € dg, (z*,y*) and (z*,y*) is a stationary point and by Propo-
sition 7.25 we have a local minimum. It follows from Lemma 7.14 that (z*,y*) € F is a feasible

solution. m

7.3 Conclusions

Theorem 7.29 demonstrates that the modified Gauss-Seidel algorithm (Algorithm 7.3) is guaranteed
to converge to a feasible solution of the original SIP, as long as the first-stage decision variables are
purely integer. The results in this chapter can be viewed as providing partial theoretical support
for both Progressive Hedging ([112] and Chapter 4) and PBGS (Chapter 6) as heuristics for solving
SIPs. It does differ from the implementations used in the literature in that no multipliers are used
and there is consequently no multiplier update. Indeed multiplier updates can be viewed as a kind
of penalty strategy, which this analysis provides no insight into.

The most obvious direction for future investigation based on the results in this chapter is to
implement the Gauss-Seidel based algorithm developed in this chapter and compare its perfor-
mance with algorithms present in the literature, as well as other SIP algorithms such as Progressive
Hedging.

The algorithm and results of this chapter could also be extended to multi-stage SIP problems

in which all decision variables, except potentially the final stage variables, are pure integer.



Chapter 8

Conclusions and Future Work

This thesis has investigated algorithms and theory relating to Stochastic Mixed-Integer Program-
ming, in particular approaches based on scenario-wise separation. Each of these algorithms focuses
on calculating either high-quality dual bounds or feasible solutions for SIPs, rather than finding the
optimal solution directly. The algorithms presented herein for calculating dual bounds significantly
improve on all previously known approaches, while the heuristics for finding feasible solutions are
at worst competitive, depending on the choice of algorithm parameters. A large proportion of the
computational work required for each of these algorithms can be performed in parallel, which means
that they can be reasonably applied to large-scale SIP instances.

The FW-PH and SDM-GS-ALM algorithms discussed in Chapters 4 and 5 obtain dual bounds
for a wide variety of SIPs more quickly and effectively than previously known methods. The FW-
PH algorithm obtains dual bounds by applying Progressive Hedging to the convex-hull relaxation
of SIPs, using a simplified form of the simplicial decomposition method to solve the primal update
subproblems. This approach is validated by the theoretical results in Section 3.2, which guarantee
that SDM will eventually generate a sufficiently accurate approximation of the convex hull. By
comparison, the SDM-GS-ALM algorithm utilises a more 'feature-complete’ version of SDM, and
generalises the overall algorithm beyond SIP problems to MIPs of a particular structure (which
includes SIPs).

As compared to FW-PH, the SDM-GS-ALM algorithm is considerably more sophisticated, par-
ticularly with respect to the implementation of the simplicial decomposition component. Despite
this distinction, the computational results which we have obtained with SDM-GS-ALM are not

substantially better in terms of bound quality when compared with the FW-PH results. Since
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SDM-GS-ALM has more 'moving parts’ and hence more parameters which must be set correctly to
obtain ideal performance (a difficult task), this outcome is not entirely unexpected. In any case,
the theoretical results given in the development of SDM-GS-ALM yield valuable insights into the
behaviour of this entire class of algorithms.

In terms of future research, possible improvements to the FW-PH and SDM-GS-ALM algorithms
are discussed in the conclusions of their respective chapters. Further tuning of the heuristics for
selecting algorithm parameters (particularly the initial value and update scheme of the penalty
parameters) would lead to better practical results. A greater understanding of the behaviour of
FW-PH and SDM-GS-ALM when applied to infeasible problems would strengthen their respective
theoretical bases.

The most obvious application of these algorithms is to calculate bounds within a branch-and-
bound type method to find primal SIP solutions. The Dual Decomposition method (discussed in
Section 2.5.2) is a branch-and-bound type method which has previously been modified to calculate
dual bounds using Progressive Hedging. Since FW-PH and SDM-GS-ALM calculate high-quality
dual bounds more reliably and (generally) quickly compared to PH, it seems reasonably likely that
a Dual Decomposition-type method which incorporates FW-PH or SDM-GS-ALM in the place of
PH will outperform previous versions of the Dual Decomposition algorithm.

A separate direction for future investigation would be to formally explore the use of FW-PH
or SDM-GS-ALM as a primal solution heuristic, since both of these algorithms generate primal
feasible solutions as vertices in their respective SDM components.

The PBGS algorithm discussed in Chapter 6 uses augmented Lagrangian duality theory based
on a sharp penalty function to eliminate the need for dual multipliers. A block Gauss-Seidel method
is then applied as a heuristic to find (hopefully high-quality) feasible solutions. In practice PBGS
invariably converged to a feasible solution, although this is not guaranteed by currently known
theory. The variation of PBGS developed in Chapter 7 has stronger theoretical properties in that
it is guaranteed to converge to a feasible solution if the first-stage variables of the SIP are pure
integer.

In computational experiments PBGS tended to generate good feasible solutions more quickly
than Progressive Hedging when applied to SIPs. However, the quality of the solutions generated
by PBGS compared to PH was frequently worse. Since the performance of PBGS is very strongly
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dependent on the choice of parameters, further investigation into the ideal parameter configuration
for various problem classes is a potentially fruitful area for future research. An alternative potential
direction for improvement is to explore the use of scenario clustering to escape the suboptimal local
minimum. Verifying the speed-up benefits of solving the PBGS subproblems in parallel would also
be valuable.

All of the above mentioned algorithms have the potential to be applied to multi-stage SIPs.
The underlying theory of each algorithm is easily applicable to multi-stage problems due to their
scenario-splitting structure. If and when this is pursued in the future, the most difficult challenges
are likely to be achieving clear and concise notation and implementing the algorithms in an efficient
and effective manner, since multi-stage problems have a much more complicated structure.

A general trend throughout the theoretical and experimental results presented herein is that
two-stage SIPs with pure-integer first stage variables tend to be ’easier’ than those with mixed-
integer first stage. The FW-PH and SDM-GS-ALM algorithms of Chapters 4 and 5, when applied
in practice, tended to discover the exact optimal dual bound of the CAP and SSLP problems (which
have integer first-stage) relatively quickly, whereas in the case of the DCAP problems (which have
mixed-integer first stage) asymptotic convergence was typically observed. Similarly, the feasible
solutions found by PBGS for the DCAP problems were generally of lower quality than those found
for the CAP and SSLP problems. The theoretical convergence proof for the modified version of
PBGS given in Chapter 7 only applies at all when the first stage is pure integer. A potential cause
for this distinction between problem classes is that penalty function based approaches which utilise
smooth penalty functions are more effective when the variables they apply to are discrete, since
non-feasible solutions are always meaningfully penalised.

The use of non-smooth penalty functions offers some hope of tackling mixed-integer first stage
SIPs with more success, since a ’sharp’ penalty function has more latitude to impose a larger
penalty on a 'nearly feasible’ solution while maintaining a reasonably-sized penalty parameter.
Fortunately the Frank-Wolfe-based component of FWPH and SDM-GS-ALM is amenable to non-
smooth optimisation (as demonstrated in Section 3.3). However, these non-smooth functions are
still far more difficult to deal with computationally; the alternating-update approaches like ADMM
and Gauss-Seidel, which are otherwise ideal for Stochastic Integer Programming, generally do not

handle non-smooth objective functions gracefully (recall that the PBGS method of Chapter 6 is
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merely a heuristic even though the theory guarantees strong duality for a sufficiently large penalty
parameter). The discovery of an algorithm or heuristic capable of dealing more effectively with
these non-smooth penalty functions, and hence (potentially) general mixed-integer SIPs as well,
would have a substantial impact not only on the field of Stochastic Integer Programming, but also

Mixed-Integer Programming in general.
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