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Abstract

We consider the fundamental problem of computing an optimal portfolio based on a
quadratic mean-variance model of the objective function and a given polyhedral represen-
tation of the constraints. The main departure from the classical quadratic programming
formulation is the inclusion in the objective function of piecewise linear, separable func-
tions representing the transaction costs. We handle the nonsmoothness in the objective
function by using spline approximations. The problem is then solved using a primal-dual
interior-point method with a crossover to an active set method. Our numerical tests show
that we can solve large scale problems efficiently and accurately.

Contents

*Research supported by The Natural Sciences and Engineering Research Council of Canada. E-mail:
mpotaptcQuwaterloo.ca

TResearch supported in part by a Discovery Grant from NSERC. Email: ltuncel@math.uwaterloo.ca

fResearch supported by The Natural Sciences and Engineering Research Council of Canada. Email: hwolkow-
icz@uwaterloo.ca


http://www.math.uwaterloo.ca/~ltuncel/
http://orion.math.uwaterloo.ca/~hwolkowi/
http://www.uwaterloo.ca/
http://www.math.uwaterloo.ca/CandO_Dept/homepage.html

B.2__Quadratic and Cubic Splined . . . . . . o o oo 11
B3 Sensitivity Analysid . . . . ... 12

S . E T Lifind
1 Global Liftind . . . . . o o o o ig
2 Tocal Liftind . . . . o o o o o 18

E Prohabiie Aroloss for Namhor of Broakoot] 00

6 Computational Experimentd 22
6.1 Data Generatiol . . . . . .. 23
6.2 Varvine Parameters Related to Smoothnesd . . . . . . . .. ... .. ... ... 24

6.2.1 _Varvine Number of Breakpoints M and Spline Neighbourhood d . . . . . 24
|6_2,2_Sga,]j_ng the Quadratic Termd . . . . . . . . . . 24

6.3 Expected Number of Breakpointd . . . . . . . . . . ... ..., 24
6.4 Crossover for Obtaining Higher Accnracyl . . .« o o o o oo oo o 25
6.5 Comparing Linear Svstem Solverd . . . . . . . . . . ... 28
6.6 _FExperiments with Sparse Data . . . . . . o oo 31
lz__Conclusion 36
|JA_Transaction Costd 37

List of Tables

6.1 CPU (iter) for MATLAB IPM 0 =10000m =500 | . . . . . . . . . .. .. ... 25

Iﬁ 2 CPU (iter) for MATLAB IPM : n = 1000, m =500, M = 101. ¢ = 0.0001 l ..... 25

6.3 # (%) of coardinates of optimum at breakpoint: o= 400.m =800, |. . . . . . . . . 27

6.4 4 (%) of coordinates of optimum at breakpoint in each suberoup: n=400, m=800, Ap = Ad | 27
6.5 CPU (iter), Crossaver. o= 1000.m = 500, M = 101.e = 0001, Data Type 1. 1. . . . 28

6.6 CPU (iter), Crossover with purif. step. n — 1000 m = 500 M = 101 ¢ = 0.0001, Data Type 2. | 29
6.7 MATLAB CPU. different solvers: n = 1000m =500 1 . . . . . . . . . . . . . ... 30




0.8 MA AB CP different solvers; n.=3000._ 1. . . . . . . . . . . . .. . ... ... 31
6.9  MATLAB CPU, different solve 00 > 200 blg 0% den.; m = 200; up/low bnds | 32
d 32
0 P iter): has 20 nonzeros per row; m =300, A 1% dens M =25 1. . . . . .. 33
12 CPU (iter): G is 0.5% den:m =300, A 1% den: M =254 . . . . . . . . . . ... 33
0 PU_(iter); has 4 00 x 200 block 0% den.; m =200, A 10% den.; up/low bnd 35
6.14 PU (ite has 200 % 200 blocks: 10% den.; m = 200, A 10% den.: up/low bnds, M = 25.1 35
15 CPU (iter), large-scale problems. | . . . . . . . . . . . . . . . ... ... 39

List of Figures




1 Introduction

We consider the problem of selecting a portfolio for an investor in an optimal way. Assume
that n assets are available. We denote by x = (21, s, ...,7,)T the vector of proportions of the
money invested in each asset. Under the mean-variance model, the investor acts to minimize
the quadratic function F'(z) = %ZETQZL" — td"z, under linear inequality constraints, i.e. we solve
a quadratic program, QP . Here —d is the vector of the expected returns of the assets, @ is a
covariance matrix and ¢ is a fixed positive scalar parameter. In this paper we consider minimiz-
ing f(x) = F(x)+ >, fi(x;), where the functions f; are piecewise linear convex functions that
represent the transaction costs. We introduce an algorithm that approximates the nondifferen-
tiable functions with splines and then solves the resulting smooth problem using a primal-dual
interior-point method. We apply a crossover technique to an active set method once we are close
enough to the set of optimal solutions. We are able to solve large scale problems efficiently and
accurately.

Transaction costs arise when an investor buys or sells some of his/her holdings. Two major
sources of transaction costs are brokerage fees and market impact costs. The broker’s commission
rates are often decreasing in the amount of trade, and therefore the transaction costs resulting
from these fees are modeled by concave functions. However, this is the case only when the
amounts of transactions are not very large and should be taken into account only by smaller
investors. If the trade volume is large enough, the commissions can be modeled by a linear
function.

The market impact costs are the changes in the price of the assets that result from large
amounts of these assets being bought or sold. The price is going up if someone is buying large
quantities of an asset, and the price is going down if a lot of shares of this asset are for sale. The
market impact costs are normally modeled by convex functions. The piecewise linear convex
function is the most common example.

Therefore, from the point of view of a large institutional investor, transaction costs can be
adequately modeled by a piecewise linear convex function.

We assume that the vector & = (2,2, ...,2,)" represents the current holdings of assets.
The cost associated with changing the holdings in asset ¢ from #; to x; will be denoted by f;(z;).
For most practical purposes, it is safe to assume that transaction costs on each asset depend
only on the amount of the holdings in this asset purchased or sold and do not depend on the
amount of transactions in other assets. Therefore, we model the transaction costs by a separable
function of the amount sold or bought, i.e. the cost associated with changing the portfolio from
ztoxisd | fi(z;). We discuss the transaction cost model in more detail in Appendix [A] page
B4

See [, 14, M5, B, M0, 19 for work related to portfolio optimization under nonsmooth transac-
tion costs. And also [T}, B, €, 6, [T, T2, 20, 21]] for approaches to partially separable optimization



problems. For an approach that replaces a nondifferentiable problem by a smooth problem, see

3.

1.1 Outline

In Section Pl we present the details of the problem as well as the associated duality and optimality
conditions. The smoothing by splines is done in Section Bl We include sensitivity analysis in
Section B3 In particular, this section proves that more accurate spline approximations yield
more accurate solutions of the original problem, i.e. continuity of the spline approximations.
An alternative approach that replaces the nondifferentiability with additional variables and
constraints is given in Section @l For this approach, we use the software package IMOSEK! to
solve the resulting QP .

In Section @ we study the expected number of variables x; that have values at points of
nondifferentiability. These theoretical observations agree with our empirical results.

Computational results are reported in Section @l and concluding remarks are given in Section

@

2 Problem Formulation and Optimality Conditions

2.1 Formulation

We consider the problem of minimization of the function f(x) subject to linear inequality con-
straints.

min f(x)

(P) s.t.  Ax <b,

(2.1)

where A is an m x n-matrix and b € R™. The objective function f(x) is defined as follows:

fx) = F(x) + Z fili), (2.2)

where
F(z):=z2"Gr + '« (2.3)
is a strictly convex quadratic function on R", G is symmetric positive definite, and f;(x;) is a

piecewise linear function on R, with break-points at d;;, i.e.

fio := pioxi + hjo, it x;, <dj,
filzs) =< fu = puz; + hi, if dy <w <dyga, 1=1,...,M;, (2.4)
fing, = ping, @i + hing,, it 2 > ding,.
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Let the feasible region of the problem (ZI) be denoted by S; and, for each x € R", let the
set of active breakpoints, and its complement, be denoted by

E(z) :={i:x;=dy forsome l € {1,..,M;}}, N(x)={1,...,n}\E(x). (2.5)

2.2 Duality and Optimality
The Lagrangian dual of (P) is

max min L(x, u) := f(z) +u’ (Az — b).

u>0 T

The inner-minimization is an unconstrained convex minimization problem. Therefore, we can
write down the Wolfe dual program

max L(x,u)
(D) st.  0€0,L(x,u), (2.6)
u > 0,

where 0, L(x,u) denotes the subgradient of L, i.e.
Oy L(z,u) = {p € R" : ¢ (y — o) < Ly, u) — L(z,u), VyeR"}.
We can now state the well-known optimality conditions.

Theorem 2.1 A point x € R™ minimizes f over S if and only if the following system holds

u>0, 0€d,L(x,u) dual feasibility
Ax <b primal feasibility
u?' (Az —b) =0 complementary slackness.

To further simplify the optimality conditions, we use the following property of subgradients:

Proposition 2.1 ([2]) Let = > " 0;, where 0; : R" — R are conver functions, i =1,...,m.
Then 00(x) is equal to the Minkowski sum

90(x) = Z 90;().



Recall that .
L(z,u) = F(z) + Y _ fila;) + u” (Az — b).
=1

Since the first and the last terms of this sum are differentiable, we get
OL(x,u) = VF(x) + 00 _ filx:) + A™u.
i=1

It follows from the definition of f;(x;) that

Zdj;o (), if @ <dy,

iy —] B, (=
[cl:cz-(acl-)7 dz; (z5)] if zy=dy, 1=1,..., M,
(), if ;> ding,.

We can think of f; as a function from R" to R, defined as f;(x) = f;(x;). Then 0f;(z) = 0f;(x;)e;
and > " | fi(z;) = >0, fi(x). By Proposition T 9(>"7 | fi(w;)) is equal to the Minkowski sum
v O0fi(x;)e;. From the definition of the Minkowski sum, the latter sum is equal to a direct
product of df;(x;). Therefore,

0 € 0L(x,u)

if and only if, for every : = 1,...,n,
0 € (VF(x))i + 0fi(xi) + (ATu)i.
This allows us to reformulate the optimality conditions for (2.1]).

Corollary 2.1 Let the function f be given by (Z3). A point x € R™ minimizes [ over S, if
and only if there exists u € R™, v € RF®@) sych that

Ax < b, )
(VF(2))i + 22 () + (ATw); = 0, for all i € N(x),

with z; € (dy, di41),
(VFE(z)); + L=1(dy)) + (ATu); +v; = 0, for all i € E(x),

d.CBi
0 < v < Li(dy) — Li=t(dy), for all i € E(x),
with T; = dila
u > 0,
u?'(Az —b) = 0. )



We would like to see if an interior-point method (I PM ) can be applied to solve this problem
efficiently. Applying the I P M directly to the nondifferentiable problem would force us to follow
a nondifferentiable “central path”.

A point x € R" is a point on the central path, if and only if, for u > 0,

Ar+s=10, s>0

(VF(2)); + L2 (x;) + (ATu); = 0, for all i € N(z),
with x; € (di, i),

(VF(x)); + df”T:_l(dﬂ) + (ATu); +v; =0, foralli € E(x),

d
0< v < Li(dy) — Li=t(dy), for all i € E(z),
with T; = dil;
u > 0,
UiS; Hy T ]-7 , M, J
or
Ar+s=10b, s>0 )
(Gx)i + ¢ + py + (ATw); = 0, for all i € N(z),

with x; € (dih dil-i—l),
(Gx); + ci + piy1 + (ATu); +v; =0, foralli € E(z),

with €Tr; = dila (29)
0 < v < pir = Pit-1, for all i € E(x),

with T; = dil,
u >0,
wis; =M, t=1,...,m. J

3 Smoothing via Splines

Approximating the nondifferentiable functions f;(z;) by smooth functions allows us to fully use
the theory of differentiable optimization, and in particular, interior-point methods.

There are two approaches that could be taken here. In many cases the nondifferentiable
function f;(x;) is just an approximation of some smooth function based on a given data set.
Then, using a convex cubic spline on this data set would give a better approximation of the
original function, and the objective of the optimization problem () would become smooth.
For more details on this approach, see for example [I8]; and for a general reference on splines,

see [1.



However, in real life, the original data set is often not available and it is best to find a solution
to the given data. Transaction cost functions, for example, are always non-smooth. Therefore,
in this paper, we focus on the second approach. We use smooth convex splines that approximate
the given piecewise linear convex functions f;(x;) that represent the transaction costs.

3.1 Interior Point Method for Smooth Approximations

Suppose the functions f;(z;) are approximated by smooth functions f;(z;). We denote the first
and second derivatives by f/(z;) and f/(x;), respectively.

Let (x,u,s) be a current iterate, with (u,s) > 0. The following system of perturbed opti-
mality conditions will be considered at each iteration of the I PM

Ar+s=0b, s> 0

(Gx)i + ci + fl(z) + (ATu); =0, foralli=1,...,n,
u > 0,

uis; =My, 1 =1,...,m.

(3.1)

Given z,s, and u, we define the barrier parameter i := “%5, the vector of first derivatives
g=(fl(z1),..., f(x,))T, and the diagonal matrices

U :=Diag(ui,...,up), S:=Diag(si,...,sm), H :=Diag(f/(x1),...,f (x,)).

Then the search direction for (Bl) is found from the linearized system (Newton’s equation)

G+H AT 0 Az —r,
A 0 I Au | = —1y : (3.2)
0 S U As —Us +ope

where the residuals
re=Gr+c+g+ATu, 1,:=Axr+s—b,

e is the vector of ones, and o € [0, 1] is the centering parameter.
We can use block eliminations to simplify the linearized system. We first solve

As=—-U"'SAu— s+ oulU 'e.

Then we can eliminate As and rewrite (B2) as the symmetric, indefinite, linear system (n + m
sized, augmented or quasidefinite system )

G+ H AT Az \ -7, (3.3)
A U8 Au ) | —rp+s—ouU e |° '

9



Further, since
Au = STUU[AAT + 1y — s + opU el = —u+ STHU(AAZ +13) + opel,
we can eliminate Au and obtain the (n sized, normal equation system)
G+ H+ AT(STIWU)A|Az = —r.+ AT(S7IU)[—rp + s — opuU¢]
= 1o+ AT[u — S™HUry + ope)] (3.4)
= —(Gx+c+g)— ATS™ Ury + opel.
We can add upper and lower bounds b; < x < b, to the problem. Let 0 < (x, u, uj, ty, S, S, Su)

be a current iterate of the IPM |, where u;, u, and s;, s,, are the dual variables and slack variables

corresponding to the upper and lower bounds, respectively. In addition, we redefine the barrier
uTs+ulTsl+ugsu
m+2n

U, = Diag(w;), U, = Diag(u,), S; = Diag(s;), S, = Diag(s,).

Then the search direction is now found from the Newton equation

parameter p := , and define the diagonal matrices

G+H AT I —I Az —r,
A —U'S 0 Au —ry+ s —oulU te
I 0 —U'S, 0 Aue | T | —r et su—opr-te |0 39)
—I 0 0 —Ul_lSl Ay —rp + S — auU[le

with residuals 7, := Gox +c+ g+ ATu, rp ;= Axr + 5 — b, 14y := x — by, 75y = —x + b;. We can
repeat the block eliminations and find

As = —U'SAu— s+ opU te,
As, = —U;'S,Au, — s, +opU e,
As = —Ul_lSlAul — 5+ a,uUl_le,
Au, = S]'U[AzT + 1y, — s, +opU el = —uy + ST UL(Ax + 14) + o el
A = STU[-Az 41y — sp+ oplU el = —uy + S;HU(— Az + 1) + opuel,

Au = STW[AAz + 7, —s+opUte] = —u + STHU(AAZ + 1) + ope).

The linearized systems become:

G+H+U;15u+Ul_1Sl AT Az \ ro
A ~-U-s } ( Au ) B { —ry+s—opuU te |7 (3.6)
where
To = —Te + Uy — S, Uurpu + ope] +up — Sy Uyry + opel,
and
G+ H+U'S, +U7'S + AT (ST A]JAz = —rg + AT(STIU) 1y + 5 — opuU e (37)

= —rg+ AT[u — S~H(Ury + ope)).

10



3.2 Quadratic and Cubic Splines

Recall that fi(z;) is a piecewise linear convex function. We can approximate it by a spline
fi(zs, €) in the following way. We let

filzi €)= fi(x;) + si(x;, €). (3.8)

Let us denote Ap; := pi — pir—1-
For the quadratic spline,

APil (. 2 if I , .
silan €) = Pl (zy — dy +€)*, if x; € '[dzl €,d;y + € for some [ € {1,..., M;}, (3.9)
0 otherwise,

the first partial derivative of s;(z;, €) with respect to z; is

Osi(wi, €) %(:ci—dimLe), if x; € [dy — €,dy + €] for some | € {1,..., M}, (3.10)
or; | O otherwise, ’
and the second partial derivative of s;(x;, €) with respect to z; is
0?s(xi, €) _ %, if ; € [dy —€,dy + €] for some [ € {1,..., M;}, (3.11)
ox? 0 otherwise. ’
For the cubic spline,
%fg’l (; — dy + €)3, if x; € [dy — €,dy] for some [ € {1,..., M;},
si(w, €) = —A61:2” (zi — diy — €)° + (Apa)x;, if z; € [diy, diy + €] for some 1 € {1,..., M;}(3.12)
0 otherwise,
the first partial derivative of s;(z;, €) with respect to z; is
Dsi (4, €) %(mi —dy + €)?, if x; € [dy —€,dy] for some [ € {1,..., M},
287;; = —%(mi —dy —€)? + Apy, if x; € [dy, dy + €] for some [ € {1,..., M;},(3.13)

0 otherwise,

and the second partial derivative of s;(x;, €) with respect to z; is

AE*Z“ (x; —dy+¢€), if x; € [dy —€,dy] for some [ € {1,..., M},

82 1\ iy
% = —AE’;“ (v; —dy —€), if x; € [dy,dy + €] for some [ € {1,...,M;},  (3.14)
i 0 otherwise.

11



It is trivial to check that the functions f;(z;, €) defined above are continuously differentiable. In
case of the cubic spline, they are twice continuously differentiable. Note that the largest value
of € that we want to use should satisfy

1
€< 5 miln(d,-l —dj_1).

Let us define |
€ .= g mlln(dll - dil—l)- (315)

3.3 Sensitivity Analysis

First, we recall some basic sensitivity results, see [9.

Definition 3.1 Let I' be a point-to-set mapping from T C R™ to subsets of R™, and let t, € T
be such that t, — to. Then I is closed at ty € T, if x, € I'(t,), for each n, and x,, — xy together
imply that zo € T'(ty).

Theorem 3.1 (2.2.2 from [4]) If f is a continuous real-valued function defined on the space
R™ x T and R is a continuous mapping of T into R™ such that R(e) # 0 for each € € T, then
the (real-valued) function f* defined by

f*(e) = inf{f(z,e) | z € R(e)} (3.16)
1s continuous on T'.

If g is an affine function from R™ to R™, i.e., if g(x) = Ax + b, where A is an m X n constant
matrix and b € R™ is a constant vector, and if

Ry(g) ={x € M | g(z) > 0},

where M C R", the function g is said to be non-degenerate with respect to the set M if Ry (g)
has a non-empty interior and no component of g is identically zero on M. The continuity of the
map defined by

Su(g) ={r € Ru(g) | f(z) = nf{f(2) | 2 € Ru(9)}} (3.17)

is given by the following theorem. This result has been proven in [B].

12



Theorem 3.2 (2.2.4 from [9]) If f is continuous, g is affine, and M is closed and convezx, then
S 1s closed at every non-degenerate g.

We next apply these sensitivity results to our problem. Let us introduce a function f;(x;,¢)
defined on R x [0, €], for every ¢ = 1,...,n, as follows

fi(wi,€) = { ;Ei)@ g E z 8 (3.18)

where the functions f;(z;, €) are defined by ([BX) and the functions s;(z, €) are defined by (B3)
or (BIJ). Finally, let

flw,€) = F(x)+ ) filwi,e), (3.19)
i=1
and consider the problem
min  f(x)
s.t. Az <b. (3.20)

Proposition 3.1 Let f(x,€) be a function defined on R™ x [0, by (ZI4), and let € > 0 be
given by @(Z13). Then the optimal value function f*(e), defined by

f*(e) = min{ f(x,¢) | Ax < b}, (3.21)
is continuous on (0, €. Furthermore, the mapping S, defined by
S(e)={z | Az <b, f(x,€) = f*(e)}, (3:22)

is a closed mapping of [0, €| into R™.

Proof.  We first show that f;(z;,€) is continuous on R x [0, €] for every ¢ = 1,...,n. This is
true for € # 0 because f;(;, €) is a continuous function.

Let us show the continuity of f;(z;,¢) at ¢ = 0. Consider a sequence (z*,€e¥) — (z,0).
Suppose, first that z; # dy for any [ = 1,...,M;. Then, for a sufficiently small value of €,
¥ & [dy — ex,dy + €] for any [ = 1,..., M;. By definition of f;(x;,€), fi(zF,€*) = fi(2¥) and
fi(Z:) = fi(%;,0). Since fi(x;) is continuous, f;(z¥) — fi(z;). Combining these, we obtain that
fl(va Ek) = fZ(xf) - fZ(jZ) = fZ(y_;ZvO)v or fZ(vadg) - fl(jlvo)

Suppose, next that z; = d; for some [ = 1,..., M;. Then, for a sufficiently small value
of ¥, zF € (dy_1 + €*,dy, 1 — €F). We now subdivide (2%, ¢*) into two subsequences. If z¥ &

13



[di — €*,dy + €¥], then f;(zF,€*) = fi(a¥) — fi(z;) = fi(z;,0) since f;(z;) is continuous. If

xk € [dy — €*, dy + €], then, in the case of a quadratic spline,

Sz(xf) = 4fkl (l’f - dil + ek)2 < 45; (2€k)2 - Oa (323)
when € — 0. In the case of a cubic spline,
Api Apy
ky _ il k k\3 i k\3
si(xf) = 6(e’f)2(xi —dy+€°)° < 6(ek)2(2€ )? — 0, (3.24)
when €¥ — 0. Therefore, f;(z¥, e*) = fi(z¥) + s;(z¥) — fi(z:) = fi(z4,0).
This completes the proof of the fact that f;(x;, €) is continuous for every i = 1,...,n. Hence

fi(z, €) is continuous as a sum of continuous functions.
Applying Theorem Bl we obtain (BZ1).
We next reformulate the problem

min{ f(z,€) | Az < b}

as
min{ f(z, x,41) | Ax < b, 2,41 = €}.
This allows us to apply Theorem B2, and proves (B22). [ |

By Proposition Bl approximating the piecewise linear functions f;(z;) by smooth splines in
the e-neighborhood of the break-points for small values of € implies small changes in the optimal
solution and the optimal value of the problem.

Suppose (z*, s*, u*,v*) satisfy optimality conditions (Z1), i.e. z* € S*(0). From the opti-
mality conditions (27),

(VE(z*)); + pa + (ATu*); = 0, for all i € N(z*), )
with SL’: c (dila dil+1)7
(VF(x*)i + pi1 + (ATu*); +vf =0, for alli € F(z*),
with ZIL';k = dib

Az 4+ s*=b, s* >0 (3.25)
0 <wv’ <py—Dpi-1, for all 1 € E(x*),
with *LL’Z' = dila
u* >0,
u;s; =0, 1=1,...,m. )

14



Suppose next that (z* + Az, s* + As, u* + Au) are optimal for the problem B20) for a given
e >0,ie z* € 9*(e). Let us denote f.(x) = f(x,€). The optimality conditions for this problem

imply

Vf(z* + Ax) + AT (u* + Au) = 0,
A(z* + Azx) + (s* + As) = b, s*+ As >0,

(u* 4+ Au) > 0, (3.26)
Approximating the gradient of f.(z) by it’s Taylor series, we obtain

Vf(x*) + Vf2(a*) Az + AT (u* + Au) =0,

A(x* + Azx) + (s* + As) = b, s*+ As >0, (3.27)

(uf + Aw)(s] + Asi) =0, i=1,....m,

or

(VF(z%); + pi—1 + (Vse(x*)); + (VF?(z*)Ax); for all i € E(z*), )
+(Vs(z*)Ax); + (AT (u* + Au)); = 0, with =} = dy,
(VE(x*)i + pu—1 + (VE?*(2*)Ax); + (AT (u* + Au)); = 0, for all i € N(z*),
with LL’? c [dil—la dil]a (328)
A(x* + Azx) + (s* + As) = b, s*+ As >0,
(u* + Au) >0,
(uf + Au;)(sf+As;)) =0, 1 =1,...,m.

Using systems (B20) and (B25), we get

(Vsc(x*); + (VF2(2*)Az); + (Vs (z*)Ax); —v; for alli € E(z*), )

+(AT(Au)); = 0, with z} = dy,

(VF%*(z*)Az); + (AT(Au)); = 0, for all i € N(z%), > (3.29)
with .T;k < [dil—la dil]a '

AAx + As =0,

wfAs; + sfAu; + As;Au; =0, 1 =1,...,m.

Vs

If we disregard the last term of the last equation As;Au;, we can obtain (Az, As, Au) by solving
a linear system

VF*(z*)+ H AT 0 Az r
A 0 I||lau|=1]0], (3.30)
0 S U As 0
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where

[ v = Vs (x*);, if xf =dy,
e { 0, otherwise, (3.31)
and H is a diagonal matrix
Vs (a) i af =dy,
Hii = { 0, otherwise. (3.32)

This proves the following:

Theorem 3.3 Let € > 0 and x(€) be an optimal solution for problem(320) and let s(€) and u(e)
be the slack variables and dual variables associated with this optimal solution. Then there exists
an optimal solution x* for problemZd) such that the first-order approzimation (x(e€), s(€), u(e))
in a neighborhood of € = 0 is given by

(z(€),s(e),u(e)) = (x*, s, u") + (Azx, As, Au) + o(e),

where s* and u* are the slack variables and dual variables associated with x*, and (Az, As, Au)

can be found from [EZ30).

Note that the LHS of the system (B30) is similar to (B2).
If we assume strict complementarity at z*, the last line of (B30) implies that the active set
will not change for small values of €. Let us denote by A the matrix of the constraints active at
x*. Then the system (B30) can be rewritten as follows:

VE e+ H ATHM}:{T}_

A 0 Au 0

We further note that the norm of H is equal to a constant multiple of max;; % for both
quadratic and cubic splines. For small values of ¢, it can be used as an estimate of the norm of
the LHS matrix of (B33)). Also, 0 < r; < max; Ap;. Hence, we expect that the norm of Az will

be order €. This is consistent with our computational experiments.

(3.33)

4 Smooth Formulations via Lifting

4.1 Global Lifting

Because of the special structure of the nondifferentiable part of the objective function, problem
&) can be converted to a smooth one by introducing new variables and constraints into the
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problem. For example, for each i = 1,...,n, we can introduce a new set of variables z; where
[=0,...,M and z;; where [ =0,..., M . Then problem (I can be rewritten in the form

. n M n M o,
min  F(z) 4+ 370 >0 fi (o) + 200 2 fa ()

s.t.  Ax <b,
Mt M- _ R .
T — Y Tl Yy xy =&, fori=0,..,n, (4.1)
0<uay <dj,, fori=1,.,n,1=0,., M,

0<uwy; <dy,,, fori=1,..n,1=0,.., M,
where f;, f; are defined in the Appendix. The problem () is a linearly constrained, convex
and twice differentiable problem and standard techniques can be used to solve it. However, this
higher dimensional problem is computationally expensive to solve.

We can design an interior-point algorithm for this problem in a way analogous to our deriva-
tion in Subsection 3.1. First, we express the primal-dual central path. The central path is
continuously differentiable; however, it is expressed in a very high dimensional space compared
to our formulations in Section 3. To compare the underlying interior-point algorithms, we can
eliminate the “new variables” (those not present in the formulations of Section 3) from the non-
linear system defining the central path. Let v € R" denote the dual variables corresponding to
the linear equations expressing x in terms of Z, 2", and x~.

After eliminating all of these new variables except v, the nonlinear system of equations and
inequalities are equivalently written as

Gr+c+ATu+v(x) = 0, u>0;
Ar+s = b, s>0;
Su = pe.

In the above v(z) : R" — R™ is continuously differentiable at all interior points and is completely
separable, that is, [v(z)], only depends on ;. Therefore, if we derive the search directions based
on this latest system, we end up with the normal equations determining Az whose coefficient
matrix is:

G + Diag [v/(z)] + AT(STU) A.

Compared to the search directions from Section 3, the search direction derived here has only a
diagonal perturbation to the left-hand-side matrix and this perturbation Diag [¢v/(x)] is indepen-
dent of A, b, ¢, G and only depends on the nondifferentiable part of the data.

Another approach to comparing different interior-point algorithms in our setting would be
to derive the search directions for each formulation in their own space and then consider the
Ax components of each of these search directions, i.e., compare the projections of the search
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directions in the z-space. This way of comparing the search directions could lead to different
conclusions than the above. As it will become clear, our way of comparing these different
formulations exposes the similarities in an extremely easy and elegant way. One drawback of
the compact central path system that we derived is, the compact system is “more nonlinear”
than the high dimensional, original formulation. The latter is the usual approach to quadratic
programming and yields a bilinear system of equations and strict linear inequalities. In our
compact system above, in addition to the usual bilinear equations (such as Su = pe), we also
have the nonlinear system involving v'(x).

4.2 Local Lifting

We can introduce a pair of new variables z;7, x; for each i € E(x) with z; = d;. This converts

the problem into a differentiable one in the neighborhood of the current iterate. The problem
becomes

min  F(z) + ZieN(gc) filzi) + ZieE(m)( i (@) + fi (27))
s.t.  Ax <b,

v =dy+x —x;, i€ E(z), (4.2)
z, x; >0, 1 € E(x).
A point x € R" is a point on a central path corresponding to ([2), if and only if
Ar+s=0b, s>0
(VF(2))i + 22 () + (ATu); = 0, for all i € N(z),
with x; € (di, di1),
(VF(2)); + LEL(dy) + (ATw); +v; = 0, for all i € E(x),
with xTr; = dila
(VF(x)); + j’;’: (di) + (ATu); —w; =0, for alli € F(x),

u > 0,

v, =dy+af —x;, i € E(z),
27 >0, i€ E(),

Vi, Wj > O, 1€ E(SL’),

U; S; = W, ’i:l,...,m,

vir; =, 1 € E(x),

wir] = p, i € E(z).
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Note that v; + w; = Ap;. For the quadratic function, the above system becomes

Ar+s=0b, s> 0 )
(Gz); + ¢; + pa + (ATw); = 0, for all i € N(z),
with x; € (diy, diy1),
(Gx)i + ¢; + piy—1+ (ATu); + v; = 0, for all i € FE(x),
with T; = dila
u >0,
u;s; = [, i=1,...,m, (4.4)
i, >0, 27 >0, i € B(x),
w; >0, v; >0, i € E(x),
v; +w; = Apy, i € E(x),
v, =dy+xf —x;, i € E(z),
VT = W, i € E(z),
wir] = p, i € BE(x). )
The last four groups of equations form the system:
v; +w; = Apy,
v, =dy+z — 1, (4.5)
Ui$i = /J“a
This allows us to express the dual variable v; as a function of x;
vi(z:) 2uApi (4.6)

B 20 — Apa(z; — dig) + (4p® + ApZ (z; — dy)?)z

Note that v;(d;) = % > 0. In a neighborhood of d; the variables w;, z] and z; are

positive and solving a system ({4 is equivalent to solving

Ar+s=0b, s>0

(Gx)i + ¢ + pu + (ATu); = 0, for all i € N(x),
with z; € (d,’l, dil+1)>

(Ga)i + ¢+ pas + (ATu)i + vilws) = 0, for all i € E(2), (4.7)
with T; = dila

u >0,

U; S; = W, z:l,,m

Vs

This approach appears to be similar to the “spline approximation” approach. We are just
modeling the jumps in the gradient of f;(z;) by a function s;(x;), such that

si(xi) = vi(w;).
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Proposition 4.1 Suppose an interior-point method is applied to the problem [{-3) and a search
direction (Ax, Au, As) is obtained at a point (x,u,s). Then the same direction can also be
obtained by applying the interior-point method to the problem (Z1), with fi(x;) = fi(z;)+s:(z:),
where s(z;) = v;(z;) is given by [Z.0).

Therefore, the search direction computed in this local lifting approach can also be treated in the
class of search directions Az obtained from solving the system

G+ D+ AT(ST'U)A|Azr = —(Gz + c+d) — ATS7HUry + opel, (4.8)

where D and d are the diagonal matrix and a vector determined by a particular approach (e.g.,
smoothing via quadratic spline, smoothing via cubic spline, global lifting, local lifting).

Note that the above unification of these various approaches goes even further. In subsec-
tion B3 the sensitivity analysis leads to the linear system of equations (B30) which is also in
the above form.

The main reason for this is the fact that we derived our algorithm from the necessary and
sufficient conditions for optimality. And, these conditions change slightly going from one of our
formulations to another.

5 Probability Analysis for Number of Breakpoints

Recall that f : R” — R" is a convex function which is the sum of a strictly convex quadratic
function and n, convex, separable, piecewise linear functions. So, f is differentiable everywhere
except at the breakpoints of the piecewise linear components.

The problem we have been considering is

min  f(x)

s.t. x e P,

where P C R" is a polyhedron.
For every z € R, define the level set of f:

Clz) :={z e R": f(z) < 2},

which is convex (since f is) and closed (since f is continuous). Suppose that our optimization
problem has an optimal value z* and it is attained. Then we ask the question: “How likely is it
that there exist

zeC(z')NPandie{l,2,...,n} such that

Z; is a breakpoint of f;?”
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Proposition 5.1 Let f, C(z), P, and z* be as defined above. Then, C(z) is a compact, convex
set for every z € R™. Moreover, if P # (), then z* exists and is attained by a unique x* € P.

Proof. We already established that C'(z) is closed and convex for every z € R™. Since f is
the sum of a strictly convex quadratic function and n, convex, piecewise linear functions, f is
coercive. Thus, C(z) is bounded for every z € R™. Therefore, C'(z) is compact for every z € R™.
We deduce that if P # (), then z* is finite and is attained. f is strictly convex (since it is the sum
of a strictly convex function and some other convex functions); hence, there must be a unique
minimizer of f on the compact, convex set C'(2*) N P. [ |

In our analysis, restricted to the domain of our applications, we may assume 0 € P. Recall
that & denotes the current investment holdings and we would expect it to be feasible. (By a
simple translation of the coordinate system, we can place  at the origin.) Now, for each j,
xj > 0 represents buying and z; < 0 represents selling. Since neither of these two activities is
free, we conclude that each piecewise linear function has a breakpoint at zero. Therefore, the
objective function f is nondifferentiable on the hyperplanes,

{r eR":2; =0}

for every j.

From a practical viewpoint, we immediately have an answer to our question. Since the
investor cannot be expected to trade every single stock/commodity in every planning horizon,
breakpoints at optimality are unavoidable!

From the theoretical viewpoint the answers depend on the probabilistic model used and
calculating the probabilities exactly would be complicated.

In order to get a rough estimate of the number of the coordinates of the optimal solution
that are at breakpoints, we looked at a simpler problem of unconstrained minimization of f(x).
In addition, we assumed the the matrix G is diagonal, functions f;(x;) are the same for each
coordinate, the breakpoints d; and the gradients p;; are equally spaced. We denote by Ad =
djs1 — dy and by Ap = pys1 — py. From the optimality conditions (1), Z minimizes f(z) if
and only if 0 € 9f(z) or

0e G2x1+cl+8fl(:cl), 1= 1,...,72,.

We can think of a subdifferential as a mapping from R™ — R™. If none of the coordinates of
x are at breakpoints, this point is mapped to a single point. If a coordinate x; = d; is at a
breakpoint, then the i-th component of the subdifferential is an interval and the probability of
having x; = d;; is equal to the probability of zero being in this interval.

If the coordinate z; = d;; is at a breakpoint,

0 € [Gidy + ¢i + pi—1, Gidy + ¢ + pal.
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Note that the length of this interval is equal to Ap.
If the coordinate z; € (d;, d;+1) is not at a breakpoint,

0= G,{L’Z + C; —I—pil.
The interval (d;;, d;;+1) is mapped to an interval
(Gidiy + ¢; + pi, Gidi1 + ¢ + pa

of length G;Ad.
This suggest a hypothesis that ratio of the probability of the i-th coordinate being at a
breakpoint to the probability of the opposite event is

Ap : G;Ad.

We ran some tests for the constrained minimization of such functions. In some examples this
estimate was pretty close, in other cases the number of the breakpoints was less than predicted,
see Table in the next section.

6 Computational Experiments

The algorithm is implemented in MATLAB and tested on randomly generated data.

In Section we show how the parameters of the problem affect the performance of the
algorithm. In Section we look at the connection between these parameters and the number
of the coordinates of the optimal solution x; that have values at points of nondifferentiability.
A crossover to an active set algorithm is tested in Section B4l

For all the above experiments medium-scale dense data is used.

We also tested the algorithm on large-scale sparse data. These results are reported in Sec-
tion and some implementation details are discussed in Section 3.

In order to compare the performance of our implementation with that of a commercial
package, we convert our problem into a differentiable one (1) by introducing nM new variables
o ot Mt 2?2, . 2™~ This problem is then solved using MOSEK 3, using an
interior-point method.

We run all the experiments on a SUNW, UltraSparc-I11i, (1002 MHz, 2048 Megabytes of
RAM). All execution times are given in CPU seconds. We repeat each experiment 10 times
for the smaller dense problems and 5 times for the large sparse ones. The average execution
times are reported in each table. The requested accuracy for our MATLAB code is €/100, where
¢ is the parameter of the spline approximation. In Section B, we request the same accuracy
from MOSEK. In Section 4] where the crossover method is tested, the relative gap termination
tolerance for MOSEK was increased to 10e-14.
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6.1 Data Generation

The data was generated in the following way. Vector ¢ corresponds to the vector of the expected
returns, randomly generated in the range (1, 1.3). The target vector Z is set to zero. The number
of the points of nondifferentiability M; = M is the same for each coordinate. The transaction
costs are chosen as follows.

PminTi + Nio, if 2, < diin,
_ ) d i + (dmax_dmin)(l_l) < T <
max min l . min _ — J—
filw:) =S (Pmin + L Bonindlyg, 4 by, if J (tanas — i) (6.1)
min T o1
PmaxzTi + hiM7 lf X Z dmax-

We will say that the transaction costs varied from p,,;, tO Pmae in this case.

1. Dense Data. In order to guarantee that the matrix G is positive semidefinite, we first
construct an n x n matrix C' with random entries in the range (-0.5, 0.5) and then form
G = aCTC. Note that the the constant a corresponds to the inverse of the risk aversion
parameter t. We discuss the effect of changing this constant on the problem in Section

The matrix of the inequality constraints, A, and the vector of the right hand side, b, are
also generated randomly. In the first series of experiments we generate A and b with
random entries in the range (-0.5, 0.5). We refer to this kind of data as Type 1. In
the second series of experiments, we generate A with random integer entries from the set
{0,1,2,3}. We refer to this kind of data as Type 2. Each dense problem has one equality
constraint x1 + 2 + ...+ 2z, = 1. The transaction costs varied from —0.5 to 0.5.

2. Sparse Data. First, we use the sprandsym command in MATLAB to generate the ma-
trices G with a given sparsity and multiply by a constant «e. Another type of data arising
in large-scale applications is block-diagonal matrices or matrices with overlapping blocks
on the diagonal. We use sprandsym command in MATLAB to generate each of the blocks.
The transaction costs varied from —0.05 to 0.05. The matrix of the inequality constraints,
A, is also sparse. In all the experiments, we ensure that A has no zero column or zero
row. If the randomly generated matrix A has one or more zero columns, then we add a
random number to one element in each of these columns, but in a different row. Then we
check the resulting matrix for zero rows and eliminate them in a similar way.
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6.2 Varying Parameters Related to Smoothness
6.2.1 Varying Number of Breakpoints M and Spline Neighbourhood ¢

Table &1 presents the CPU time and the number of iterations for the IPM MATLAB program.
We varied the number of breakpoints M from 3 to 101 and the size of the spline intervals e from
0.001 to 0.00001. The dimension and number of constraints n = 1000, m = 500. Figure
illustrates the CPU time for just the cubic spline case.

We can see that increasing e consistently decreases the number of iterations and CPU time.
(Though our theoretical sensitivity results show that the accuracy relative to the true optimum
decreases, see Section B3)). Also, increasing the number of intervals (breakpoints) decreases the
number of iterations and CPU time. In both cases, the problem becomes more like a smooth
problem.

6.2.2 Scaling the Quadratic Term

We then ran our I P M code on the same set of problems, as used in Section above, but we
changed the value of the constant « in the definition of the matrix G. We used only the cubic
spline and all the remaining parameters were fixed: M = 51, ¢ = 0.0001, n = 1000, m = 500.
We noticed that decreasing « increases the CPU time for the problems with transaction costs,
see Table &2 We also report the expected return for the optimal solutions of the problems with
transaction costs. Note that smaller values of a correspond to larger values of the risk aversion
parameter. For example @ = 0.05 gives an extremely risky portfolio with expected return of
321%. In all the remaining experiments, we used values of « that correspond to realistic risks.

6.3 Expected Number of Breakpoints

In support of the probability analysis in Section B, we would like to test how the parameters
of the problem influence the number of the coordinates of the optimal solution coinciding with
a breakpoint. For this set of experiments, the Hessian matrix G is always diagonal. We first
take G = al, i.e., G is a multiple of the identity matrix. The matrix of the linear system A has
random entries in the range (-0.5, 0.5), the vector of the right hand sides b has random entries
in the range (0, 1). Note that zero is always feasible for these problems. The rest of the data is
generated as described above in Section [Bl The results are presented in Table

In Table matrix G has 4,3,2 or 1 on the diagonal, 25% of each. This subdivides the set
of all coordinates into 4 groups. The rest of the data is as above. This table shows the number
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M “l 0001 0.0005 0.0001 0.00005  0.00001
Quadratic Spline
3|44 (20) 55(23) 109 (38) 148 (46) 407(98)
25136 (17) 38 (17) 52 (21) 61 (23) 107 (31)
51|36 (17) 37 (17) 43 (19) 52 (20) 87 (28)
7536 (16) 37 (17) 41 (18) 46 (19) 77 (26)
101 | 35 (16) 38 (17) 43 (19) 45 (19) 71 (25)
Cubic Spline

3143 (20) 53(24) 97(39) 133 (48) 348 (104)
25135 (16) 37 (17) 49 (21) 59 (24) 98 (33)
51134 (16) 36 (17) 44 (20) 49 (21) 84 (30)
75133 (16) 35 (16) 42 (19) 47 (20) 70 (26)
101 | 33 (15) 35 (16) 42 (19) 45 (20) 71 (26)

Table 6.1: CPU (iter) for MATLAB IPM ; n = 1000, m = 500.

a=1 «=0.5 a=0.1 «=0.05

Problem with Trans. Costs | 43 (20) 51 (22) 129 (46) 216 (74)
Expected return 1.35 1.56 2.46 3.21

Table 6.2: CPU (iter) for MATLAB IPM ; n = 1000,m = 500, M = 101, ¢ = 0.0001.

of coordinates of the optimal solution at a breakpoint in each of these subgroups. The Tables
E36E4 both show that the predicted values and empirical values are reasonably close.

6.4 Crossover for Obtaining Higher Accuracy

If a more accurate optimal solution is needed, we can do a crossover to an active set algorithm.

The active set method was implemented in C for the problem in a standard equality form.
At each iteration of the active set method, the variables are subdivided into basic and nonbasic.
A coordinate can be nonbasic only if it is equal to one of the breakpoints (if upper or lower
bounds are present, they are treated as breakpoints too). A Newton search direction is taken in
the basic subspace. This requires solving a symmetric linear system at each iteration. The step
size is taken so that all the variables stay in the corresponding intervals between the breakpoints.
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Figure 6.1: CPU for MATLAB IPM ; n = 1000, m = 500, cubic spline.

At the end of each iteration, either one variable is added to the basis or it is dropped from the
basis. We store the inverse of the coefficient matrix of the system. The next linear system differs
form the previous one by one row and column. We use this fact to update the inverseE' These
routines were converted to C by an automatic translator. To further improve efficiency we used
CBLAS routines to perform basic matrix and vector operations.

Two versions of a crossover method between the I P M and active set method were tested. In
the first type of crossover, we used the last iterate of the interior-point method as an initial point
for the active set method. However, because of the nature of the active set method, starting it
with an interior point makes all the slack variables basic. The number of iterations needed for
the active set method to finish the problem is at least the number of the constraints active at
the optimum. Since our active set algorithm takes a Newton step at each iteration, this method
is time consuming. It could perform well if only few constraints were active at the optimum and
few coordinates were at breakpoints.

Another approach is to take a purification step first. We also use the last iterate of the interior

!The FORTRAN routines for these updates were kindly provided by Professor M.J. Best, University of
Waterloo.
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a=1 a=2 a=4 a=38
Ap=Ad
Experiment | 167 (42%) 110 (28%) 68 (17%) 48 (12%)
Predicted 50% 33% 20% 11%
Ap = 2Ad
Experiment | 232 (58%) 179 (45%) 122 (31%) 78 (20%)
Predicted 66% 50% 33% 20%
2Ap = Ad
Experiment | 109 (27%) 72 (18%) 33 (8%) 21 (5%)
Predicted 33% 20% 11% 6%

Table 6.3:  # (%) of coordinates of optimum at breakpoint; n = 400, m = 800.

Experiment | 18(18%) 23(23%) 30(30%) 39(39%)
Predicted 20% 25% 33% 50%

Table 6.4: # (%) of coordinates of optimum at breakpoint in each subgroup; n=400, m=800,
Ap = Ad.

point method as an initial point and we perform several iterations of the gradient projection
method, e.g. [I6]. We stop if the optimal solution is found or if a constraint should be dropped.
In the latter case the last iterate of the purification step is used to start an active set algorithm.

The purification step was implemented in MATLAB. At each iteration, we keep track of the
set of active constraints and the projection matrix corresponding to these constraints. We find
the orthogonal projection of the negative gradient of the objective function at the current iterate
onto the subspace parallel to the affine space of the currently active constraints. We find the
maximal feasible step size in this direction and also perform a line search to minimize the true
objective function, along this direction. We either add one more constraint to the active set
and update the projection matrix, or stop, depending on the outcome of the line search. This
method has the guarantee that the true objective function value of the final solution from the
purification is at least as good as that of the final I P M solution. This method performed best
in most cases.

These results are summarized in Tables and From Table B3 we see that doing the
purification step before the crossover is always faster. We only present the faster option in the
remaining table; the number of iterations is given in brackets.
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For problems where the number of breakpoints is large, our program performs faster than
MOSEK. We found that terminating the approximated problem when the relative gap is equal
to € gives slightly better timings. Also note that our I P M was implemented in MATLAB and
is generally slower than MOSEK on differentiable problems. (We ran MOSEK and our code
on the same differentiable problems, and MOSEK was approximately 2.5 times faster than our
MATLAB code.)

MOSEK 102 (25)
MATLAB Purification ASet ASet Crossover
IPM | Step(MATLAB) | after Pur. | after IPM total
tol=10e-3
With Pur.Step | 24 (10) 18 (250) 85 (65) 127
No Pur.Step 24 (10) - 430 (333)
tol=10e-4
With Pur.Step | 32 (14) 18 (250) 50 (32) 100
No Pur.Step 32 (14) - 390 (281)
tol=10e-5
With Pur.Step | 35 (16) 18 (246) 48 (30) 101
No Pur.Step 35 (16) - 389 (278)

Table 6.5: CPU (iter), Crossover, n = 1000, m = 500, M = 101, e = .0001, Data Type 1.

6.5 Comparing Linear System Solvers

We compared MATLAB CPU times for the following three different ways of solving the linear
system for the search direction in the interior-point algorithm:

1. Chol. Form a sparse matrix AT(S71U)A, and perform a Cholesky decomposition on the
matrix

G+ H+ AT(S7'U)A] (6.2)
converted into dense format.

2. Aug. Directly solve the augmented system whose coefficient matrix is

G+H AT
A —U-1s
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MOSEK 217 (31)

MATLAB | MATLAB Purification ASet Crossover
Term. Tol. | IPM | Step(MATLAB) | after Pur. total

10e-3 25 (11) 18 (247) 76 (56) 119
10e-4 34 (15) 18 (248) 52 (33) 104
10e-5 36 (16) 18 (248) 57 (37) 111

Table 6.6:  CPU (iter), Crossover with purif. step, n = 1000, m = 500, M = 101,¢ = 0.0001, Data
Type 2.

using the MATLAB ’backslash’ command.

3. Bcksl. Solve the sparse system whose coefficient matrix is [G + H + AT(S7'U)A] using
the MATLAB "backslash’ command.

4. Block LU Solve the augmented system using a block LU approach. We first compute
the LU factorization of the upper left block G + H = Ly;U;;. We then solve triangular
systems LUy = AT and Ly Uy, = A for Ujy and Loy, respectively. Finally we form a
matrix Z = —U 1S — Ly, Uy (a Schur complement of G+ H) and find the LU factorization
L22U22 - Z
Then

G+H AT | Ly O Un U
A —U_ls}_|:[/21 L22:| |: 0 U22:|

is the LU factorization of the augmented system. Since the system is symmetric and the
matrix G + H is positive definite, it would make more sense to perform the Cholesky
decomposition of G + H. But the sparse LU decomposition proved to be much faster in
MATLAB.

This approach is beneficial when the matrix G+ H has some special structure, for example
banded or block-diagonal with n >> m.

Remark 6.1 Note that the above approach can be used in solving smooth convexr quadratic
problems with n >> m, since the blocks L1, La1, U1 and Uiy have to be calculated only once.
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a A dense 60% 40% 5%

Chol Aug Bcksl | Chol Aug Bcksl | Chol Aug Bceksl | Chol Aug Bcksl
dense 1.8 3.3 211 66 3.3 65| 41 3.3 41 1.8 87 1.7
40% 12 6.3 10.2 6.8 5.3 6.6 4.2 104 4.1 1.8 3.1 1.8
5% 12 6.7 11.8| 6.7 6.3 65| 42 76 411 16 45 1.6

Table 6.7: MATLAB CPU, different solvers; n = 1000, m = 500

At each iteration, only the m X m matriz Z has to be factorized. MATLAB is 2-3 times faster
than MOSEK on such QP examples.

In Table &1 we summarize the CPU times for different ways of solving the linear system per
iteration of IPM . The problem parameters are M = 101, ¢ = 0.0001. In the case when both
matrices are dense, we store them in a dense format. For the Cholesky case, we do the matrix
multiplication in (E2) in sparse format, but then convert the matrix into dense format before
performing the Cholesky decomposition. For the remaining two methods the data is kept in a
sparse format.

For 7 <m < 3, we found that whenever G and A were both full dense, CPU times for
Chol. were half of those for Aug.. When we made A more sparse (while keeping G full dense),
the CPU times became equal around 40% density for A. When A had only 5% of its entries as
non-zeroes, Chol. beat Aug. by a factor of five.

We notice that keeping the data in a sparse format is only beneficial when both matrices are
very sparse, 5% or less. Otherwise, keeping the data in a dense format and doing the Cholesky
decomposition is the fastest choice in MATLAB. We'll refer to this option as Dense Chol..

Table is created in a similar way. Only very sparse data is considered and the CPU
time for the Dense Chol. option is given in a separate column. We can see that the Cholesky
factorization is always faster than the backslash command. When G and A are 1 — 5% sparse,
Cholesky dominates all other methods. We notice that increasing the sparsity and decreasing the
number of constraints improves the performance of the augmented system. When the sparsity
is around 0.5% and the number of constraints is 10% of the number of variables, the augmented
system becomes the fastest choice.

In the next series of experiments we model real-life, large-scale portfolio optimization prob-
lems with thousands of variables. In such applications with very large n, a very sparse G, banded
(or near-banded) matrix structure makes sense. For this set of experiments, we generate G with
overlapping blocks on the diagonal. We also add upper and lower bounds on all the variables.
The number of constraints is equal to the number of blocks. We also add a budget constraint
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o~ 5% 1%
Chol Aug Bcksl | Chol Aug Bcksl | Dense Chol

m=1000

1% 22 26 33 13 12 34 33

0.5% 26 23 33 16 7 34 33
m=300

1% 17 5 28 12 3 24 17

0.5% 16 3 28 12 1 19 17

Table 6.8: MATLAB CPU, different solvers; n = 3000.

1 +x9+ ...+ x, < 1. We noticed that addition of the bounds does not change the timings
significantly. But the budget constraint makes the matrix of a condensed system dense. For

these problems, the augmented system gives much better results. Therefore, we only present
results for the Aug. and Block LU methods in Table

6.6 Experiments with Sparse Data

In this section, we compare the CPU time for MOSEK and our algorithm (in MATLAB) on
sparse large scale data. The spline approximation parameter ¢ = 10e — 5. Both MOSEK and
MATLAB were terminated when the relative gap was less than 10e-7. We noticed that for all the
examples solved, the objective function f(z) at the solutions given by MOSEK and MATLAB
differ in the seventh or eights digit.

For the Tables G.I0, and matrix G was sparse but had no special structure. In
Table [EI0 we solve the same problems changing only the number of the breakpoints. The CPU
time for our method stays virtually unchanged; while the CPU time for the lifted problem solved
in MOSEK increase. In the next series of tests we increase the dimension of the problem, G has
20 non-zeros per row, all the remaining parameters are fixed, M = 25. In this case our code
beats MOSEK by a constant, see Table BTl For Table ET2 we also increase the dimension of
the problem, but keep the sparsity of G constant. In this case, MOSEK performs better with
the increase in dimension.
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A

10%

5%

1%

Aug Block LU

Aug Block LU

Aug Block LU

n=3000 (15 blocks) | 2.1 1.7 1.6 1.5 0.6 1.2
n=6000 (30 blocks) | 5.4 3.5 3.2 3.2 14 2.6
n=9000 (45 blocks) | 10.6 5.6 5.6 5.1 2.4 4.0
n=12000 (60 blocks) | 7.2 7.9 9.1 7.0 3.8 5.6

Table 6.9:

MATLAB CPU, different solvers; G 200 x 200 blocks, 10% den.; m = 200; up/low bnds.

Number of Breakpoints | MATLAB | MOSEK
M =101 83 (15) | 456 (13)

M =51 78 (14) | 230(12)

M =25 82(15) | 129 (12)

M =11 80 (15) | 70 (11)

M =3 85 (15) | 42 (10)

No Trans. Costs 74 (15) 30 (9)

Table 6.10:
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CPU (iter); n = 5000, G0.5% den.; m = 300, A1% den.




Table 6.11:

Table 6.12:

Dimension | MATLAB | MOSEK
n=21000 | 902 (13) | 1000 (15)
n=18000 | 695 (14) | 788 (15)
n=15000 | 433 (14) | 588(15)
n=12000 | 262 (13) | 370 (13)

n=9000 | 146 (13) | 224 (11)
n=6000 71 (14) | 143 (11)
n=3000 24 (14) 64 (11)

CPU (iter); G has 20 nonzeros per row; m = 300, A 1% den.; M = 25.

Dimension | MATLAB | MOSEK
n=12000 | 1980 (13) | 1026(11)
n=9000 593(14) | 425 (11)
n=6000 | 117 (13) | 162 (11)
n=3000 16 (13) | 63 (11)
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Figure 6.2: CPU (iter); n = 5000, G 0.5% den.; m = 300, A 1% dense.

In the remaining tables, the matrix GG is block-diagonal with block size approximately 200 x
200. The blocks are overlapping by 10 diagonal elements on average. Each block is sparse.

As before, CPU times for our method stays virtually unchanged with increase in the number
of breakpoints; while the CPU time for the lifted problem solved in MOSEK increases, Table G133
For Table BET4l, we increase the dimension of the problem, but keep the block size constant. In
this case our MATLAB code beats MOSEK by a constant factor. Also note that MOSEK
is approximately 2 times faster on a smooth problem without the transaction costs than our
MATLAB code.

Some additional experiments on a very large data are reported in Table BT0 Note that for
these problems, MOSEK spends around 50% of the time on preprocessing.
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Number of Breakpoints | MATLAB | MOSEK

M =101| 97 (13) | 825 (13)

M=51| 95 (13) | 440 (13)

M=25| 94 (13) | 215 (11)

M=11| 95 (13) | 117 (10)

M =3 101 (14)| 78 (10)

No Trans. Costs 93 (13) 46 (9)

Table 6.13: CPU (iter); G has 45 200 x 200 blocks, 10% den.; m = 200, A 10% den.; up/low bnds.

Number of Blocks | MATLAB | MOSEK
75 blocks
n=15000 | 164 (13) | 401 (11)
60 blocks
n=12000 131 (13) | 303(11)
45 blocks
n=9000 | 94 (13) | 215 (11)
30 blocks
n=6000 53 (12) | 135 (11)
15 blocks
n=3000 | 26 (12) | 64 (11)

Table 6.14: CPU (iter) G has 200 x 200 blocks; 10% den.; m = 200, A 10% den.; up/low bnds,
M = 25.

35



1000 T *

—6&— MATLAB
—*— MOSEK

900 -

800

700

600 -

500

Time, CPU sec

400~

300

200

100

0.2 0.4 0.6 0.8 1 1.2 1.4 1.6 1.8 2 2.2
n x 10

Figure 6.3: CPU (iter); G has 20 non-zeros per row; m = 300, A 1% den.; M = 25.

7 Conclusion

In this paper, we considered the expected utility maximization problem in the presence of
convex, non-differentiable transaction costs and linear or piece-wise linear constraints. We used
the subdifferential to derive the optimality conditions for this problem.

We showed that approximating the transaction costs with spline functions and solving the
smooth problem with the interior-point methods give a very good approximation to the optimal
solution. When a higher accuracy was needed, we did a crossover to an active set method.

Our numerical tests showed that we can solve large scale problems efficiently and accurately.
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Figure 6.4: CPU (iter); G has 45 blocks 200 x 200, 10% den.; m = 200, A 10% den.; up/low bnds.

A Transaction Costs

We assume that the transaction costs are given by the following function
_ A~ _ l _ _ . A~ _ _
fi (=2 + 2 — dyy) + Zj:l fij—l(dij)a ifr; —2; € [_dil-i-l’ —d;],
fi(mi) = for some [ € {0, .., M, },
i\Ti) = . ! . A
Z—;_(IZ — X — d:l_) + Zj:l i—;—l(dz—'l—j)v ifo; —; € [d;E, d;;ﬂ]v
for some [ € {0,.., M;"}.
+ g + _ g _
where d;, = d;; = 0, diMj+1 = diM;+1 = +o0.
If the holding in the asset number ¢ has not changed, i.e. x; = 2;, the transaction costs
associated with this asset should be equal to zero. Therefore f;(x) should satisfy the conditions

fi(#:) = 0. (A-1)

The above notation comes naturally from the statement of the problem, but we can simplify
it for the purpose of formulating the solution algorithm. Let M; = M;" + M; + 1, so that M;
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Figure 6.5: CPU (iter); G 200 x 200 blocks; 10% den.; m = 200, A 10% den.; up/low bnds, M = 25.

is the total number of end points of the intervals (“breakpoints”). We further denote

dy = &; — d-(M_,_lH), [=0,.., M +1,
da =&+ dfy e 1= M7 42,00 M+ 1,

and

~ M~ _
fll( ) z(M _l)(_xi + X — Z(M7 —1) ) Z( 2] l(d ) [ = O Mz )
~ (l M _
fll( ) ‘f-z_l M+)(x _xl_dz(l—Mf))+Z]:1 ij— 1(d+) l:MZ +17aMZ

(2
Thus we can rewrite the cost functions in the following more compact way:

fiolz:), i =z <da,
files) =« fulx), i wx €ldy,dut], 1 =1,.., M, (A.2)
fing, (i), if 2 > dig,-



n Blocks A M | MATLAB | MOSEK
Number Size Density Overlap | m Density

53400 89 600 0.006 9 | 500 0.1 |51 | 3114 (15) | 8797 (11)

100000 1000 100 0.1 10 | 200 0.01 | 25 | 2966 (15) | 5595 (16)

near opt.

150000 5000 30 0.1 51 300 0.01 | 11 | 8890 (18) | 5674 (28)

can’t

200000 10000 20 0.1 51 300 0.01 | 11 | 18010 (17) solve

Table 6.15:  CPU (iter), large-scale problems.
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