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Abstract

In this thesis our goal is to solve the dual problem of the support vector machine (SVM)
problem, which is an example of convex smooth optimization problem over a polytope. To this
goal, we apply the conditional gradient (CG) method by providing explicit solution to the linear
programming (LP) subproblem. We also describe the conditional gradient sliding (CGS) method
that can be considered as an improvement of CG in terms of number of gradient evaluations. Even
though CGS performs better than CG in terms of optimal complexity bounds, it is not a practical
method because it requires the knowledge of the Lipschitz constant and also the number of iterations.
As an improvement of CGS, we designed a new method, conditional gradient sliding with line search
(CGS-1s) that resolves the issues in CGS method. CGS-Is requires O(1/1/€) gradient evaluations
and O(1/e) linear optimization calls that achieves the optimal complexity bounds in CGS method.
We also compare the performance of our method with CG and CGS methods as numerical results by
experimenting them in dual problem of SVM for binary classification of two subsets of the MNIST

hand-written digits dataset.
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Chapter 1

Introduction

In this thesis our problem of interest is

min f(x) (1.1)

reX

where X' C R" is a convex compact set and f : R™ — R is a smooth convex function. We assume that
the gradient function Vf(-) is Lipschitz continuous (with respect to the norm ||-||) with Lipschitz

constant L > 0, namely
IVF(@) = VWl < Lllz -yl Yo,y € R™. (1.2)
Here ||| is any norm and ||-]|, is its dual norm, defined by

llyll, :== sup (z,y)
o]l <1

for y € R™. Also, we define the diameter of the set X as

Dx =Dy = xrr;fé){(y”«%'_yll (1.3)

Throughout this chapter, we describe the properties and examples of problem (1.1), and

also list several algorithms that can solve (1.1).



1.1 Properties of convex smooth functions

In this section we describe a few properties of convex smooth functions. These properties
are necessary for analyzing the algorithms that we are going to introduce in the sequel. We start

with the definition of a convex function.

Definition 1. A function f: R™ — R is a convex function if for any x,y € R™ and any X € [0, 1],

we have
fOz+ (1= XNy) < Af(z) + (1= Ny. (1.4)

We say that f is concave if (—f) is convex. An important property of convex functions can

be shown by an induction through our definition in (1.4):

k k
f (Z Aﬂ‘i) < Z Aif (z4), (1.5)
i=1 i=1

for all Ay,..., Ax € [0, 1] such that Zle X =landallz; € R?, i =1,---,k. Insuch case, Zle A
is called a convex combination of z1, ..., z;. We are now ready to introduce two important properties

of convex smooth functions.

Proposition 1. Let f : R™ — R be a smooth function that satisfies (1.2), then
£w) = @)~ (VF @)y~ ) | < 5 ly— ol Yo,y € R, (1.6
Proof. Let us fix any z,y € R™ and define
h(r):= f((1 —7)x + 1y), V7 €0,1].
Then we have h(0) = f(x), h(1) = f(y), and

W(T) = (V1 = 7)z+ 7y),y — x).



By the fundamental theorem of calculus, we have

f(w) =f(2) + / (VH(1 = 1)z + 7).y — z) dr

—f(2) + (Vf(z)y— o) + / (VAL 1)z + ) — f(z)y — ) dr.

Therefore

@) — F@) — (V(x)y — )| = \ / (V1= 1)z + ) — fla)y —z) dr
s/o V(= 7)z + ) — f(2),y — )] dr
< / IVF(L =)z +79) — F@), NIy — 2| dr

! 2 L 2
< [ Lriy-al® dr =3y -2l
0

Here in the second inequality we use the Cauchy-Schwartz inequality.

Theorem 1. A smooth function f:R™ — R is convex if and only if

fy) = f@) +(Vf(x),y —x), Vo,yecR" (1.7)

Proof. Let us fix any z,y € R™, and denote z := Az + (1 — A)y. Suppose that (1.7) holds. Then

for any A € [0,1] we have

f(@) = f(xx) + (Vf(2r),# —2x) and f(y) = f(zx) + (VI (2r),y — 22)-

Noting that z — 2y = (1 — A\)(z — y) and y — ) = A(y — ), using the above relations, we have

Af(@) + (L= f(y) = Af(@a) + (L= A)(VS(za), 2 —y)] + (1 = A) [f(zr) + MV f(22),y — )]



= f(zy), YA €[0,1].

Therefore (1.4) holds and f is convex. Let us consider the other direction and suppose that (1.4)
holds. Then for any A € [0,1) we have

flax) S Af(x) + (1 =N f(y),

or

Letting A — 1, we have

fla) = f@) _ [y + Az —y) — f@) _

)1\1211?: ] Y_1 =T Azlf(y+>\(x—y))=—<f($)7m—y>-
(1.9)
Combining (1.9) and (1.8) we obtain (1.7) and conclude the theorem.
O
From Proposition 1 and Theorem 1, we can prove the following corollary immediately.
Corollary 1. Let f be a convex smooth function. We have,
L 2 n
0= fly) = fl2) =(V[f(2),y —z) < Slly — [ Vz,y € R". (1.10)

1.2 Support Vector Machine

In this section, we describe an example of (1.1). Suppose that we have a set of points in
R™ and we would like to classify these points into k sets. This problem is called classification in
machine learning. One classification model is the support vector machine (SVM). There are two
types of SVMs, namely hard-margin SVM and soft-margin SVM. In this section, we describe the
soft-margin SVM.

Suppose that we have k = 2 sets of data points. Let X € R™*™ be the matrix corresponding

to the n points and b; denotes the binary label of i*" point. Such classification problem is called

4



binary classification, namely, we are distinguishing two classes of data points. The optimization

problem of the soft-margin SVM model [4] can be expressed as

L o -
. 1 C :
wGRmérélﬂgn,onR 2 ||w||2 + 1:215
1.11
s.t. bi(<w,Xi>—w0)21—§i, i:l,...,n ( )
& > 0.
Here ¢ := (&, ,&,)T and X denotes the i*" row of X. We will formulate the dual

problem of (1.11). The Lagrangian function corresponding to (1.11) is

C(w,wmf,x,)\) = ||’LU||2+CZEZ sz w X +w0 _]-J"gz ZAQ
= inU} + CZ & — Z zibiw’ X; — i x;bjwo + Z Ti — Z i — i Ai&i
; i i=1 i=1 i=1 i=1
= fw w — wTZbeX zn:xibiwo—l—(C—xi—/\i)i:fi—i—zn:xi
i=1 i=1 i=1

where z = (z1,- -+ ,2,)T and A = (A\1,--- ,A\n)T. So the Lagrangian dual will be

Zp = sup inf L(w,wo, \)
A>0,2>0 wER™ LER™ ,woER

or

inf (;wTw —w? Z x:0; X; — Z xibjwo + (C —x; — N;) ; fz))

weR™ E€R™ woeER ‘ ‘
i=1 i=1

Calling the function inside the inf function as h(w, &, wg) where w, £ € R™ and wg € R, we
can observe that the function h is convex with respect to w and is affine with respect to & and wy.

So, by taking gradient of h with respect to w, £, and wy we can find the optimal w*, £* and wg for



infy, w, h(w, wo). So for w we have:

Veh(w,§wy) = C—2;— A =0, i=1,---,n (1.13)
Vo h(w, §wo) = inbi =0. (1.14)

Having found w* we can find wg. Since we require the intercept wg to satisfy

wy < —1— ,nax w ¢ (1.15)
wg > 1— min w*? X;, (1.16)

we take w{ to be the average the two values (1.15) and (1.16). Hence,

max;.p,=—1 U)*TXZ‘ + mini.b:l w*TXi

. e - . 1.17
wy 5 (1.17)
Also, for any w and wy we have & =1 — b;((w, X;) — wp), ¢ =1,--- ,n. Therefore,

Substituting the optimal solution w*,wg§ and £* to inf,, ., h(w,§, wy) we obtain:
n m n
weRm,élgﬂg",woeR (w, &, wo) = Zx]b X (z; xibiXi) - Z;ijjxj (2 ﬂ?ibiXi)
1= 1= 1=

-5 zm: <ZbeX>

_ %iz viwbib; XTI X
P

:_%ZZ :L'Jbzbj<szXJ>
j=1i=1

Note that we must have x;, \; > 0. Also, from (1.13) we have \; = C — x;. Therefore, we
must have z; < C. Summarizing the above derivation, the Lagrangian dual of (1.11) can be written

as



sup le — %Z Zwiijibj (X5, X;)
i=1

z€R™ J=1i=1

S.t. Zmlbl =0 (119)
i=1
0<z;<C i=1,...,n.

Note that the above is a special case of (1.1) with convex quadratic objective function

n

f(z):= le — %

m
i=1 j=1

Z xiijibj <X1, Xj>
i=1
and polytope feasible set

X = {x : Zﬂfibz’ZO, 0<z; <C, i:l,...,n}.

=1

Now we are ready to introduce and analyze some types of algorithms to solve (1.1). In
general, we will discuss two types of algorithms, projection-based algorithms and projection-free
algorithms. At each part, we will discuss the advantages and also the drawbacks of each type of

algorithm.

1.3 Projection-based Algorithms

Projection-based algorithms are of the type that need projection as their subproblems. The
projections that appear in these algorithms might be different depending on the problem structure.
In this section we will describe and analyze the projected gradient and Nesterov’s accelerated gradient
descent methods [10]. After analyzing these algorithms we will have a section to provide several

examples of projection to different sets that might appear in these algorithms as a subproblem.

1.3.1 Projected gradient method

As we can see from the name of this algorithm, projected gradient method is a projection-
based algorithm. Projected gradient is one of the most straight forward projection-based algorithms.

The simplest interpretation of this algorithm is that at each step we go through the negative direction



of the objective; if we are out side of the feasible set then we project back the point to the feasible
set and continue with the projected point. We will describe a more general form of the projected
gradient method using proz-function.

The algorithm of projected gradient method for solving (1.1) is described bellow.

Algorithm 1 The gradient descent algorithm
Choose zg € X.

for k=1,...,N do

xp = arg I?(in (Vf(xg—1),z) + mV(zp—1,2) (1.20)
(S

end for

Output z .

Here V' (-, -) is a function, called the proz function, that satisfies the following two inequalities:

1. For any z,y € R",
1 2
Viz,y) 2 5llz = yl* (1.21)
2. For any g € R™ and u € R", if y is the solution to the problem
min(g, ) +nV (u, ),
then

(9,9 —x) <[V (u,2) = V(u,y) = V(y,2)], Vo € X. (1.22)

The simplest choice of V(-,-) is V(z,y) := |ly — «||3/2, when the norms || - || and | - ||, are both
2-norms. Note also that the gradient method is a special case of Algorithm 2 with v, =1, X = R",

V(z,y) :== |ly — z||3/2, and the norms || - || and || - || are both 2-norms. Note that if we set



V(zg_1,2) = ||z — xk,1||§ /2, then (1.20) in Algorithm 1 becomes

. k

oy = argmin (V f(z_1),z) + % |z — 2]
TER™

2

1
:argminn—k x—xk—1 + —Vf(axg_1) (1.23)
zERN Mk
1
= Tk—-1 — *Vf(l‘k_l).
Nk

The geometric interpretation of above is clear; the new iteration xj is computed by moving
from x_1 along the opposite direction of V f(xx_1) with stepsize 1/n;. The intuition is that the
negative direction —V f(x) is the direction of the fastest local decrement of f at point x.

In the following theorem, we state the convergence result of the projected gradient algorithm

in Algorithm 1, assuming constant stepsize.

Theorem 2. Suppose that f : R™ — R is a smooth convex function. If the parameters ny in

Algorithm 1 satisfy
e =1n2>L, (1.24)
then we have
f@n) = [ < 37V (0.2,

where

Proof. Since f is a smooth convex function, from the Corollary 1 and Theorem 1 we have

Fler) <F@) + (9 F@rr),on = onoa) + 5l — 2B

=f(@p—1) + (Vf(zp-1), 2 — 2p-1) + (Vf(Th-1), 2 — ) + g lzx — g1 (1.25)
<F(@) + (VS i) wn = ) + 3 o = ae | (1.26)
<f(@) +n(V(zg-1,2) = V(zg—1, 2x) = V(zg, 2)) + 0V (2k, 25-1) (1.27)



=f(@) +n(V(ek-1,2) = V(g 2)),

where the equality (1.25) is from (1.24), inequality (1.26) is from convexity of f, and inequality
(1.27) is from (1.22). Hence,

fxy) < f@) + 0 (V(zg-,z) = V(g ) .

Summing the above inequality up from k£ =1 to N, we obtain
N

Y flar) S Nf(@) +0(V(er-1,2) = V(zx, @)

k=1

< Nf(z) +nV(xg,x).

Setting x = x* in above relation and using the convexity of f, we have

N
%Zf () < f(z*) + %V(xo,x*).

k=1

Therefore,

~

(Zn) — f* < %V(xo,x*).

O

From the above theorem, we observe that in order to compute an approximate solution Z

such that f(Zy) — f* < e, the number of iterations that are required is bounded by O (LV(zo.z")/e).

1.3.2 Nesterov’s accelerated gradient method

In the previous section we obtained an O(1/e) convergence result of the projected gradient
descent method. In this section we introduce a method that has a better complexity. This algo-
rithm is called Nesterov’s accelerated gradient descent (AGD) method. Similar to projected gradient

descent, AGD is a projection-based algorithm.

10



The algorithm of accelerated gradient descent method for solving (1.1) is described bellow.

Algorithm 2 Accelerated Gradient Descent Method

Choose zg € X and set yg = xg.
for k=1,--- N do

2k = (1= Y)Yk—1 + VeTr—1
T = argmin <Vf(2’k),x> +7]kV(£l?k>_1,.T)
reX
ye = (1 —v%)ys—1 + 7Tk
end for
Output yy-.

We present the convergence result of Algorithm 2. In Theorem 3 below we describe a general

result.

Theorem 3. Suppose that yi and zy in Algorithm 2 satisfy
Fl) < For) + (VT r), v = 20) + o =
for some Ly > 0, and that the parameters in Algorithm 2 satisfy
v =1, % €10,1), and g > Liyg, Vk>1.
Letting I'y, be a parameter that satisfies I'y > 0 and
T =(1—7)Tko1, Yk > 1,

then we have

k
Fl) = £ < TS0 28V @iy, 27) = Vg, 27)),
=1

where T* is a solution to (1.1).

11

(1.31)

(1.32)

(1.33)



Proof. Noting (1.28) and (1.30) we have y, — 2z, = Vi (2x — xx—1), and also

Ye — 2k = Yk — Yk—1 T Yr—1 — 2k
42 Ve (T — Yr—1) + Y1 — 2k
=Yk [(xr —2) + (@ — 21) + (26 — Yo—1)] + Yr—1 — 2k (1.34)
=1 —=v)(yr—1 — 2) + e ((x — 21) + (21 — 7))

= (1 =) (o1 — 2) + 7 (Th — 21) -

Using above the inequality, (1.31) becomes

Ly

Flye) < flzn) + (1= (VF(2r)s ye—1 — 2zk) + (V f(28), 21 — 28) + 2 — zp—1]?

= (L =) [f(z) +(VF(2k), y6—1 — 2zi)] + el f (21) + (V[ (zr), 7 — 21) +(Vf(28), 7% — 7)]

Liv:

T

||£17k — $k71H27 Vo € X.

Let us make three observations. First, by (1.10), we have

f(a) + (Vi (zr) yp—1 — 2) < fyr—1),
and
f(ze) +(Vf(zr), 2 — 21) < f(2).
Second, by (1.22) (with g = Vf(zx), y = @, 1 = 5_1, and 1 — n) we have
(Vf(zr),xp — ) <np[V(ek—1,2) = V(zk-1, ) — V(zg, x)], Y € X.
Third, by (1.21), we have

Ly 2
;k ok — 2p—1l|? < LiviV(wg—1,78).

12



Summarizing the three observations, we have

Fyr) < (L=2) f(yr—1) + S (@) + eV (@p-1,2) = V(@g—1, 2x) = V(zk, 2)]
+ LtV (wg—1, )
= (L =) f(yr—1) + W f (@) + e[V (2p-1, 2) = V2, )]
= (s — L)V (Tr-1, T1)

< (=) f(Yr—1) + 76 f (@) + eV (21, 2) — V(zk, )]

Here the last inequality is from (1.32). Summing up the above two inequalities, we have

Flue) < (U =) f(ye—1) + e f (@) + eV (wp—1, 2) = Vg, 2)]-

In particular, letting = * where 2* is a solution to (1.1), we can reformulate the above to

flyr) = 7 < (=) (f(yr-1) = f°) + memw[V(zp-1,27) = V(2g, 27)].

Dividing both sides by I'y, and using (1.33) and (1.32), we have

)~ ) € ) = £+ BV 1,0%) = Viea®)], VE> 1
k—1 k

Also, when k = 1, noting that 41 = 1 by (1.32), we have

r,
Using induction on the two inequalities above, we conclude that

k
p U0 = 1) < RV () = Vi)

In the corollary below, we describe an example of parameter setting of Algorithm 2.

13



Corollary 2. If we set

2 2L
- —_ = — ]..
Tk E+1 Mk k (1.35)
in Algorithm 2, then
4L
— < — ). 1.
F) = £ < V) (130

Proof. Clearly (1.31) and (1.32) hold, and T’y = 2/k(k+1) satisfies (1.33) with I'; = 1. Therefore, by

Theorem 3, we have

k

Flo) = 1" < ey 2 2LV (@ina”) = Vi) = Ve’ = Viwa)). (137)
From (1.21), we have V (z%,2*) > 0. Thus
fly) = 7 < mv(ﬂfoyﬂf )- (1.38)

O

From Corollary 2 we can see that in order to compute an approximate solution such that

flyr) — f* < e, we need

k> %. (1.39)

Therefore, the iteration complexity upper bound is O(4/1/c). Note that the Nesterov’s accelerated

gradient method is optimal for solving smooth convex optimization with Lipschitz constant L [10].

1.4 Examples of projections

In this section we have some examples of projections of different sets. As we have seen in

previous sections these projections arise from the subproblems of the projection-based algorithms.

14



1.4.1 Projection onto the standard simplex under the Euclidean prox-

function

Assume that X in (1.1) is a standard simplex A,,. We will study the projection subproblem

(1.29) in Algorithm 2 where the prox-function is defined as
1 2 "
V(gc,y):§||x—p|| , peR™

Note that similar analysis can be performed for Algorithm 1.

The subproblem (1.29) in this case can be formulates as

. Mk 2
min  (Vf(z),2) + 5 Iz = p|

st. —z® <0 i=1,---,n

n
S 120
=1

and without loss of generality we can assume that p € R” satisfies p(!) < p® < ... < p(),

(1.40)
(1.41)

(1.42)

To solve the problem (1.4.1) since the Slater’s condition holds we may consider the KKT

points

a) Primal feasibility

b) Complementary slackness

—uWz) =0, Vi=1,---,n

¢) Dual feasiblity



For any i = 1,--- ,n if u(¥ =0, then by dual feasibility we have
2@ = p) — 4 =V f(z)D.

Since (9 > 0, we need p( > v+ V f(2zx)®. If u® > 0, then from complementary slackness we have

2" = 0 and by dual feasibility
u® =v —p® 4+ Vf(z)®
and since u® > 0, then p( < v + Vf(zk)(i). In summary,

PO — o=V (z)D if pO >0 4 Vf(z)D

2 —
0 otherwise.
Note that from primal feasibility and dual feasibility we have
1= 3009 +u® = Vf(z) D) +nv = 0,

=1

which implies that

1 [ . , , 1
—— (1) (1) _ (%) _ =
=2 (S v ) -2

o D A /(oL P DI

i:p(D >0+ V f(23) () i:p(D <oV f(25,) D
or
) DI DU J{C Y

i:p() >0+ V f(z) @ 1:p() >v+V f(25) D

Therefore, we have the following cases:

i) v <p® — Vf(z)D. In this case

=300 Vi) -1 o w= 130 v ®)

i=1 i=1

16



i) p) — Vf(z)9) < v <plth) —Vf(z,)0FD. In this case

n

(n+iv=> @V —Vf(z)?) -1

i=j+1
iii) v > p(™ — V f(2;)™ which is infeasible.

Hence, we have n possible choices of v as

w2 (P = V() @) — it np® > S (p® — Vf(z)D) =1

if (n+ )P > XL (0 = VI (z)Y) =1 < (n+j)pt+Y

a5 i1 (09 = V() D) = s

where j =1, -+ ,n — 1. The optimal solution is of the form

@y | PV i) 20 V)
‘T =

0 otherwise.

1.4.2 Projection onto the standard simplex under entropy prox-function

Assume that X in (1.1) is a standard simplex A,,. We will study the projection subproblem
(1.29) in Algorithm 2.

If we define the prox-function in (1.29) as

V(z,y) = w(z) —w(y) — (Vw(y),z —y), (1.43)

where w(z) = 31 (¥ log 2| then we have

aigerAnin (Vf(zr),x) +mk (w(z) —w(zk-1) — (Vw(xgp—1),2 — Tp—1))

= arg min <Vf(2'k), $>

TEA,
n ) ) n ) . n . ) X
+ Mk (Z W log 2V — Z(mk_l)(l) log x,@l — Z(log x,(jll +1) (2 — x?ﬂ)
i=1 i=1 i=1
. i x i 3
= argmin (Vf(z),z) + ni (Zx( ) log o) —Z:c() +Zx§€11>
zE€EA, i=1 Tp_1 i=1 i=1
o0
= argmin (Vf(z),z) + n Z W log ———
2eA ‘ 2
n i=1 k—1

17



= argmin (Vf(z;),x) + n Z 2@ log 2 — Z 2@ log x}(ﬁl

TE€AR i=1 i=1
log xgcljl
1 LI ,
=argmin { —V f(zx) — ,ZT )+ Z @ log 2@,
TEA, Mk im1
log z,g"_)l

Now we rewrite the subproblem (1.29) as

i=1 xé:zl
st. —z0 <o
d 2 —1=0
i=1

Or equivalently

min  (g,z) + Z " log

reR™ .
=1

st. —z <0 (1.44)

n
d a2 —1=0
=1

log x,(:_)1

where g = LV f(z) — : . The optimization problem (1.44) is the subproblem of the

Nk
log :c,(cnjl

accelerated gradient descent method with prox-function defined in (1.43). Proposition 2 gives the

solution to the above.

Proposition 2. Let X in subproblem of Algorithm 2 be the standard simplex defined as
A, ={zeR" : Zx(i) =1,29>0,i=1,---,n}.

i=1

and the proz-function V (-,-) be of the form (1.43), where w(z) := > 1, @ logz®. Then the i-th

18



element of the optimal solution x* to the subproblem (1.44) is
o9

@) Yy em9”

Proof. To solve the problem (1.44) since the Slater’s conditions hold we check the KKT points

a) Primal feasibility:

i e =1
i=1

() >0
b) Complementary slackness:
Dz =0, Vi=1,---,n

¢) Dual feasibility:

g9 +logz® +1—-uD 4v=0,Vi=1,---,n

>0 Vi=1,---,n

Since for any 4, (¥ > 0, then we must have u” =0, Vi = 1,---

logz(® = —¢g(® —1 — v and so

(1) —
T .
eltv x 9

Since "1, (¥ = 1 we conclude that

n

1 ()
_ § -9
1= eltv €

=1

Taking log from both sides and writing the equality with respect to v we get

n
v = log (Z e—gm) -1
i=1

19
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Therefore

1

x = : :
(z) exp (log>7  e=9) es"”

Note that the choice of V(-,-) in Proposition 2 is also called the entropy prox-function.

1.5 Projection-free Algorithms

In previous section we mentioned projected gradient and accelerated gradient descent as ex-
amples of projection-based methods. These methods require projection as subproblems and specially
the AGD with complexity (’)(\/176) is an efficient algorithm. However, the projection in subproblems
of these algorithms are sometimes problematic. They are not always efficiently solvable. Algorithms
called projection-free algorithms are useful in such expensive cases.

Similar to previous section, we mention some of the projection free algorithms and discuss
their complexities. The methods that we are going describe are conditional gradient and conditional
gradient sliding. We will compare their complexity with themselves and also with projection-based

algorithm that we had in the last section.

1.5.1 Conditional Gradient Algorithm

Conditional gradient (CG) algorithm, also known as Frank-Wolfe method, is one of the
earliest projection-free first-order algorithms for solving convex programming problems. It was
initially developed by Frank and Wolfe in 1956 [5]. The algorithm of CG is described in Algorithm
3.

As we can observe in Algorithm 3, the CG method solves the projection subproblem (1.29)
of AG approximately over the feasible set X'. Regarding the CG algorithm we should mention a few
remarks. First, in CG method the assumption of compactness of X is important, because otherwise
the subproblem (1.46) might become unbounded. Second, the solution to (1.46) is not necessarily

unique and there might exist multiple solutions. Third, it is better to avoid setting v, = 1. As an
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example, consider the problem with f(z) = 2% and X = [~1,1]. Setting zg = 2o = 1 where vy, = 1

imply that the CG method has 1 =x3=---=1and zg = 22 = --- = —1 as its outputs.

Algorithm 3 Conditional Gradient Algorithm

Choose zg € X and set zg = zg.
for k=1,---,N do

ze = (1=9)ys—1 + W21 (1.45)
xp € Argmin (Vf(z),z) (1.46)
TEX
ue = (1= %)Ye—1+ Tk (1.47)
end for
Output zy.

We describe the convergence result [5] of the CG method in Algorithm 3. We first state a

simple technical result that will be used in the analysis of the algorithm.

Lemma 1. Let w; € (0,1], t =1,2,---, be given. Also let us denote

1, t=1,
W, = (1.48)
(1 — wt)Wt_l, t> 2.

Suppose that Wy > 0 for allt > 2 and that the sequence {0, }+>0 satisfies

6 < (1 —we)dp—1+ B, t=1,2,---. (1.49)

Then for any 1 <1 <k, we have

1— B;
5 < Wi ( Wlwl S+ W) : (1.50)

Proof. Dividing both sides of (1.49) by W, we obtain

& < (1—'101)(50 + B1
Wy — Wy Wy
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and

0 _ (I—w)di1  Bi 61 | B .

W — Wi * W, W, T
The result then immediately follows by summing up the above inequalities for ¢ = 1--- |k and
rearranging the terms. O

In the following theorem and corollary the notation below will be used:

1 ifk=1
T) = (1.51)
(1 =)y ifk>2.
Theorem 4. For parameters v, € (0,1) in Algorithm we have
LD2Ty a2
—f* < . 1.52
Flye) = " = —5 ; T, (1.52)
Proof. Fist, we can write (1.47) as yx = yr—1 + Y6 (Tx — Yr—1), SO
Yk — Ye—1 = (@K — Yr-1). (1.53)
Also, from (1.45) and (1.45) we observe that
Yk — 2k = Yk — Yk—1 T Yr—1 — 2k
1.53
02 Ve (Tk = Yk—1) + Yk—1 — 2k
(1.54)
=[xk — )+ (= 2) + (26 — yr—1)] + Ur—1 — 2k
= (@ = 2) + (2% — 2)) + (L= 7) (Yr—1 — 2k)-
Since f is a smooth convex function from Corollary (1) and also from (1.47) we have
L 2
Flye) < Fz) + (VF 20y — 2i0) + 5 My — 21" (1.55)

Now from (1.54), for any € X we have

flyr) < (1 =) [f(z) +(VF(2k), yb—1 — 21)]
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+ 3 [f(26) +(Vf(28), & = 2k) + (V f(2k), 71 — 7)]
L 2
+ 5 llyr — 2kl
= (1 =) (f(zx) + (Vf(2k), yr—1 — 21))
+ v (f(2) + (Vf(zk),x — 2x))

L
+ % (Vf(2k), o6 — o) + 3 e — 2]l

Here we note that since xj is an optimal solution to the subproblem (1.46), then by optimality

condition we have
(Vf(zr),zp —x) <0,
and also since f is a convex function we have
fQar) +(Vf(2k), yp-1 — 2k) < f(Yr—1)
and
f(z) +(Vf(2k), 2 — 2i) < f(a).

In addition, from (1.45) and (1.47) we have yi — 2, = Vi (2r — T—1). Summarizing all these

and using (1.3) we obtain

N L} o
Flyr) < (=) f(yo—1) + W f(2) + =7 D7,

or equivalently,

Flo) = £(2) € (1= 30 (f ) = Fla) + 22

Dividing both sides of the above inequality by I'y for k > 2 we obtain

o = 718) < B2 () — fia)) + g2
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Also, for kK =1 we have

O

Note that the sequence of parameters v in CG is conceptual and clearly there might be
many choices to set these parameters properly to get the best convergence result for this algo-
rithm. In Corollary 3 below we provide a setting for this parameter and prove the convergence rate

corresponding to our setting.

Corollary 3. In Algorithm 3, if we set the parameter v = 2/(k+1), then

2LD?
- < . 1.56
flye) = f* < k+1 ( )
Proof. With v defined in assumption we have
2
I'y=—7—. 1.57
P k(k+ 1) (1.57)
Using (1.57) we obtain
k9 k i k . k k
o 4 i(i+1) 2i 1
;r ;(Hl)?x 2 ;iJrl (; ;i+1)_
Therefore,
f) - < EEL 2y
Yk = T2 Tkt
_ 2LD?
 k+1
O
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Corollary 3 shows that the CG method computes an e-solution to the problem (1.1) in
O(LD?/e) iterations. This means that in order to compute an € solution, CG requires more evaluations
of Vf than AGD method, which only requires O(y//e) evaluations. This drawback is resolved in
conditional gradient sliding method [8]. In particular, conditional gradient sliding method requires
O(+/1/e) evaluations of V f(-) and O(1/e) evaluations for linear optimization problems of form (1.46).
we will discuss the conditional gradient sliding method in later sections.

According to [6, 9] the number of evaluations of linear optimization problems of form (1.46)
can not be improved from the lower complexity bound O(1/e). Also, it should be noted that the CG
does not require knowledge on the Lipschitz constant L, the norm ||.||, and diameter D. In particular,
if there exists a norm ||.|| that yields the smallest possible value of LD?, then the convergence result
(1.56) will follow such smallest value. In other words, the CG is a first-order method that would

automatically adapt to the best possible geometric properties of the problem.

1.5.2 Conditional Gradient Sliding Algorithm

In this section we describe an algorithm and its analysis by [8]. The goal of the conditional
gradient sliding (CGS) [8] method is to present a new linear optimization based convex programming
method which can skip the computation for the gradient of f from time to time when performing
Linear optimization over the feasible region X. The basic scheme of this method is obtained by
applying the CG method to solve the projection subproblems existing in the AGD approximately.
By properly specifying the accuracy for solving these subproblems, we will show that the resulting
CGS method can achieve the optimal bounds on the number of calls to the first-order and linear
optimization oracles for solving problem (1.1). The development of CGS method, in spirit, is similar
to the gradient sliding algorithm developed by Lan in [7] for solving a class of composite optimization
problems. However, the gradient sliding algorithm in [7] requires us to perform projection over the
feasible set X’ and targets to solve convex programming problems with a general nonsmooth term

in objective function. The CGS method is formally described in Algorithm 4.
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Algorithm 4 The Conditional Gradient Sliding Algorithm

Initial point zg € X and iteration limit N.

Let By € R}, v, €[0,1], and g, € R, k=1,3---, be given and set yy = .

for k=1,...,N do

2k = (1= Y)Yr—1 — WeTh—1
T = CDdG(f/(Zk)a Ti—1, B, nk)a

Y = (1 = V) Yk—1 + Vi

end for

procedure u™ = CndG(g,u, 8,7)
1. Set uy =wvwand t = 1.

2. Let v; be the optimal solution for the subproblem of
Vo,u,p(ut) == max (g + Bus — u),us — x)

3. If Vo p(ur) <m, set ut = u; and terminate the procedure.

4. Set Ut41 = (]. - at)ut + Q4 V¢, with

oy Inin{l, (Blu—u) —g,ve —ut>}

2
Bllve — u]

5. Set t <+ t+ 1 and go to step 2.

end procedure

(1.58)
(1.59)

(1.60)

(1.61)

(1.62)

Clearly, the most crucial step of the CGS method is to update the search point xj, by calling

the CndG procedure in (1.59). Denoting f(z) := (g,x) + 8|z — u|? /2, the CndG can be viewed

as a specialized version of the classical CndG method applied to mingcx f(x). In particular, it can

be easily seen that Vj ., g(us) in (1.61) is equivalent to maxgex (f'(ur), us — ), which is often called

the Wolfe gap, and the CndG procedure terminates whenever V; ,, 5(u;) is smaller than the specified

tolerance 7. In fact, this procedure is slightly simpler than the generic CndG method in that the

26



selection of ay in (1.62) explicitly solves

ap = argmin f((1 — a)uy + avy). (1.63)
a€l0,1]

It should be pointed out that (1.62) was initially suggested by Frank and Wolfe to specify the
stepsizes for the CndG method through the minimization of an upper quadratic approximation of
f() at zx [5, 3, 2]. In view of above discussion, we can easily see that z;, obtained in (1.59) is an

approximate solution for the projection subproblem

mip { £(0) = (f' (o) + 5 o - ol (164)
such that
(f'(xr), 2p — &) = (f'(21) + Br(wr — wp1), 26 — ) <mp, Ve EX (1.65)

for some n; > 0.

Clearly, problem (1.64) is equivalent to mingex Br/2 || — zu—1 + f'(21)/Bk|%, after com-
pleting the square, and it admits explicit solutions in some special cases, e.g., when X’ is standard
Euclidean ball. However, here the focus is on the case where (1.64) is solved iteratively by calling
the linear optimization oracle.

Before analyzing the convergence rate of CGS we add a few comments about this method.
First, as an special case of CGS if we limit the number of inner iterations in CndG procedure of

CGS we get the Algorithm 5. Note that (1.68) in Algorithm 5 is equivalent to

xp € Argmin (Vf(z),x) (1.66)

reX

and (1.66) is exactly the subprobem of CG algorithm. Therefore, limiting the number of inner

iterations of CGS leads to the CG algorithm.
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Algorithm 5 The Conditional Gradient Sliding Algorithm with One Inner Iteration

Initial point zg € X and iteration limit N.
Let By € R}, v, €[0,1], and g, € R, k=1,3---, be given and set yy = .

for k=1,...,N do

2k = (1= Ye)Yr—1 — VeTh—1 (1.67)
xp € Argmax (Vf(z2), xp—1 — ), (1.68)
TEX
Yk = (1 = Y)Yk—1 + Tk (1.69)
end for
Output yun-

Second, similarly to the AGD method, the above CGS method maintains the updating of
three intertwined sequences, namely, {zx}, {yr}, and {2z}, in each iteration. The main difference
between CGS and the original AGD exists in the computation of z;. More specifically, zj in the
original AG method is set to the exact solution of (1.64) (i.e., nx = 0in (1.65)), while the subproblem
in (1.64) is only solved approximately for the CGS method (i.e., nr > 0 in (1.65)).

Third, we say that an inner iteration of the CGS method occurs whenever the index ¢ in the
CndG procedure increments by 1. Accordingly, an outer iteration of CGS occurs whenever k increases
by 1. While we need to call the first-order oracle to compute the gradient f’(z) in each outer
iteration, the gradient f; (p;) used in the CndG subroutine is given explicitly by f'(zx)+ Bk (p—xr—1).
Hence, the main cost per each inner iteration of the CGS method is to call the linear optimization
oracle to solve the linear optimization problem in (1.61). As a result, the total number of outer and
inner iterations performed by the CGS algorithm is equivalent to the total number of calls to the
first order and linear optimization oracles, respectively.

Fourth, observe that the above CGS method is conceptual only since we have not yet
specified a few parameters, including {8}, {7}, and 7, used in this algorithm. We will come back
to this issue after establishing some important convergence properties for the above generic CGS
algorithm.

We describe the convergence analysis of CGS method in [8]. For the sake of convergence

analysis of CGS we need to mention the following lemma.
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Lemma 2. Let {\;} and {a;} be sequences of nonnegative real numbers.

1- If the sequence {\;} is a decreasing sequence, then
k

Z)\i(aiq —a;) < Aoao.
i=1

2- If the sequence {\;} is an increasing sequence, then

k

E )\i(ai_l — az—) < >\k max a¢.
—1 0<t<k
1=

Proof. In order to prove part 1 we have

Then for a fized k,

k—1

i=1

k k
Z Xi(@i—1 —a;) = — Z i(a; —a;—1)
i=1 i=1
k k k
== Nai+ > (A= AicDaicr+ > A1,
i=1 i=1 i=1
k-1 k
= —Nkax — > Niai+ Y (A — Aic1)aio1 + Aoao + Y Aia
i=1 i=1
k
= oo — ApQp — Z(/\i—l — Ai)ai—1
i=1

< /\0&0.

Where the last inequality holds because {\;} is decreasing.

To prove the second part we have

k k
> Ailaic1 = ai) = =Akar + Xoao + ¥ _(Ai = Aim1)aio
i=1 i=1
k
< A\
< Xoao + 2()\1 Ai—1) Olél%xk ay

= A AL — A
oao + (Ak o)Olgtagkat

< A\; max a;.
0<t<k
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Theorem 5 describes the main convergence properties of the above CGS method. More
specifically, Theorem 5(a) and (b) show the convergence of the AG method when the projection
subproblem is approximately solved according to (1.65), while Theorem 5(c) states the convergence
of the CndG procedure by using the Wolfe gap as the termination criterion. Hence, part (c) is
included here mainly for the sake of completeness. It should be noted, however, that the analysis
provided in part (c) is more specialized to problem (1.64).

Observe that the following quantity will be used in the convergence analysis of the CGS
algorithm:

1, k=1,

Ty = (1.70)
Fk,1(1 — ’}/k), ]f 2 2.

Theorem 5. Let 'y, be defined in (1.70). Suppose that {Br} and {yx} in the CGS algorithm satisfy

vi=1 and Ly < B k>1. (1.71)
(a) If
Brve o Br—17k—1
> . k>2, 1.72
Iy = Tra (1.72)
then for any x € Xand k > 1,

B, iy

, K Vk i Yi
flye) — f(2¥) < 5 DY +Tw > T (1.73)

i=1 '

where £* is an arbitrary optimal solution of (1.1) and Dy is defined in (1.3).

(b) If
Bevk _ Br—17k—1
< . k>2, 1.74
Iy = Tra (1.74)
then for any x € Xand k > 1,

B iy

" 1l . i Vi
Fur) = f(a") < 255 flao — 2" |* + Te Y D = (1.75)

i=1 "
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(c) Under the assumptions either in part (a) or (b), the number of inner iterations performed at

the kth outer iteration can be bounded by

2
T .= [65’“%} VE > 1. (1.76)
Nk

Proof. To prove part (a) note that by (1.58) and (1.60) we have y, — 2z, = Yi(xp — zr—1). Also,

from (1.60) we have

Uk — 2k = (1 = ) Yr—1 + VeTr — 2

= (k-1 — 2) + (@6 — Y1) (L.77)
= (L= %) (Yr—1 — 2) + e (@k — 2k)
Using this and also (1.10) we have
Flk) < )+ (Vo — 26) + o o — =l
= (L= %) (f(zr) + (Vf(2k), yr—1 — 2x))
(1.78)

L’Y;% 2
+ v (f(zr) + (Vf(2r), 2p — 21)) + - |z — xk—1]]

< (U= ) o) 0 (o0) + (9 ), = 21d) + 20 o —

where the last inequality follows from convexity of f and (1.71). Also note that from the optimality

condition (1.65) we have
(Vf(z) + Bi(ar — 1), 06 —x) <, Vo € X,

and so

(x)p — 21,0 — 2) < n—k+i<f/(zk),:rka> Vo e X. (1.79)
Br B

Also, note that

1
l2po1 — 2l = = (o1 — z1) + (2 — )|

2 | 2

1
=3 loe — zpo1 ]| + (@po1 — 2, 2 — 2) + 3 ok — ||,
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which implies that

4 2=1 = )= 2 g — 2
B Tk Tl—1 —2 Tp—1 X Tp—1 T, Tk X B Tk X

1 2 1 / 1 2 Tk
< oy — — —ap) — = - L
=5 |zk—1 —z||” + B (f'(z1), 2 — k) 5 |z —z[|” + B
Hence,
BrVk 2 _ Brve 2 2
5 o = zp-all” < == (llew—r —2l” = llow = 2[7) + 9 (VF(z0), @ = xn) + ey (1.80)

Combining (1.78), (1.80) and (1.79) we obtain

Flur) < (=) f(yr—1) +7(f(z1) + (Vf(2), 26 — 26) + (V (1), 2 — 28))

DO (s — 2l — i — ) +
= (190 () + () + (V). — 24) (1.81)
PO (s — 0l — ok — 2l2) + i

Bk
2

< (=)o) + f @) + =55 (oo = 2l = an = 2?) +mw,

where the last inequality is from convexity of f. Subtracting f(x) from both sides of above inequality

gives
Bk 2 2
Flye) = f@) < (L =) (f(yo-1) = fl2)) + =5 (lek—1 —z|” = llzx — 2| ) + ke Vo€ X
Now using Lemma 1,
) = 1) < L2 (50 — )
5 Bivi " v (1.82)
+ 00 Y 5 (lleims = all® = fla — o)) + 10 - L
i=1 ¢ i=1 '

Note that 41 = 1 and since from the assumption {8#7:/T,} is increasing; then from Lemma 2

~ B 8
> 5 (i = 2l = flzi = 2f*) < D, (1.83)
i=1 T k
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Hence, we have

flyr) — f(= )<MDX—|—F Zm'}/z

which completes the proof of part (a).

To prove part (b), from (1.83) and Lemma 2 the assumption we have

Z 20 (i = ol = s = 1) < B o —

Therefore, by (1.82) for any x € X we have

k
T i7Yi
) = £(a) < B oo =l + T 3

?

Which is true for = x*, and this completes the proof of part (b).
To prove part (c) let us denote ¢ = ¢ = (f'(zx),2) + Bu/2 ||z — zp_1|” and ¢* =

mingey ¢(z). Also let us denote

(1.84)

which implies that

At+1 == At(]. - >\t+1) Vt Z 2 (185)

Let us define ﬂt+1 = (1 — >\t+1)ut + >\t+1vt. Clearly we have ﬂt+1 — U + )\t+1(vt - Ut). Observe

that usy1 = (1 — o)ur + opvy and oy is an optimal solution to (1.63) and hence ¢(ury1) < P(Tet1).
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Using this observation, (1.10), and the fact that ¢ has Lipschitz continuous gradients, we have

= 0um) + Mo (9 (), v — )+ D0 o — P

5 (1.86)
= d(ur) = Mew1d(ue) + Aer (P(ur) + (@' (ur), ve — ur)) + 5)\§+1 o — ue|?
< (1= Ar)600) + desr (Bu) + () = ) + 502 o = ]
< (1= Aeer)o(u) + Mrrle) + 002, o — el
Subtracting ¢(x) from both sides implies that
P(urs1) — d(x) < (1= A1) (P(wr) — () + g)‘t2+1 loe — wl* Vo€ X.
By Lemma 1, for any x € X and ¢t > 1
1A Epaz
) = 6() < Avsr (F22(0(0) — 6(0)) + 3 T3 s = i
i=2 v
t .
_ s — w2 (1.87)
= At—&-lB; it 1 lvi — will
_ 2603
T t+1

Now, let the gap function V. s be defined in (1.61). Also let us denote A; = ¢(u;) — ¢*.
It then follow from (1.61), and (1.86) that for any j =1,--- ¢,
B2,

P(ujr1) < d(uy) + Ny (@' (uy), v — uy) + —=>— |lv; —u;

2
. [

Hence,

By
Ajr1 (@ (ug), w5 —vj) < ouy) — dplujyr) + ;Jr oy —u;?,
which implies that

BA?
Nit1Vgu,p(ug) < duj) — dlujpr) + ;H vy —u;?
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2

BAT 1 2
=A; —Ajp1+ 5 l[vj — "

Dividing both sides of above inequality by A; 1 and summing up the resulting inequalities, we obtain

t t t 2
>\j+1 A A]+1 )‘j+1 2
w.B (U Vi — Uj
Dyww Vo,u,(1;) g i ZMM [
2
= At+1+z< )A —|—A1—|—Z )\]HH]—ujHQ
At+1 g+1 +
t
1
< (5 5) 4 Sl wl
J J

<Z]A +5Z J DX

< ZjAj +14D%,

j=1

where the last inequality follow from the definition of \; and A; in (1.84). Using the above inequality

and the bound on A; given in (1.87), we conclude that

-~

t t

1 Ajr1 .28D3

i Vool16) 3 3222 < 35 o) < 35208 + 165 k.
j=1, e j+1 = j+1 =1 J

Since 22:1 /\j+1/Aj+1 = t(t + 1)/2, then

t(t+1
A_rrllin Vg’u,g(uj)< (t+ )> < 3tpD%,
J=1,...,t 2
Therefore,
Vyuslus) < 0%
j_rr117m7 gu,B\Uj) = 1
which implies part (c). O

Clearly, there exist various options to specify the parameters {8}, {7x}, and {n;} so as to
guarantee the convergence of the CGS method. In the following corollaries, we provide two different
parameter settings for {8y}, {7}, and {nx}, which lead to optimal complexity bounds on the total

number of calls to the first-order and linear optimization oracles for smooth convex optimization.
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Corollary 4. If {8k}, {vk}, and {nx} in the CGS method are set to

3L 3 LD?
= Fa—— = — d = 7X, vk > ]_, 1.88
Pe=grr " a2 ™ T iy = (1.88)
then for any k > 1,
15LD%

flye) = fz) < (1.89)

(k+1)(k+2)

As a consequence, the total number of calls to the first-order and linear optimization oracles per-
formed by the CGS method for finding an e-solution of (1.1) can be bounded by O(\/LP%/e) and

O(LD%/e), respectively.

Proof. Tt can be easily seen from (1.88) and (1.71) holds. Also note that by (1.88), we have

6
) .
and
Bk 9L k(k+1)(k+2) 3Lk
Ty (k+D)(k+2) 6 o2

which implies that (1.72) is satisfied. It then follows from Theorem 5(a), (1.88), and (1.90) that

~ 15LD%
2k + 1) (k+2)]

flyr) — f(a™) < 2(k+1)(g+2) + k(k+1)(k+2) ; ¥

which implies that the total number of outer iterations performed by the CGS method for finding
an e-solution can be bounded by N = 4/15LD%/2.. Moreover, it follows from the bound in (1.76)

and (1.88) that the total number of inner iterations can be bounded by

N N 68D2 N
> T <Z<X+1> =18) k+ N =9N?+ 10N,
k=1 =1 \ Tk k=1

which implies that the total number of inner iterations is bounded by O(LD%/e).

O
Observe that in the above result, the number of calls to the linear optimization oracle is
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not improvable in terms of their dependence on €, L and Dy for linear optimization-based convex
programming methods [6]. Similarly, the number of calls to the FO oracle is also optimal in terms
of its dependence on € and L [10]. It should be noted, however, that we can potentially improve the
latter bound in terms of its dependence on Dy. Indeed, by using a different parameter setting, we
show in Corollary 5 a slightly improved bound on the number of calls to the first-order oracle which
only depends on the distance from the initial point to the set of optimal solutions, rather than the
diameter Dy. This result will play an important role for the analysis of the CGS method for solving
strongly convex problems. The disadvantage of using this parameter setting is that we need to fix

the number of iterations N in advance.

Corollary 5. Suppose that there exist an estimate Dy > ||xg — x*|| and that the outer iteration limit

N > 1 s given. If

Bk = ?a Y = ﬁ, Tk Nk (191)

for any k > 1, then

6LD2

flyn) = f(@") < NN+ D) (1.92)

As a consequence, the total number of calls to the first-order and linear optimization oracles per-

formed by the CGS method for finding an e-solution of (1.1), respectively, can be bound by

o (Do\/§> (1.93)

and

o (Li)g( + Do\/§> . (1.94)

Proof. Tt can be easily seen from the definition of k in (1.91) and ~, in (1.70) that

2

I=—.
P k(b + 1)

(1.95)
Using the previous identity and (1.91), we have By7yx/Tx = 2L, which implies that (1.74) holds. It
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then follows from (1.75), (1.91), and (1.95) that

N
flyn) - fa*) < T (LDS +y 4

i=1

N
. 6LDg
) =Ty (LD% +ZW> TN+

=1

Moreover, it follows from the bound in (1.76) and (1.91) that the total number of inner iterations

can be bounded by

N N
68, D% 6N2D2,
ZTk§Z<+1 =5 +N.
The complexity bounds in (1.93) and (1.94) then immediately follow from the previous two inequal-

ities. O

We end this section by summarizing and comparing the convergence result and also require-
ments of AGD, CG and CGS. As we proved in previous sections, in order to compute an e-solution
AGD requires O(y/L*(D%)?/¢) gradient evaluations where L* and D% are the true values of Lip-
schitz constant and the diameter of X, respectively. This number of evaluations is significantly
smaller than the O(LD?/¢) evaluations of CG. However, AGD requires the solution to the projec-
tion subproblem in each iteration of its algorithm which is not always efficiently solvable. This can
be a drawback for AGD method. CGS, on the other hand, resolves the requirement of projection
calculation in AGD and also the complexity of total number of gradient evaluations in CG. This
observation is summarized in Table 1.1. Note that IIy(-) in Table 1.1 is the projection function

where (1.29) and (1.20) the subproblem of AGD and GD, respectively, are examples of this function.

AGD CG CGS

Subproblem M (-) mingexy (-, z) mingex (-, x)
Number of subproblem computations /LD3 /e  L*(D%)?/e L*(D%)?%/e
Number of gradient evaluations +/LD%/e  L*(D%)?*/e L*(D%)?/¢

Table 1.1: Comparing the complexity of algorithms AGD, CG and CGS

However, CGS still requires L*(D%)?/e number of solutions to linear optimization problem
that cannot be improved according to [6, 9]. Another drawback of CGS is its requirement to the

parameter L*. This drawback is resolved in CGS with line search (CGS-ls) method that we will
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propose it in next chapter.

1.5.3 Examples of LP subproblems

As we can see in previous section, projection-free algorithms such as CG and CGS have
a linear programming problem (LP) over the feasible set of the main problem that are needed to
be solved on each iteration or each inner iteration. It is reasonable to have an analytic and closed
form solution for such subproblems instead of directly asking solvers to find the optimal solution or
optimal value. In this section we have a few examples of closed form solutions for some LPs over
common feasible regions.

1.5.3.1 LP over simplex

In this example we find a closed form solution for the LP over the simplex.

Proposition 3. The optimal objective to the problem

min 'z
rER™

s.t Z:c(i) =1 (1.96)
i=1

x>0

1s Inin{c(l), e ,c(")}, where ¢V, i =1,--- ,n are the elements of cost vector c.

Proof. If we write the dual of the problem (1.96), we have

D =
gl
st. y< W
Y < e
y free

The solution to the dual D is clearly y* = min{c(l)7 e ,c(”)}, and by LP strong duality we have
¢’z = y. Then the primal optimal solution is given by z* = ey+, where e,- is the vector of zeros

except for y*-th element. O
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Proposition 3 states that, to find the LP solution over a simplex, we just need to find index
k such that ¢®) = min{c™® ... (™} and then the optimal solutions will be 2* = e,. Note that

this can also be observed from that fact that all extreme points of a simplex are e;, i =1,--- ,n.

1.5.3.2 LP over SVM dual constraints

In this example we find a closed form solution for the LP over the feasible set in (1.19).

This problem is discussed in Section 1.2.

Proposition 4. Consider the linear programming problem

min  a’u+bTv
u,vERF

st. eTu—eTv=0

(1.97)
Ogu(i)ga i=1,---,k
0<vW <o i=1,---,k
where a,b € Rk, o € R, e is vector of ones in Rf and aV < a® < ... < a® gnd

b < b < ... < bR Then (1.97) has an optimal solution w* = (u*,v*)T € R?* so that

w* € {0,0}2*. Also, if there exist a number, 0 < m <k, so that "1~ (') + b)) < 0 and

m J
Z(a(i) + @) = min {Z(a(i) +0@) :j=1,--- 7k} ,

i=1 i=1

then the optimal solution is w* = (u*,v*)T € R?** where u* and v* are as u” = v = & for
i=1,---,mand u) =v0) =0 for j =m+1,--- k. If no such m exists then 0 € R?* is the

optimal solution.

Proof. Let S be the feasible set of the (1.97). Then S is clearly a polytope and there exists an
optimal solution w* = (u*,v*)T so that w* € ext{S}. Also, (1.97) has 4k + 1 constraints in which
2k of them are active at w*. Since the equality constraint is already active then 2k — 1 constraints
out of 2k remaining inequality constraints should be active. This implies that w* € {0,0}2*~! x R.

Without loss of generality, suppose that u* € {0,0}* and v* € {0,0}*~! x R. Then there exists a
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positive integer value, ¢, so that

k

Z (u*)@ = to.

i=1

However, in order to stay feasible from the equality constraint of (1.97) we have Zle(u*)(i) =
Zle( @) or 27 L(0*) = to. But since v € {0,0}*~! x R we must have v € {0, 0 }*. Therefore,
the optimal solution w* € {0,0}%.

Now let I = {i:u® = ¢} and J = {j : vU) = ¢}. Then |I| = |J| =t for some t € Z, and

from the objective function we have

k k
alu+ by = Z a@y® 4 Z b))

i=1 j=1

:UZa(i)—FaZb(i)

iel jed
= U(Z a + Z b))

il jeJ

t
>0 Z(a(i) + b))
i=1

This implies that if for any ¢t = 1, - - , k we have Ele(a(i) +b(®) > 0 then t = 0 or zero is the optimal
solution and w* = 0. If otherwise there exist a number m € {1,--- ,k} so that 3", (a'¥ + b)) < 0

and

i=1 =1

m J
Z(a(i)+b() mm{z a4+ () jzl,---,k}

then o 31" (a + (") is the optimal value. In this case w* = (u*,v*)T where (u*)®) = (v*)) = o
fori=1,--- ,mand (u*)¥) = () =0for j=m+1,--- ,k
O

Note that the feasible set of (1.97) looks different from that in (1.19). However, if the SVM
problem associated to (1.19) is balanced, namely, the samples belonging to the two sets are the

same, then the feasible set of (1.97) and (1.19) are the same (with &k = m/2 and o = C).
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1.5.3.3 LP over spectrahedron

As we mentioned before, a spectrahedron is the set of all positive semi-definite matrices

with trace one. First of all, note that if A € R™*", then the solution to the problem

min 2T Ax
(1.98)

T

st zix=1

is the smallest eigenvalue of A. The reason is that if using spectral theorem we decompose A as
A = UTAU, where U is the orthogonal matrix of eigen vectors of A, and A is the diagonal matrix

of eigenvalues of A, then we have
eTUTAUz = (Uz)"\(Uz) =y Ay.

Here y = Uz, and since y’y = (Uz)T (Uz) = 27UTUx = 272 = 1, then the problem (1.98) will

change to

min  y? Ay

st yly=1

and the solution to this problem is the smallest value on the diagonal of A which is the smallest
eigenvalue of A. Now, let us define X = xz”. Then the objective function in (1.98) can be written
as T Ar = trace(ArxT) = ||AX||i-, Also, 2Tz = trace(za?) = trace(X) = 1, where X = 27z
implies that X has rank 1 and is positive semidefinite. So, as a relaxation of (1.98) to rank one

matrices, we have the following problem

min [|AX |},
st trace(X) =1 (1.99)

X =0.

Here we show that (1.98) and (1.99) have the same solution.
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Theorem 6. Let S = {za? : x € R", 2Tz = 1}, then

Conv(S) ={X : X € 8", trace(X) =1, X = 0}.

Moreover, if v € S then v is an extreme point of Conv(S).

Proof. Let us denote S = {X : X € 8", trace(X) = 1, X 3= 0}. First, we show that Conv(S) C S.
To show this let X € Conv(S). Then X = >0 Nz (z)T, where A& >0, i = 1.k and

S A® =10 Since AW > 0, and @ (z())T are rank one positive semidefinite matrices for all

i=1---,n, then X is positive semidefinite too. Also,
k k k
trace(X) = trace(Y AV (@)T) =3 " AO (@) Tz =3 A0 = 1.
i=1 i=1 i=1

This implies that X € S and so Conv(S) C S.
Now let X € S. Then X being positive semidefinite implies that using spectral theorem

and eigenvalue decomposition, we get

X =UTAU = i A @) (N T
i=1

where A\() > 0, i = 1,--- ,n are the eigenvalues of X and v(®¥ is normalized eigen vector cor-
responding to A(¥) for i = 1,---,n. Since trace(X) = 1 we have " A® = 1. This means
that 31" | ADv® (v is a convex combination of vV (v(?)T where by definition v (v)T € S.
Therefore, X € Conv(S) and then S C Conuv(S).

First part of this theorem clearly implies that any point of set S is an extreme point of
Conv(S). Also note that any element of Conv(S) with rank higher than one can be written as a

nontrivial convex combination elements in .S and so is no longer an extreme point. O

Observe that Theorem 6 show that even though we relaxed he problem (1.98) to (1.99) they
will have the same optimal solutions. This means that the solution to (1.99) which is a LP over
Spectrahedron is the smallest eigenvalue of matrix A, say A, and the optimal value is vo” where v

is the eigen vector corresponding to A.
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1.5.3.4 LP over Birkhoff Polytope

The Birkhoff polytope is defined as
B={X eR™"™ : X is doubly stochastic with non-negative elements}.

In other words, the Birkhoff is the set of all m x n matrices such that both columns and rows sum

to one. The LP over Birkhoff polytope is define as

m n
min 33 )0

i=1 j=1

sty 2 =1 j=1,-,n
=1

n
a2 =1 i=1,--,m
j=1

ng(ij) <1 i=1,---,m,j=1,---,n
and this is the relaxed LP assignment problem and can be solved with special LP techniques.

1.5.3.5 LP over the set of Hamiltonian cycles on degree n

The LP over the set of Hamiltonian cycles on degree n can be formulated as traveling
salesman problem.
m n
min Z Z (19) 4 (i9)
i=1 j=1
m
st. > 2 =1 j=1,-,n
i=1
1#]
n
Zx(w) =1 i=1,---,m
j=1
i#]
u(i)—u(j)—i—m:ijgn—l 2<i#j<n

0<z <1 1<i<m,1<j<n
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where the last inequality constraint eliminates the subtours which are cycles but not Hamiltonian.
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Chapter 2

CGS With Line Search

In Chapter 1 we introduced the CGS algorithm (see Algorithm 4) and also mentioned the
complexity and convergence results under different parameter set up. In the k' outer iteration
(k" gradient evaluation) of CGS the parameters 3;, and 7, depend on other constants such as the
Lipschitz constant L, the diameter Dy of the feasible set X and also the maximum number of outer
iteration N. Although in theory these constants do not change the convergence rate of the algorithm
with proper setting up of parameters, in practice we might have issue in finding these constants. For
example, for large X" finding the the Lipschitz constant L might be expensive in terms of computing
and CPU-time consuming. This is a draw back of CGS in practice.

One of the most common methods in optimization is the back tracking line search [1]. Line
search involves starting with an estimate of the corresponding constant and continue the iterations
of the algorithm while some conditions are satisfied. This guessed value of constant will be increased
iteratively if the specific condition is violated.

In this chapter we utilize the line search approach for the Lipschitz constant L. Algorithm
6 is the generic procedure of CGS with line search (CGS-Is). It starts with a first guess of L, that is
Ly in the algorithm and while the condition (2.1) is satisfied the algorithm iterates with the same
value of Ly at iteration k; once (2.1) is violated this value will be increased by a multiple of 2 until

the condition holds.
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Algorithm 6 A CGS-Is algorithm

Initial point yo € X. Set x¢ = yo.
for k=1,2,...do

Find Ly > 0 such that

Flk) < )+ (o = 26) + 2 = 2l 4 5

2%

where

1 k=1

Yk
Positive solution to T'y = Tp_1(1 — %) k> 2

where I'y, depends on Ly and .

2 = (1 = V) Yr—1 — V-1

xp ~ argmin (f'(z), z) + & |z — xk,_lHQ
reX 2

yr = (1 = )Ys—1 + 7Tk

Set
- i
= ZIT (f(zi),x — z)].
Stop if
— mi <
Flye) — minbi(z) <e,

or equivalently,

max f(yx) — lr(z) < e

end for

Output yy-.

(2.1)

(2.6)

Note that the approximate solution to xy in (2.4), the approximate solution to the projection

problem, is given by the same inner iterations as CGS Algorithm 4 inner iterations depending on

parameters {8y} and {nx}. Namely, z = CndG(f'(2k), k-1, Ok, k). Indeed,

47
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optimality condition

(Vf(zr) + Br(zr — p—1), 26 — ) < M,

for mix, = 0 we have the exact solution to the projection subproblem which leads to the Nesterov’s

AG method and for n > 0, xj is solved with accuracy 7.

Also, the Ly in Algorithm 6 can be

the Lipschitz constant or any other amount that (2.1) hold. In addition, we can observe that the

above method is conceptual only since we have not yet specified the parameters {8;}, {7} and 7

that are used in the algorithm. Before setting these parameters we first establish some convergence

properties for the Algorithm 6.

We begin the proof of the convergence of the above algorithm by first showing some technical

results that will be used in the analysis of the Algorithm 6.

Lemma 3. For a given k we have
k
T =
~ Iy

Proof. Let 1 < i <k then by (2.2) we have

L, T, T,
1 Vi
_Fz—1+ﬁ.

Hence,

This and also the fact that v, = 1 imply the (2.9).
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Lemma 4. If (2.7) or (2.8) hold, then
flye) =" <e

Proof. From the definition of ¢ (x) in (2.6), Lemma 3 and also the convexity of f for any =z € X we

have

This implies that mingex £x(z) < f* and therefore,

f( ) f <f(yk:) ml/’rvlgk( ) <e.

Theorem 7 below describes the main convergence property of the Algorithm 6.

Theorem 7. In Algorithm 6 if By > Lixyk, then

F) ~ @) < S + T Z L2 (o —icall* ~ 1o — i)

k
Vil Vi 2
+FkZ = 2 g (B = L) i — i

Proof. We have

k
Z% +{(Vf(zi),x —xi) +(Vf(z),x: — 2)]

= Z Fi [Vif (zi) + 7 (Vf(zi), 2 — 2i) + (Vf(21),7i(zi — 2:))] -
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Here
(2.5)
Yilwi —zi) = yi — (1= %i)yi-1 — Vizi

= (yi —2zi) — (1 = %) (yi-1 — 2i).

So,

Z ]-—‘i r)/l Zl Vf(zz) Yi — Zi>

i=1 "

= (=) (f(z:) +(Vf(zi),yi-1 — 2i)) + 7 (Vf(zi),

Note that from (2.3) and (2.5) we have y; — z; = v;(z; — x;—1) and

F(ai) + (9 £ Gaidois = 22) 2 S = s = =l = S

Also, from convexity of f we have

= (f(z0) +(Vf(zi) yi-1 — 20)) 2 —F(yi-1),

and from (2.1) we have

% (VS (i), a— ) > =20

Therefore,

— $z>]

(e = ica® = i = wica|* = o = wl*) = .

k
1 L;~?
Zﬁ { e g%' — (1 =) f(yi-1)
=1
’Yiﬁi 2 2 2
——— e —ziall” = [l =z ||” = |z — 2" ) —vim
k k
1 — % YiBi ( 2 2)
;sz n Fin) = g, (e = ol — llo = o]
ExmY e Y " i
52T “(Livi — Bi) i — mima | =) S
S-S e -l Y 2
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Noting that

~

k
S F) — 2 g @2 L),

—

=

and also using Lemma 3 we have

&}(,) Z (e = zicall* = o — i)
k

k
€ 2 Yilli
o, Z 3T, (Livi = Bi) l|wi — @ia||” = ; T,

which implies that

20
Fn) = tul@) < 5+ T Y (llo = @ia]* = fle = 2)il*)

YiBi

k
+ Fk ,%7774 z - 2’71) ||x7, — Tj— 1”
— I

x>

O

As we can see in Theorem 7 and the Algorithm 6 the parameters {8x}, {7yx} and {nx} are
needed to be specified in a proper way to have the desired convergence result. Clearly, there are
many options to choose these parameters to guarantee the convergence of CGS-lIs. In our next step
we and in corollaries 6 and 7 we provide two different parameter settings for {8}, {vx} and {nx}
which lead to optimal complexity bounds on total number of gradient evaluations and also the total

number of calls to the linear optimizations oracle.

Corollary 6. If we set

2L, 2 2 2L, D%
= — e — F - —
Be== w=g3p kkr1) ™

where N is the max number of iteration and is bounded by

2
N> /QMDX’
€
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where M is the true value of Lipschitz constant, then for all x € X
€
Flyw) = (@) < 5 + 3T, MD%.

In particular, the total number of V f(-) evaluations and linear objective optimization computations

[12M D? 2M D2 [12M D?
=X and <7 x4 X) ,
€ € €

are bounded by

respectively.

Proof. Applying the parameter setting to Theorem 7 we have

S+ T (MD +2MD%)

% 4 3T, MD2.

f(yr) — le()

IN

In particular, (2.7) is satisfied if

3T MD2 < <

)

[\

i.e.

2 2
6MDY _ e s [12MD%
k(k+1) = 2 ¢

Now by Proposition 5 part (c),

N N
ZTk < Z 66D +1
k=1

w1 [k

=6N?>+ N

_T2MD% | [12MD%

€ €
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Corollary 7. As we set of the parameters in the Algorithm 6 as

Ly D3
61@ = Lk’Yk, Fk = Lk’yg and Nk = %, (210)
where N is the number of outer iterations, we have,
. 12L
flye) = f* < WDgc (2.11)

In other words, the number of gradient evaluations in Algorithm 6 is bounded by

0 (w/“zgf> . (2.12)

In addition, the number of LP evaluations in the Algorithm 6 is bounded by

0 (LDgf) . (2.13)

€

Proof. Clearly, with parameter set up in (2.10) all conditions (1.71) of Theorem 5 are satisfied and

from part (a) of this theorem with K the total number of iterations we have

Flye) — f* <BW’“DX+F Zm%

l

k

< Lk’Yk Z Z,Y’L D2

B - KL} (2.14)
1

= 5 Levi D + i D
3

= 5F,CD}.

But for k£ > 1 we have I'y = T';,_1(1 — 4%). This implies that

1 I %
=— - = vk > 1.
1 Ty T
Therefore,
1 1
Y R S vt v T
Ty 1 1 1 1 1
Fk + Fk,1 Fk + Fk—l




Note that T'y, = (1 — v,)Tk—1 < I'y_1 and I'y = Lj77. Hence,

\f / w1 1
\f \/T 2Te 2W 2V2L"

So performing inductively we get
1 1 k—1
\[ = — > —,
Iy I'p_1 2\/§L

then
1 k—1
= Z o o
Ty ~— 24/2L
which implies that
8L
Iy <——.
SRSV
Therefore, from (2.14) we have
.3 8L
) =" <5 5 D%
2 (k-1) (2.15)
_ 12, '
S (k12T
Also, from part (c) of Theorem 5 and definition of 7, we have
N N
D2
Some= 3y o
k=1 =1
_ Z 6N Ly Dy (2.16)

- LywD:
=6N>.
Therefore from (2.15) and (2.16) w get that the total number of iterations it takes for the CGS

algorithm with line search to get an e-certificate is bounded by O (VLD%«/E) and the number of

linear programming evaluations is bounded by O (LDgc/e>. O

An observation that we can have from corollaries 6 and 7 is that in both type of settings
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of parameter we require the knowledge of N, the maximum number of outer iterations or the total
number of gradient evaluations. However, we can improve the bound on number of calls to linear
optimization oracle or the number of inner iterations in terms of its dependence on N. In corollary

8 we have a new setting for {8}, {7x} and {n:} that lead to our desired improvement.
Corollary 8. Let

CLk kD2
Br = Lk, Ty = Ly, and  mp = #
for constant ¢ > 0 and Ly = tM, where t € (0,1).Then (2.7) is satisfied when

Lo 1Dx [ler )M
T -

Proof. Since I'y, = Lk’yi’ = (1 —vk)vk—1 and Ly < Ly < 2M we have

N S
I'y Tip1 Ty

Then

1 1
a/i 3 1 _ Ty Tk—1
Ik | V) 3/ L 3 1 5/ 1
Fi + I'pelr_1 + Fi71
Ve

Ty

- 1
33Fﬁ

e

v

Y

Summing up both sides of above inequality we obtain

1 1 k—1

> )
SII‘\k 3/F1 - 3 3/2M
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which implies that

54 M
e < ——
R UENVE
In addition, since I'y = Lyv; we have
19
L, Ty’
and since L1 < L < 2M we have
1 1 1
<<=,
2M — L — I,
Combining these two inequalities give that
1 Yk 1

So,
~y
1 1 o
IT 3/ T,/ . 1 1
k F — 3/ = 3/ =
k—1 Fi + \/Fk-,Fk—l + i”/ri71

1 Y
3/ —

7 YT,

T,/ /1 1
Srii+3rkrk*1+3ri71
Vk

3/Fk
1

S VL

IN

We have L; = I';. Summing up above inequality we get

L _k=1 1 _ &
VIr = VL VLo VL
Therefore,
L,
Iy > =
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or

which implies that

or

Ly
Ly, 3
3
% _ Lik
Yk L,
1 2M
— <k{= 2.18
Ve Ly (2.18)
Hence, using (2.17), (2.18) and Theorem 7 we have
Fluw) — ble) < & mZW’(|zfxz_1|\tua:fx>i||2)
Sl N i
r - - = (Bi — Livi) | — i1 ||
PTG L e
€ =\ i i
_ iPi N2 e a2 i
= +D% (Z; o (le = @ical® = o = )il )+§; o )
¢ 2 D%
< 4Ty | =2
=35 + 1y N +C; i
€ il 2M
<SS DA [ —+e)
oo (-2 )
€ I 2M
=_—+D%| = +cki{/=T
9 + X ( - +c L1 k)
€ 54M 54M
< - +D3% N
<5t (B e B )
< (c+1)108Mk ¢/ 22
T2 T (k—1)3
So, to have
(c+1)108D3 Mk /24 e )10
(k—1)3 =2 (2.19)
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we need

i < k <€ \ QLTiI _ e/
k2 = (k—1)3 = 2108D3M (¢ +1)216D%/2M*

or

. \/(c—l— 1)216D% V2M7  Dx /216922 /e T 1

2.20
- € J L1 \ﬁ\ﬁ/ L1 ( )
Therefore, if Ly = ¢cM for some ¢ € (0,1) and
Lo 102 [le+ )M
SN c
then (2.20) and therefore (2.19) will also hold. O

Note that even when L, is significantly smaller than the true Lipschitz constant M, in order
to get an epsilon solution, the increase in number of iterations is not significant. For example, for

t = 0.01 the number of outer iterations is approximately bounded by

|5M
17Ve+ 1Dy —.
€

We finish this chapter by mentioning the fact that the constant ¢ in Corollary 8 needs to be

tuned for best practical performance.

58



Chapter 3

Experimental results

In this chapter we present the experimental results showing the performance of CGS-ls
compared to CG and CGS. To this goal we are interested in approximately solving the dual problem

of the SVM. Recall that, the dual of the soft-margin SVM is a quadratic programming problem of

the form
1 m n n
£ :_gél;(lf §szbeb (X, X5) le (3.1)
j=11i=1 i=1
where
X:{xeR" DY wibi=0,0<2;<C, b;,CER, i=1,...,n, j:l,...,m}. (3.2)

Here C € R is the regularization parameter and must be chosen properly.

As we mentioned in previous chapters the algorithms CG, CGS, and CGS-Is derive linear
approximate solutions to the quadratic programming problem (3.1) iteratively until an e-solution is
provided. The linear approximations that appear in these algorithms as subproblem is the following

LP:
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max _22bibj<Xi7Xj>xj+e
j=1i=

s.t. lebl =0 (33)
i=1
0<z;<C i=1,...,n.

This problem is equivalent to

m

_,?;ﬁgr}b z;z;bibj<Xi,Xj>.Tj —e
j=li=

n

s.t. lebl =0 (34)
i=1
0<z;<C i=1,...,n.

For balanced SVM (the two classes in the training dataset have the same number of samples),
the above LP has explicit solution (see our derivation in Section 1.5.3.2).

In next two sections we experiment the SVM classification on two different data sets. The
first data set is the set of uniformly chosen random points in some subsets of R2, and the second is
the MNIST hand-written digits data set. The goal is to examine and compare the performance of
algorithms, in terms of both objective function value and accuracy. The accuracy is basically the

percentage of test data points that are classified correctly.

3.1 Binary classification of 2D data set

In this section to have a better intuition of the classification we try to classify two types
of subsets in R? to be able to visualize the line that separates the two data set. The first type of

subsets of R? is the first and third orthants and the second type is two unit balls.

3.1.1 Boxes in first and third Orthants

As an example we consider two simple sets of uniformly chosen random points in boxes of

length 10 in first and third orthants of R? as training data sets in which there are 500 random points
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in each box and 1000 points in total. While the data sets are relatively small the three algorithms
CG, CGS, and CGS-Is have similar performance and after a few iterations they have an accuracy
more than 98 percent in classifying the data sets. In Figures 3.1, 3.2, 3.3, 3.4 and 3.5 we can see the
results of classification and the accuracy over iterations using these three algorithms. Note that the

parameter C' = 1 is used for these data sets as the regularization parameter in (3.2).

CG, CGS, CGS linesearch

or L £ "5 |—--CG 100 -
=g .‘lﬁ adlg d
ol < _-__-I-E.';',;_ﬁ‘— -CGS 99t m— Lo o
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§ 96 |- —CG
2 95 "= CGS
2 + CGSls
94
93|
92
o1t
90k ‘ ‘
0 20 40 60 80 100
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Figure 3.1: Classifying 2D data sets in two or- Figure 3.2: accuracy of algorithms classifying

thants data sets in two orthants
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Figure 3.5: CPU-time versus accuracy in classifying data sets in two orthants

3.1.2 Two unit balls

As another example we consider two sets of uniformly chosen random points in two 1-balls
of radius one with centers (0,0) and (1,1) for the training data sets in which there are 500 points in
each disc and 1000 random points in total. In a same way but with different seed the two test set
with 1000 random points are chosen. After a very small number of iteration all three algorithms CG,
CGS, and CGS-Is give a classification with more than 89 percent accuracy. Although this accuracy
is 10 percent lower than the accuracy we get in binary classification of two boxes, but we should
consider that higher intersection of the two discs in comparison with the two boxes. Note that the
parameter C' = 0.01 is used for these data sets as regularization parameter. In figures 3.6, 3.7, 3.8,
3.9 and 3.10 we can see the results of classification and the accuracy over iterations using these three

algorithms.
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3.2 Binary classification of MNIST hand-written digits

The data that we use here is from the MNIST database that is a large database of hand-
written digits 0 through 9. The image of these digits are vectorized and the representation of each
single image is a row vector of length 784. Each digit has different number of sample images and
row vectors corresponding to images are stacked on each other creating a matrix with fixed number
of columns and various number of rows. The whole database contains 60,000 training images and

10,000 testing images.

5 101520 25 5 101520 25 5 101520 25 5 10 1520 25 5 101520 25

5 6 7 8 9

5 101520 25 5 10152025 5 10152025 5 101520 25 5 101520 25

Figure 3.11: a sample of converted MNIST data set to images.

In this work we specifically separate the train set “train3” of size 6131 x 484 from train
set “train8” of size 5851 x 784. Here “train3” and “train8” are hand-written digits of 3 and 8,
respectively. The objective matrix of training data set is then of size 11982 x 784. Consequently,
the test sets are “test3” of size 1010 x 784 and “test8” of size 974 x 784. The parameter C' =1 is
used for these data sets as regularization parameter. As we mentioned in previous chapters CG is a
parameter free algorithm but CGS and CGS-Is require the value of parameter diameter which based
on the regularization parameter C' the diameter approximately equals 1.5. The CGS algorithm also
requires the parameter Lipschitz constatnt which approximately equals 2 x 10°. For the CGS with
linesearch, on the other hand, instead of the Lipschitz constant we have the first guess of 5000 as
Lyg.

We run the three algorithms for binary classification of the MNIST dataset without fixing
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the CPU-time. The stopping criteria for the algorithms is the Wolfe gap, which is a lower bound of
the objective value difference f(z) — f* for any feasible approximate solution z. In better words, we
iterate the algorithms until the Wolfe gap becomes smaller than a tolerance that we already defined.
The primary tolerance that is defined for this case is 1073.

In Figure 3.12 we compare the value of the objective value of (3.1) per iteration. We can

observe that CGS-Is shows higher decrease in objective value per iteration in comparison with CG

and CGS.
" 1%
2510 H —
is ——CG wl ---ggS
. . --.-CGS .

2 H #- CGSIns

Objective value
&
Objective value

10 12 14

2 4 6 s
0 10 20 30 40 50 CPU time
iterations

Figure 3.13: CPU time versus Objective
value.

Figure 3.12: Iterations versus objective value.
On the other hand, unlike CG, per outer iteration of CGS and CGS-Is there are various
number of inner iterations. This leads these algorithms to consume higher CPU-time per gradient
evaluation in comparison with CG. In addition, since the value of parameter L might change per

outer iteration in CGS-Is we expected a weaker performance in this algorithm in terms of CPU time

in comparison with CGS. Figure 3.13 illustrates this drawback in CPU-time clearly.

3.2.0.1 Iteration and CPU-time v.s Wolfe Gap and Accuracy

In Figures 3.14 and 3.16 we can see the performance of three algorithms in terms of Wolfe
gap. Because of lower number of gradient evaluations and the existence of inner iterations we expect

a faster decrease in Wolfe gap per iteration from CGS-Is in comparison with CG.
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Figure 3.16: CPU-time versus Wolfe gap. Figure 3.17: CPU-time versus accuracy.

In terms of accuracy per iteration and CPU-time, however, from Figures 3.15 and 3.17 we
can see that the algorithm CGS-lIs shows a weaker performance in first 60 iterations and after that
the maximum accuracy of CG, CGS and CGS-ls after 60 iteration is around 97%.

To end this chapter we provide in Figure 3.18 of a few converted points in test sets test3
and test8 that are note classified correctly via the three algorithms. The first row of Figure 3.18 are

points in test set test3 and the second row are points in test set test8 of MNIST data set.
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Figure 3.18: A sample of points that are not successfully classified with CG.
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