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1 Introduction

In modern convex optimization, when we consider polynomial-time algorithms, two families of
algorithms stand out:

e interior-point methods,
e the ellipsoid method and related first-order methods.

Let G C R"™ be a closed convex set with nonempty interior. Let ¢ € R™ be given. Then to solve
the convex optimization problem

inf {(c,z) : x € G},

modern interior-point methods usually require a computable self-concordant barrier function
f for G. Such functions (defined in the next section), completely describe the set G' and its
boundary in a very special way. The ellipsoid method and related first-order methods require
an efficient separation oracle for G. Such an oracle provides some local information about the
set G when it is called.

The ellipsoid method and first-order methods require very little global information about
G in each iteration. Another important difference between the two families of methods is that
interior-point methods usually need f’, f” (the first and the second derivatives of the self-
concordant barrier f) at every iteration and the elementary operations needed can be as bad as
O(n?) per iteration. In contrast, the ellipsoid method and first-order methods can work with
O(n?) operations per iteration and sometimes, for structured problems, they require much less
than ©(n?) work per iteration.

If we have a self-concordant barrier for G with barrier parameter ¢, then O (\/gln (%))

iterations of interior-point methods will suffice to produce an e-optimal solution (we assume that
certain scale factors for the input problem are bounded by O (%)) This bound is significantly
better than the best bounds of a similar nature for first-order algorithms. Moreover, whenever
an application requires a very high accuracy of the solution, the practical performance of the
interior-point algorithms is much better than the corresponding first-order methods.

Nevertheless, an important advantage of first-order methods can be observed at another
extreme (low accuracy and extremely large dimension). First-order methods can be used to
solve extremely large-scale problems (those for which performing even a single iteration of the
interior-point methods is out of reach of the current hardware/software combinations) as long
as the required accuracy of the final solution is modest, e.g., 1072 or 1074, Indeed, in many real
applications, it does not even make sense to ask for more accuracy than 1072, due to the nature
of the problem and the data collected as well as the final (practical) uses of the approximate
solutions.

Another important theoretical property of some first-order methods is that in some sense
(in the black-box oracle model) for dimension-independent iteration bounds, they are optimal.
That is, the upper bound on the number of iterations of a first-order method which only uses
black-box subgradient information, O (%) cannot be improved ([16]). However, as Nesterov [20]
recently showed, the utilization of certain knowledge of the structure of the convex optimization
problem at hand does help improve this upper bound very significantly to O (%) (also see [19],
[13).

In combinatorial optimization, one of the most interesting and quite general structures is
described by packing and covering problems; see the recent book by Cornuéjols [6]. Given an



m-by-n matrix A with only 0,1 entries, and an objective function vector ¢, the combinatorial
optimization problem
max (¢, z)
Az < e
z € {0,1}",

(where e is an all ones vector of appropriate size) is a packing problem. The combinatorial
optimization problem

min (¢, )
Ax > e
xz € {0,1}",

is a covering problem. Both theoretical and practical approaches for solving the packing and

the covering problems usually involve their linear programming relaxations, where z € {0,1}"

is replaced by 0 < z < e. We will mostly deal with such problems and their generalizations.
Let a; denote the ith row of A. Consider the function

H(z):=1In <Z exp{(ai,@}) .

This so-called exponential “potential” function H(x) has been used in the context of approxi-
mately solving special classes of linear optimization problems (mainly those arising from covering
and packing problems and minimum cost multi-commodity flow problems in combinatorial opti-
mization), see [24, 10, 11, 22, 7, 4, 5]. In fact, such approaches proved useful and interesting even
in the case of convex optimization problems with special convex functions and block diagonal
structure in the constraints [9]. However, this function is not a self-concordant barrier and to
the best of our knowledge, the role of self-concordant barriers in this context was previously
non-existent.

Also, recently very good complexity bounds were obtained for the first-order algorithms
for linear programming problems via approximations to the feasible regions which have certain
symmetry properties [18].

In contrast to the existing work above, we will show how to approximate the feasible region
of the structured optimization problem at hand by a family of convex sets for which we have
efficient (if the accuracy of approximation is not too high) self-concordant barriers. We will
construct self-concordant barriers with parameter 9 for G (a convex approximation of G) either
independent of or only logarithmically dependent on the larger of the dimensions of the problem
(m), but strongly dependent on the goodness of our approzimation to G.

Our work serves the following three purposes:

e We lay the foundation to bring the theory of modern interior-point methods (based on
the self-concordance theory) closer to the ellipsoid method and more importantly to the
recently proposed first-order methods in terms of the worst-case iteration bounds that
are independent of the larger of the problem dimensions, but dependent on the desired
accuracy € as a polynomial in %

e From a technical point of view, we show a new way of dealing with exponentially many
terms in designing self-concordant barriers.

e We make a strong connection to the combinatorial optimization literature from the interior-
point theory by providing new theoretical results for the packing-covering LPs (and their
vast, nonpolyhedral generalizations) based on self-concordant barriers.



A very important warning to the reader is about the computability of the barriers. Let m
be the larger of the dimensions in the problem data (and n the smaller one). While the barrier
parameters will grow at most with In(m), if m is very very large, say m ~ 2", then evaluating our
barriers directly from the formulae we give can require (m) (= 2™) work. To avoid the resulting
exponential complexity, one can resort to cutting-plane schemes based on these new barrier
functions, or one can try to evaluate these large sums using efficient combinatorial techniques.

The paper is organized as follows: The next section deals with the LP relaxations of packing
and covering problems. Two families of self-concordant barriers are derived, one based on the
exponential function and the other based on the p-norm. Section 3 is very brief and simply
points out that it is elementary to replace the nonnegative orthant by a closed convex cone.
Section 4 generalizes the results much more significantly by replacing the linear functionals from
Section 2 with linear operators and by replacing the linear inequalities of Section 2 with the
partial orders induced by the cone of symmetric positive semidefinite matrices. In Section 5,
we illustrate that some basic patterns of the first three derivatives of the functions we use can
be extended to a semi-infinite dimensional setting. The development up to Section 6 is not
primal-dual symmetric. So, in Section 6 we study duality in this context and show how to
generate a good dual feasible solution from a good, central primal solution. Finally, in Section
7 we conclude the technical results of the paper with a proposition showing that the square of
the matrix p-norm function has Lipschitz continuous gradient with Lipschitz constant 2(p — 1).

2 Packing-Covering LPs

In this section, we start our study with packing-covering LPs. First, we define the well-known
notion of self-concordant barriers.

Definition 2.1 Let G C R"™ be a closed convex set with nonempty interior. Then f :int (G) —
R is called a self-concordant barrier (s.c.b.) for G with barrier parameter ¥ if the following
conditions are satisfied:

o f € C3, strictly convex on int (G);
e for every sequence {x(k)} C int (G) such that *) — z € 0G, f (az(k)) — +00;

3/2

o |D3f(@)[h, h,B)| < 2 [D2f(2)[h, B)]*?, V& € int (G), Vh € R™;

o (Df(x)[h])* < 9D2f(z)[h, h], for every x € int (G), h € R™.

Suppose G is a closed convex cone with nonempty interior. Then a s.c.b. f for G with barrier
parameter ¢ is called logarithmically homogeneous if

f(tx) = f(z) —9Int, Vzeint(G),Vt > 0.

At this point, our first reaction to the packing/covering problems might be to consider the
usual logarithmically homogeneous s.c. barriers for the underlying polyhedral cones. For the set
{x eR} : Az < e}, the s.c.b.

m

J@) = =3 (1~ (a,2) = 3 In(ey) 1)
j=1

i=1



has parameter value (m + n). While this barrier has many very useful properties, its barrier
parameter grows linearly with the number of constraints m. If m ~ 2™ then the above approach
with a direct application of the current theory of interior-point methods can only guarantee
a complexity bound that is exponential in n. Next, as a second reaction to the situation, we
might consider cutting-plane approaches based on the conventional s.c.b. given in (1). This
second attempt, with a lot of work, can get around the exponential complexity bound; however,
other, more subtle problems arise. For example, adding new inequalities on-the-fly increases the
barrier parameter, while dropping constraints complicates the analysis of the algorithm.
We take a different approach... Note that

the constraints Az < e are satisfied iff max; {(a;, )} < 1.
Roughly stated, we consider two approximations to the latter condition:
1. Log-exp construction:
m
Zexp{L(ai,@} < exp{L}, for large L;
i=1

2. || - ||p-construction:

m 1/p
(Z(ai,x>p> < 1, for large p.

1=1

2.1 The log-exp construction

We begin with the results of approximating the constraint max; {(a;, )} < 1by > exp{L{a;,z)} <
exp{L}, for large L.

Proposition 2.1 Let a; € RY\{0}, i € {1,2,...,m}, and let

G(L) = {x eRY: iexp{L(ai,@} < exp{L}} ,  [L > max[Inm, %]],
G(s) = {zeR}:(az)<s,ie€{l,2,....,m}}, [s > 0].
Then |
G <1 - n(Lm)> C G(L) C Q) (2)

and the function

2
Fr(z):=—1In <L —1In <Z exp{L(ai,aj>}>> + (%) F_(x), (3)

where

F_(z):= - In(z))
j=1

is a V(L)-self-concordant barrier for G(L), with



Proof. 1°. We clearly have

S exp{Liana)} < exp{L} = exp{Lia,z)} < exp{L}, Vie {1,2,...,m}
i=1
= (a;,r) <1, Vie{l,2,...,m};

whence G(L) C G(1). On the other hand, if z € G(s), 3 exp{L{a;, )} < mexp{Ls}, so that
i=1

s<1-— (L):>a:€G() (2) is proved.

20, Let
=1In <Z exp{(bi,x>}) , where b; := La;, i€ {1,2,...,m}.
Then
> exp{(bi,x) }{bi,h)
DH(z)[h] = -~ S exp{ (b2} = ;pi<bi,h>
w (5)
_ exp »“"E
[ = ol 2Pi = 1]
whence
D*H()[h, ]
2
(Zexp{(bi,@}(bi,h)) Zexp{(bi,x>}<bi,h>2 2 ) )
e _ ? 3 + ? Zexp{<bi7m>} = — <sz<b17 h>> + sz(b“ h> = Zplsl
(Sewtiian) 1- z ; Z
[Si = <b27h> — K, pi= ij<bj7 h>7 ZPiSi = 0]
] (3
(6)
and finally
D3H(x)[h, h, ]
3
<Z exp{(bi,x>}(bi,h>) <Z exp{(bi,x>}(bi,h>) (Z exp{(bi,x>}<bi,h>2) Zexp{(bi,x>}(bi,h>3
= 2= s T3 7 M3 ()
<Zexp{(bi,x>}) <Z exp{(bi,x>}) i
s ) 5 (7)
= 2 (Zpi(si + u)> -3 <sz(sz + u)) <sz(37, + 1) > + 2 pi(si + 1)
= 2u% = 3p(p® +sz )+sz(8 + 35?1+ 3s;u? + )
= 243 — 3% — 3#219@-82- + Zpisi +3u Y pist + = Y pisi.
We arrive at the following observation called a compatibility result.
Lemma 2.1 . Let x € G(L)()int R? and let h be such that x = h € R’}. Then
|D?H ()[h, h, h]| < 2LD*H (z)[h, h). (8)



Proof. Indeed, if x = h € RY}, then |h;| < z;, j € {1,2,...,n}, whence |(b;, h)| < (b, z) < L
(recall that a; > 0 and = € G(L) C G(1)). It follows that in the notation of (5) — (7) we have
|u| < L, whence |s;] < 2L. With this in mind, (8) follows from the concluding relations in (6)
and (7). O

For a cone K C RY, and u,v € RV, we write u <k v to mean (v —u) € K. Now let us use
the following result which originated from [21] (for the exact version below, see Theorem 9.1.1
in [14]):

Lemma 2.2 Let

e Gt CRY be a closed convex domain, F* be a 1 -self-concordant barrier for G* and
K be the recession cone of GT;

e (G~ be a closed convex domain in R™ and F~ be a ©_-self-concordant barrier for G~ ;

o A:intG~ — RY be a C* mapping such that D?> A(z)[h,h] € —K for all x € int G~
and

V(z € int G~, A(x) € int GY)V(h,z £ h € G7) : D3 A(2)[h, h, h] <k —3BD>A(z)[h, hl;
(9)

e the set G° := {z € int G~ : A(z) € int G} be nonempty.
Then G° is an open convex domain, and the function
F*(A(z)) + max {1, 62} F~(z)
is a self-concordant barrier for cl G® with the parameter

¥ =9" +max{1,52}19_.

Note: In [21], relation (9) is assumed to be valid for all x € int G~. However, the
proof presented in [21] in fact requires only a weaker form of the assumption given
by (9); see [14].

Now let us specialize the data in the statement of Lemma 2.2 as follows:

e GT:={t>0} CR, FT(t):=—In(t) (W =1, K:=Ry);

o G_:=R%}, F(x):=— illna:j (I_ =n);
j:

e A(x):=L—1In <§;1 exp{L{a;, x)}).

These data clearly satisfy all of the requirements from the premise of Lemma 2.2, except for (9);
by Lemma 2.1, the latter requirement is also satisfied with 8 = % Applying Lemma 2.2, we
arrive at the desired result. m

2.2 The | - ||,-~construction

Now, we consider approximating the constraint max; {(a;,z)} <1 via a p-norm function.



Proposition 2.2 Let a; € R}\{0}, i € {1,2,...,m}. For p#0 let

and let
K(p) = {t,z) eRx R} :t > H(x)}, p>1
P = {(t,x) e Rx R} :t < H(x)}, p<1,p#0.
Then
p>1= (t,x)ERxR’j_:maX(ai,:E}gmf/p}QK(p)Q{(t,x)GRXR max(al,> t}
p<0= (t,x)ERxR’j_:mjn(ai,x)me/p}QK(p)Q{(t,x)GRXR mlnal, }
(10)

and the function

(2p-2[+3)? In(t—H(z)), p>1 =
Fy(z) = <f> F_(x)—{ In (H(2) 1), Zgl,méo , F_(x) .——Z:ln(:nj),

(11)
is a Vp-logarithmically homogeneous self-concordant barrier for K(p), with
P
2p — 2| + 3\
Vpi=1+4 — 5 )" (12)

Proof We proceed as in the proof of Proposition 2.1. (10) follows straightforwardly, and then
as in the latter proof, the only facts to be verified are that

(a) H is convex on int R’} when p > 1 and is concave on int R’} when p <1, p # 0;

(b) whenever x € int R’} and h is such that x & h € R}, we have

|D*H (z)[h, h, h]| < (2|p — 2| + 3) [D*H (x)[h, h]|. (13)
Assume that p # 0. Given z € int R", a; € R}\{0}, h € R™ such that « &= h € R, let us set
<aiv$>p

(2) = =——— -a:':<a“ = 0i(z) — p(x
pi(z) : Z<aj7$>p7él(). (a5, @ sz 6i(x), si(z) = 6i(z) — ().

J

We have
DH(z)[h] = H(z)u(z);

D2H(z)[h,h] = H(z) [u?(z) + Du(x)[h]]
~ H(2) 2@»+ﬁx —Um@ﬁﬂ@—#w%@”

[ﬁx P— DT U+@—nﬁm—mﬂd
)

(p— HﬂfZ ()?(ﬂf);



D3H(x)[h, h,h] = H(x) [11*(x) + p(z) Dp(x)[h] + 2u(x) Du(x)[h] + D*p(z)|h, h]]
= H(z) [1*(x) + 3p(2) Dp()[h] + D?p(z)[h, h]
= H(x) |1 (2) + 3u(x) Dp(x) [h] — 2pp(x) Du(z)[h]

20~ V(@) + 0~ ) S @) ol 1) (St ) ulo)
— H@)| 5@ + 6 - 200@) (0 — 1) X p@)5 (@) — (@)
o= Do~ DT p@)dHo) -l — Dile) T2

— H(z) [[1 o3 ) e) + (- 1 - 3p)ul) {zpi@:)s%(x) n /f(x)]
(o= D= 2) S pi(@)[58() + 352@)(z) + 35 (@)() + 1 }

)
— H(a) [<p—1><p—2>zpi<x>s?<:c>—3<p— i(a) i }

Since a; € R, x € int R"} and x+h € R, we have |§;(x)| < 1, whence |u(z)| < 1 and |s;(z)] < 2.
We see that H is convex when p > 1, H is concave when p < 1,p # 0 and (13) holds. =

Corollary 2.1 Let a; € RT\{0} and m; > 0, for every i € {1,2,...,m} be such that ) m = 1.
i=1

Then the concave function f(t,z) = (a1, )™ (ag,x)™ - (am,x)™ — t considered as a mapping

from int G_ := R x int R} to R, satisfies (9) with G4 =Ry and § = %

x)

x>0,x+h>0=|D3f(t,z)h,h,h]| < —TD2f(t,z)[h, hl.

1/p
Proof. Indeed, we have seen that if 0 < p < 1 then H,(z) = <Z<az, x)P > satisfies the

relation
x> 0,24+ h>0= |D3Hy(x)[h,h, k]| < —(2|p — 2| + 3)D*H,(x)[h, h].
(z)

It remains to note that as p — 07, the functions le - converge uniformly along with derivatives
m

m 1/m

on every compact subset of int R} to the function g(x) = (H (ai,x>> . It follows that the
i=1

desired inequality is valid when m = 7w = -+ = mm,, = % This fact in turn implies that

the desired relation is valid when all m; are rational, which in turn implies the validity of the
statement for all m; > 0 with the unit sum. =

From now on, all O(1)’s are positive absolute constants. As a direct consequence of the last
corollary, we also have the following fact.

Corollary 2.2 The function

F(z):=—In (ﬁ@,xw - t) - <§>2éln:pj

1=1

is an O(1)n-self-concordant barrier for the convex set

{( ) eR xR Hal, 2}



2.3 Required accuracy and the barrier parameter

In many problems from combinatorial optimization, we are usually interested in computing the
maximum (or minimum) cardinality sets satisfying a certain criterion, for example, maximum
cardinality stable set, maximum cardinality matching, minimum cardinality node cover, min-
imum number of colors needed to color a graph. In these cases, a %—approximation to the
underlying polytope usually yields an exact algorithm to compute that maximum or minimum
value. First, we work with the desired tolerance €, then we will substitute ¢ = % Thus, in our
notation above, for the log-exp construction, we need

€

1-— > 1 — e which is equivalent to L >

Therefore, the self-concordance parameter of Fy, is 1 + %;(m) and in the case of e = 1/n and
m = O (2"), we arrive at (L) = O(n®). This would imply an iteration bound of O (n?*®In(n)).

Let us do the analogous computation for the || - ||,-construction. For packing problems

1?@) For covering problems (p < 0),
1—e

(p > 1), we need —~ > 1 —¢, which is equivalent to p >

ml/P

In
we need |p| > hir(l(@). In either case (packing or covering), the complexity bound is dictated by
1—e

If m = 2" and € = 1/n, we have ¥, = O(n®) which leads to the iteration bound O(n*° In(n)).

One distinct advantage of these new self-concordant barriers is that their barrier parameter
can be kept fixed as we add cutting-planes. Let us fix the desired tolerance e. In many cutting-
plane schemes that admit polynomial or pseudo-polynomial complexity analyses, one can bound
from above the number of cutting-planes that will be generated by the cutting-plane scheme. Let
us denote this upper bound by m and suppose that m is bounded by a polynomial function of
the input. When we construct our barrier FJ, (or Fp,), we can compute L (or p) using the upper
bound m. Then in a cutting-plane scheme, as we add new constraints, the barrier parameter
stays fixed at (L) (or ¥p). This can be a significant advantage at least in theoretical work on
such algorithms. In many cutting-plane schemes, /m is proven to be O(n*). In such a situation,
when m is bounded by a polynomial function of n, we obtain

¥(L) = O (n*In*(n)) for the log-exp construction,

and
¥, = O (n’In*(n)) for the | - ||,-construction.

These lead to the iteration bound: O (n1'5 ln2(n)) for both constructions. Note that our barriers
and their first and second derivatives can be evaluated in polynomial time in these situations.
In what follows, we call R"! the primary domain, and name the set

{r e R": (a;,x) <1,i€{1,2,...,m}}
the secondary domain. Next, we show that the above approach can be widely generalized in

terms of each of these domains.

10



3 Generalization of the Primary Domain

From the outlined proofs it is clear that the above results remain valid when

e the primary domain (nonnegative orthant R’}) is replaced by an arbitrary closed convex
pointed cone K with nonempty interior,

e assumption a; € R \{0} is replaced by a; € K*\{0}, where K* is the cone dual to K,
K':={seR":(x,s) >0, VreK};

e the barrier F_(z) = — > In(x;) for R is replaced by a ¥ _-self-concordant barrier F' for
i=1
K, and the factor n in (4), (12) is replaced by ¥_.

4 Generalization of the Secondary Domain

In addition to the above generalization of the primary domain, we can also generalize each
constraint of the secondary domain. For example, for each i, we can replace (a;,z) < 1 by
A;(z) = I, where A; : R” — S% alinear map (from R" to the space of £;-by-£; symmetric matrices
with real entries) and “<” is the partial order induced by the cone of positive semidefinite
matrices, Sﬂf, in S%. So, A;(z) < I means [I — A;(z)] € Sﬂf. The results of Sections 2 and 3 are
included as the special case ¢; = 1 for every i € {1,2,...,m}. We first present the generalization
of the p-norm construction.

4.1 The || - |/,-construction
4.1.1 Compatibility

Let Tr : S* — R denote the trace and Sjl_ . denote the interior of Si. We sometimes write y > 0
to mean that y is a symmetric positive definite matrix. We start by establishing the following
fact (whose proof is in the appendix, as Proposition A.1):

Proposition 4.1 Let p, |p| > 2, be integer. Consider the following functions of y € S‘Lr:

F(y) == Tr(y"), f(y) = (F(y)"/".
Then f is convexr when p > 2, f is concave when p < —2, and
y=0,y+h=0=[D*f(y)[h,h,h]| < OM)lpl |D*f(y)[h, ]| (14)
The following statement is the matrix analogue of Corollary 2.1.

Proposition 4.2 Let f(y) = Det'/™(y), where y € ST,. Then f is concave on ST', and

y =0,y xh=0= |D*f(y)[h,h,h]| < —TD*f(y)[h, h]. (15)

11



Proof. Setting H(y) = InDet(y), y > 0, we have

fly) = exp{H(y)/m},

Df(y)h] = f(y)(m 'DH(y)[h]) = f(y)(m ' Tr(y~'h)),
D*f(y)h,h] = f(y)(m~'DH(y)[h])* + f(y)(m~"D>H(y)[h, h])
= f(y) [(m™"Tr(y=h))*> —m ' Tr(y~"hy 'h)],
D*f(y)[h,h,h] = ( )(m 1DH( [h)[ _lTr y~'h))* —m ' Tr(y~hy'h)]
+f(y) [-2 (m™ " Tr(y~"'h)) (m™ ' Te(y ‘1hy‘1h)) +2m T (y~thy Lhyth)]

Setting 7 = y~'/?hy~1/? and denoting by A(u) the vector of eigenvalues of u € S*, by E{g} the

average of the coordinates of a vector g, and by [g]¥, g being a vector, the vector with coordinates
k

g;, we get

Df(y)h] = fWE{AM)} = f(y)p

0= Bm)]
D f(y)[h.h] = f(y) [p* —E{A0)]*}] = fy)E{[o]*}
[0 := Xi(n) — ]
D* ()l b ] = f@>@3—3uE{uom2}+2E{uonﬁ}]

= f) [#* = 3u [p® + E{[0]*}] + 2E {p’e + 3u*0 + 3u[o]* + [0]* }]
= f(y) BLE {[o]*} +2E {[0]*}] .

Under the premise in (15), we have ||A(7)]|c < 1, whence || < 1 and ||o||oo < 2, which, in view
of the above formulas for the derivatives of f, immediately implies the conclusion in (15). m
4.1.2 The | - |,-barrier

Now, we are ready to state and prove the main result for the matrix generalization of the p-norm
construction.

Theorem 4.1 Let K be a closed convex cone with a nonempty interior in R", F_(x) be a 9_-
self-concordant barrier for K, and let A; : R™ — S% i € {1,2,...,m}, be linear mappings such
that

reintK = A;j(z) =0,i€{1,2,...,m}.

Let us set

A(z) := Diag{Ai(x), Az(z), ..., An(x)}.
(i) Given integer p > 2, consider the function
g(@) = (Tr ([A@)P"))? - int K — R.
This function is convex and O(1)p-compatible with its domain:
v € int K,z +h € K= |D%g(x)[h, h,h]| <O1)pD?g(x)[h,hl, (16)

so that the function

d(t,x) = —In(t — g(x)) + O(1)p*F_(x)

s a self-concordant barrier with the parameter

9 =1+0(1)p*I_

12



for the cone

Moreover, with

we have
My C K(p) € My,

where M, is the cone
t
{(t,az) rx e K, Ai(z) < ;I, i€ {1,2,...,m}} .

(ii) Given integer p < —2, consider the function
g(z) == (Tr ([A@@)]P)Y? : int K — R.
This function is concave and O(1)|p|-compatible with its domain:
reintK,z+hc K= |D3g(x)[h,h,h]] < —-O1)|p|D?*g(x)[h, h],
so that the function
d(t,x) = —In(g(z) —t) + O(1)p*F_(x)
is a self-concordant barrier with the parameter

9 =1+0(1)p*I_

for the cone
K(p) ={(t,z) e Rx K : g(z) > t}.

m 1/p
(59
i=1

Ny C K(p) € Ny,

Moreover, with

we have

where N,. is the cone

{(t,az) 2w €K, Ai() = %1, i € {1,2,...,m}}.

Proof. All we need is to prove (16) and (18); the statements on self-concordance of ®(-) are
direct consequences of the former relations (see [21]), and the inclusions (17), (19) are evident.
To prove (16) (the proof of (18) is similar), let N := S /; and let f(y) := (Tr(y?))"/? :

S¥. — R. Assuming that z, h satisfy the premise in (16), let us set y := A(z), h:= A(h). Since

A(-) is a linear mapping which maps int K into Sf +, we have
y>=0, y+h=o,
whence, by Proposition 4.1,

D3 (y)[h, h, h)| < O(V)pD?f(y)[h, h).

(20)

Since D*g(z)[h,...,h] = D"f(y)[h,...,h], we see that the conclusion in (16) indeed is true. m
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4.2 The log-exp construction

Our log-exp construction for packing and covering LPs also generalize to the matrix case. In
what follows, we use the matrix exponential. That is, for x € S™,

[e.9]

exp{z} = —z”.
k=0

We first begin with the compatibility result (whose proof is in the appendix, as Proposition
A2).
Proposition 4.3 Let
F(y) := Te(exp{y}), f(y):=n(F(y)) [y € S
Then
(LI =y = 0,y £ h = 0) = |D*f(y)[h, b, h]| < O(1)LD?*f(y)[h, h]. (21)

4.2.1 The log-exp barrier

As before, now that the compatibility result is established, we can state and prove the main
theorem for the log-exp construction.

Theorem 4.2 Let K be a closed convex cone with a nonempty interior in R", F_(x) be a 9_-

self-concordant barrier for K, and let A; : R™ — S% i € {1,2,...,m}, be linear mappings such
that
reintK = A;j(z) =0,i€{1,2,...,m}.
Let us set
A(z) := Diag{A(z), A2(2), ..., An(2)}.
Given L > In(N), where N := ) {;, consider the function
i=1

g(x) :=In(Tr(exp{LA(z)})) : int K — R.
This function is conver and satisfies the relation:
reimtK,z+heK,g(x) <L= ‘D?’g(aj)[h, h,h]| < O(1)LD?*g(z)[h, h). (22)
Consequently, the function
®(z) = —In(L — g(x)) + O)L*F_(x)
s a self-concordant barrier with the parameter
¥ =14+0(1)L*_

for the set
K(L) :=c{r eintK:g(z) < L}.

Moreover, when ¢ € (0,1) and L > ln(éN), we have

{freK: A(x) = (1-90)1,ie{l,2,...,, m}} CK(L) C{reK: Aj(x) =I,ie{1,2,...,m}}.
(23)
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Proof. As in the proof of Proposition 2.1, all we need to do is to verify (22), which is immediate.
Indeed, let 2, h satisfy the premise in (22), and let y = LA(z), h = LA(h). Since A is a linear
mapping which maps int K into int Sf , we have y = 0 and y = h = 0. Moreover, from g(z) <L
it follows that y =< LI. Setting f(y) = InTr(exp{y}), we have g(z) = f(LA(z)), whence

DF¥g(z)[h,...,h] = Dkf(y)[fz, e ,ﬁ], for all k € Z,. As we have seen, y, h satisfy the premise in
(21); thus, applying Proposition 4.3, we arrive at the conclusion in (22). =

5 A Generalization to Convex Semi-infinite Programming

The reader must have recognized that there are certain uniform structures to the derivatives
of the functions which we utilized in this paper. These structures seem critical in securing
the necessary inequalities in the barrier calculus of Nesterov and Nemirovski [21] and in turn
obtaining the related barriers with the desired self-concordance properties. In this section,
we show that many of these properties generalize to the case when our variable is infinite
dimensional.

Let fo(z) >0 for all z € R}, and p be a measure on the set of indices T'. Let us define

1/p
o(a) = | [ f2(e)utda)
T
Then for all 0 # p € R, we have
DO (x)[h] = ®(2)Ey {Se()}
where Sy p(a) = PR ma(0) = i and Bafg()} = [ gla)ma(@)u(da);

D23 (@)h, h] = B(z) [(p ~ VB, {02, } + B, { ZLealtil],

where o, j(a) := Sy p(a) —Ez {Szn(-)};

DIB(w)lh,h ] = 0(2) [, {2l

-0 {0 - 2B {0200}~ 3B: (Sea ()} Be {02,0)} + 3B, {oun() - 2} }

Proposition 5.1 Suppose p > 1 and that D*f,(x)[h,h] > 0 for every x € R and for every
h € R™. Let & and & be given such that

sup {ISz.nl} < &1,
z€R? |, shi(z+h)>0

Fo
and
!Dsfa(:n)[h, h, hH < &D? fo(2)[h,h],  for every x € R, and h such that (x + h) > 0.
Then, for every x € R} and every h € R™ such that (x £ h) > 0, we have
|D*®(x)[h, h, h]| < max {(2lp — 2| + 3) &, 6(p — 1)1 + &2} D*®(x)[h, h].

Proof. We simply substitute the bounds given in the assumption part of the statement in
the expression for the third derivative (given immediately before the proposition) and the claim
of the proposition easily follows. m
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6 Recovering a Good Dual Solution

In the previous sections, we showed how to construct self-concordant barriers for the convex
approximations G of the convex set of main interest G. Once we have such a barrier, we can
use the general self-concordance theory and we immediately have various path-following and
potential-reduction interior-point algorithms to optimize a linear function over G.

If we can compute the Legendre-Fenchel conjugate of our barrier efficiently, then we can even
apply some primal-dual algorithms (as in [15]). However, if the Legendre-Fenchel conjugate is
not available for efficient computation, then we are stuck with primal-only algorithms. Even
in such a case, we would be interested in generating good dual solutions. This section is ded-
icated to showing a way to recover a good dual solution from a good, central primal solution.
Given a central primal solution of a convex optimization problem in conic form together with
a logarithmically-homogeneous s.c.b. we can generate a central dual solution using a negative
multiple of the gradient of the s.c.b. (this is well-known). Here, we work out in some detail the
duals of the convex optimization problems arising from our p-norm constructions to facilitate
the further development of primal-dual approaches based on the approximation schemes that
we proposed.

We start with the polyhedral case. Let A be as in Section 2 and for p > 1, consider

K(p) :={(t,z) e Rx R} : [[Azl, < t}.
We define ¢ by % + % = 1. Then

K(p)]" = {(7‘, §) e RxRY: ATn +£>0, ||n]ly < 7, for some n € Rm} .
We use the s.c.b.
2lp — 2|+ 3\ &
F,(t,z) == —In(t— H(z)) — <f> Zln(a:j).
j=1
Now, let us consider the primal optimization problem
max {e’z: ||Az|, <1, >0}.

The dual is

min {7 : ATy >e, |n|ly <7, for some n € R™}.
For p > 0, let z, := argmin {p (—e’z) + F,(1,2)} (that is, z, is the central primal solution
corresponding to p). Then we conclude

<2|p— 2/ +3

2

+ =
HAﬂprﬁ ! (1= [[Az,|lp)

- ._ 1 p—1 . _ 1 : e
Setting 7, := AT (A [Az,|"™" yields [|n,l|, = SATAz, Ty Lhus, 7, is feasible in the
dual with 7, := m. Indeed, by taking 7 slightly larger, we can also easily generate an

interior point for the dual problem (we already have AT, > e) without sacrificing much in the
dual objective value.

We can exploit the nice duality between p-norm cones and g-norm cones in more generality.
To move towards the set-up of Section 4, let us give a simple example to see the derivation of
the dual problem.
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Example. Let Q; = 0. Then consider

m:gn {_eTw : H)\ (Z‘TZQ1>

§1,w20} (P)

(8
¢i — Tr(nQ;) = —1, Vi
max{ —7: ¢ >0 (D)
o Al <7

)

—min {[AG)]l, : Tr(n@y) = 1. Vi |

—min {|AM)], : Tr(Q:) = 1, Vi, 7= 0}

Now, we are ready to move to the full generality of the set-up of Section 4.

Cones M,,. First, we assume that the primal problem involves the cones M,, and derive the
dual problem. Then, we work out exact expressions for a good dual solution corresponding to
a given good primal solution. For y € S™ and p € [1,00], let |y|, := || A(y)||p- Further let K be
a closed convex cone with nonempty interior in an Euclidean space (E, (-,-)) and P be a linear
mapping from E to S™ such that Px >~ 0 whenever z € int K. Finally, we define

M, ={(t,z) : z € K, |Pzx|, < t}.

Now, we work out the cone dual to M,,. Note that the primal cone M, can be written as the
intersection of two cones: (R x K) and a linear image of the p-norm cone. By our assumption
above, the relative interiors of these two cones intersect. Therefore, the dual of the intersection
is the Minkowski sum of the duals of the two cones. We compute ((-, -) p stands for the Frobenius
inner product on S):

M; = {(1,§):v €K, |Pz|, <t= Tt + (z,§) >0}
= {(1,€) : In €S", ¢ € K*) such that { = ¢ — P, |n|y < 7}.

Since P maps K into ST, P* maps ST into K*; thus, whenever 7’ > 7, we have (P*n/ — P*n) €
K*. It follows that if £ = ¢ — P*n with ¢ € K* and |n|, < 7 and 74 is the “positive part” of 7,
then § = (¢ + P'ny — P*n) —P*ny and |n4 |, < 7. We arrive at

cK*

M = {(7,¢) : 3(¢ € K*,n = 0) such that £ = ¢ — P n,|n|, < 7}.
Thus, a primal-dual pair of conic problems associated with M, is

min {e’s: As — b € K, |P(As — b)|, < cT's —d} (P)
0

glax{w —Pn,b) +7d: A*(p—P*n)+1c=e,¢ € K |nlg <7,m=0}. (D)
77777-

Here, the data are given by (A4, b, c,d,e), where e (no longer a vector of all ones) is arbitrary.
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Now, let p > 2 be integer, I’ be a t¥-logarithmically homogeneous s.c.b. for K, @ > 1 and
8 = O(1)p; then
Dy(t,2) = —aln (t - [Pal,) + F*F()

is ¥,-logarithmically homogeneous s.c.b. for M,,, with
¥y = a+ 5%,
Let s, be a central solution to (P): s, := argmin {peTs + ®y(cl's — d, As — b)} . Then we define
x, = As, —b,t, = cTsp —d,p = Pxy,wp = |Cplp, &p = [w;lgp]f’—l.

Thus, we have

pe — [c — A*P*¢,) + B2 A*VF(As, — b) = 0.

p Wy
Upon further defining,

o 32 .
———— Ny = Tp€p, Pp = ——VEF(As, —b), A := A w =1= |\ =1],
p(tp —w,) Tp p€pr Dp P ( p ) (&) I 0 Cp’p | ”p*l ]

Tp =

we conclude
{ A (¢, —P*n,) + 1o =€, ¢, € K*, 1, = 0, }

Mplg = TpH)‘Hp%l =Tp
That is, a central solution s, generates a feasible solution (¢,,n,,7,) of (D). We have
:sz;[A* (qbp—P*np)—i-Tpc}:sze
(bp — Py b) +Tpd = {(¢p — P np, As,) + Tpcl s, +{(dp — P 1y, b — As,) + 7,(d — c's,)

[ cls,—d 9

This completes the derivation of the dual problems for M, cones and the computation of good
dual solutions. Next, we perform the analogous derivation for N, cones.

Cones N,,. Let K be a closed convex cone with a nonempty interior in Euclidean space (E, (-, -))
and P be a linear mapping from E to S™ such that Px > 0 whenever x € int K. For positive
integer p > 2, let

N, = d {(t,:z:) t> 0,2 € int K, (Te([Pz] 7)) "7 > t}.
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We have
N = ) rweintK, ¢ >0,[[Pz] 7, <t7l = 1t 4 (¢ 2) > 0}
J6) x e it K, ¢ > 0, [2[Px] 7, <t = 7t + (€,2) >0}

(1,€) : IIllI%{Tt—l— &)y P2] 2y, lylp <t,zeintK,t>0 } >0
x?y7

H,_/

(T,{):min{Tt—F({, : [t[ 77 }%O\y]p<tt>0x€1ntK}20}

z,y,t

|
{
= {(7-,5):%;2{715-1-(57 : [t[ Pax } 0|y|p<t3:€K}20}

|:Oé ﬁn }>0,|7|q§07¢6K*,

_ B
= (18 3(.8.0,7,0,¢) st. Tr(yo) + 2Tr(t6) + Tr(nPx) + to — Tr(yy) + (o, x)
- Tt + <£,$>\V/3§‘,y,t
£=p+P i
e . > * L.
(1,§): 3 = 0,0 €K', 0) st lo— 7| < 2max{2Tr(ﬂ) : [ o B ] = 0,]al, < a}
B g om
To simplify the last expression, let us solve the optimization problem
a [T
2T : =0, < .
n;%x{ r(5) [ 8 } = 0,]alq 0}

When solving the problem, we may assume without loss of generality that 7 is diagonal. In this
case, the feasible solution set of the problem remains invariant under the mappings (o, 3) —
(GaG,GBG), where G is a diagonal matrix with diagonal entries +1, and the objective function
also remains invariant under these mappings. Since the problem is convex, it follows that the
optimal value remains unchanged when «, [ are restricted to be invariant with respect to the
above transformations (that is, we can assume that o and @ are diagonal). In this case, the
problem becomes

_pP
Opt = max Zﬁz B <o,y ol < 07T 8,
{aih {8} | = -
where 7; are the eigenvalues of 1. We have
1/2 1/2 ) s O G /2. 1/2
max Zn Zoz < ogr-l = max > oim; ||5|| <o*
i i

1 1
2p) (p—1) 2p/(p=1)—1

1. _2p/(p—1) 2p/(p—1)
— vz - ol

where 7 € S7'; note that |7|, is concave in n € S" when 0 < r < 1. Thus,

Opt

Ny = {(T,{):H(nto,qﬁeK*,azO) suchthat§:¢+77*7],]7'—a]§2,/a]77\pp?}.

Let us focus on the set {T 3o > 0,7 —0o| <2 /0|77|L}. The only constraint on 7 implied
P

by the above is
2
>0: 1>0-2,/ = — —
do>0: 7>0-2 o*|77|pi1 <\/E |77|p$1> |77|ﬁ
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Equivalently, 7 > —|n|_r_. We deduce,

P
pr1
N: = {(T,g) .3 (5 = 0,¢ € K*) such that £ = ¢+ P*n,0 <+ |n] il}-
P
Thus, a primal-dual pair of conic problems associated with N, is

msin{eTs:As—beK,cTs—d20,|[P(As—b)]_l|p2ﬁ} (P)
(i

max{<¢+7?*7]7b>—|—Td:A*(¢+P*n)+7c:e,¢€K*70§T—i—\n[ I,UEO}. (D)

P P
Now, let F' be a 9¥-logarithmically homogeneous s.c.b. for K, a,y > 1 and 3 = O(1)p?; then
U,(t,z) = —aln (|[73:17]_1|;1 —t) —yInt+ B2 F(x)
is ¥p-logarithmically homogeneous s.c.b. for N, with
¥y = a4y + 5%,

Let s, be a central solution to (P): s, := argmin {peTs + VU, (cl's —d, As — b)} . Then, we define
S

':UP = ASP — b7tp = CTSP — d, Cﬁ = [P$p]_1,wp = |<P|p7 gp = [wp_lé'p:lp"’_l

Thus, with these definitions, we have

pe— —f (AP~ Lot BPATVF(As, — b) =0,
Wy —tp tp
Further defining
b= = = bt
P ,O(wp_l—tp)’p. pt, 7= Orse
3 1
bp 1= =V E(As) = b), A= M(&) [y "Gl = 1 = I 2, = 1,

we deduce

A (pp+P*np) +1pc=e,0 e K*,n = 0
R N T e

So, a central solution s, generates a feasible solution (¢,,7,,7,) of (D). We have

:SZ [A*(¢p +7)*77p)+7'p0}:3,1;e

(Gp+P*np,b) +1od = (¢ + P n,, Asp) + Tchsp +(¢p + P*np, b — As,) + 1,(d — cTsp)

T
T| c¢'s,—d 9
eTs, + L [VU,(c"s, —d, As, —b)] [ S; b } _ eTSP_%‘
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7 Lipschitz Continuous Gradients

For the minimization of convex functions with Lipschitz continuous gradients, under certain
favorable circumstances, the first-order methods can achieve the further improved iteration

bound of O (\/g) (see [20], also see [13]), where v is the Lipschitz constant for the gradient of
the convex function. Instead of solving

1/p
max (c,x) : <Z(ai,$>p> <1

7

we may consider solving the unconstrained problem

1/p
min —(c,x) +¢§ (Z(ai,@p) —1| 7,

7

where &(+) is a penalty function such that the above function (as a function of z) is convex and
has Lipschitz continuous gradient with a modest Lipschitz constant. Keeping this connection in
mind, recall from Section 2 that the barrier parameters of the new barriers were bounded from
above by © (Elg) functions yielding only © (%) upper bounds on the iteration complexity. In
this context, we may ask “is there any hope of improving the © (%) iteration complexity bound

for our approach to perhaps © (ﬁ) under some conditions analogous to the conditions for the

first-order algorithms for unconstrained convexr minimization?” So, continuing the theme from
Sections 4 and 6, let us look at a p-norm type function applied to the eigenvalues of a symmetric
matrix. The next result suggests that the p-norm construction is well-behaved in this regard
and that there is some hope for further positive results.
Let p > 3, and let
H(z) = [\ (@)]7, S(x) = A4 (@)D,

where z is a symmetric matrix and A4 (z) is the vector with the entries max {0, A\;(z)} and \;(z)
are the eigenvalues of x.

Proposition 7.1 The function H(-) is convex and continuously differentiable with Lipschitz
continuous gradient, specifically,

v,y €S" = |H (x) — H/(y)|q <2(p— 1)z — ylp.

Proof. It suffices to verify that H is continuously differentiable, twice continuously differentiable
(except at the origin) such that

x#0=0< D*H(x)[h,h] <2(p—1)|h[2 Vh. (24)

Let v be a simple closed curve in the right half-plane which encircles [0, L]. For z € S™ with
max \;(z) < L we have
1
= p — )t
S(z) 5] 7{2 Tr((z] —x)”")dz
8!

whence, as it is immediately seen, S is twice continuously differentiable everywhere, so that H
is twice continuously differentiable (except at the origin); moreover, H clearly is continuously
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differentiable. It is also well-known that H is convex (as a symmetric convex function of the
eigenvalues of a symmetric matrix).

Let A; be the eigenvalues of x, Jy = {i: \; > 0}, J_ = {i : \; < 0}, let h be a symmetric
matrix and h;; be the entries of i in the orthonormal eigenbasis of x. Then, by differentiating
under the integral and using integration by parts, we arrive at

DS(z)[h] = o= ¢$p2P'Te((zI —x) th)dz=p > AP,
v ey
D2S(z)[h,h] = 5= fpzpflTr((zI — ) 'h(zl — z)"h)dz = 5L $paPt (2; 7%%) dz
v i
= J%:] hfj /\1 +2p e]zgzel hfj /\>\ X {Where % = (p—1)a?~2 when a = b}
[ + [ + —
< pp-1) ¥ R Lop S R2AP2 [due to 9=t < g0t for 0,9 > 1]
i,JEJ ¢ ieJ,jeJ_
< plp—1) X /\fizzhij
i€y J
whence
2 21 21 7 yp—1
DH(z)[h] = $(S(x))» " DS(x)[n] = 2(S(x))? 'Z; hii M
1€J 4
2_ 2_
DR = 2(2-1) (S@)PADS@H + 2(S@) i D2S(@)h b
< 2(S(x))» ' D2S(a)[h, h.

Since D?H (x)[h, h] is homogeneous of degree 0 with respect to x, we may assume when com-

puting D>H (z)[h, h] that S(z) = 1, that is, > A = 1. In this case, setting n; = [> }_L?jl
J

i€y
D*H(z)[h,h] < 32D*S(x)[h,h] <2(p—1) Py A < 2(p — 1) (ezj Af) p (g ﬁ)p

< 2(p—Dhl,
where the concluding inequality is due to the following observation:

For h € S™ and p > 2, let § be the vector with entries equal to the Euclidean lengths
of the columns in h. Then ||n||, < |h|p.

Indeed, setting h = vsv?, where v is orthogonal and s is diagonal with diagonal
entries s;, the Euclidean norms of the columns in h are the same as Euclidean
norms of the columns in sv” ZS? ]ZZ In other words, the vector [n]? :=

(n?,m3,...,n2) is obtained from the Vector [s]> = (s%,53,...,52) by multiplication

by a doubly-stochastic matrix. It follows that ||17||12, = ||[77]2||p/2 < |I[s]? p/2 = IIs ||p,
as claimed. Note that we used the classical inequality |/[7]*|[,/2 < [|[s]*]l,/2 Which
goes back to Hardy, Littlewood and Pdlya.

We have demonstrated (24). =

8 Conclusion and Future Work

There are four clear research directions motivated by this work:
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. Design and analysis of cutting-plane interior-point algorithms based on the self-concordant

barriers constructed here. One major advantage of our barriers over those used in the pre-
existing work ([1, 2, 8, 12]) is that we do not need to drop any constraints and the addition
of new constraints does not change the barrier parameter 9.

. Further extension of the theory to constraints defined by other partial orders, cones (e.g.,

partial orders induced by hyperbolic cones [23]).

. Improvement of the iteration complexity bound from O (%) to O <\/§) under some favor-

able conditions, as suggested in Section 7.

. Improvement of the computational complexity of evaluating f, f’ and f” for such self-

concordant barriers.
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APPENDIX

In the following two proofs we work out the derivatives and their estimates in detail. Even though
these two propositions admit shorter proofs (along the same lines), we include the detailed
computations below partly for the hope that they will be useful for future research.

Proposition A.1 Let p, |p| > 2, be integer. Consider the following functions of y € Sjl_+.'
F(y) =Tr(y"), f(y) = (F(y))'".
Then f is convexr when p > 2, f is concave when p < —2, and

y=0,yxh=0= [D>f(y)[hhh]| < OQ)lp| |D*f(y)lh, ]| (25)
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Proof. 1°. Let us compute the derivatives of F' and f. We have

DA = (P 2R — ) RO
DF(y DF@A . (DF@I)
D2 )l 1] = 1) (20 ) + Pt g PR

[ DF D2F h,h
o) 2]
D3 f(y)[h, h, h] i
2
= S0 |- () P

+f(y) [2(1 —p) DF(y)[h] [DZF(y)[hﬁh] (DF(y)[h])z} _ DF@)[R]D*F(y)[h,h] + D?’F(y)[hﬁhyh]}

/ P?F(y) Fly) — ) PF2(y) pF(y)

3 2 3
h h h,h y)[h,h,h
= J) |G- 1) (ZFEH) -3 - ) PRl ¢ DR

Let {e;} be the orthonormal eigenbasis of y and let y; denote the corresponding eigenvalues of y (i.e.,

ye; = y,e;). Further let hy; = €; Thek, nij = vy 1/2yj 1/2;%' We have, assuming all y;’s distinct:

DF(y)lh] = pTr(ypflh):pZy’"*lﬁjj: szpzhifzyj 2= g $0T((2] —y)th)2P e
2P —1
D*F(y)[h,h] = 5 §pTr((zI — y) Yh(zl —y)~th)zP~tdz = mepz %dz
P* -1 2
- Z hakp = +Zp( D
D3F(y)[h,h,h] = 27szngr ((zI —y)~ 1h(zI1 y) T h(zI —y)th)2Pldz
Piehe; 2P~
= 271'1 fp E (z—y Jk ’;@ Si)(z yz)dz_2pjzk:gh’ﬂkhkgh’ej (ijykvyl)

where, for distinct a, b, c,

I'(a,b a”! b P!
@00 = @ =0 T B=a6=0  c=a)c=b)’
and
F ,b, = 1 F Iabla ' .
(a C) (a’,b’,c’l)IE(a,b,c) (a ¢ )
o’ #£b/ #c! #a’
p—1__ p—1
Let ¢ = |p|, and let k # j. When p > 2, we have yjyk% = ag;:q yf‘yf From now on, all the
p—1_, p—1
sums of the type Y. start from zero, unless we state otherwise. When p < —2, we have LA B m _Z: =
a+PB=q o
(W)™ - )™ 1 —a, 5 - ) S —ay B
yjyyf((l/yk)—(?{);yj)) ==Y Yk 2 Y5y that s, gy yj—y: == 2 y; "y - It follows that
a+f=q atf=q
> Y »
-1 J Y
f=W)Df(y)h] = = ijﬁjj =4 lpﬂ = Zk:]yi
J
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further, in the case of p > 2 we have
D DRV S D¢ DU
1 2 2 | p 'D’F(y)[h,h] S i
oD f)hn = (A -pp+ === =1 -p)p* + R
; (" +%: T
_ 2 2 a,6>1
= (-1 l%:pmjj i =07
DORT-AND DR T4
O
= (-1 %:pj% + ST (055 = nj5 — ]
£
while in the case of p < —2 we have
DL UND VR T TS SRS Ve
-1 2 = — 2 M — _ 2 i#k a+B=|p| 7
=D fWhh = A=pp*+—F 7 =0 -p + >
2 —a, —fB
— ( _1) Z "2 2 _J‘Z:knjkoHr%i\p\yj U
= - by — K ;yﬁ'
2 y;ay}:ﬁ

Mk >
a+pB=|p|

2

(p—1) X po% — =
J

Finally, in the case of p > 2 we have
) ) ;kn?kijk H; 72y§1yf
YWD f(y)h,hh] = (2p—1)(p—1p’ =3(p—p |(p— 1) X pymi; + 7 s
j 7
2 > Yiyeyenikrene; U (Y5, 95,ye)
+ J. k., L
>yp

and for distinct positive a, b, ¢ the following relations hold:
_ a? ! pP—1t P! _ aP7l_crt pP—l Pt
Ila,bc) = whaat G T Eaeh) — (@ho T @=ai-n

- ¥ |Eepe|- » oo =t
0<pB<p—2 0<a<p—2-4

a+pB=p-—2
a®bPe.

= 2

a+pB+y=p—3
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This concluding identity clearly remains valid when not all a, b, ¢ are distinct. Thus, in the case of p > 2
we have

T W) D3 f(y)lh, b, h]
> MUk > zy?yf

= 2p-1Dp-1pd—3(p-1)u l(p =D+ (p—1) Xp63; + S

12

2 30 YiYrYenikNkene; > y;‘yfy,}’
+ J,k,€ a+pB+y=p—3
>yl
_#n]k +§ ySyp
J at+pB=p
= [P +3p -2’ =3 - 1)u 6 2 pm); Y 1-30 - Dp———r——
- - ‘. Yo
J J a+B+y=p—3 7
23 MieMkeNe; D YSYRYL
(G#R)(G#L) a+pB+vy=p
4 o,B,y>1
>y
; 0 +ZB, Yoy
23— 2P =3 — 12 8%+ (p— D(p—2) s — 3(p— D
p*+3p -2 p 1o pids; + (p p _ping; —3(p—1u H
J J z
2 > niENkene; > YSYRYY
(G#R) [(570) atfty=p
+ o,B,v>1
>yr

= [-p*+3p =2’ = 3(p— 1D)*u2p;0F; + (= 1)(p — 2) | Zpjlu® + 362855 + 3ud3; + 03]
J J

SRy X YSUR 2 X YiuRYenkmkens > e
ik atf=p—2 4 GRG0 atB+y=p—3

—3(p—1n 7
12

= 30— DuXpiof+ (-1 —2) Xpd}; — 30— Dp—— 77—
J J 2

2 > Nk NkeNes > y;*yfyl

(G#R)(G#€) a(igﬁywz:lp
+ >
In the case of p < —2 we get I'(a,b,¢) = ﬁ > a @ Pe7, and the resulting formula for
a+p+y=p|
Y (y)D3f(y)[h, h, h] becomes
gé:kn?k +§:\ ‘y;"‘y,;ﬁ
— J [e% =|p
WD fy)h, hh] = =3(p—DuX 0%+ (p—1)(p—2) Xpid; +3(p — u 07
j J z
2 Y memeene Xy %ue Cug Y
GERG#0) at+B¥r=lp|
+ =7

The resulting formulas, obtained for the case when all y; are distinct, clearly remain valid for all y > 0.
Thus, for all y = 0 and all » we have, setting f = f(y), df = Df(y)[h], d*f = D?f(y)[h,h],
d’f = D*f(y)[h, h, h:
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ff =Y pmy; = p Pi= s
J k
p=>2:
Yk X vy
19 9 J#k a+/§3>:1p
fEf = —1) X o5 + > (655 = njj — 1]
J v
p<—2:
gkn?k +§\ \y;aykﬁ
12, $2 a+pB=|p
fd f—(p_l)gp](sjj S oF
p=>2:
f&f = =3 = Du ;o5 + (0 — 1(p — 2) Xp;03,
J J
PO D SRR S mpemeen; Y ySYRY,
7k 7 atgop G£RI#0) okfTr=p
-V +2 O
p<—2:
FREf = =3(p = Du X p;o}; + (p = V(P = 2) X p;d3,
- 73 - 719
J J
j;knfk +%:\ \y;aygﬁ (_ﬂ%%_ﬁ)mmu% +ﬁ§: \ ‘y;ay;ﬁy;’y
e =P J J o Y=IP
+3(p — Du Y +2 >y ’
(26)

where y; are the eigenvalues of y, 7;; =y, v 2(efhej)yj_1/ % and e; form an orthonormal eigenbasis

of y. Note that under the premise of (25) we have

—I<n=21I

(27)

20, 1In the sequel, we focus on the case of p > 2. The reasoning in the case of p < —2 is

similar.
We have the following

Lemma A.1 Suppose y = 0 and that (27) holds. Then

(a) 055 <2
() |ul <1
© | > mpmmwens 2 vyl | <OMpY nkh D iyl
GRG0 s IER ST
R

(28)

Proof. By (27), we have |n;;| < 1. Since u is a convex combination of n;; and d;; = n;; — i, (a), (b)

follow.
Let ¢ be the matrix obtained from 7 by replacing the diagonal entries with 0. By (27), we have

—2] < ¢ < 2I.
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We now have

U(a,B,7)
+
Wkl Y USURY =3 mime Y, Uyl Y Y GrCreCevynyl -
(3#k)|(572) ety k#j atBty=p a+B+y=p jk. 0
B> @,B,y>1 a,B,y=>1
11 12

(30)
We also have

ILI<Y gl Yo ui Pl < Y Y i TP <0-2) D0 Y unt Tyl (31)

KA Py R sz
where the second inequality is given by (27). Further, ¥(«, 3,7) clearly is symmetric in the arguments,
which gives the first inequality in the following chain (where Y = Diag{yi,...,yn} and ||z|p is the
Frobenius norm of a matrix):

|| < > 6> CjkCMij}lyk%yk; Y,
a+B+y=p gkl
1Sa<p2y21
<6 % (et o))
1<a,y<p/2 ., B
< 12 ¥ YNy = oe Y = Y [by (29)]
1<a,y<p/2
VSa
= 12 3 V5./5, So =2 yr b= Y Sa<R
1<a,y<p/2 v 1<a<p/2
2
= 12 2 SY*) <6p 3 S, <6pR.
1<a<p/2 1<a<p/2
(32)
Combining (31), (32), we arrive at (28.c). O
3%.  Combining (28) with (26), we arrive at the desired inequality (25). =
Proposition A.2 Let
F(y) = Tr(exp{y}), f(y):=WnF(y) [y € S
Then
(LI =y = 0,—y < h =< y) = [D*f(y)[h, h, h]| < O(1)LD*f(y)[h, h]. (33)
Proof. 1°. Let us compute the derivatives of f(y) assuming y = 0.
We have T
_  DF@y)[h] _ AIr(exp{y}h)
DF(y)[h D?F(y)[h,h
DAl = - (P5H) +
DF(y)[h DF (y)[h)D?F(y)[h,h D3F(y)[h,h
DO () hh) = 2(2R00)° 3RO R | DA,
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Let y > 0, let {e;} be the orthonormal eigenbasis of y and let y; be the corresponding eigenvalues as

before. Also let hy; = €; They, and finally let ny,; =y, 1/2 1/2Bkj. We have, assuming all y;’s are distinct:
DF(y)[h] = Tr(exp{y}h) = 553 § Tr((2] — y)~'h) exp{z}dz = ZeXp{yg}hag
= Zn?jyj exp{y;}
exp{z}
D2*F(y)[h,h] = 55 §Te((2I —y) *h(z] —y)~'h)exp{z}dz = 5 f% %dz
= ¥ h2 exp{y; }—exp{yx} +Zh exp{y; }
ik YaT
= Z Z h]k [ Z y] yk + Eh’_]] eXp{yJ}
P= 1j#k a+pf=p—1
B pzl Ek ; Mk Y5 U+ anjyj exp{y; }
D3F(y)[h,h,h] = QMfTr zI y) " th(zl —y)"th(z —y)~1h) exp{z}dz

= 27rz f E (z— J’Chklh@ opfs) dz

v;)(z—yi)(z—y1)

= 2> hakhkehea (Y5, Yk, ye)
Iy

where
ab.¢) = exp{a} exp{b} exp{c}
[(a;b,) (a=b)la—c) (b—a)b—2c) + (c—a)(c—1b)

for distinct a, b, ¢, and
— 3 !/ / /
['(a,b,c) = o Cl/l)rg(a - T, ).
al bl Fe! Sal

Assuming a, b, ¢ distinct, we have

_ exp{a} exp{b} exp{c} _ exp{a}—exp{c} | exp{b}—exp{c}
L(a,b,c) = Goptacg T =069 T oot = —(aba—e)~ T —(—a) =)

= S|Xa X =35 ¥ o

The resulting representation is, of course, valid for all a, b, c. We therefore get

D*F(y)[h,h,h] = 2% hjeheehe; > % S yuly]
Jk.e p=2" a+B+y=p—2
23 X mmeene SYS UYL -

=25 +B¥v=p+1
P=25 ket s

We now have

> exp{y;}n;;y;

DIWI = oy = 2.PiWini) = p ply )
J J

Pj = Eexp{yk}] ’

D2 f(y)[h, h]

.
2 =X e uSva+ 2 ying; exp{y;}
p=1j#k a+ﬁﬁ:>r'1+1 J
a, P2
— | XZpymis | + S oo 0T
J

I
\g!
I

q

o5 + fexp{yj} loj = y;mjj — 1]
J
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and

oo
> 2 1,
3 p=1j7k atp=p+1 ik p1Y5 Yk
= 2/14 - 3/'14 a,82>1 9.9 DSF(U)[}L h h]
;exP{yﬂ'} + %:ngjﬁjj +
Sy 2 -
> ns Lyg B
3 p=1j#k a+ ﬁ:>17+1 ik o1 Y5 Yk 2pz:2j§£ Q+B+E - njknkgngj%y;‘yfyz
= 2/,1, _3/,1, a,f>1 + 9 0 =2 ;% QB‘Y:>pl
eXP H +Zp‘0- + B>
; {yv} ; 70 !
v
oo .. , .
PPN S UL AL PV DL TP SR 7}
= —3—-3 2 AR p=2" 7 ot B —pt1
1% 2. Pjo0; 3 = + e Ras)
j 3 exp{y,} Soplvn]
> v
2 " o1 B
pzz:z ke Q+B§:p+l Mk MeeNes i Y5 YR Yy
+ GERIG#0 | B y>1
> exp{y.}
v
Whence
3
D f(y)[h, h, h]
oo
> 2 10,0
P=r= Y — SR LEAC R S W B SV R AR 1)
B _“3_3N2pj02-—3u o,B21 + = PTG 199 3
- J
i ;exp{yu} Eexp{yu}
S v
2 i .1 B
pzz:z j%%[ a+5§:p+1 NjkMeenNes 5195 Y vy
GARI(G£0)  aB>1
+
> exp{ys}
v . 2
> = > 8
3 3 Z 9 p=1j#k a+ﬁﬁ:>p+1 ik p1Y5 Vi
= —pu = o« —3 o,B>1 3 o3
H ~ pj J K >-exp{y.} +ij njjyj
v J N—~—
Sy 0y e 2% (o5 H40)°
1 a
2 1, 9 . )
p=1j#k a+B=p+1 Mk p1Y5 Yk pgz j%l 0<+BJ§:;J+1 mk%mejgy;"yfyz
= ijU? —3u ZﬂﬁZl + GG e anSh
pi > exp{yv} RTTIT:
i Z Z 2 1 3 oo v
2 1o 6 . ,
51 atisprn R PTYI p§2 J;z D<+BZ:;D+1 MiMe pr (= 1)Y5 Y
= o3 —3 a,p>1 ti=p
i Pi J H > exp{y.} +
’ v o > exp{y.}
S v
Z ; P =T e
p=2 j?g,c;uj a+ﬁ+zv:p+1 NjkMkeNe; 51Y5 Y Yy
—+ a,B,y>1

? exp{y, }

31



Thus,

df := Df(y)[h] = 22 pi(ymis) =
] S 2 1,a,8
> Mk Y5 Yk
5 p=1 j#k 0<+BB:>p1+1
& f = D*f(y)lh,h] = > pjos + =
Zj: " > exp{y;}
N—— J
R1
Ra
o 2 1,0a,0
z::1 _];k a+£%ipl+1 njk P! yj Y
dBf = D3f(y)[h, hh] = pjod — 2
Z i > exp{y.}
H,_/
Zo T,

6 S -1 2 S . 1oa, B
XY mmkale—1yey 2y % Do MikMkee Y5 YR Yl
p=2j#k o ti=rtl P=2jAkALA] etPin=pl

+ +
>_exp{y.} Z exp{y, }
174
Jo J1

o _exp{y;}

lpﬂ = ;exp{lk}]

loj = yinj; — pl
(34)

The resulting formulas for the derivatives, although established under the assumption that all y; are

distinct, clearly remain valid for all y > 0.

29, Now let y, h satisfy the premise of (33). Then
O0<y;<L,je{l,2,....,n}, & —I<n=1
Whence
il < L, Joj] < 2L.

It follows that
|Zo| + |Z:| < 3Ld*f.

Further, we have

o0
6> Y X Ik e-Dyy)
—+1

p=2j#k a+B=p

a>2,8>1
VA= S onl]

S 2 a—1,a, 0B
63 2 X MYk

p=2 57k atB=—p+1

< g b ()
6‘121 ];k a’+ﬁzzq+1 n?kyjﬁy? yg

= = ziﬁil{yy} p=q¢g+1l,a=ad +1]

< 6LRy [due to 0 <y; < L, 25 <1].

(35)

(36)

(37)

(38)

Now, let ¢ be the matrix obtained from 7 by replacing the diagonal entries with zeros. Then

2T < (¢ =2l
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and

@(a,8,7)

o 1
23 o

P=2" ayBiqy=p+1 J.k,e

a,B,v>1

Ji =

> ZCJkaZCZ] A

; exp{yy}

®(a, B,7) clearly is symmetric in «, 3,7, which gives the first inequality in the following chain:

|1l

IA

IN

We have

Therefore

whence

A

12 37 i > > CinCrees o y“yfy,?
p=2 a+B+y= p+1 gk, €
1<a<f>vy>
Zexp{yu}
o0
123 & > I Tr(x¢XP¢x¢)
=" ap i
sSaspz2v=2 .
S o] [X = Diag{y1, 92, .-, yn}]
o] Y p+l1—2c p+1—2~v
12 4 X |Tr(xeex™ =z )Xz ¢xQ)
P=20 < 2pty)
1<a W<E<5—1
> exp{yv}
v
Sa
o0
uy 5 2 X%
= a+w§&3+—1)
<< Pl
Ttz S o] [due to —2I < ¢ < 21].
v
_ 20,2  p+l— 2a
- Zyj NjkY%
J#k
2
. Sa<) Z MY U
1<a<iid JFk pATIRE
2
o0 o0
24 3 L > SaSy 24Zp, > Sa 2432 > 52
=2, < B3l =2 1<a<kfl p=2" 1<a<Pfl
< - = — < —
- Zexp{yu} > exp{yv} = > exp{yv}
24 Z o Zk +Z +2 RIS
< * Hu7—7'>ql
= > exp{yv}
v

Since 0 < y; < L, we clearly have

Z ql Z Z n]ky] yk = 2LZ Z Z Ujkyg yk7

and we arrive at

JF#k u+7’ q+2

|J1| < 48LR.s.
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Combining (37), (38) and (40), we arrive at the relation
| f| < O(1)Ld*f,

as claimed. m
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