ERROR ESTIMATES IN THE OPTIMIZATION OF DEGREE
TWO POLYNOMIALS ON A DISCRETE HYPERCUBE

M. MARSHALL

ABSTRACT. The paper considers the distribution of values Q(x), © € {—1,1}"™, where Q is
a quadratic form in n variables with real coefficients. Error estimates are established for
approximations of the maximum and minimum value of @ on {—1,1}" which can be obtained
by semidefinite programming. Bounds are given involving the sum of the absolute values
of the off-diagonal entries. Other bounds are given which are useful in the case of extreme
skewness. Used in conjunction with earlier bounds of Nesterov in [5], these new bounds lead to
improvements on the bound given by the trace. The trigonometric description of the maximum
and minimum given in [5], which is based on the rounding argument introduced by Goemans
and Williamson in [1], is a major tool in obtaining these bounds.

1. INTRODUCTION

Let @ be a polynomial in n variables with real coefficients, S C R™ a basic closed
semialgebraic set. Lasserre’s algorithm [3] produces an increasing sequence of lower bounds
for @ on S computable via semidefinite programming which, in case S is compact, converges
to the exact minimum of @ on S. In [4] a refinement of Lasserre’s algorithm is described
which takes into account the fact that S may have dimension less than n. This involves
computation in the factor ring R[z]/a using Grobner basis techniques where a is the ideal
of polynomials vanishing on S. Often the sequence converges rapidly. Often the first or
second term in the sequence is already close to the exact minimum. Still, there is no general
theory in this regard.

In particular, one would like to be able to estimate the accuracy of the first term in the
sequence. In the present paper we consider this question in case @ is of degree 2 and S
is the discrete hypercube {—1,1}". In this case encouraging results have been obtained
already, by a number of people [5] [6] [8] [9] [10] [11], following up on the ground-breaking
work of Goemans and Williamson in [1].

When S is {—1,1}" the ideal a is generated by 27 —1,i = 1,...,n. The factor ring R[z]/a
is 0-dimensional with basis as a vector space over R consisting of all products [[;.; zi, I
a subset of {1,...,n}. We consider the problem of minimizing (or maximizing) a degree
2 polynomial @ € R[z] on {—1,1}". More precisely, we consider an approximation to this
minimum (or maximum) which, in terms of the algorithm described in [4], is just the first
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2 M. MARSHALL
term in the sequence of approximations converging to the exact value, and we examine the
accuracy of this approximation.

Since minimizing (or maximizing) @ on {—1,1}" is equivalent to minimizing (or max-
imizing) the associated quadratic form x%Q(ﬁ—é, ..., 22) in n + 1 variables zg,...,z, on

) To
{—=1,1}"*1 we may as well assume from the start that @ is a quadratic form. We identify
Q with its associated symmetric matrix, so Q(x) = z'Qz. We define

Qs =min{Q(z) | z € {-1,1}"}
Q" =max{Q(x) | v € {~1,1}"}.
One can associate to @) the graph with vertices V = {1,...,n} and edges E = {(i,j) : i <

J,Qi; # 0}. Computation of Q. (resp., @) can be viewed as a ‘weighted’ version of the
MAX-CUT problem considered in [1], where Q;; is the ‘weight’ attached to the edge (4, j).

The approximations of Q, and Q* that we are dealing with are

Q4 :=min{(Q,X) | X is PSD, X;; = 1,i=1,...,n}
Q" :=max{(Q,X) | X is PSD, X;; = 1,i =1,...,n}.

Here, (@, X) := Z” Qi;Xij. Tt is clear that Q1 < Q. (and, similarly, that Q* < QV):
If © € {—1,1}" define X by X;; = x;z;. Then X is PSD, X;; = 1fori=1,...,n and
(@, X) =3, Qijriz; = 2'Qr = Q(x). In summary we have

Q+<Q.<Q" <Q".
We also have the following dual description of Q4 (and of QT):
1.1 Theorem. @, = Q, and Q" = Q" where

QJr =max{\ |y eR", A= Zyi, @ — Diag(y) is PSD}
Q" =min{A |3y eR", A=y, Diag(y) — Q is PSD}.

Here, Diag(y) denotes the diagonal matrix with diagonal entries y1, ..., yn. gomputation
of Q4 (resp., @T) is a semidefinite programming problem. Computation of @, (resp., of

. . . . . . —
Q) is the dual semidefinite programming problem. The inequality Q; > @, (resp.,
@Jr > Q™) is based on the fact that if A, B are PSD then (A, B) > 0: Theorem 1.1 asserts

that the duality gap Q4+ —§+ (resp., §+ — Q™) is zero. This can be proved in various ways,
e.g., see [4] [5] or [6] for more general results.

In [5] [6] Nesterov obtains bounds for Q. (resp., @*) in terms of Q4+, Q@ and tr(Q) :=
>, Qsi. We recall these bounds in Section 3; see Theorems 3.2 and 3.3. The bound given
by Theorem 3.3 is always better than the bound given by Theorem 3.2. In Section 4 we give
bounds which involve } . oy |Qi;]. The first, see Theorem 4.1, is a simple generalization of the
result in [1]. A particular case of this appears already in [11]. The second, see Theorem 4.2,
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is new. The bound provided by Theorem 4.2 is better than the bound provided by Theorem
3.3 in cases where QT — tr(Q) (resp., tr(Q) — Q+) is ‘sufficiently close’ to 3, |Qi;|. This
occurs, for example, if Q;; > 0 (resp., @;; < 0) for i # j. We also compare Theorems 4.1
and 4.2 and explain how Theorem 4.2 predicts better accuracy of the MAX-CUT algorithm
in [1] when the output is either more than ~ 86.6% of the total number of edges or less
than = 67.0% of the total number of edges.

For @ not diagonal, the ratio r = Qg%“é?) lies somewhere in the closed interval [%, "T_l]
This follows from Theorem 2.6. When r is not too large, the bound for @, given by Theorem
3.3 is significantly better than the trivial bound Q. < tr(Q). If Q;; > 0 for i # j, one can
improve on this, using Theorem 4.2. At the other extreme, when r is sufficiently close to
"771, other bounds come into play, see Corollary 5.5, which are also significantly better than
the trivial bound. In the intermediate case nothing much seems to be known. It may be
that no significant improvement on the trivial bound is possible in this case; see Question

5.3. The best we are able to show in general is that, for large n, % is bounded away

from zero by a function of the form 3%, where C' is a constant; see Theorem 5.6.

2. ELEMENTARY OBSERVATIONS

In studying the distribution Q(x), x € {—1,1}™, it is natural to consider the mean and
standard deviation. Denote by tr(Q) the trace of @, i.e., tr(Q) = (Q,I) = >, Qii.

2.1 Lemma. The mean value of Q on {—1,1}" is equal to tr(Q).
Proof. The proof is trivial. In the sum
YooRw = Y D> Qi
ze{-1,1}» ze{—1,1}" ij
the terms with ¢ £ j cancel. [

It follows from Lemma 2.1 (also see [5, Cor. 2.4]) that Q. < tr(Q) < Q*. We refer to the
bound Q. < tr(Q) (resp., Q* > tr(Q)) as the trivial bound for Q. (resp., Q).

2.2 Lemma. The standard deviation of @ on {—1,1}" is

2120 = 2> @

i<y i#]

Proof. The proof is similar to the proof of Lemma 2.1 and is omitted. O
We also have the following lower (resp., upper) bound for Q4 (resp., Q™):
2.3 Theorem.
Qr >tx(Q) — Y 1Qi]
i#]

QF <tr(Q) + Z 1Qij.
i#]
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Proof. Adding @(mf + x?) to Q;jx;x; for j # i yields the perfect square

Q,.
9ol 4, a2

Consequently the quadratic form Q(z)— Y7, (Qs —Z#i |Qij])z? is PSD, so @+ > tr(Q)—
> iz |Qijl. The first assertion follows from this using @+ > Q. (the easy half of Theorem
1.1). The second assertion follows from the first by replacing @ by —Q. O

2.4 Corollary. See [11, Theorem 2]. If Q;; > 0 (resp., Q;; < 0) for i # j then

Q" =Q" =tr(Q)+ Y _ Qi
i#]

(resp., Qu =Q1 = tr(Q) — Y Q).
i#]
In particular, if Q is diagonal then Q1 = Q. = tr(Q) = Q* = Q.
Proof. Since Q(1,...,1) = Z” Qij, this is immediate from Theorem 2.3. O

2.5 Lemma.

Q« < tr(Q) — 2max{|Qy;| | i # 7}
Q" > tr(Q) + 2max{|Qy] | i # j}.

In particular, Q not diagonal = Q. < tr(Q) < Q*.

Proof. We prove that if Q. > tr(Q) — ¢ (resp., Q" < tr(Q) + 6), then |Q;;] < g for all
i # j. Replacing @Q by Q" = @Q — Diag(Q11,-..,Qnn), we can assume the diagonal entries
of @ are 0. We can assume n > 2 and after re indexing that ¢ = 1, j = 2. If n = 2 then
Q(z) = 2Q127122 and the hypothesis Q. = —2|Q12| > —0 implies |Q12]| < % as required. If
n > 3 use the identity

Q(x1,. . 2n—1,0) = =(Q(z1, ..., Tn-1,2n) + Q(x1, ..., Tn_1,—Tp))

N =

and proceed by induction on n. O

The invariants @, and Q™ provide not only upper and lower bounds for the distribution
Q(z), z € {—1,1}", but also, by comparing the relative magnitude of Q% — tr(Q) and
tr(Q) — Q.+, they provide some rough measure of the skewness of the distribution. Lemma

2.5 implies that the ratio %72(@@3 is well-defined and positive, for ¢ non-diagonal.

2.6 Theorem. For (Q non-diagonal,

1 QJF - tr(Q) QJF - tr(Q) Zi;ﬁj |Qij| _
T e P [+ o ) By W o) o
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Proof. The middle inequalities are immediate from Theorem 2.3. The first inequality follows
from the last, replacing @ by —@Q), so we concentrate on the last inequality. One reduces
easily to the case where Q1 = 0 and @ is PSD. This is just a matter of replacing @ by
Q" = Q — Diag(y) where y € R" is chosen so that >, y; = Q4+ and Q' is PSD. Scaling,
we can assume tr(Q) = 1. We want to show >, [Q;j| < n —1. Since @ is PSD there
exist vectors wi,...,w, in R” such that Q;; = (w;,w;). (Use the Spectral Theorem to
decompose @ as Q@ = D'D and take w1, ..., w, to be the columns of D.) Thus >, ||w;||* =
>; Qii = tr(Q) = 1. By the Cauchy-Schwartz Inequality, |[(w;,w;)| < ||w;||||w;]]. Thus

Do1Qi1 < Y lwilllwsll = QO lwil) ~ Z lwil* = (Z lwil)? = 1.

i#] i#] i

We know from calculus that the maximum value of f(z) = (3, #;)? on the sphere >, 2 = 1

is n. The maximum is achieved at x = i(ﬁ, ce ﬁ . This proves »_, ., [Qij| <n—1and
completes the proof. [

f@%&); see Section 5, Theorem 5.4, for

the precise statement. The following example shows that the bounds given by Theorem 2.6
and Theorem 5.4 are best possible.

Later we establish similar bounds for the ratio

2.7 Example. Take
Qz) = (w1 + -+ +xa)”.

Then tr(Q) = n, Q7 = Q* = n? and Q. is either 0 or 1 depending on whether n is even
or odd. We claim that Q4 = 0. Since @ is PSD we see that @+ > 0. Choose vectors
vi,...,0, € R™ such that ||v;|| = 1 and vi + --- + v, = 0 (always possible if n > 2)
and define X by X;; = (v;,v;). Then X is PSD, X;; = 1 and (Q,X) = Em(vi,vj) =
o1 + -+ + v, ||> = 0. This proves the upper bounds given by Theorem 2.6 and Theorem
5.4 are best possible. Similarly, looking at

Qx) = —(w1 + - +2,)%,

we see that the lower bounds are also best possible.

It follows by continuity that each number t € [ﬁ, n — 1] is equal to %72(@@3 for some
non-diagonal symmetric n X n matrix Q). For example, if ¢ € [1,n — 1] we can choose @ of
the form Q(z) = a(x1 + -+ + 2,)? + (1 — a)(z1 + x2)? for suitable a € [0,1]. An analogous
result holds for the ratio m

3. NESTEROV’S ERROR BOUNDS

The main technical tool used in establishing bounds for @, and @Q* is an alternate
description of Q. and @* proved in [5], which, in turn, is motivated by the probabilistic
argument in [1]:
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3.1 Theorem. See [5, Theorem 3.1].

2
Q« :min{;(@,arcsin[XD | X is PSD, X;; =1,i=1,...,n}

2
Q" :maX{;(Q,arcsin[XD | X is PSD, X;; =1,i=1,...,n}.

Here, arcsin[X] denotes the matrix with ij entry arcsin(X;).

In [5] and [6] Nesterov uses Theorem 3.1 to obtain the following result as a special case
of a more general result:

3.2 Theorem. See [5, Theorem 3.3].

2 2
Q. <(1-2)Q" +=Q+
T T

Q" >(1- Qs +2q".
T T

As explained in [5] and [6], it is possible to improve on Theorem 3.2 with a bound that
takes the trivial bound into account. In the case we are considering here, the improvement
reads as follows. For @) non-diagonal, define

+_t t —
(1) 7= Q" —uQ) - r(Q)7 r = 71“(?) Q+.
QT - Q4 QT - Q4+
Note: r+7' =1and 5 = %72"(& By Theorem 2.6, ﬁ <5Z<n—1,sorr € [%, an]
3.3 Theorem. See [5, Theorem 3.5]. For () not diagonal,

Q. <(1 = w(M)Q* +w(r)Q+
Q* >(1—w())Qy +w(@)Qt.

Here r,r' are defined by equation (1), and w(y) := 2(y/1 — y? + y arcsin(y)).

The function w is increasing on [0,1], w(0) = 2, w(1) = 1. In particular, the bound
given by Theorem 3.3 is always better than that given by Theorem 3.2. The bound given
by Theorem 3.3 also improves on the trivial bound. This follows from the proof of Theorem
3.3 given in [5]. Also see Section 5, Corollary 5.1 (1).

4. ERROR BOUNDS INVOLVING } . |Qij]

Denote by u the minimal value of the function 2-—Z%— on the interval (0, 7). p ~ 0.8786

7 l—cosx
is the well-known Goemans-Williamson approximation ratio. The proof of the following

bound copies the argument given in [1].
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4.1 Theorem.

Qu <(1 - W ((Q) + Y 1Qu]) + 1Qs
i#]

Q" =(1—p)(t Z|Qw| )+ 1Q*.
i#£]

Proof. Replacing @ by Q' = Q — Diag(Q11,-..,Qnn) we are reduced to the case where
the diagonal entries of @) are zero. We apply Theorem 3.1. Fix X PSD with X;; = 1,
i=1,...,n such that (@, X) = Q4. Choose ¢;; € {—1,1} such that Q;; = €;;|Qi;|. Then

2 ) 2 .
Q« < ;<Q, arcsin[ X ) == Z Q;; arcsin(X;;)
i#]
2 .
:; Z |Q1]| arcsm(einij)
i#]
2 T .
=- = > |Qijl(5 — aresin(ei; Xij)) + > 1@l
i#j i#]
MZ |Qi;|(1 — cos(= — arcsin(e;; X;5))) + Z |Qijl
i#j i#j
= - ) 1Qul(1 - Xiy) + D |Qsl
i#] i#]
=—uD Qi+ 1Y QX+ Y |Qil
i+ i#5 i+
- M)(Z 1Qijl) + 1Q+

i#]
This proves the first assertion. The second assertion follows from the first by replacing Q
-Q. O
See [11, Theorem 3] for a proof of Theorem 4.1 in the special case where @Q;; > 0 (resp.,

Qij < 0) for i # j. In this case, tr(Q) + >_,4; |Qi;| (resp., tr(Q) — >°,;|Qij|) coincides
with Q1 (resp., @+ ); see Corollary 2.4. One obtains the Goemans-Williamson result in

[1] by applying Theorem 4.1 to the quadratic form Q(z) := Z(i fer (I"'ffj)Q, where F is
some set of ordered pairs (i, ), i,7 € {1,...,n} with ¢ < j (the set of edges of a graph with
vertices 1,...,n). The examples considered by Karloff in [2] show that the constant u in

Theorem 4.1 is best possible.

We now give another bound involving Z#]‘ |Qijl, in some sense complementary to The-
orem 4.1, which takes the trivial bound into account. For () non-diagonal, define

Zi;ﬁj Qi s = Zi;féj Qs
tr(Q) + Zi;ﬁj |Qij| - QJr7 . QJF - tr(@) + Zi;ﬁj |ng|

(2) 5=
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Note: % :tr(’gj¢ By Theorems 2.3 and 2.6, 1 < 1= <n—1,s0 s € [5, 2=1]. Also,

T > g?@)“gj =5 =15,%s>rand s = riff Q+ —tr(Q) = >_,4; |Qij|. A similar

argument shows that s’ € [3,2=1], s’ > ¢/ and s’ = iff tr(Q) — Q4 = > iz Qi)

4.2 Theorem. For () not diagonal,

Qv <(1—B(5)) tr(Q) + B(s)Q+
Q" =(1 - B(s) tr(Q) + B(s Q™.

Here s, s are defined by equation (2), and 3(y) := 2 maxe o,1){arcsin(t) — 9(t)t%4;} where

g(t) — (arcs;n(t))g _1_ arctan( (arcs;n(t))g _ 1).

Proof. Replacing @ by Q' = @ — Diag(Q11, ..., Qnn) we are reduced to the case where the
diagonal entries of @ are zero. Pick X PSD with X;; = 1,71 =1,...,n, and (Q, X) = Q.
Let X;:=tX + (1 —1)I, t € [0,1]. Then arcsin[Xy| = (§ — arcsin(¢))I + arcsin[tX] and, by
Theorem 3.1,

2
Q. <=(Q, arcsin[X;])
T
2 2
=(1 — —arcsin(¢))(Q, I) + = (Q, arcsin[t X])
T T
2
=—(Q, arcsin[tX])
T
2 2
=—(Q, arcsin[t X ] — arcsin(t) X) + — arcsin(¢)(Q, X)
T T
2 2
=— Z Qij(arcsin(tX;;) — arcsin(t) X;;) + — arcsin(¢) Q.
Ly ™
Write Qi; = €;5|Qi;l, €55 € {—1,1}, and consider the individual terms
Qij(arcsin(tX;;) — arcsin(t) X;;) = |Qi;|(arcsin(te;; X;;) — arcsin(t)e;; Xi;)

in the sum. Since arcsin(t)z > arcsin(tz) for x € (0, 1], the terms with ¢;; X;; > 0 contribute
negatively. Terms with €;;X;; < 0 contribute at most g(¢)|Q;;| where g(t) denotes the
maximum of the function

hi(x) = arcsin(t)x — arcsin(tx)

/[ arcsin(t) 2_q
on the interval (0,1]. One checks that the maximum is achieved at z = #, so

arcsin(t)

g(t) = arcsin(t)z — arcsin(tz)

arcsin
\/—_1 — arcsin( wrcslﬂ(t)
_ (%M)Q — 1 — arctan( <%m(t>)2 Y
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This proves
2 2
Q« < ;g(t) Z |Qij| + - arcsin(t)Q .
i#j

Finally, using 1% = E(Sﬂ%d = Eifﬁé‘f“l

, this yields

Qo <290 Y 1Qul + 2 ancsin()Qs
i#]
=— %g(t) ] i SQ+ + % arcsin(t)Q4 = %(arcsin(t) —g(t) ] i .

)Q+-

Since this holds for any ¢ € (0,1], the first assertion is now clear. The second assertion
follows from the first. [

Theorem 4.2 can also be formulated as follows:
4.3 Corollary. For @) not diagonal,
Qx <(1=3(9))(6r(Q) + Y 1Qusl) + 6(5)Q
i)
Q" 2(1 = 8(s))(tr(Q) = D Qi) +8(sHQT,
i#£]
where 0(y) :=y + B(y)(1 — y) and B(y) is defined as in Theorem 4.2.
Proof. By Theorem 4.2,
6(Q) + Dy Qg = Q@ tr(Q) + 35, [Qis| — (1 = B(5)) t2(Q) — B(5)Q
tr(Q) + 304, |Qisl — Q4+ — tr(Q) + 305, |Qis| — Q4
> iz |Qig| + B(s)(tr(Q) — Q)
= = 1—s).
Q)+ 5, Q- @y ST

This proves the first assertion. The second assertion follows from the first. O

Theorem 4.2 improves on Theorem 3.3 when Q% (resp., Q) is ‘sufficiently close’ to
tr(Q) + 22545 |Qij (resp., tr(Q) — 32, |Qi;1); see Corollary 4.3 and Figure 1. This occurs,
for example, when Q;; > 0 (resp., Q;; < 0) for i # j; see Corollary 2.4.

It is possible to show that 0(y) < u < y € [a,b], where a ~ 0.5777, b ~ 0.7457,
so Theorem 4.2 improves on Theorem 4.1 when s € [0.5,0.5777) U (0.7457, 1] (resp., when
s’ €10.5,0.5777)U(0.7457, 1]). It is important to note that this does not contradict the result
in [2]. The examples in [2] showing that the Goemans-Williamson approximation ratio is
best possible, have s (resp., ') close to 0.5920, i.e., well within the interval [0.5777,0.7457].

Thus Theorem 4.2 allows one to predict better accuracy of the output of (the natural
generalization of) the Goemans-Williamson MAX-CUT algorithm in certain cases, depend-
ing on s. Specifically, in terms of the original Goemans-Williamson MAX-CUT algorithm,
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FIGURE 1.

y  w(y) )
0.50 0.718 0.895
0.55 0.736 0.884
0.60 0.755 0.875
0.65 0.777 0.871
0.70 0.800 0.873
0.75 0.826 0.879
0.80 0.854 0.891
0.85 0.885 0.908
0.90 0.919 0.931
0.95 0.957 0.961

since W ~ 0.8655 and Wlmm) ~ 0.6705 one can predict better accuracy when the

output value is either > 86.6% of the total number of edges or < 67.0% of the total number
of edges. By way of comparison, m ~ 0.8446, so the Karloff examples have cut size
~~ 84.5% of the total number of edges.

5. IMPROVEMENTS ON THE TRIVIAL BOUND

To simplify the presentation, we focus our attention now on @),. The reader will have no
difficulty at this point in formulating the corresponding results for Q*.

If n is large and 7 (resp., s) is relatively close to 2L then tr(Q) — Q4 is relatively small
compared to QT — tr(Q) (resp., 3=, [Qi;]) so, in this sense, the trivial bound Q. < tr(Q)
for Q. is already a good bound. Whether it is best possible is another question. This latter
question is the one we are concerned with in this section.

To allow comparison with the trivial bound, we note that Theorems 3.3 and 4.1 can also
be formulated as follows:

5.1 Corollary. For @ not diagonal,
(1) Q< (1= afr)) tr(Q) + a(r)Q+,
(2) Qu < (1 —=7(s)) tr(Q) +(s)Q+,
2 v/ 1—y2—yarccos(y)

where r is defined by equation (1), s is defined by equation (2), a(y) := = =

and y(y) := {=2.
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Proof. (1) By Theorem 3.3,

(@) — Q. _tr(Q) = (1 —w(r)@" —w(r)Qy
tr(Q) —Q+ — tr(Q) — Q+
Qf-Q+ Q" -u(Q)

VR@ e W@ -
1 r

:w(r)l—r 1
S w(r)—r
ol
B 2(V1—=r2+rarcsin(r)) —r
N 1—r
~2V1—7r2—r(5 —arcsin(r))
T 1—r

2 V1 —r%—rarccos(r)

7 1—7r '

(2) By Theorem 4.1,

w(Q) = Q. _ (@)~ (1= W)(r(@) + Ty Q) — Qs

tr(Q) — Q+ — tr(Q) — Q-+
. tr(Q) + E#j 1Qij| — Q+ _ Z#]‘ |Qijl
tr(Q) — Q+ tr(Q) — Q+
—u 1 s p—s ¥

1-s 1—-s 1—3s°

Clearly Theorem 4.1 improves on the trivial bound iff s < p. The function « is positive

and decreasing on [0,1), a(0) = 2, 111{1 a(y) = 0. The function § defined in the statement
y—1-

of Theorem 4.2 is positive and decreasing on [%, 1), 5(%) ~ 0.7895, lim [(y) = 0. Thus
y—1-

Theorems 3.3 and 4.2 both improve on the trivial bound, but for r (resp., s) close to an

with n large, the improvement is only marginal. See Figure 2. The next result describes
more exactly the behaviour of a(y) and S(y) for y close to 1.

5.2 Theorem.
(1) Jim S = (2)(32) ~ (2)(0.9428).
(2) lim JE = (2)(5) ~ (2)(1.5197).

Proof. The proof of (1) is straightforward, e.g., use 'Hépital’s rule. For (2), denote by ¢t = t,,
the value of ¢ that maximizes the function in the formula for 3(y). Clearly ¢, — 0asy — 1~
Using power series approximations, one checks that, for y close to 1, t, ~ 33/4/T —y. The
rest of the computation is standard. [
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FIGURE 2.

y aly) Bly) )
0.50 0.436 0.789 0.757

0.55 0.412 0.743 0.730
0.60 0.388 0.688 0.696
0.65 0.361 0.632 0.653
0.70 0.334 0.576 0.595
0.75 0.304 0.517 0.514
0.80 0.271 0.456 0.393
0.85 0.234 0.389 0.190
0.90 0.191 0.314 -0.214
0.95 0.135 0.219 -1.429

For fixed n, there exists a positive real number ¢ < 1 (depending on n), such that
tr(Q)—Qx
tr(Q)—Q+
(1 —e)tr(Q) + eQ+ holds for all symmetric n x n matrices ). For example, we can take

e = o(=L) or B(Z=1). Alternatively, one can prove the result directly, using Lemma 2.5
and a compactness argument.

Denote by p,, the largest € < 1 such that Q. < (1—¢) tr(Q)+eQ holds for all symmetric
n X n matrices Q. One checks easily that p; = p2 = 1. Recent computations by Pereira [7]
show that ps = ps = ps = ps = % Of course, p,, is a non-increasing function, so p, < % for
n > 7. Nothing else seems to be known about upper bounds for p,,. The quadratic form

Q(z) = (z1 + z2 + x3)? gives % = 2; see Example 2.7. The author knows of no

> € holds for all non-diagonal symmetric n x n matrices @, i.e., such that @, <

example worse than this.! The following question appears to be open.

5.3 Question. Is it true that lim p, = 07
n—od

Our goal here is to find a better lower bound for p,. According to Theorem 5.2 (2), for
large n,

n—1 n—1 0.9675

v ot

i.e., we have a lower bound for p,, which approaches zero like ﬁ We proceed to improve on

2
B( )~ 21.5197/1 —
™

n

this, obtaining a lower bound for p,, which approaches zero like %\/ﬁ We begin by proving
the analog of Theorem 2.6 referred to earlier:

5.4 Theorem. For () non-diagonal,

(1) Ifn is even then —5 < 3(5%8) <n-—1.

: 1 o~ Q" —tr(Q)
(2) If n is odd then n S m S n.

LIf Conjecture 2.12 at the end of Karloff’s paper [2] is true, then one can find examples with %

close to % (i.e., just slightly worse than %), for large n.
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Proof. We can assume the diagonal entries of @) are 0. For any subset I of {1,...,n},
denote by Q;(z) the quadratic form obtained from Q(z) by replacing x; by —z; for each
i € I. For each pair of indices i < j, if either both of i and j are in I or both of i and
j are not in I then the coefficient of z;z; in Q(x) is 2Q;;. In the remaining cases, i.e.,
where one of ¢, j is in I and the other is not, the coefficient of x;z; in Q;(x) is —2Q;;. For
1 <k < n denote by Qg(z) the sum of the Q;(z), I running through all k-element subsets
of {1,...,n}. For fixed i < j, z;x; appears with coefficient —2@Q;; in 2 (Z : ?) of the
Qr(x) and with coefficient 2Q);; in the remainder of the Q(z). It follows that

) = (1) e -1 (27 ) = 220 (1) g,

Let Q. = —4d. Then Qr(xr) > —¢ for each x € {—1,1}" so Qi(z) > — (Z)é, ie.,

n

—Qi(z) < ( )6. If n > (n — 2k)? this yields Q(z) < 0. For n odd, say

k — n— (n 2k)2
n = 2¢ — 1, apply this with & = ¢ to obtain Q(z) < nd. Similarly, for n even, say n = 2¢,
apply this Wlth k = { to obtain Q(x) < (n —1)J. A similar argument shows that if Q* =6

then for any z € {—1,1}", Q(z) > —nd if n is odd and Q(x) > —(n —1)d if n is even. O

5.5 Corollary.

(1) If Q is non-diagonal then Q. < (1 — TT(OQ(Zi)l))tr(Q) “;g" )1 Q.

(2) If, in addition, Q;; > 0 for i # j, then Q. < (1 — m) tr(Q) + mQJF.

Here, r,7’ are defined by equation (1) and ¢ is defined by n = 2 if n is even, n = 2¢ — 1 if
n is odd.

Proof. (1) After shifting and scaling, we can assume that tr(Q) = 0 and Q4 = —1,s0 QT =

. Applying Corollary 5.1 (1) to —Q yields Q* > (1 — a(r")) tr(Q) + a(r)Q™T = a(r")Q™.
By Theorem 5.4, 20 — 1 > Q . This implies Q. < —% < — O‘(;Z/ch = —Tf"(oé(gi)l). The
proof of (2) is similar, except that now, by Corollary 2.4, we have Q* = Q. O

n—1 ya(l—y)
n’ (1 y)(2¢-1)
n—

if n is odd, and, similarly, m increases to 1 if n is even and to T if n is odd.

In particular, the bounds provided by Corollary 5.5 are appreciably better than the trivial

bound if r is sufficently close to an

Note: As y increases to increases to a(2) if n is even and to 2=La(2)

n

Now consider
yo(l—y)
—Z—}}’
y)(2t—1)
where ¢ is defined as in Corollary 5.5. This is a lower bound for p,. See Figure 3 for a

comparison of the lower bounds @,, ﬂ(”T_l) and y(*—= n=1) " The bound given by ﬂ(”T_l) is
best for n in the range 2 < n < 23, n # 3. For n = 3 the bound given by 'y(”T*l) is best.

Y€, ]
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For n > 24 the bound given by @, is best. It is pretty clear that these lower bounds are
nowhere near optimal.

The 5th column in Figure 3 gives lower bounds for the function p!, := the maximum
€ < 1 such that Q. < (1 —€)tr(Q) + eQ4 holds for all symmetric n x n matrices @ such
that @;; > 0 for ¢ # j. The function 3, is defined by

_— . Y
B, = ye[gl,l}}” {max{6(y), mv')/(y)}}

Again, it is pretty clear that this lower bound for p/, is nowhere near optimal.

FIGURE 3.

no an BT () Ba

2 0.4360 0.7895 0.7572 0.7895
3 0.3526 0.6134 0.6358 0.6440
4 0.3497 0.5174 0.5144 0.6440
5 0.3093 0.4560 0.3930 0.5467

10 0.2653 0.3137 0.4524
15 0.2300 0.2539 0.3857
20 0.2148 0.2190 0.3579
25 0.1980 0.1954 0.3278
50 0.1615 0.1389 0.2639
100 0.1293 0.0975 0.2097
200 0.1035 0.0685 0.1667

5.6 Theorem. For large n,
(1) A 0.6121
n ~ .

(2) B ~ 0.9782'

1 n—1 yo(

Proof. (1) On the interval [, ], a(g;l) ii decreasing and W(;f_)l) is increasing. Thus
yo(l—y

the minimum occurs when a(y) = T =1 It follows that y — 1 as n — oo and

- yo(l — y) 2
na(y)? —nma( )

— srwa( — (2 )

22,522,
Ty ;)(;) (T) as n — oo.

Here, we use Theorem 5.2 (1). This implies lim /na, = 2 (%)2/3 ~ 0.6121.

n—oo T
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(2) The proof is similar. For large n, the minimum on the interval [, 2-1] occurs when

Bly) = m and 7(y) is negative. Also y — 1 as n — oo and !

nB(y)* =n——2L———p(y)?

(1—y)(20—-1)
:%y(%)Q - (U(U(ﬁf as n — oo.

Here, we use Theorem 5.2 (2). This implies lim /nf3, = (ﬁ) /3 20.9782. O

n—oo

6. CONCLUSION

The paper gives error estimates when Q. is approximated by Q4. The bounds provided
by Theorems 3.2 and 3.3 come from [5]. Theorem 4.1 is a generalization of the result in [1].
A special case of Theorem 4.1 appears already in [11]. The bound given in Theorem 4.2 is
new, improves on Theorem 3.3 when s is close to r, and provides improved estimates in the
MAX-CUT algorithm in [1], for s ¢ [0.5777,0.7457]. The bounds given by Corollary 5.5 are
also new, but are only useful when r is sufficiently close to "T’l The situation regarding p,
is unsatisfactory. One would like to know the limiting value of p,, as n — oo. Is it zero, or
is it positive? The best we are able to show is that, for large n, p, is bounded away from
zero by a function of the form 3%, where C'is a constant.
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