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Abstract

In this paper the global behaviour of an estimator is studied in framework
of Intrinsic Analysis, [7]. Two indices of performance of an estimator in a
bounded region are analyzed: the average of the intrinsic risk (the loss
function is the squared Rao distance) and the maximum risk.

The Riemannian volume, provided by the Fisher metric on the mani-
fold associated with the parametric model, allows us to take an average of
the intrinsic risk. Cramér-Rao type integral inequalities for the integrated
mean squared Rao distance of estimators are derived using variational meth-
ods, extending the work of Cencov, [3]. Additionally, lower bounds for the
maximum risk are also derived, by using integral expressions.

AMS 1980 subjects classifications: 62F10, 62B10, 62A99.
Keywords and phrases: Riemannian metric, information metric, Rao dis-
tance, intrinsic analysis, Cramér-Rao type integral lower bounds, minimax risk.
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1 Introduction

The purpose of this paper is to give lower bounds of two indices of the global
behaviour of an estimator in a region of the parameter space: the average of the
risk and the maximum risk. In this introduction we describe the framework where
we are going to work and some results about local bounds of the risk that will be
useful later to derive global bounds. Previous work in this area can be found in

Prakasa Rao [8] and Cencov [3].

1.1 The framework

Let {(X,Q, P;) ; 8 € O} be a parametric statistical model, where O, the parameter
space, is an n—dimensional C*° real manifold. Usually © is an open set of R" and
in this case it is customary to use the same symbol, #, to denote points and
coordinates.

We suppose the map 8 — P to be one-to-one and we consider the set of all
probability measures in the statistical model, M, with the n-dimensional C* real
manifold structure induced by this map. Let us denote this manifold by (M, ),
where A is the atlas induced by the parametrizations, that is, the coordinates in
the parameter space.

In the dominated case, which we shall assume hereafter, the probability mea-
sures can be represented by density functions. Then let us assume, for a fixed
o-finite reference measure y, that Py << p, V0 € © and denote by p(-; 6) a density
function with respect to p, i.e., a certain version of the Radon-Nikodym deriva-
tive dPy/du. Now, through the identification P; — p(-;8), the points in M can
be considered either densities or probability measures. Additionally, we assume
certain regularity conditions:

1. (M,2) is a connected Hausdorff manifold.
2. When z is fixed, the real function on M, £ — p(z;¢), is a C* function.

3. For every local chart (W, 8), the functions in z, dlog p(z;6)/86' i = 1,...,n,
are linearly independent, and belong to L*(p(-;8) du) for a suitable a > 0.

4. The partial derivatives of the required orders

0/06', 0%/06°06°, 0°/06'06790%, ...,i,j,k=1,...,n,
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and the integration with respect to du of p(z; @) can always be interchanged.

When all these conditions are satisfied, for a version of the density function,
we shall say that the parametric statistical model is regular.

In this context, given a sample size k, an estimator U for the true density
function (or probability measure) p = p(-;0) € M of the statistical model is a
measurable map

U:x*— M,
assuming that the probability measure on X* is (P)i(dz) = pu(z;0) pr(dz) =
i1 p(2i30) p(dz:).

1.2 Local bounds

Let h,s be a Riemannian metric on M and g,g the Fisher metric. Then consider
the Levi-Civita connection associated with h,g and

A=exp;'(U), B=E,(exp;' ),

and estimators ¢ such that B is a C* field on M. Let &, = {£ € M,, |£] = 1},
M, being the tangent space at p; for each { € G, we define

Co(€) = sup{s > 0 : d(p,7e(s)) = s},

where d is the Riemannian distance and +; is a geodesic defined in an open interval
containing zero, such that 7¢(0) = p and with tangent vector at p equal to £. Now,
if we set

DP={3€€Mp:OS5<cp(§);EEGP}

and
D, = expp(po),

it is known that exp, maps D, diffeomorphically onto D, (see Hicks [5]). We have

Theorem 1.1 (Riemannian Cramér-Rao lower bound) . Let U be an esti-
mator for a sample size k, corresponding to an n-dimensional regular parametric
family of density functions. Assume that the manifold M is simply connected
and that (P)y o U'(M~D,) = 0, VYp € M. Let us assume that the mean
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'squared Riemannian distance given by h,p, between the true density and an es-
timate, E (d*(U,p)), exists and that the covariant derivative of B can be obtained
by differentiating under the integral sign. Then,

{div(B) — E(div(A))}?
ke

E(dWU.p)) 2 + 1B,
where ¢ = ¥, 3 h*gap and div(-) stands for the divergence operator.

Proof: Let C be any vector field. Then, applying the Cauchy-Schwartz inequality
twice,

E((4-B,C)) < E(l4- Bl |[Cl) < VE (IA - BIP) VE(IIC]]?),

where (, ) and || || denote, respectively, the inner product and the norm defined
on each tangent space.

Let C(z;0) = grad(log px(x;8)), where grad(-) is the gradient operator. Tak-
ing expectations and using the repeated index convention,

E (ICI?) = E (hap h" 8, log puy h*02 l0g ) = k hags h¥hgys = k h™ g,
where éa = 0/00°. Furthermore, we also have
|E((4,C))| = |E((A~ B,C))| < E((A- B,C)|)
and
E (4~ BI?) = E(|AI®) - ||BI

Thus,

|E((4,C))] < VE(IAI1?) - | Bl? VEe,
but ||A||? = d%(U, p). Moreover,

div(B) = E(div(A)) + E ({(4,C)),

and the theorem follows. =
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Remarks. We can choose a geodesic spherical coordinate system with origin U(z);
under this coordinate system, we have

0A* ; 310g\/£7
— @ Al = [ = -2 VI
504 1 and Tg; A p g, 9 P,

where ¢ is the determinant of the metric tensor. Then

. dlog \/g
div(A) = -1 — p ——=,
iv(A) >

Now we can use Bishop’s comparison theorems (see Chavel [4, pp. 71-73 ]) to

dlog /g
dp

In the Euclidean case,

estimate

dlog\/jg n-1
dp p

and thus div(A4) = —n.
When the sectional curvatures are non positive, we obtain
dlog /g 5 "= 1
o0 ~ p’

and therefore div(A) < —n.
Finally, when the supreme of the sectional curvatures, X, is positive and the di-
ameter of the manifold satisfies d(M) < 7/2vK , we have

dlog /g
dp

20,

and then we obtain div(A4) < —1.
In any case, div(A) < —a, with ¢ = n or a = 1, depending on the sectional
curvature sign.

Corollary 1.2 . Suppose there is a global chart such that h,p = 8.3; identifying
the points with their coordinates, we have,
(div(E@)))’

M.S.E. (U) >
)2 kgss

+ (Bias(U))*,

where M.S.E. is the mean squared error.
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Proof: 1t follows sfraightforward by the previous theorem and the facts that d is
the Euclidean distance, A =U — p and div(4) = —n. "

Corollary 1.8 (Intrinsic Cramér-Rao lower bound) . Ifh,s = gap, we have

B (o, p) 2 B EAVAN, e

where p is the Rao distance.

Proof: If the Riemannian metric is the Fisher metric the distance is known by
Rao distance and ¢ = g*Pg,p5 = 6% = n. n

1.3 Global bounds

Whatever loss function is considered, it is well known that, in general, there is
no estimator whose risk function is uniformly smaller than any other. Therefore,
given an estimator, it seems reasonable, in order to measure its performance over
a certain region of the statistical model, to compute the integral of the risk and
then to divide this quantity by the Riemannian volume of the region considered.
In the following, we take the Rao distance as loss function and the Riemannian
metric as the Fisher metric. This is the Intrinsic Analysis framework.

Let B C M be a measurable subset, with 0 < V(B) < oo, where V is the
Riemannian measure. We denote the Riemannian average of the mean squared
Rao distance by :

E (p*U,p)) dV

/de !

the performance index obtained is a weighted average of the mean squared dis-
tance. This approach is compatible with a Bayesian point of view: a uniform
prior with respect to the Riemannian volume is a kind of noninformative prior
(see Jeffreys [6]). It can be shown (see Berger [2]) that, when the parameter space

R3(B) = k
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is a locally compact topological group, this Riemannian volume is a left invariant
Haar measure and it is unique up to a multiplicative constant. In any case, this
volume is invariant under any group that leaves the parametric family of densities
invariant. In the first part of the paper we derive lower bounds for this global
index on balls of radius R.

Another way to measure the global behaviour of an estimator is to consider the
maximum risk in a region of the parameter space. This is a minimax approach.
The last part of the paper is devoted to obtaining lower bounds for the maximum
risk.

2 Variational methods to obtain global bounds

As we shall show, variational methods can be used to obtain global bounds. A
previous study in this direction can be found in Cencov {3]. The idea is to consider
the integral of the local bounds for the Rao distance given above when the Rie-

mannian metric is the Fisher metric and on a submanifold W C M with boundary
oW C M that is

(8) = [ {IBI? + (div(B) +a)2} av,

where we take a = n if the sectional curvatures are non-positive and ¢ = 1 in the
other case. The above functional depends only on B and we can attempt to find
the C* vector field B that minimizes it. Since the minimum we obtain is in a
class of vector fields larger than that of C*™ bias vector fields, this method gives a
lower bound for the average of the mean squared Rao distance.

Lemma 2.1 . The C* field B minimizes the functional

¥(8) = [ {IBI? + -(div(B) + a2} v

iff it verifies

1
B - E—;grad(div(B)) =0, VpeW,

(1)
div(B)+a=0, Vpe W,
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and the minimum value is given by

a? a a?

* —_ _a_ 3 *
V" = vol(W) - %Z/aw 1Bl do = Z—vol(W) + - /W div(B*)dV, (2)

where B* verifies (1).

Proof: Consider the first variation §Y(B,n), where 7 is an arbitrary field. Then
it is easy to see that

Ei_r)% V(B + 5776) ~ Y(B) =46)Y(B,n) = /W <2<B,77) + ;—ndiv(n) (div(B) + a)) dv
and

(B +n)~W(B) = 6¥(Bim) + [ {Ilmll + - (divim)*} av,

thus the functional is strictly convex and the stationary point is a global minimum.
Now, the condition 6Y(B;n) = 0 is equivalent to

1 .. )
/W {(B,n) + Er—zdlv(n) (div(B) + a)} dV =0.
If we take into account that

div(fX) = fdiv(X) + (X, grad(f)), (3)
we obtain

El;l—div(n) (div(B) +a) = div (-k%n (div(B) + a)) — (grad (El-ﬁ (div(B) + a)) ,1)

- k—lrzdiv(n (div(B) + a)) — Elg(grad(div(B)),m.

We are able to write the stationarity condition as

[ B+ 7c%ouv (n(div(B) + a)) — lT;(gmd(div(B)),n)} v =0

and by the Gauss divergence theorem,

[ (B~ grad(@iv(B)),m) dV + 2= [ ((div(B) +a)n,v)do =0,
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where do is the Riemannian measure on dW. Then (1) follows from the fact that
the previous equality must be verified for any 7.

Now we see the second part of the proposition. By the first stationarity condi-
tion (1) and by (3), we obtain

|81 = o (div(B div(B")) — (div(B)?),
and, putting it in Y(B),
- _1_ : * 1 * 2 : *
y o= /W — (div(B" div(B")) + a* + 2adiv(B")) dV
a? 1

- Evol(W)%-k—n/aW(B div(B*) + 2aB*, v do.

Now, by the second stationarity condition in (1),
2

«_ 4 a *
Y= knvol(W) + P /8W(B , V) do. (4)
It is clear that 0 > div(B*) > —a, then since div(B*) = —a on W and B* =
grad(div(B*)) it turns out that (B*,v) = —||B*||. Finally by the Gauss divergence
theorem we obtain the second equality in (2). ]

Remarks. Note that the minimum value of Y(B) depends only on div(B*), and
that f* = div(B™) verifies the partial differential equation

Af =knf, with f(p) = —a, Vpe€ W, (5)

as is easy to check from (1).
We have solved this boundary-value problem in the case where W = Sg, a ball
of radius R, and constant sectional curvatures K.

Theorem 2.2 . When the parametric statistical model is a manifold of constant
sectional curvature K, we have the following lower bound for the average of the
mean squared Rao distance, in balls of radius R such that |[K|S%L(R) < 1:

Ry (502 - 12 SIBSER)
knf(R) /0 SEY(r)dr

, (6)
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where .
F(R) = aoi I {kn + 2/;552—.1)(n + 25 — 3)}5%(}%)
7=0 .7'(2)]4]
and (\/E )
sin t )
—75_ lfK > 0,
Sc(t)=4t if K =0, (7)
sinh(yv/—Kt) if K <.

Ny

Proof: By symmetry and uniqueness, the solution of the boundary problem in

SRa

Af =knf, with f(p) =—a Vp€& ISk, (8)

depends only on the distance to the center of Sg. Then, taking geodesic spherical
coordinates (r,u) with origin in the center of Sg, since \/g (r,u) = S¥™' Q(u) (see
Appendix), we have

1 d d 1 d(_.-14d
o = G (t) = 5 (13
We can then write ,
(= DZEF + " = knf.

K

Let v = Sk(r) and h(v) = f(Sg'(v)); taking into account that
fi(r) = Sk(r)h(v) and f'(r) = Sk(r)h'(v) + SK(r)h" (v),

we obtain

SE(r)h'(v)

(n—1) Se(r)

+ S(r)h'(v) + SE(r)h" (v) = knh(v).

Moreover, since

S2(r)+KSi(r)=1 and S¥(r)+KSk(r)=0,
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it turns out that
v(1 — Kv?)R"(v) + (n(1 — Kv?) — 1)h'(v) — knvh(v) = 0.
If we try h(v) = 32, a;v7, since
W) = Yo av™, Ko) = S ai(i - '™,
J=1 =2
we have
i a;5(j ~ 1"t =K i a;5(7 — o't + (n = 1) i a;j0" "t
=2 =2 =1
-Kn {2 a;jvit!t —kn i a7t =0,
J=1 =0
that is
(n — Day + (2(n — 1)az + 2a; — knag)v |
3 (a2l +2)(n +5) — aslbn + Ki(n +§ — 1)} *! = 0.

Jj=1
Now, if n # 1, then

kn+Kj(n+3-1)
(n+1)(7+2)

a1 =0 and aj4o = a;, 320

e iy (e + 20C(s = 1) 3
I {kn+2K(s - 1)(n +2s -3 :
h(v) = aojg0 A v
and ;
f(r) = ao 3 e hn 2 2Ms 220 20 = 9 gy
j=0 .7'('2')]41
where qg is determined by the condition f(R) = —a. It is easy to see that this series

is convergent iff [K|SZ(r) < 1. This is always true in the case of non-negative
sectional curvatures.
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Furthermore, we have to evaluate fs fdV. In spherical coordinates (see Ap-
pendix)

R n—1 d
fSR fdv = a.r(S)/O SE=Lf(r) dr,
Since (ST (r)f'(r)) = knSE ' (r)f(r), we find that

27/ n— y
SRde = WSIC "(R)f'(R)
and
a’® F(R)SF'(R)

,).7‘ = EEVOI(SR) 1-

knf(R) /0 " s (r)dr

Corollary 2.3 . When the parametric statistical model is an Euclidean manifold,
we have the following lower bound for the Riemannian average of the mean squared
Rao distance, on a ball of radius R:

ofi (3 + Mn“ﬁ)) , (9)

oFy ("'M)

21 4

R} (Sr) 2 (1—

where oF) (a;z) is a generalized hypergeometric function (see (16) of the Ap-
pendiz).

If the Fuclidean manifold M is complete and simply connected, we obtain the
following lower bound in the manifold:

. n
RY(M) = lim RE (Sr) > -

Proof: 1t is a particular case of the previous theorem with K = 0. The second
part of the proposition follows by taking the limit when R — oo in (9). [
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Example 2.4 . As an example, consider the n-variate normal distribution with
known covariance matrix X. Given a sample of size k, the Riemannian den-
sity of the mean squared Rao distance corresponding to the sample mean X is
R? (Sr) = n/k, which coincides with the previous bound.

In the case n = 1, the manifold is Euclidean and we can apply the previous
result; we obtain

y_1(,_ tanh(vkR)

2R~k " VkR )’

which coincides with the result already obtained by Cencov [3].

In fact, if we take a Cartesian coordinate system with origin p and try to solve

the variational problem for a cube with center p, Cp = {z : |z;| < R, i = 1,...,n},
we have to solve the Dirichlet problem:

n 2
Z%ﬁf = knf, with f(z) = —n if |z;| = R for some i =1,...,n.
If we try f(z) =3I, fi(z;), we obtain

Y e = K A(e), 3 AGER) = -

=1 i=1 i=1

Obviously, a solution is given by f(z) = ¥, g(;), with g such that

() kng(z), 9(£R) = -

The solution of the last equation is

cosh Vknz

9(z) = - cosh vVknR’

and then
", coshVknz;

Hz) =~ < coshvVknR’
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This provides the bound

(oo gl )
vol(CRr) k kn2?g(R)vol(CRr)
B ﬁ.(l— QnR\/Etanh\/EﬁR)
k 2kn?R
n
k

(1 B tanh \/knR)
vVknR ]’

which improves upon the result given by Cencov ([3]). By Corollary (1.2), we
can also give, in the general non-Euclidean case (fixed coordinate system), for the
mean squared error (M.S.E.), a bound of the form

n? (1 __ tanh MR)

2 >
RU(CR) = k’] \/ER

where 7 is an upper bound of y_5 ggs in Cg.
We can also give lower bounds to the general case

Theorem 2.5 . When the parametric statistical model is a manifold with sectional
curvatures bounded from above by K, then we have the following lower bound for
the average of the mean squared Rao distance:

a® fx(R)ar(Sr)
Ru(Sr) 2 (1 = T (B)vel(Sn) ) >0, (10)

where ar(Sg) is the area of the n-dimensional sphere of radius R, vol(Sgr) its
volume and fx(r) is the solution of the boundary problem in Sg, (8), on a manifold
of constant sectional curvature K.

Proof: Consider a geodesic spherical coordinates (r,u). Let f(r,u) be the solution
to the boundary problem (8) on a manifold with sectional curvatures bounded from
above by K. Let fx(r) be the solution to the same problem but on a manifold
of constant sectional curvature K, which, as we know, only depends on the radial
coordinate. Then,

62
A fx = \/_ar f;c) = 8—3 (log \/—

2 (o
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By Bishop’s comparison theorems we have

S’ 0
(n - 1)§% < E(Iog \/g)’
and, since
5,
a fx <0,
we have

Afc —kn fx < Axfe —kn fx =0,
with Ax the Laplacian for the constant sectional curvature case. Thus
Afc —knfx <Af—-knf=0.

Now, since fx(p) = f(p) = —a, p € dSg, we can apply the comparison theorem
for elliptic differential equations (see Rauch, [9, Theorem 6 p. 243]). We find that

f(p) < fx(p), p € Sr,
and, since equality holds on the boundary,

0

E (p) 2 g;f/C(P) p € 0Sg.

Finally, by (4) and (1),

@ « [ 8, @ fi(R)ar(S)
V' = g volor) + oo /asR arf 90 2 g vol(SR) (1 " kn f,c(R)vol(SR)) ’

and the proposition follows. ]

Remarks. Estimates for the volumes of balls given in the Appendix are useful to
give a final expression for these bounds. Note that if the sectional curvatures are
bounded from below by x and from above by K, by proposition (4.3), we have

ar(Sn) _ _SIMR)
vol(Sr) = [F Sni(r)dr’
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3 Lower bounds for the maximum risk

Even though we could use the Riemannian average of the risk to derive bounds
for the maximum risk, we can obtain sharper minimax bounds and more directly

Lemma 3.1 Let X be a smooth field on M such that div(X) < —a, let f be a
non-negative function on M and let W be a submanifold with boundary in M, then

af fav< [ fIXldo + [ 1X]lgrad(f)llav

Proof:
af fav < [ ((X,grad(f) ~ div(fX))dV
< [ IXNlgrad(£)IdV + [ fliX]ldo (11)
(12)
[ ]

Theorem 3.2 . We have the following lower bound for the local minimax risk of
an estimator U on W

2

sup E (p*(U,p)) > 2 7.
pEW ar(OW)
(vol(vm Vi)

Proof: By the previous Lemma if we take p = p)(z;8), X = exp™!(U), by
integrating (11) with respect to du and by Fubini’s theorem, we have

[, VEUAPBVEICIaY + [ E(lal)d
\/EE/W\/ (Al dV+/aW\/ (1A[?)do. (13)

2 a vol(W) :
ESV%E (“A“ ) 2 (ar(BW) + \/k—nvol(W)) '

a vol(W)

IN

IA

Thus
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If the Euclidean manifold M is complete and simply connected, we obtain the
following lower bound over the manifold:

2
2 - T 2 L (n+2)
RU(M) - }%I_I;EORU (SR) =4 k (n+ 1)2'
Proof: Since
o/ 2pm
VOI(S,-) = m,
we have
R {r/2 gr+2 1/2
el = (n(n ey r(n/z))
and
R 27rn/2Rn+1
r dr = 3
/o vol (5r) dr n(n +1)I'(n/2)
then
2
n({n+2)R 9
0< <R, (Sr).
{(n+1) (n+2+2\/knR) } < Rut, (Sr)
We derive the second statement taking the limit when R — oo. =

Remarks. Example (2.4) shows that the bound obtained here is worse than the
variational one if R goes to infinity, but it is better if R goes to zero:

4

lim .
R—0

\

n
z(l‘

oF1 (121'-i-1;k—"f£))W

ofF (%, knfz) _(n+1)? -1
n?(n + 2)*R? T nn+2) " 7

(n+ 1)2(n + 2 + 2VEknR)?

J

Remark. Note that global bounds for the average of the mean squared Rao
distance also provide bounds for the local minimax risk in an obvious way. It can
be shown these last bounds are sharper than bounds provided by the variational

methods.
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4 Appendix

4.1 Comparison theorems and volumes

We can use Bishop’s theorems to obtain the volume of a ball of radius r in a
Riemannian manifold whose sectional curvatures are constant and to give bounds
for this volume when the sectional curvatures are bounded. We have the following
propositions:

Proposition 4.1 . If the sectional curvatures are constant and equal to K, the
volume of a Riemannian ball of radius r and center p € M is given by

opm2 pr i
vol(s,).—_mfo SNt dt.

Proof: We have .
vol( S, =/ du dp,
(5= | Ju (s,,)\/?’ p

where S, is the unit sphere in M,. On the other hand, by Bishop’s comparison
theorems, when the sectional curvatures are constant,

a%log Volou) = (n -1 3E ()

sin(v/Kt)

with

_\_/_k:—— if £ > 0,
Se(t) =1 t if K =0,
silh(V=KY ik <o,

VX

Then, integrating this expression, we have

vV 9(p,u) =S¥ Qx(u).

However {2 does not depend on K. In fact

g VI
p=0 p"=10(u)
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where Q(u) du is the area element of the unit sphere in a Euclidean manifold and,
since
S
lim == =1,
=0 p
we conclude that Qx = . Thus, we may write

vol(S,) = [ Quwdu ["SE () dp,

§1(Sa)

and finally,

Proposition 4.2 . When the sectional curvatures are constant and equal to K and
IK|S%(r) < 1, we have the following expression for the volume of a Riemannian
ball of radius r:

vol(s,)=_2’fi.s;(r {1+§: nl(j + %) ICiS?cj(r)}. (15)

n(n/2) Vv ( n+2]) 7!

Proof: From the previous proposition,
R/t pr
(S) = o [ Sz (1) dt.
VO( ) F(n/?) o K ( )
Then, since by the definition of Sk,

{8k} + K{Sc(t)}* = 1,
and, making the change y = S2(¢)/S%(r), we have

1

r 1 ._ L
[ st e = 5850) [ 7P (1 - KSkrw) T dy.
0 0
Moreover, there is a relationship between integrals of this kind and the generalized
hypergeometric functions. These functions are defined by,

= (a1)j - (ap); 2

PFQ(al)"-vp;bla-"7bq;z):Z (bl) (b) ]" (16)
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where (a); = a(a+1)---(a+7—1) and z is any complex numberif p < ¢, ||2|| < 1
if p=q+1 and they diverge for all z # 0 if p > ¢+ 1 (see Abramowitz [1]). The
relationship is the following:

1
2Fi(a,bic;z) = / $-1(1 = ¢)°0"1(1 — tz)=° dt, Re(c) > Re(b) > 0.
0

This leads to

r NG n n
| s,'e*l(t)dt%sz(r)F—(f;%zm (352 ksum) =
1

PSKOFm 2

7=0 %+] ]'

and the proposition is proved. ]

Proposition 4.3 . Let vol(S,(p)) be the volume of a ball with center p and radius
r, on a manifold with sectional curvatures bounded from below by k and from above

by K. Then

vol,(S,) > vol(S,(p)) > volx(S,),

where vol.(S,) and volk(S,) are, respectively, the volumes of balls of radius r and
arbitrary centers on manifolds with constant sectional curvatures k and K.

Proof:  If we integrate, from pp to p, the inequalities in Bishop’s comparison
theorems, we obtain

sn-() g(p, u )>s"-()
STT0) = ol w) - SE ea)

Moreover,

) Sn 1 Sn 1
lim 1/ g (po, u S,,_ > V9lp, u) 2 lim\/g(po,u Sn_ ’
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and, since
g(po,u) g (po, v
im Y2y Y2 g
N S () S S i) )

we conclude that

S 7 (P)Rw) 2/ g (py u) 2 SETH(P)Qw).
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