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1. Introduction. 

We begin by describing the model under consideration. Let .!I= { (m,n) e i 2 : m+n_ · 

is even } and make .!I into a graph by drawing an oriented arc from each z e .!I to z + 
(1,1) and to z + (-1,1). Each arc, also called a bond, is independently open with 

probability p and closed with probability 1-p. An open bond indicates that flow is allowed 

in the direction of the orientation. With this in mind, we write x -+ y (and say y can be 

reached from x) if there is an open path from x toy, i.e., there is a sequence of sites in .!I, 

x = x0, x1, ... xn = y, so that for each m ~ n the arc from xm-l to xm is open. 

Thinking of the vertical direction as time we set 

e! = { j : fo! some i e A (i,O) -+ (j,n) }. 

e! is a set-valued Markov process often referred to as the "discrete time con ta.ct process." 

The superscript A denotes the initial state, i.e., e~ = A. Let 

,_A = inf { n : eA = ~ } . n 
be the time at which the process dies out, i.e., reaches the absorbing state (j>. Let 

Pc = inf { p : P( To= ao) > o }, 

where TO is short for T{O}. Let 

c0 = { (x,n) : (0,0) -+ (x,n) } 

· be ~he cluster of the origin. It is easy to see that { · I c0 I = CD } = { To = CD } , where I c0 I = 
the µumber of sites in c0. So the definition of Pc given above coincides with the usual one 

' . 
for oriented bond percolation. See (4] for more details. 

We will now begin to define our correlation lengths: We need one for the time and 

one for the space direction. Following the practice in the physics literature, we will call 

these parallel ( •) and perpendicular. (.L). For each correlation length we need a definition 

for the subcritical ( p < Pc ) and supercritical ( p > Pc") regimes. To formulate our . 
' definitions we need an argumen\ which appears many times in the literature and is 

commonly known as 118Upennultiplicativit71''. Suppose A
0 

are events with 
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H we let. an = - log P(An) then 

an+m 5 an + am. 

~n easy argument. (see [4] p.1017) shows 
\ 

\ 

' 
anfn--+ inf am/m, 

m~l 
and if we use 'Y to denote the right-hand side then 

P(An) 5 e-711 for all n. 

DEFINITION 1. 'Since I{~ I ~ 1 on{~ f. ~ it follows easily that 

P( To ~ n+m I To ~ m ) ~ P( To ~ n ), 

so "supermultiplica.tivity" implies 

{1.1) 'Y.(P) = l im [-¼ log P{ To~ n)] 
n--+m 

exists ~or all p. For more details seep. 1017 of [4] where it is shown that "Y.(P) > 0 for 

p < Pc· Let L.(P) = 1/7.(p) for p < Pc• We use L instead of the traditional { for 

correlation length since we use that letter for the contact process. 

DEFINITION 2. Let r~ = sup {~ and RO = sup{ r~ : n ~ 0 }. By considering the 

state of the process when it first reaches [n,m) we see 

P( Ro ~ n+m I Ro ~ D ) ~ P( Ro ~ m ), 

so "supermultiplicativity" implies 

(1.2} 'YJ. (p) = !!.1: [-¼log P( Ro~ n) ] 

exists for all p. The limit is positive for p < Pc because 

P( Ro ~ n ) s P( To ~ n ). 

(In order to reach [n,m), the process must live for n units of time.) Let LJ. (p) = lhJ. (p) ~or 

· p < Pc· To see the relationship between (1.1) and (1.2}, let a;= { (ij) : j = n } and H~ = 
{ Qj) : i = n }, and observe that 
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{ To ~ n } = { c0 n H; ; <P } , 

{ Ro ~ n } = { c0 n H~; <P }. 

DEFINITION 3A. The traditional way to extend Definition 1 top > Pc is to look at, 

( 1.3) . 7
1 
(p) = I i m [-½ log P ( n ~ To < m ) ] , 

n~m 
and let L

1
(p) = 1/r,(p). This time we cannot use "supermultiplicativity1' and it is not so 

easy t~ prove that the limit exists. This was done in Ill] using ideas from [2]. In this paper 

we will prove the existence of the limit by relating it to a second definition in terms of the · 

dual percolation system introduced in [3], [9], and (10]. 

_,· Follow_ing [5] we define a dual graph by letting ~ = { (m,n) e z2: m+n is odd} 

and drawing oriented bonds from (m,n) to (m-1,n+l) and to (m'-l,n-1). Define the new 

bonds to be open (resp. closed) if the bonds that they cross on the original graph are closed 

(resp. open). We complete the dual by drawing bonds which are always open from (m,n) to 

(rn+l,n+l) and to (rn+l,n-1). This corresponds to the fact that on the original graph the 

bonds from (m,n) to (rn+l,n-1) and to (m-l,n-1) are open with probability 0. 

' To s~ that the dual is a natural object, suppose that c0 is finite, let D := { (x,y): ' 

Ix I+ I y I S 1 } with the boundary oriented in a oounterc!ockwise fashion, and let 

W= U x+D. 
xeC(O) 

. If we add up the boundaries of the squares _in the union allowing oppositely directed 

segments to cancel, then the result is a family of open paths on the- dual. The one which is 

the boundary of the unbounded component of we is usually called the contour associated 

with the finite cluster c0. See Section 10 of [4] for more details. 

In what follows we will need several facts like the following: c0 is finite if and only 

if there is a dual path from (1,0) to (-1,0) in IR x (O,m). This fact and the others we will use 

below are not bard to prove using ideas in the last paragraph. If c0 is finite, the contour 

contains such a path. To prove the other direction suppose that the dual path ir is 



self-avoiding and observe that. when a path from the origin first crosses r that bond is 

closed. A complete account can be found in Section 2 of [5). Therefore when such facts are 

needed below we will just say that they come from "planar graph duality." 

DEFINITION 3B. Returning to our main subject we let 

{1.4) f.(p) = ·lim [-Jo log P( (m,O) ~ (m,2n))], 
D➔ ao 

wh~r: x·~_Y means there is a dual path from x toy, and let L~(p) = 1/'Y.(p) for p > Pc• 

11<,ui,;,.multiplicativity" Implies that the limit exists. In Section 2 we will show 

(l.:>) 1.(P) = 2 f.(p) > 0. 

Remark. In the companion paper [7), we introduce a third definition L!(P) which is 

' the analogue of the definition in terms of sponge crossings for oriented percolation. 

We turn now to definitions for the perpendicular correlation length. 

DEFINITION 4A. By analogy with definitions 1,2, and 3A we can set 

(1.6) _ 'YJP) = Jim [-½ log P( RO~ n, rO < oo)] . 
n➔ oo · 

Using the "duplication trick" in (2) one can show that the limit exists but the proof is 

tedious so we omit it. The absence of a superscript here (and in 3A) indicates that we 

consider this to be the natural definition. 

DEFINITION 4B. As in the case of definition 3A, there is a second definition in 

terms of the dual process which is easier to work with. Let 

(1.7) - -y~(p) = I im ( -k log P( (1,0) ~ (-2m+,l,O))) , 
· D➔ oo 

and let L~(p) = 1/'YJ..(p) for p > Pc· As in Definition 3B, "supermultiplie.s.tivity" implies 

-l?_(p) exists. If we notice that (-2m+l,O) l (1,2m) has probability 1 it follows that ~(P) 

~ f. (p) > O. In Section 3 we will show 
' 
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· (1.8) For any 6 > 0 there are c,C E (O,oo) so that 

c exp{~2+6)~n) SP{ a0 ~ n, r0 < oo) S C{n+l)exp(4~n). 

Using the fact that the limit _in (1.7) exits this implies 

(1.9) 1~{p) S 1.L(p) ~ 2~(p) for P > Pc• 

DEFINITION 4C. It is known (see [4], Section 8) that if we start the contact 

process with all sites occupied then as n ... ai, ~i! converges in distribution to a limit which 

has the same distribution as T/ = { x e 21: ,,X = ao }, ,,X being short for T{x}. Let TJ(y) = 1 

if y e T/ and O otherwise, and 

Cov(TJ(O),TJ(x)) = P( O,x E T/) - P( 0 e fl} P( x E fl} 

which is ~ 0 by Harris' inequality. In Section 4 we will show 

(1.10) For any 6 > O there is a constant C > 0 so that 

C exp(~2+6)~x) S Cov('l(O),TJ(x)) S exp(-t:x). 

Tightening up the bounds in (1.8) and (1.10) to remove the factor of 2 difference between 

the exponents seems like a difficult problem. Indeed, we do not have a good feeling for 

which (if any) of the inequalities is sharp. 

In the above discussion we have been careful to point out that the correlation 

lengths are all known to be finite when p; Pc• In 16] it is shown that they all diverge asp 

approaches Pc and bounds on the associated critical exponents are given. In the case of 

Definition 2 we can show that if v.L exists then is at least 4/7, which is greater than the 

mean field value 1 /2. 

'. 
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2. The proof of 1.(P) = 2f.(p). 

We begin by observing that 11supermultiplicativit.y11 implies that. 

(2.1) . \ 'f.\ = Ii m [-Jn log P{ (1,0) ~ (l,-2n) in [-a,a) IC R } ] 
' . n .. 111 

exists. A simple argument. of J. Chayes and L. Chayes (see [5], Lemma 2) implies 

(2.2) . D 1. D r. = 1m -r. a· 
&-too I 

We give the proof since it is short and we will need two related results below. 

Proof of (2.2):First observe that a .. f.,a is decreasing. Let An,a. = { (1,0) ~ (l,-2n) in 

[-a,a) IC R }, let 6 > 0, and pick n large enough so that 

exp(-{ 1~ +6)2n) S P(An) 

WUhn fixed 

11Superm1.1Jtiplica.tivity11 implies 

P(An,a> S exp(--f!,a.2n) 

Combining the last three equations gives 

,f.+6~ Jim 7~ a 
a➔ oo I 

which proves the desired result. 

For the next result recall that if r
0 

= sup ei 0,-2,-4, ... } then there is a constant. 

o(p) so that rufn -t o(p) a.s. as n.-t oo, and Pc= inf { p: o(p) > 0 }. See (4], Section 3 for· 

a proof. ID Section 11 of that paper it was shown that if p > Pc then 
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(2.3) 

., 
1" 

Ii m [-} log P{ rn SO } ] = -{. > O. 
n➔ ao 

We did not mention this definition in the introduction ~use 

(2.4) 

.. 
Proof: To prove that the limits in (2.1) and (2.3) are equal it suffices to consider what 

happens when ·n = 2m. Planar graph duality implies 

(2.5) { r2m S k} C {.(1,0) ~ (k+l,2m) in It 1e (0,2ml} 

from whiqJ it follows immediately that r~ ~ f.. To prove the opposite lnequ~ty let a be 

an odd positive integer and let 

Am= { (a,0) ~ (a,2m) in [0,2a] x R} 

Bm = { (2a-l,2m) ~ _(2a-2,2m-1) ~ (2a-3,2m) ... ~ (1,2m) } 

Since we can always go (1,0) ~ (2,1) ~ (3,0) ... ~ (2a-l,0) it follows from (2.5) that 
\ 

· Fof; largem 

and we always have 

{ r2m S O } J Am n Bm. 

- P(B ) = (l-p)2a-2_ . m 
Using Harris' inequality now gives 

P( r2m ~ 0 ) ~ P(Am)P(Bm) 

so 

J 

.,.. 
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Since 6 > 0 and a < m are arbitrary the desired result. follows from (2.2} and the proof is 

complete. 

Proof: Planar graph duality implies that on { 0 E e~ , r0 = 2n } there are dual paths from 

(1,0) to (0,2n+l} and from (0,2n+l) to (-1,0) which only have (0,2n+l) ii;i common. 

Noting that (-1,0) ! (0,-1) and (0,-1) ~ {1,0) have probability 11 and using the van den 

Berg-Kesten inequality gives 

P( 0 E e~n, r0 = 2n) ~ P{ (0,-1) ~ (0,2n+l) } P{ (0;2n+l) ~ (0,-1) }. 

The two events on the right-hand side have t.he same probability by symmetry so it. 

follo·vs from "supermultipli_cativity" that . 

P( 0 e ~n : r0 = 2n ) ~ exp( - 2,P. (2n+2)), 
-

and we have shown 

To prove the opposite inequality let a be an odd positive integer and let 

An= { {2a+l,0) ~- {2a+l,2n) in ( a, 3a+2} IC R} 

Bn,,,; { (-2a-l,2n) ~ (-2a-1,0) in (-3a-2,-a) IC R} 

C11 = { (3a+2,2n} ~ (3a+l,2n+I) ~ (3a,2n) ... ~ (-3a-2,2n) } 

Dn = { (0,0) ... (0,2n) in (-a,a) IC (0,2n) } 

E0 = An n Bn n en n D0 
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Since (1,0) ~ (2,1) ~ (3,0) ... ~ {3a+2,0) and (-3a-2,0) ~ (-3a-l,l) ~ (-3a,O) ~ ... ~ (-1,0) 

have probability 1, planar graph duality implies 

{ 0 e (~n , r0 = 2n } J ED 

(See Figure 2.1.) Independence of events in disjoint regions of the plane and harris' 

Inequality gives 

P(E0 ) = P(A0 n Bn n Cn} P(Dn} ~ P(A0 ) P(Bn) P(C0 ) P~D0 ). 

If 6 > O and n is large 

For all n 

P(Cn) = (1-p)6a+4. 

To handle 0
0 

we observe that "supermultiplicativity" implies 

(2.7) 7k = I im [-hlog P{ (0-,0) ➔ {012n) In (4,k) "R}) 
n➔ c» 

exists for _:1 S k S ao, and the argument which lead to (2.2) implies· 

(2.8} 'T. = lim ,,,,, 
QO k➔ OII 'K 

To show 'T. = 0 we observe that Harris' inequality and symmetry imply 
QO • 

so 

. . . 
P{ (0,0) ➔ (0,2n} } ~ P{ (0,0) ➔ (0,m)x{2n} } P( (0,co}x{O} ➔ (0,2n)} 

~ ( P{ {~ 'I (j) }/2 )2 ~ ( P(UJ/2 )2. 

Combining the observations in the last paragraph we see that if n is l~ge 

P( DD)~ exp( -<1a+6) 2n), 

-10-
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limsup -J log P(En) ~ 2,P. a + 'Ya+ 6. 
n-+oo ' 

Since 6 > O and a<"' are arbitrary, it follows fr~m (2.8) that we have proved the desired 

result. 

(2.9)Lemma.Forp>pc lim (-¼logP( r0=n)) =2f.. 
· ' D➔ oo 

Proof: Note that P( To = n ) ~ P( o e {~ , TO = n ). (2.6) implies 

li~~P ( -Jo log P( r
0 = 2n ) ] 5 2f.. 

To extend the result to odd times observe that 

since if we take an outcome in { x e {~ , .,o = n } and change the state of (x,n) .... 

. (x+l,n+l) from closed to open then we have x e {~ and {n+l .= {x+l}. Taking x = 0 

and n an even integer, we have 

80 limsup ( -¼ log P( r0 = n ) ] 5 2f.. 
n➔IJ) . 

To prove the opposite inequality we need to consider 

{~x,m) = { y: (x,m) ➔ (y,n) }. 

Translation invariance in time and space gives 
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• ., 

by (2.10) and reflection symmetry. Another use of (2.10) now gives 
. ..0 { 2 00 2 

P{ ~2n+2 = O} ) ~ {p/1-p) P{ x E en, r = n) . 
0 .• 

The Caci iha.t {n c { -n, ... n } implies , 

( 0 0 1 0 
max p X E {D I T • = D ) ~ 2n+ l P( T = D ). 
lxl!n 

So we have 

or 
P{ To= .n) < 2n+l P( 0 E ,o r0 :; 2n+2 ,112 

- p ,.2n+2' 

ai.<! tLe proof of (2.9) is complete. · 

-· The last step is to show 

(2.11) Lemma. For p > Pc lim [-¼log P( n ! TO< (I))]= 2 ,f.. 
0➔ (1) 

Proof; Since P( n ~ TO < (I)) ~ P( r0 = n ), half of the result is an immediate consequence 

of_ (2.9). To prove the other half observe that (2.9) implies that if 6 >. O then for m ~ m
0

( 5) 

P( To = ~ ) ~ exp( - (2 ,f. - 6) m ). 

Summing the geometric series from m = n to (I) gives the desired result since 6 is arbitrary. 

(Sticklers for deiail should note that (2.3) and (2.4} imply ,f. > 0.) 

' 

, I 

,/ 
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3. The proof of i?_ ~ 1.1 ~ 21}_. 

In this section we will prove (1.8). Half of the proof is easy because the work baa 

8:'ready been done. An imm~iate consequence of Lemma 4 in (5) is 

(3.1) Suppose p > Pc· There is a constant C so that if m ~ 0 then 

P( (1,0) ~ { -m+l } x R) ~ C(m+l)exp(~m) 

Planar graph duality and symmetry imply 

; 

from which it follows that 7.1 ~ -/}_ . . 

To prove the other inequality we.have to do a little work. As in Section 2 we begin 
by observing that "supermultiplicativity" implies that 

(3.2) {1_ a= l I~ [-ln log P{ (1,0) ~ (-2n+l,O) in R x ~,a) } ) 
' D➔m 

- \ 
~sts, and the Chayes' argument implies 

J 

(3.3) 

• Next definer~ to be the right most ~it.eat time tin the process starting from {O}, 

i.e., r~ = sup (~. Let ~ ,;,. inf {~. From [4)~ ~ection 3, we know ihat _ 

_ (3.4) 

-
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and o(p) > O if p > Pc· Let , > O, r = (m/0)(1+,)1 r =Rx [r,r+~a], and let 

A = { m ~ r~ S m(l+2f) } 

B = { l~ 2 -m(l+2t)} 

\ 

C = { (m(1+2,}+2a,r+a) ! (-m(l+2t)-2a,r+a) in r }. 

A look at Figure 3.1 shows 

· P( a0 > n, r0 <CD) ~ P( An B n c) = P( An B )P(C) 

by the independence of events based on disjoint regions of the plane. (3.4} implies that 

when mis large P( An B) 2 P( r0 = m )/2. (3.1) and translation invariance imply 

P(C) ~ exp(-2(l+t)(71;} a+h) 2m) 
.L' 

I 

for large m. Since 6, f > O and a < m a.re arbitrary, the proof is complete. 

. \ 

J 

/ 
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4. Bounds on Cov('l(0),'l(x)). 

In this section we will prove {1.10). We will prove the second inequality first. It is 

based on ideas in [2). Let C(x) denote the set of sites which can be reached from (x,0). 

Then '\ 
. '•, 

(4.1) Cov('l(O),'l(x)) = P( TO< 00, ?- < 00 )- P( TO< 00 )P( ?- < 00) 

= P( To< 00, ?- < 00, C(O) n C(x) = ~) - P( To< 00 )P( ?- < 00) 

+P{ To< 00, ?- < 00, C(O) n C(x) # ~) 

.. 
On { TO< 00, ?- < 00, C(0) n C(x) ==<Ji} there are two disjoint sets of bonds which < ... 

determine { TO < 00} and { .,:X. < 00 }. (Readers who worry that the two dead cluste~~could 

share some boundary bonds should note that the closed bonds which block percolation·from 

0 must begin in C(0).) Since the events in question are decreasing, an application of the 

van den Berg-Kesten inequality gives 

P( r0 < CD, ?- < CD , C(O) n C(x) = <I>) s P( To < CD ) P( .,:X. < CD), 

and we have 

· Cov(t'/(0),t'/(x)) SP( To< 00, .,:X. <CD, C(0) n C(x) # ¢, ). 

Planar graph duality implies that the last probability is bounded above by 

P( (x+l,0) ! (-1,0) ) S exp(-~x), 

br "supermultiplicativityt' . so we have proved half of ( 4.1 ). 

To prove the other inequality notice that if :, is the collection of finite sets of sites 

and '/ c :Y then 

-15-



(4.2) Cov(77(O),77(x)) = P( To< Cl) )P( ?- =Cl!') - Pf To< oi, ?- =Cl)) 

= E . P( C(O) = S ) { P{ ?- = Cl) ) :- P((x,O) percolates in Sc ) } ~y . 
= E P( C(O) = S ) P( (x,O) only percolates through S ) 

SEY 

~ P( C(O) e 'I ) min P( (x,O) only percolates through S ) 
se1 

The next step is to choose a good 'I . Let r = (x/20)(1+2,) and 

1 = { S: ISi < m I P( C(O) = S) > o and Sn [x/2,cx,) • {r} # 4>} 

From the proof of. (1.8) it follows that if 6 > 0 

(4.3) P( C(O) E 1 H cexp(-(~+~x) 

To force (x,O) to percolate through S e 'I , we let 

p = i + (x/2)(1+3<) 

~ = x - (x/2)(1-,) = x/2 - rx/2 

A= { r~ Sp, l~ S ~} 

r = I x/2 - a i p + a 1 II I r, T + 2a ] 

B = { ( p+a , T+a) ~ ( x/2 - a , T+a ) in r } 
C = { process starting with t; occupied at time r percolates}. 

See Figure 4.1 for help wi~h the definitions. To make :O and C independent we want x large 

enough so that x</2 ~ 3a. From the definitions above it should be clear that if S e 'I then 

(4.4) ~( (x,O} only percolates through S) ~ P(A)P(B)P(C). 

~ -16-
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· (3.4) implies that P(A) ~ P( r0=m)/2 for large x. P(C) = P( r0=oo). As for the other term 

observe that if 6 > 0 and x is large 

P(BH exp(-( f. 
3
+6)(x(l+,}+2a)) ~exp(-(/> 

3
+6)(1+4,/3}x) ~. ~. 

since we chose x so that xt/2 ~ 3a. Combining (4.2)-(4.4) with the bounds on P(A),P(B), 

and P(C) just derived gives 

Cov('l(O),r,(x)) ~ c' exp(-(,1?,a+6)(2+4t/3)x) 

Since the last. result holds for large x whenever t,6 > 0 and a < ao, the desired lower bound 

follows from (3.3). 

. I 

/ 

-17-



REFERENCES 

[1] J. van den Berg and H. Kesten {1985) Inequalities with applications to percolation and 
reliability. J. Appl. Prob. XX, 556-569. 

· [2) J.T. Chayes, L. Chayes, G. Grimmett, H. Kesten and R.H. Schonmann (1988) The 
correlation length for the high density phase of Bernoulli percolation. Preprint. 

[3] D Dhar, M. Barma, and M. Phani (1983) Duality transformations for two dimensional 
directed percolation and resistance problems. Phys. Rev. Letters 4_1, 1238-1241 

[4) R. Durrett (1984) Oriented percolation in two dimension. Ann. Prob. 12, 999-1040. 

~t) !l . Durrett and R.H. Schonmann (1988) Contact process on a finite set, II. Ann. Prob. 
16, No.4, to appear. 

[6] R. Durrett, R.H. Schonmann, and N.I. Tanaka (1988) Contact process on a finite set, 
III. Preprint. 

[7) R. Durrett, and N.I. Tanaka (1988) Scaling theory for oriented percolation. Preprint. 

[s) T. Harris (1960) A lower bound for the critical probability in certain percolation 
processes. Proc. Camb. Phil. Soc. 56, 13-20. 

(9) s .. Redner (1981) Percolation and conduction in a random resistor-diode network. J. 
Phys. A 14, 1349-354. • 

(10] S. Redner (1982) Directed and diode percolation. Phys. Rev. B 25, 3242-3250. 
I • 

[11] N.I. Tanaka (1988) Scaling theory for oriented percolation. Ph.D. Dissertation, 
Cornell Univ~ity. -

-18-



RELAJQRIO JECiiICO 
DO • 

DEPARTAME[ffO nf ESTATISTICA 

liTULOS PUBLICADOS EM 1987 

. 8701·- ACHCAR, J.A. & BOLFARINE, H~J Constant~ Against.! Change-

~ Alternative1 ! Bayesian Approach ?!!,!h Censored 

Sao Paulo, IME-USP, 1987, 20p. 

&792 - RODR~GUES, J., ~ Results S Restricted Bayes~ Squares 

Predictors. 1.,Qr !..!.!!!ll Populations, Sao Paulo, lME-USP, 1987, 

16p. 

f703 - I,ErrE, J.G., BOLFARINE, H. a RODRIGUES, J.J Exact Expressionfcr 

the Posterior~ .2f ~ Finite Population Size1 Capture-~­
capture Sequential SamP,l:iJ!9,, Sao Pau~o, IME-USP, 1987, 14p. 

870. - RODRIGUES, J., BOLFARINE, H. 1 LEITE, J.G.J ! Bayesian Analysis 

.!E ~ ~ Populations from Capture Recapture ~­

ments ~ Trap Response, sio Paulo, IME-USP, 1987, 2lp. 

8705 - PAULINO, C,D.M. 1 Analysis ~ Categorical Data ~ ~ and ~ -­

ful Classification: A~ ot ·1hi! Conditional Maximum 111-
kelihood BM Weighted ~ Squares Approaches. Sao . Paulo, 

··1ME-USP, 1987, S2p. 

8706 - CORDEIRO, G.M. & BOLFARINE, H.1 Prediction~.! Finite Popula 
tion under.! Generalized~ Model, Sao faulo, 

1987, 2lp • . -
IME-USP, 

8707 - RODRIGUES, J. a BOLFARINE, H.J Nonlinear Bayesian Least-§guares 

Theory~ the Inverse Linear Regression, Sao Paulo, IME­
USP, 1987, lSp. 

8708 - RODRIGUES, J. I BOLFARINE, H.J ~Note~ Bayesian Least-§guares 
Estimators of Time-Varying Regression Coefficients, sio Pau­
lo, IME-USP, 1987, llp. 

. -

r 
I 



8709 - ~CHCAR, J.A., BOLFARINE, H. l RODRIGUES, J.J Inverse Gaussian 

Distribution:~ Bayesian Approach, Sao Paulo, IHE-USP, 1987, 

·2op. 

871.0 - CORDEIRO, G.M. l PAULA, G,A. 1 Improved Likelihood Ratio~ 

8711 

tics for Exponential Family Nonlinear Models, 

IME-USP, 1987, 26p. 

Sao Paulo, 

SINGER, J.H.1 PERES, C.A.& HARLE, C.E.: Q!!. the Hardy -Weinberg 

EquilibriW11 in Generalized ABO Systems, Sao Paulo, IME-USP, 

1987, 16p. 

8712 - BOLFAJUNE, H. 1 RODRIGUES, J.: ~ Review and Some Extensions ~ 

Distribution Free Bayesian Approaches for Estimation 

Prediction, .sao Paulo, IME-USP, 1987, 19p. 

8713 - RODRIGUES, J., BOLFARINE, H. & LEITE, J.G.: ~ Simple Nonpara-

. metric Bayes Solution _!2 the Estimation of the Size of ~ 

Closed Animal Population, Sao Paulo, IME-USP, 1987, llp. 

~714 • BUENO, v.c., Generalizing Importance .2f Components for Mul-

tistate Monotone systems, Sao Paulo, IME-USP, 1987, l2p. 

·- 8801 - PEREIRA, C.A.B. : I WECHSLER, s. 1 On the Concept Q! f_-value,- sio 

Paulo, IME-USP, 1988, 22p. 

··" 

8802 - ZACKS, S,, PEREIRA, C.A.B. & LEITE, J.G. J Bayes Sequential fil!_­

timation ~ the Size of~ Finite Population, Sao Paulo,IME­

USP, 1988, 23p. 

8803 BOLFARINE, H., Finite Population Prediction Under Dynamic ~­

neralized Linear Models, Sao Paulo, IME-USP, 1988, 2lp. 

aBo, - BOLFARINE, H,1 -Hinimax Prediction in Finite Populations, 

Paulo, IME-USP, 1988, 18p. 

Sao 

8805 SINGER, J.M. I ANDRADE, D.F,1 On the Choice of Appropriate Er­

~ Terms for Testing the General Linear Hypothesis,!!! Pro­

file Analysis, Sao Paulo, IME-USP, 1988; 23p. 

8806 - DACHS, J,N.W. I PAULA, G.A.; Testing~ Ordered~ Rations 

_!!l Follow-~ studies with Incidence Density Data, Sao Paulo, 

IME-USP, 1988, 18p. 

1107 • CORDEIRO, G.M. I PAUIA, ·G,A._1 Estimation, Significance . Te:;ts 

and Diagnostic Methods for the ~-Exponential Family Non­

.!!!!£.!! Models, Sao Paulo, IME-USP, 1988, 29p. 



I: 

l 
i.. 
,• I . 

. ; 

•1 • ,I t' '1 f •• • • 

i. 

8808 - RODRIGUES, J. I ELIAN, S.N.J !!!! Coordinate - Free Estimation 
!!! !'.!!!!.!! Population Sampling, Sao Paulo, IME-USP, 1988, Sp. 

8~09 - BUENO, V.C. I CUADRADO, R.Z.B, 1 ~ ~ Importance £! Cl:rlpalents 
for ~ontinuous structures, Sao Paulo, IME-USP, 1988, l4p. 

8810 - ACHCAR, J.A., BOLFARINE, HI PERICCHI, L.R., ~ Applications 
2f Bayesian Methods ~ Analysis 2!. ~ Data, Sao Paulo, D!E­
USP, 1988, JOp. 

8811 - .RODRIGUES, J., ·~ Bayesian Analysis£! Capture-Recapture Expe­
riments for!~ Animal Population, Sao Paulo, IME-USP, 
1988, lOp. 

8812 • FERRARI, P.A.J Ergodicity for Spin Systems, Sao Paulo, IME-USP, 
. 1988, 2Sp. 

8813 - FERRARI, P.A. I MAURO, E.S,R. 1 ~ ~ !£ Combine Pseudo-Ran­
dom Number Generators Us~ Xor, Sao Paulo, IME-USP, 1988, 
lOp, 

8814 - BOLFARINE, H. I RODRIG!,JES, J o1 Finite Population Pr, diction U_u-
der ! ~ Functional .Superpopulation Model ! 
Perspective, Sao Paulo, IME-USP, 1988, 22p, 

Bayesian 

88.15 - RODRIGUES, J, I BOLFARINE, H.; ~ -Note E!!_ Asymptotically Unbia..: 
~Designs~ survey sampling, sio Paulo, IME-USP, 1988, 
6p. 

8016 - BUENO, v.c.1 ~~~!Availabilities.!!! ! Fixed Time 

8817 

.. Interval t..2£ Continuous Stru~ Functions, s_io 
IME-USP, 1988, 22 p. 

Paulo, 

TOLOI, · C.M.C. I MOREl'TIN, P.A.J Spectral Estimation for Time 
Series with !Jnplitude Modulated Observations1 ~~•Sao 

·Paulo, lME-USP, 1988, 16p. 

8818 - CHAYES, J.T,J CHAYES, L,J GRIMMETT, G,R,J.IIES"l'ffi, H. I SCHONMANN, 
:! · R.H,J The Correlation Length !£!. the High Density Phase 2! 
:: Bernoulli Per9~ation, Sao Paulo, IME-USP, 1980, -46p, 

881' - DURRETT, R, J SCH~MANN, R.H. I TANAKA, N.I; 1 ~ ~tact Process 
E!!_ ! Finite!!!, III1 !fil! ~ritieal £!,!!, Sao Paulo, IME-DSP, · 
198B, llp. . 




