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ASYMPTOTIC APPROXIMATION OF THE MOVE-TO-FRONT
SEARCH COST DISTRIBUTION AND LEAST-RECENTLY
USED CACHING FAULT PROBABILITIES
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Consider a finite list of items n = 1,2, ..., N, that are requested ac-
cording to an i.i.d. process. Each time an item is requested it is moved to
the front of the list. The associated search cost CN for accessing an item
is equal to its position before being moved. If the request distribution con-
verges to a proper distribution as N — oo, then the stationary search cost
CY converges in distribution to a limiting search cost C.

We show that, when the (limiting) request distribution has a heavy tail
(e.g., generalized Zipf’s law), P[R = n] ~ ¢/n® as n — oo, @ > 1, then the
limiting stationary search cost distribution P[C > n], or, equivalently, the
least-recently used (LRU) caching fault probability, satisfies
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where I' is the Gamma function and y (= 0.5772...) is Euler’s constant.
When the request distribution has a light tail P[R = n] ~ cexp(—Anf)
as n — oo (¢, A, B > 0), then
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independently of c, A, B, where C is a fluid approximation of C.

We experimentally demonstrate that the derived asymptotic formulas
yield accurate results for lists of finite sizes. This should be contrasted with
the exponential computational complexity of Burville and Kingman’s exact
expression for finite lists. The results also imply that the fault probability
of LRU caching is asymptotically at most a factor e” (~ 1.78) greater than
for the optimal static arrangement.

1. Introduction. One of the most commonly encountered problems in
modern distributed network environment is efficient information retrieval
(e.g., the Internet Web searching). As a solution to this problem, an entire
spectrum of different heuristic dynamically organizing data structures have
been proposed. Among the proposed algorithms, the most basic ones are the
move-to-front (MTF) self-organizing searching algorithm and the correspond-
ing least-recently used (LRU) caching scheme. The main objective of this paper
is to obtain an analytic asymptotic characterization of the MTF search cost
distribution function or, equivalently, the LRU caching fault probabilities.
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As sketched in the abstract, the MTF algorithm can be informally described
as follows. Assume that there is a finite linear list of items (say 1,2, 3, ..., N,
sequentially ordered from first to last) and a sequence of requests for the items
of the list. Each time a requested item is found at the nth position in the list, it
is brought to the first position and items in positions 1, ..., n—1 are moved one
position down. One performance measure is the search cost function, which
is defined to be the position of the requested item. The caching scheme that
corresponds to MTF is the LRU algorithm. For this scheme, it is assumed that
n items are kept in fast memory (cache) and that the remaining N —n items are
stored in slow memory. Each time a request for an item is made, fast memory
is searched first. If the item is not found there it is brought from slow memory
and replaced with the least recently used item in the cache. The performance
quantity of interest for this algorithm is the LRU fault probability, that is,
the probability that the requested item is not in the cache. It can be shown
that computing the LRU fault probability is the same as computing the MTF
search cost distribution (the details of this connection will be discussed in
Section 2.1).

The performance analysis of self-organizing data structures (e.g., lists,
trees) has a long history. Basic references can be found in [22] and [11].
In the analysis of self-organizing lists there have been two approaches:
combinatorial and probabilistic analysis. For the combinatorial (amortized,
competitive) analysis the reader is referred to [2] and [28]. Recent results and
references for this approach can be found in [7] and [19]. In this paper we
will concentrate on probabilistic analysis.

Early work on the probabilistic analysis of the MTF rule dates back to
McCabe [23]. He computed the expected value and variance of the cost function
for finite lists. In [18], a Markov chain on the state space of all permutations
on the elements of the list is analyzed and the stationary distribution was
derived. Rivest [27] showed that in stationarity the transposition rule (search
algorithm in which the requested item is moved only one position closer to
the front) is more efficient (in a certain sense) than the MTF rule. Bitner [5]
investigated the transient behavior of the expected cost function. The n-step
transition probabilities for the underlying Markov chain are derived in [24]
(see also [26, 12]). Spectral analysis is conducted in [25] (see also [12]). A com-
binatorial expression for the distribution function of the search cost was first
derived by Burville and Kingman [8]. An integral form of the Laplace trans-
form of the search cost distribution function is computed in [15]. The authors
derive this result using combinatorial techniques and formal languages. The
same result was rederived in [13] using a Poisson embedding technique. A
comprehensive list of references on the probabilistic analysis of the LRU and
MTF algorithms can be found in [6].

The principal contribution of this paper is the complete asymptotic charac-
terization, both for the light- and heavy-tailed case (as defined in the abstract),
of the MTF search cost distribution and the LRU cache fault probabilities. One
of the main mathematical techniques used for the heavy-tailed case is the
Hardy-Littlewood—Karamata Tauberian theorem for an asymptotic inversion
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of the Laplace transform. In addition, we develop a novel fluid limit approach
for analyzing self-organizing data structures. This approach, combined with a
direct Laplace inversion, yields a characterization of the search cost distribu-
tion in the case of light tails. The practical implication of these results is that,
for a large class of distributions considered in this paper, the LRU caching
scheme is asymptotically only e” ~ 1.78 times worse than the optimal static
arrangement.

The remainder of this paper is organized as follows. Section 2 formally
defines the problem and gives a short technical note on existing results. A
summary of the main results from the literature on the stationary distribu-
tion of the search cost distribution is given in Section 2.1. Optimality of MTF
and LRU algorithms is discussed in Section 2.2. The main asymptotic results,
Theorems 3 and 6, are presented in Section 3 and 4, respectively. Extensive
simulation experiments that verify the accuracy of the asymptotic approxima-
tion formulas are presented in Section 5. The paper concludes in Section 6. To
simplify the reading process, the majority of the technical proofs are given in
Section 7.

2. Problem definition and historical notes. Consider a finite set of
items L = {1,..., N}, and a sequence of i.i.d. requests {RY, ¢t =0, 1, ...} dis-
tributed as ¢, = P[RY =r], 1 <r < N. The dynamics of the MTF algorithm
is described as follows. If at time ¢ the requested item r (RN = r) is at the
nth position of the list, then it is brought to the first position and items in
positions 1, ..., n—1 are moved one position down. The process of list updates
can be modeled as a Markov chain {0/, t > 0} on the state space of all list
permutations. A search cost process {CY, ¢t > 0} is defined such that CY rep-
resents the position in the list of the item requested at time ¢. The notation
RN CN, oV will be used to denote the random variables that have the same
distribution as the stationary distribution of RY, CN, ¢}, respectively. Our
main objective is to derive a simple asymptotic characterization of the search
cost distribution P[CY > n].

McCabe [23] derived the following formula for the expected value of the
search cost distribution:

2.1) ECN =142y 1Tk
r<k q,+qp
Bitner [5] obtained the transient expected cost
99 (qr - qk)2(1 —q; — Qk)t
(2.2) ECY =1+2 + :
! % q,+qy % 2(q, +qy)

The stationary distribution for oY was first computed by Hendricks [18]:

qx(2) dx(3)
Plo™ = x] = g, 1 — .

9x1) 1 — Q1) — 92
(2.3) x(1) x(1) x(2)
dx(N)

1= qea) = Qu@) — = duv-1)
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where x is a particular permutation (state) of the list, and x(7) is the item
at the ith position in the permutation. Spectral analysis of the Markov chain
{o}, t > 0} is performed in Phatarfod [25], where it was shown that the
eigenvalues of the transition matrix of this Markov chain are the 2Y — N
distinct numbers Y ;,.cq;, S € {1,..., N}, with |S| # N — 1. In the same
paper Phatarfod derived the multiplicities of eigenvalues (see also [12]).

2.1. Stationary distribution of the search cost and the fault probability of
the least recently used caching. This subsection presents the results from
the literature on the stationary distribution of the MTF search cost and the
fault probability for the LRU caching. A formal connection between these two
quantities is well known (e.g., see [15, 13]). Arguments in support of this
connection are also supplied within this subsection.

Burville and Kingman [8] derived the following combinatorial formula:

N n-l N-1-a q>
2.4) P[CN =n]= (—1)* 1a( ) _ &
rzlg) —1l-a A:|Al=a, r¢A (1 QA)

where Q4 = Y ,c4 g, as defined. The connection between LRU caching and
MTF searching can be demonstrated as follows. Denote by D(k, N) the fault
probability in the LRU caching scheme with the cache size k. Then we claim

D(k, N)=P[CN > E].

Here is a simple argument that justifies this claim. We can imagine that %
elements in the cache are arranged in increasing order of their last access
times. Each time there is a request for an item that is not in the cache, the
item is brought to the cache and the last element of the cache is moved to the
slow memory. The claim is that the fault probability D(k, N) stays the same
if the remaining N — k items in the slow memory are arranged in any specific
order. In particular, they can be arranged in increasing order of their last
access times. It is clear that the obtained algorithm is the same as the MTF
algorithm and that D(k, N) = P[C" > k). For those who are still not convinced
by the preceding argument, one can obtain the expression for D(%, N) directly
from (2.4) as follows. Compute P[CN < k] = Y%_ P[CY = n], by using (2.4),
interchange the sums with respect to n and a, and use the identity (which can
be proved easily by induction on %)

3 (NI (N2,

a1 n a 1—a
This derivation leads to Corollary 5.2 from [15], which, for convenience, is
stated here:
1—D(k, N)=P[CY < k]
_§k71 )k l-a N-2-a Z q%
B N-1-Fk), 1-Qyu)

r=1a=0

(2.5)
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Unfortunately, except for relatively small N, n and a, the preceding formu-
las (2.4) and (2.5) are not suitable for numerical evaluation. This is due to a
combinatorial explosion; as pointed out in [15] the evaluation of P[CY > k]
takes about N*/k! operations, which for example for N = 1000 and % =
20 computes to roughly 10%° operations. This is clearly infeasible. Further-
more, when 2 = bN, 0 < b < 1, application of Stirling’s formula shows that
N°N /(bN)! grows exponentially in N; that is, (2.5) [or equivalently (2.4)] has
exponential complexity.

To alleviate this problem, in [15] a compact integral representation of the
Laplace transform of the search cost distribution function is derived. In the
same paper Cauchy contour integration was proposed for efficient inversion of
the search cost distribution function. Fill [13] rederived the same result using
the Poisson embedding technique. This result reads as

O o g
Eexp(—sC™) =e / ¢ |:r2211+es(eXp(Qrt)_1):|

N

x [ [1(1+ e (exp(tq,) - 1))} dt,
r=1

for any s > 0.

In [14] the limiting search cost C as N — oo is investigated. In order to
state this result, choose a probability distribution sequence P[R = r] = gq,,
1 <r < oo, 2,9, = 1. Next, construct a sequence of MTF algorithms
with finite number of elements N, whose request probabilities are given as
P[RN =r] = 4,/q%, 1 <r < N, where q}; = N | q,. Then Fill obtained the
following result ([13], Proposition 4.4; in the same paper, he also considered
the case when q]t, — o0 as N — oo and showed that appropriately scaled CV
converges to a proper limit).

THEOREM 1. The sequence of search costs CYN converges in distribution to
C, as N — oo, and the Laplace transform of C is given as

Ee™*¢ =e™* /t : fl q7 exp(—q;t)
(2.6)
«| T a-a-en-exp-q,0)] dr

rir#i
This result is the basis of our further investigation.

2.2. Optimality of MTF and LRU algorithms. Before starting with the
analysis, let us give a few known results about the optimality of the MTF and
LRU algorithms. Note that without loss of generality we can assume that the
request probabilities g, form a monotonically nonincreasing sequence (if this
is not the case we can always relabel the items in such a way that the new
sequence g, is nonincreasing). Now, it is clear that the optimal algorithm is
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the one that keeps the items static and ordered in decreasing order of their
request probabilities. The search cost of this optimal algorithm is ERY. Next,
by using q,/(q, + q;) < 1 in (2.1) we easily derive an upper bound (see [22],
page 399)

ERY <ECYN < 2ERV.

Using Hilbert’s inequalities in [9], the upper bound was improved from 2 to
7/2; w/2 was also shown to be the best possible bound.

Similarly, for the caching system with a cache size n, the optimal algo-
rithm keeps n most frequent items in the cache all of the time. Now, P[CY >
n]/P[RY > n] gives the ratio between the LRU fault probability and the fault
probability for the optimal static arrangement. A bound on this quantity is
obtained in [16], Theorem 3.

THEOREM 2.
P[CY > n] P[RY < n] _
BRY =] = PN " T (o DPRN =y~ 20 )

as defined for arbitrary q4, ..., qn-

At this point, and for the rest of the paper, we introduce the following
customary notation. For any two real functions a(¢) and (¢) and fixed ¢, € RU
{oo}, we will use a(t) ~ b(t) as t — t, to denote lim,_,, a(¢)/b(t) = 1. Similarly,
we say that a(?) 2 b(¢) as t — ¢, if liminf, ,, a(t)/g(¢) > 1; a(¢) < b(¢) has a
complementary definition.

For the case when P[RY < n] converges to a proper distribution P[R < n]
as N — oo, the limit of the upper bound b(n) = limy_, . b(n, N), as defined,
in Theorem 2 is equivalent to the following. If ER < oo, then

(2.7 b(n) ~n asn— oco.

IfP[R=n]~c/n% 1< a<2, then

2—a

(2.8) b(n)~"— asn - oo

Under the additional tail conditions on P[R = n], our main results, Theo-
rems 3 and 6, will show that the bounds in (2.7) and (2.8) can be replaced by
a constant, namely, e” ~ 1.78, where vy is Euler’s constant.

3. Heavy tails. This section presents a straightforward asymptotic char-
acterization of the search cost distribution function P[C > n] for the case
when the request distribution has a heavy (polynomial) tail. The main result
is stated in Theorem 3. The primary technique that is used is Karamata’s
Tauberian—Abelian theory for the asymptotic inversion of the Laplace trans-
forms.
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In order to be able to obtain the asymptotic inversion of (2.6) we need to
derive a simplified asymptotic representation of the infinite sum and infinite
products that appear in (2.6). To this end we define the following density
function

(3.1) f(t) =" q*exp(—gq,t) as defined,

r=1

whose asymptotic behavior is described in the subsequent lemma.

LEMMA 1. Assume that q, ~ ¢/r* as r - oo, with a > 1 and ¢ > 0. Then

cl/e 1
f(t)~ F(Z - )t_ZH/“ as t — oo,

o4 o

where T is the Gamma function.

The proof is given in Section 7.1.
Our next object of investigation is

(3.2) g(t) = i(l —exp(—q,t)) as defined.

r=1

Here g(t) also has a straightforward asymptotic characterization.
LEMMA 2. Assume that q, ~ ¢/r* as r — oo, with a > 1 and ¢ > 0. Then

1
g(t) ~ F(l - )cl/“tl/“ as t — oo.
a

The proof is given in Section 7.1.
Actually, a stronger version of Lemma 2 holds. Let A be any set of indexes
A C N with cardinality |A|. Denote with g4(¢) = 3_,.,44(1 — exp(—q,?)).

COROLLARY 1. Assume that q, ~ ¢/r* as r — oo, with « > 1 and ¢ > 0.
Then for any fixed finite ¢,

1
ga(t) ~ I‘(l — )cl/“tl/“ as t — oo,
o
uniformly in all A C N such that |A| < ¢.

PrROOF. The proof follows immediately from Lemma 2 and
8(t)—t = g4(t) < g(t). =

The preceding technical results led up to the following main result of this
section.
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THEOREM 3. Assume that q, ~ ¢/r* as r — oo, with @ > 1 and ¢ > 0. Then
1 1\1¢
(3.3) P[C > n] ~ (1 - ) |:F<1 - >:| P[R > n] asn — oo.
o o
Furthermore, if we denote the constant of proportionality in (3.3) as K(«), then

K (a) is monotonically increasing with

(3.4) lim K(a)=e”~ 178107,  lLimK(2)=1,

a—o0

where vy is the Euler constant, that is,

n—oo \
=1

v= lim (Z it —log n) = 0.5772156649... .
REMARK. This theorem implies that
(3.5) P[C >n] <e"P[R >n] asn— oo.

A plot of K(«) is given in Figure 1.
A rigorous proof of Theorem 3 is given in Section 7.2.

HEURISTIC SKETCH OF THE PROOF. First, for all sufficiently small s, and all
sufficiently large ¢,

(3.6) [T A-(1Q-e*)1—exp(—q,t)))~ exp(—s i(l — exp(—q,t))).
r=1

rir#i

1.8

1.6

k(o)

1.4}

1.2

2 4 6 8 10
o
FiGc. 1. Function K(a).
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Now, by utilizing the above approximation and Lemmas 1 and 2, one can
obtain the following informal approximation for sufficiently small s:

[ya exp(—qm[ Ma-=ei- exp(—qrt»)} dt

0 =1 rir#i

% cl/a 1 1
~ ¢ F<2 — >t_2+(1/“) exp(—sf(l — )c”%””‘) dt.
t, « a a

By changing the variable of integration to u = I'(1—1/a)c'/*t¥/% in the integral
above, we conclude that the integral in (3.7) is approximately equal to

(- e

ug u“
where u, = I'(1 — 1/a)c'/*¢y/®. From this, the observation that

(3.7

> ¢
/ E e du ~ BeF1[R > u,)),
u, u“

and the uniqueness of the inverse of the Laplace transform, we can roughly
conclude that the tail of C should be proportional to the tail of R with a con-
stant of proportionality given in the equation above. Unfortunately, to make
these arguments rigorous, much lengthier analysis is required. In particular,
one has to investigate the asymptotic behavior of the derivatives of Ee5C. A
complete proof that utilizes Karamata’s Tauberian—Abelian theorem is pro-
vided in Section 7.2. O

4. Fluid limit and light tails. In Theorem 4 in this section we develop
a fluid limit approximation of the search cost function. For the heavy-tailed
case the validity of this approximation is demonstrated in Theorem 5. The
main result is presented in Theorem 6. This theorem shows that for the light-
tailed case the ratio between the tail of the search cost distribution and the
request distribution is asymptotically invariant with respect to the shape of
the request distribution function.

Consider a density function g on [0, 00), and the corresponding distribution
function Q(¢) = fot q(u)du. Assume that the request probabilities are given
as q, = Q(r)— Q(r—1), r > 1. Now, construct a sequence of MTF algorithms
with request probabilities

a; = Q(r/k) = Q((r—1)/k),  k,r=1.

For each of the constructed MTF schemes, let C(%) be the stationary search
cost random variable. Informally, the Zth MTF scheme is constructed from the
original one by dividing each item r into % items with request probabilities
qfrfl)k 4+i» 1 =i < k. In order to compare the derived schemes with the orig-
inal one we will scale the search cost of the kth scheme as C(%)/k. Now we
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show that C(%)/k converges in distribution to a proper (fluid) limit as £ — oc.
Assume that g is monotonically decreasing and continuous. [Note that this
assumption is not restrictive; i.e., for any given monotonically decreasing se-
quence of request probabilities we can always choose a continuous function q
such that ¢, = Q(r) — Q(r — 1), r > 1.]

THEOREM 4. The sequence C(k)/k converges in distribution to the fluid
limit C (finite with probability 1), as k — oo, whose Laplace transform is
given as

Eexp(—sCy) = /Ooo <fooo g (u)e 1)t du)

4.1) .
x exp(—s/ (1 — e79W) du) dt, s> 0.
0

The proof is given in Section 7.3.

We term C the fluid limit approximation of C (recall that C is obtained by
dividing each item into infinitely many smaller items; that is, the items become
divisible like fluid). The accuracy of this fluid approximation is demonstrated
in the following theorem. The theorem shows that in the heavy-tailed context
the fluid limit search cost distribution behaves asymptotically the same as the
original search cost distribution.

THEOREM 5. If q(u) ~c/u“, a > 1, ¢ > 0, then

P[C > n] ~P[Cf >n] asn— co.

In order to investigate the asymptotic behavior of the distribution function
of C; we define [in the same spirit as in (3.1) and (3.2)] the following functions:

Fr= Y P(w)e ™ du  as defined,
(4.2) °
gr(t) = / (1—e 9™ dy as defined,
0

where the subscript f refers to the fluid limit.

PrROOF. Similarly to Lemmas 1 and 2, one can show that

a

1/ 1
fr(t)~ ¢ r<2 - >t‘2+(1/"‘) as t — oo
a
and
1 l/a 41/«
grt)~T|1——)c’"t as t — oo.
o

By using exactly the same procedure as in the proof of Theorem 3, one can
complete the proof of this theorem. In order to avoid duplications we omit this
derivation. O



440 P. R. JELENKOVIC

THEOREM 6 (e” law). If q(u) ~ cexp(—AuP) as u — oo, for some positive
constants c, A, 3, then

P[C; > n]~e"P[R > n] asn — oo,

for any (fixed) choice of the parameters c, A, B.

REMARKS. (i) Note that q(u) ~ cexp(—AuP) is a large class of distribu-
tions, containing most of the well-known light-tailed distributions, for exam-
ple, Weibull, exponential and Normal. (ii) Observe that polynomial (~ ¢/u®)
and Weibull distributions (~ cexp(—Auf), 0 < B < 1) belong to the class
of “subexponential” distributions. In the queueing context these distributions
demonstrate the same asymptotic behavior (see [20]). (iii) Based on the dis-
cussion in Section 2.2 we conclude that, under the conditions of this theorem
and Theorem 3, the LRU fault probability is only a factor e” ~ 1.78 larger
than for the optimal static setup.

LEMMA 3. If q(u) ~ cexp(—Au®) as u — oo, where (c, A, B) > 0, then the
first derivative of gy behaves asymptotically as

(log(ct))? "

t,B/\l/B as t — oo.

gy(t) ~
The proof is given in Section 7.4.

LEMMA 4. If q(u) ~ cexp(—AuP) as u — oo, for any (c, A, B) > 0, then f
of (4.2) behaves asymptotically as

(log(ct))P "

tZB)\l/B as t — oQ.

fr(t)~
The proof is given in Section 7.4.

COROLLARY 2. If q(u) ~ cexp(—AuP) as u — oo, for any (c, A, B) > 0, then

fr(®) 1

— ast— 0.

gp(t) ¢

The proof follows directly from Lemmas 3 and 4.

LEMMA 5. Forany d > —1,and t > 0,

t1 _ o—x d d+1
/0 ! xe (log(i)) dx — % ~ vy(log t)d as t — oo.

The proof is given in Section 7.4.
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LEMMA 6. If q(u) ~ cexp(—AuP) as u — oo, (c, A, B) > 0, then the inverse
of g¢(t) behaves asymptotically as

g,?l(v) ~eYc lexp(AvP) as v — oo.

PrROOF. For any 6 > 0 we can choose u, such that for all u > u,,
c(1—8)exp(—AuP) < q(u) < c(1 + &) exp(—AuPf); let c5 = (1 + 8)c. Then

gr(t) < /000(1 — exp(—cst exp(—AuP))) du + u,.

Now, by changing the variable of integration to x = c;texp(—Au®) in the
integral above, we compute

et 1l —e™* cst 1/B-1
(4.3) gr(t) < BAl/B / (log(x>> dx + .

Here, by choosing d = 1/8 — 1 and applying Lemma 5 in (4.3) we obtain

gr(t) < A’I/B(logc t)l/ﬁ

(4.4)

+ ——(logcst)/P"1(1 +0(1)) ast— oc.

B )\1/3
Consequently, by using the above expression we compute
gr(e eyt exp(AuPf)) < AVE(AuP — y)V/P

+ BAI/B()‘L‘B VE (1 +0(1) asu— oo

(4.5) = U<1 BA ,3(1 + 0(1))>

+———(140(1)) asu — o0

B)\Bl

(+o(s))
=ull+ol — as u — o0o.
ub
If we introduce a new variable v = v(u) = u(1 + o(1/uP)) as u — oo, then
1
03<Z - 1) = vﬁo<uﬁ> =o(l) asu— o0
(1++(5))
su=vll4+o0ol — as v — o0.
vB

Finally, by replacing the preceding expression in (4.5), it directly follows that
g,?l(v) > e 7c5texp(M(v(1 4 0o(v™P)))P) asv— oo

= e 7c;texp(A(vP +0(1))) as v — oo,
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which implies that
liminf g;l(v)eyc exp(—AvP) > (1+6)L.
v—>00

Finally, by passing 6 — 0 we obtain the lower bound of the proof of the lemma.
To prove the upper bound we use

gr(t)= [ (1= exp(~cst exp(-AuP))) du  up,

where c¢5 = (1— 8)c; by repeating exactly the same arguments as for the lower
bound we obtain

lim sup g,?l(v)e“/cexp(—)\vﬁ) <1.

V—> 00

This completes the proof of the lemma. O
Finally, we are ready to supply the proof of the theorem.

PrROOF OF THEOREM 6. By changing the variable of integration in Theo-
rem 4 to v = g;(¢) we obtain

< fr(grl(v) _,
Eexp(—sCf)=/0 g’:(g;l(z))e dv

Thus, by the uniqueness of the Laplace transform inverse, we conclude that
the density of C is equal to

i)
)= ey

Now by using Corollary 2 we derive

qr(v) ~ as v — oo,

1
g5'(v)
which by application of Lemma 6 yields

qr(v) ~ e’cexp(—AvP) as v — oo.

This concludes the proof of the theorem. O

5. Simulation experiments. In this section we illustrate our main re-
sults (Theorems 3 and 6) with several simulation examples. Note that the
asymptotic results were obtained first by passing the list size N to infinity
in Theorem 1, then by investigating the tail of the limiting search cost distri-
bution as n goes to infinity (or, equivalently, the LRU cache fault probability
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as the cache size n grows). Thus, it can be expected that the asymptotic ex-
pressions from Theorems 3 and 6 will give a reasonable approximation for
P[CY > n] when both n and N are large and N is significantly larger than
n. However, it is surprising how accurately these approximations work for
relatively small values of N and almost all values of n < N.

The experiments were conducted on a modern multiprocessor Silicon
Graphics computer. We have used C++ programming language with a stan-
dard 48-bit pseudorandom number generator. The initial position of the items
in the list was chosen uniformly at random. In each experiment, before we
have conducted the measurements, we allowed a certain amount of time 7, for
the system to reach its steady state. In general, we have adopted a heuristic
for choosing 7,4 such that [ECY —ECYN|/ECY < 1% [recall that ECY is given by

(2.2)]. Typically, 7, was smaller than 10°® time units, where the only exception
was the first experiment when the convergence to stationarity was very slow
and we had to choose 7; = 10° to achieve [ECN —ECN|/ECY < 5%. Then, after
waiting 7; units of time, in every experiment we have measured the search
cost probabilities for a time interval r which, depending on the experiment,
was between 108 and 10! time units. The measured data is presented in the
remainder of this section.

EXAMPLE 1 (Heavy tails). In this example we will illustrate the heavy-
tailed case from Theorem 3, that is, the case when the request distribution
obeys a generalized Zipf’s law, P[RY = n] = cy/n% 1 < n < N. In this case
we will use the approximation P[CY = n]~ (K(a)cy)/n®.

In the first experiment we considered « = 1.4, N = 108. The search cost was
measured for 7 = 10® time units (7; = 108). The expected value of the search
cost is larger than ECY > ERY ~ 2100, from which the expected number of
item lookups is greater than 10'!. Hence, it took more than three days on a
modern high speed computer to complete this simulation. The simulation re-
sults are displayed with a solid line in Figure 2. The top part of the figure rep-
resents a zoomed-in view for small values of CV. The bottom plot in the same
figure represents a zoomed out view of the same experiment. On the other
hand, it is needless to say that it takes negligible computer time to evaluate
the normalization constant for the Zipf’s law distribution ¢, = 0.322004 and
the asymptotic proportionality constant K(«) = 1.42362, which together yield
the approximation of the search cost density K(a)cy/n® = 0.4584139/n*. The
plot of the approximation is represented on the same figure with a dashed line.
From the figure we can see that the approximation converges very quickly to
the actual distribution, that is, it already becomes accurate for P[CY = 5].
Hence, the approximation is almost identical, except for n < 5, to the simula-
tion results.

Similar experiments are repeated for « = 3, N = 10% and « = 4, N = 100;
the measurements were 7 = 10° and 7 = 10'° time units long, respectively. The
results are displayed on the top and bottom plots of Figure 3, respectively. The
corresponding approximations are presented with dashed lines on the same
figure. The accuracy of the approximation is apparent.
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Fi1G. 4. Illustration for Example 2.

ExaMPLE 2 (Light tails). In this example we illustrate the light-tailed
search distribution behavior that was asymptotically characterized by The-
orem 6. As suggested by the asymptotic result for all the experiments we
use the same asymptotic approximation P[CY = n] ~ e"P[R" = n]. Figure 4
contains the geometric (exponential) case for four different values of the
geometric distribution parameter p = 0.75, 0.8, 0.85, 0.9; the observation
interval was 7 = 10° time units for all the experiments. Again, the agreement
between the approximation and the simulation results is evident.

Similar precision was observed for the distribution that has a Weibull tail
P[RYN = n] = cyexp(—v/n), N = 1000; see the top part of Figure 5. The
experiment for a Normal-like tail P[RY = n] = cy exp(—0.00522), N = 100
is presented on the bottom part of the same figure. The measurements were
conducted for 7 = 10° and 7 = 10'° time units, respectively.

6. Conclusion. In this paper we obtained a complete asymptotic charac-
terization of the MTF search cost distribution function or, equivalently, the
LRU caching fault probability, for both heavy and light tails. In both cases the
tail of the MTF search cost distribution is asymptotically directly proportional
to the tail of the request distribution with an explicitly computable constant
of proportionality.

In the heavy-tailed (polynomial) case, the constant is a function of the
polynomial exponent. As the tail becomes lighter, the constant increases to
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e” ~ 1.78, where vy is Euler’s constant. In the light-tailed case the constant is
invariant with respect to the request distribution shape and is always equal
to e”.

We expect that the new asymptotic techniques developed in this paper will
be useful for the analysis of more complex data structures.

7. Proofs.
7.1. Proofs of Lemmas 1 and 2.

PrOOF OF LEMMA 1. Let us first prove the case g, = ¢/r*. Observe that for

t > 0, the function (c%/r?*) exp(—ct/r®) is increasing in r for r < (ct/2)/¢, it is

decreasing for r > (ct/2)"/* and it has its maximum 4e~2/¢2 for r = (ct/2)'/*.

Using these observations we can obtain the following set of equations. Let

I(t) = |(ct/2)V/*| as defined, where | x| represents the integer part of x. Then
I(t)-1

f(t) = 3 (c*/r**)exp(—ct/r®)

r=1

+ > (/r**)exp(—ct/r*) + 4e%/t?
r=l(t)+1
-1 r41
7.1) < r;/r (?/u*) exp(—ct/u®)du

+ ) / (c?/u*) exp(—ct/u®)du + 4e 2/t
r=l(t)+1°7"

= floo(cz/uza) exp(—ct/u®)du + 4e ?/t?
= /()oo(cz/u2a)exp(—ct/u“)du +4e72/t%.

By changing variables to v = cf/u® in the integral in (7.1), we compute

o0 1/01 1
(7.2) / (?/u*) exp(—ct/u®)du = ¢ F<2 — )t2+1/“.

0 o o
Finally, by substituting (7.2) in (7.1), and using ¢ 2/t 2 = o(1) as ¢ — oo,
we obtain

cl/ 1
(7.3) lim sup f(¢)t2~ 1 < I‘(Z — )
t—o00 o o

Similarly, one can derive the lower bound

i(t) 00
f(t) = D (P /r*)exp(—ct/r*) + Y. (c*/r**)exp(—ct/r?)
(7.4) r=1 r=l(t)+1

> /Ooo(cz/uZ“) exp(—ct/u®)du — 4e72/t2.
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Thus, by replacing (7.2) in (7.4), and by taking the limit infimum with respect
to ¢, we conclude

l/a 1
(7.5) lim inf f2 e > r(z - )
o (63
Now, the combination of (7.5) and (7.3) yields the proof for the case g, = ¢/r®.
For the general case (¢, ~ ¢/r®), for any ¢ > ¢ > 0 we can choose ry > 0
such that, for all » > rj,, —¢ < q,r* — ¢ < ¢. Using this we obtain

r04e N i (c+&)? exp<—(c - s)t)

r2a

f(8) <

o
r=ro+1 r

(7.6)

_rote® | (cte)? i )2 <—(c— s)t)

A (c )

ra

Consequently, by applying what we already have proved in (7.3)—(7.6) we ar-
rive at

2 _ 1/a
(7.7) lim sup f(t)tzfl/a < (C + 8) (C 8) F(Z _ 1)

t—o00 - (C - 8)2 o o

Finally, by passing £ — 0, we prove the extension of (7.3). Similarly, starting

with
_ )2 e
(t)>— 4 Z(Cr ) < (c+ )t)

«
r=1 r

we derive the analog of (7.5). This completes the proof of the lemma. O

PROOF OF LEMMA 2. Similarly to the proof of Lemma 1, let us first consider
the case g, = c¢/r*. Note that for ¢ > 0, 1 — exp(—ct/r*) is monotonically
decreasing in r. Then,

g(t) = Z/ (1~ exp(—ct/r)) du

r=1°7

> Z/ (1 —exp(—ct/u®))du

r=1°"7

(7.8)

f (1 — exp(—ct/u*))du

1
1 ct

— 7cl/at1/a-/ (1 _ efv)vf(l/a)fl dv
a 0

t
1 ecty Myl /C v Va0 gy,
0

where in the last equality we have used integration by parts with U =
1—e?, dU =edv, V= —av "%, dV = v~1/9-1dy. Since [’ vV dv —
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I'l —1/a) as t — oo, from (7.8) it follows that

(7.9) lim inf &) >T (1 — 1) cl/e.
t— 00 tl/a o
Similarly,
g)~(1—e)=3 [ (- exp(~et/r))du
r=2"T"
(7.10) =y " (1 = exp(—ct/u®)) du
1

r=2"T"
= /100(1 —exp(—ct/u®))du.

Finally, by replacing (7.8) in (7.10) we prove the upper bound, that is,

(7.11) lim sup &) < r(1 — 1)01/“,
00 tl/a a
which together with (7.9) completes the proof for the case g, = c¢/r.
To prove the general case (g, ~ ¢/r%), for any 0 < ¢ < ¢, we choose r, >
0, such that for all r > r,, —¢ < q,r* — ¢ < e. Since, 1 — exp(—ct/r?) is
monotonically increasing in ¢ and bounded above by 1, it follows that

—ro+ ) (1 —exp(—(c—e)t/r%)) < g(t) < ro+ ) _(1—exp(—(c+ e)t/r")),
r=1 r=1
which, by applying (7.8), (7.9), (7.10), (7.11), and by passing ¢ — 0, implies
the conclusion of the lemma. O

7.2. Proof of Theorem 3. As we have already mentioned, the proof of this
result is based on Karamata’s Tauberian—Abelian theorem for distribution
functions of regular variation. This theorem relates the tail behavior of a
distribution function to the asymptotic behavior of its Laplace transform at
the origin. For convenience we state the following result (Theorem 7) which is
a weaker version of the theorem due to Bingham and Doney [3] ([4], page 333).
This theorem has a wide application in probability; for example, some recent
applications to queueing can be found in [21]. Let F be a distribution function
on [0, c0), and let F be its Laplace—Stieltjes transform.

THEOREM 7. Let m € Ny, and « = m + B.

(1) If 0 < B < 1, then the following two asymptotic relations are equivalent:
(7.12) (=1L Fo(g) ~ oI[1 — B]S%B as s |0,
(7.13) 1—F(x)~ < as x — 0o,
xa

where T stands for the gamma function and F Y denotes the (m+1)st deriva-
tive of F.
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(ii) If B = 1, then (7.13) is equivalent to
(7.14) (=) FmHD(s) ~ —aclogs as s | 0.
PROOF. (i) is just a special case of [4], Theorem 8.1.6, page 333.
(11) For « = m + 1 the imp}ication (7.13) = (7.14) can be proved easily by
direct evaluation of (—1)"*1 F(m+1)(s); we skip the details.

For the reverse implication (7.14) = (7.13), we have that, by [4], Theorem
8.1.6, page 333, (7.14) implies

/ t"IdF(¢) ~ (m + Dclogx  as x — oo.
0

By changing the variables u = t™*!, y = x™*1  in the integral above, and by
Fi(y) = F(yY(m+D) as defined, we get that

y
(7.15) / udF,(u) ~clogy asy— oco.
0
Now, by the remark after [4], Corollary 8.1.7, page 335, (7.15) is equivalent to
1—Fl(y)~E as y — 0o,
Y

which by F;(x™*1) = F(x) implies (7.13). This completes the proof. O

For any set of indices A = {iy,..., .} let
My(s,t)= [ 1= —e*)(1—exp(—q,t))) as defined;
rirégA

when A is the empty set we denote I14(s, t) simply as II(s, ¢). Let |A| denote
the cardinality of A.

LEMMA 7. For any ¢ > 0 and any set of indices A, |A| < £ < oo, there exist
So > 0, ¢y < oo such that for all 0 < s < sg, and t > t,
exp(—s(1+ &)cqt'/?) < T4 (s, ¢) < exp(—s(1 — &) "),
where ¢, = T'(1 — (1/a))cl/e.

PrOOF. First let us observe that for any |A| < ¢,
(7.16) T(s, t) < M 4(s, t) < e¥TI(s, t).

From this we see that for all sufficiently small s (and fixed ¢) I1(s, ¢) uniformly
approximates I1,(s, ¢). Therefore, to complete the proof it is enough to prove
that the lemma is satisfied for Il(s, ¢). Now

logTI(s, £) = 3" log(1 — (1 — e*)(1 - exp(q,£)))
r=1

< (1—e*) Y (1 - exp(q,0).

r=1

(7.17)
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where in the inequality above we use the inequality log(1 + x) < x. Here, by
applying Lemma 2 in (7.17), and observing that (1 —e ) ~ s, as s —> 0 we
complete the proof of the upper bound, that is,

(7.18) I(s, t) < exp(—s(1 — &)cqtY*)

Similarly, to prove the lower bound we can use the inequality x — x2

log(1 + x), x € [—0.683, 0]. Therefore, by choosing s sufficiently small such
that 1 — e < 0.683, we obtain

=

logTI(s, £) > —(1— ¢ %) (1 — exp(g,1))

r=1

(7.19) S (- (1 - explg, 1))
r=1

> (- e )@ —e) Y (1 - exp(q,0).

r=1

Clearly, for any ¢ > 0 we can choose sufficiently small s such that (1—e*)(2—
e~%) < (1 + ¢)s. When this is replaced in (7.19) and by application of Lemma
2 we obtain the lower bound inequality of the lemma. This completes the
proof. O

LEMMA 8. For any ¢ > 0, for all i > 1 and for any fixed m > 0, there exist
Sg > 0, ty < oo such that for all 0 < s < sy, and t > t,

07m
(1 — &)(c tY*)™ exp(—s(1 4 &)cqtY*) < (—1)’”&3—me*sﬂi(s, t)
< (14 &)(c tY*)™ exp(—s(1 — &)c V%),
where ¢; = T(1 — (1/a))c* and TI;(s, t) = I, (s, t).
PrROOF. Let us first investigate the form of the mth derivative of e~*I1, (s, t).
For convenience of notation for any set A = {iy,...,i,} we denote with

Hil ..... ik(S’ t) E HA(S, t), alSO, Zik/ikfls“wil = Zik:ik¢{ik71 """" i} For m = 1 sim-
ple algebra gives

J
g[efsni(s, t)] = _eisHi - e72s Z(l - exp(_qkl t))Hkll'
kq/i

Similarly, for m = 2

7 —s —s —2s
@[e Hi(S, t)] =e Hi + 3e 2 Z(l — eXp(_let))Hkli
ky/i
+e Y (1— exp(—qp,t) Y. (1— exp(—qp, i), ;-
kq/i ko/ki,1

Following this derivation, one can easily prove the following claim. We skip
the details.
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CLAIM 1. For any m > 1, there exist a set of nonnegative integers d7’, ...,
dr_;, such that

am

2 e STLL

Js™ [e l(s’ t)]

=(-1)" |:e_sl_[l- +dPe ™ Y (1- exp(—qp, )OI, ;
By /i
+o b dy e Y (L—exp(—gqyt)) Y. (1—exp(—qp,t))
ky/i ko/ky,i
(7.20)

> (1 —exp(—qy, )y . n, i
kn1/k1ses kg, 0

+e (s 3 (1 —exp(—qp,t)) Y. (1—exp(—qp,t))
ky/i ky/kys

> - eXp(—qkmt))Hkl...kmi]

km/kises k1,1

Finally, by applying Lemma 7 and Corollary 1 we complete the proof of this
lemma. O

Here, we are ready to complete the proof of Theorem 3. Observe that if
P[R =n] ~c/n% a> 1, then P[R > n] ~ (¢/(a — 1))n"**!, as n — oo.

Let us first consider the case « = m+,0 < B < 1, m € N. Note that we can
take the mth derivative of Ee~*C by interchanging the order of differentiation
and integration—summation. Justification for this interchange follows by the
dominated convergence theorem and the following bound.

LEMMA 9. For any (fixed) s > 0, integer € > 0, there exist hy > 0, 8 = 8(s) >
0, 0 = 0(s), such that for all A ={i,..., 1.}, |A| < £, 0 < |h| < hy,

HA(S, t) — HA(S"F h, t)

(7.21) 7

< 0t1/% exp(—6tY/*).

Proof of this lemma is given at the end of this section.

Thus, by taking the mth derivative of Ee *C and applying Lemma 1 and
Lemma 8, we can choose, for any ¢ > 0, £, < 0o, s, > 0 such that for all
0 <s<syand ¢ > ¢,

m oo pl/a 1
1" R C > (1—g) [ r(z — )t_2+1/”‘(cltl/“)'"
Js fH, a
(7.22) x exp(—s(1+ &)cqt'/*) dt

lo¢]
=(1- s)cilcz/ ¢ 2D exp(—s(1 + &)c V%) dt,
to
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where ¢; = ['(1 — (1/a))c® and ¢y = (¢'/*/a)[(2 — 1/a); now, with the change
of variables u = s(1 + &)c;¢'/* we arrive at

(—l)ma—n:n]Ee_SC > (1 — &)cgcTa(s(1+ e)cy )Pt /oo . uPedu
(7.23) ds s(1+e)erty”

> (1 — &)cgcla(s(1+ &)e)P (1 - B) ass | 0.

Finally by taking the limit with respect to £ we get

(7.24)  lim inf{(—l)m[ "
sl0

(?mIEeSC]s’"““} > ¢ legal'(m + 1 — a).
s

For the upper bound we use

am c
m —S
(-1) 3371}36
lo¢]
(7.25) <n(t)+ 1+ 8)6’1”02/ 12D/ oxp(—s(1 — &)ey tY/%) dt
t

0

<S(1+ &)egelal(m + 1 — a)((1 — &)eys)*™ 1 ass |0,

where 7(t,) is a sufficiently large constant. Now, by letting ¢ — 0 in (7.25)
and combining it with (7.24) we obtain

07m
(7.26) 13${(_1)m[w1@esc}smﬂa} _ - leyal(1— B).

In conclusion, by applying Karamata’s theorem 7(i) we derive

a—1 a—1

acy ¢ c acy "¢
P[C>n]~—2 2~ potl 7L Z2p[R > pn] asn — oo,
c

c a-1
which by replacing c¢; and ¢, yields the proof of the case a =m+ 8,0 < 8 < 1.

For integer « = m + 1 by combining the same reasoning as in (7.23) and
(7.25), one can easily obtain

o 00

71[4:*30,\,_1’”’” +1 717ud
~ (=1)"clcoy(m + 1)log(1/s) ass | 0.

Finally, by applying Theorem 7(ii) we obtain the proof for integer « and con-

clude the proof of the expression (3.3) of the theorem.

At this point, we are going to prove that K(«) is monotonically increasing
in a for a > 1, with its limits at 1 and oo given by (3.4). Observe that

s (-]
(-3 T2

(7.28)
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where in the last equality we have used the identity I'(x + 1) = xI'(x). Next,
the monotonicity of K(«) will follow if we prove that

(7.29) log K(a) = —(a — 1)10g(1 - 1) + alogF(2 - i)

is monotonically increasing for @ > 1. By taking a derivative in (7.29) we
arrive at

(7.30) a4 log K(a) = -1 10g<1 - 1) +10gF(2 - 1) + = ¢<0> (2 - 1)
da o a

where (¥ k = 0,1,..., are Polygamma functions (see [1], equation 6.4.1,
page 260). Furthermore, since ¢(°(1) = —y (Euler’s constant) and I'(1) = 1,
by letting @ — oo in (7.30) we conclude

(7.31) di log K(a) > 0 as a — oo.
o

Fortunately, the second derivative of log K(«) takes the following relatively
simple form:

d? 1 1 1
ST ¢ ) ) (S
(7.32) I —— log K(a) = e Da? + a3¢ (2 a).

Now, we intend to prove that (7.32) is negative for all « > 1; for this we use
the following claim.

CrLAamM 2. For any a > 1,

1 402
Ofo_ = =
(7.33) W (2 ) a1

PrROOF. Note that (7.33) is equivalent to
(7.34) yV(2) < =,

for all 1 < z < 2. By using the integral representation given in [1], equation
6.4.1, page 260, of (1)(2) we arrive at

(1) —zt
(7.35) P D(z) = / T dt,
which by the change of variable ¢t = u/z is equlvalent to

(7.36) W)= [

For 1 < z < 2 the integral in (7.36) is bounded by

/ooo% = 7/ e du +*/ _udu=2(1+e_l)<4,
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since 1 — e %/2 is monotonically increasing in u and 1 — e %2 > 7u/20 for
0 < u < 1. This completes the proof of Claim 2.

Next, by replacing (7.33) in (7.32) we arrive at

& 1 1 4
daz 08 K@) = a<_(a— Da |~ (2a— 1)2>

-1
~ o%(a— 1)(2a — 1)2 <0,

for @ > 1. This implies that d(log K(«))/d« is strictly monotonically decreas-
ing (for a > 1), which in combination with (7.31) yields

ilogK(oz) >0 fora>1.
da

Thus, log K(«) is strictly monotonically increasing for « > 1, and therefore
the same holds for K(a).

The limits in (3.4) follow by straightforward application of [1], equation
6.1.34, page 256. This concludes the proof of the theorem. O

PROOF OF LEMMA 9. Let 1 > A > 0. Then, by applying elementary inequal-
ities, we obtain
HA(S + h, t)
HA(S, t)
1 (s + A, t)
- (s, ¢)

0<1-—

=1- exp(— log

(s, t)
(s + A, t)
= 1—(1-e*)(1—exp(—q,t))
- Elog(l —(1—esM)(1- exp(—qrt)))
> ( 1—(1—e)(1—exp(—g,t)) )
1-(1-e%)(1—exp(—q,t)) — hes(1 — exp(—q,t))

- | hes(1—exp(—q,0))
- Zl"g(l 1—(1—e—s><1—exp(—q,t>)>

(s, )
(s + A, t))

(7.37) < log

(139) = -3 log(1— h(L - exp(~q,1))),

r=1

where in (7.37), (7.38) we have used 1—e™* < x, x > 0, and in (7.39) we applied
1—(1—e%)(1—exp(—q,t)) > e *. By using the inequality —log(1 — x) < 2x
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for 0 < x < 0.79, in (7.39) we derive

_ HA(S+h, t)

HA(S, t) =< 2h i(l - exp(_Qrt))7

r=1

(7.40) 0<1

for all 0 < A < hy = 0.79. Consequently, combining (7.40) with Lemma 2 yields

Mu(s+ A, t)
I4(s, 8)

for a sufficiently large constant 6; and all 0 < A < h,. In addition, equations

(7.16), (7.17) and Lemma 2 produce for any fixed s > 0,

(7.42) (s, t) < Oy exp(—8tY®),

for some finite 6, = 6,5(s), 6 = 6(s) > 0, and all A = {i;,...,i;}, |A| < £.
Finally, (7.41) and (7.42) give the proof of the lemma for 0 < 2 < hy; = 0.79
(0 = 610,). The proof of the lemma when & < 0 is completely analogous, and
therefore we leave it out. O

(7.41) 0<1-— < hotV/e,

7.3. Proof of Theorem 4. To prove this result it is enough to show that
Eexp(—sC(k)/k) converges to the expression in (4.1) and that Eexp(—sCy) —
1 as s | 0 (see [10], Theorem 6.6.3, page 190). From (2.6) one obtains

Bexp(~sC(k)/k) = e [~ S (g} exp(~alt)
i=1

<[ TTa-a-ema- ep-gion)d
(743) rir#i

= et [ 3 h(gh)? exp(~hkalv)
v=0 i=1

x [ [TA-1—e**) - exp(—kqfv)))j| dv,

rir#i

where the last equality follows by the change of variable v = ¢/k. First, we
show that for each (fixed) v > 0,

(7.44) lim 3" k(g")? exp(—kqlv) = / q(u)2e 1 gy,
RS 0
In order to prove (7.44), observe that the monotonicity of g implies

ik(q")2 exp(—kqfv) < i[q((i_l)/l‘*)z}e—qwk)v
i ' -1 k
_ 9(0)?
-k

o8}
—>/ q(u)?e W du as k — oo,
0

n /°° q(u)2e 9L gy,
0
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where the last asymptotic relation follows by the dominated convergence the-
orem. Analogously, we prove the lower bound and finish the proof of (7.44). In
a completely similar manner, one can prove that for each (fixed) v > 0, s > 0,
and uniformly in i,

[T (1~ (1 —e**)(1 - exp(~kgjv)))dv
(745) rir#i

— exp(—s/ 1- eq(“)”)du) as k — o0o;
0

we omit the details.
Now, by applying Fatou’s lemma and (7.44) and (7.45) we derive

. C(k)
1 fE -
pinfeern( -5

> fo </0 qz(u)eq(“)tdu> exp(—:s/0 (1- e‘I(“)t)du> dt.

For the upper bound, note that for all i the infinite products in (7.43) are
upper bounded by 1, and therefore, for any v, > 0,

Bexp(~sC(k)/R) = e [ 3" hal) exp(~katv)
v=ti=1
(7.46) x[ 1 (1—(1—e—S/kxl—exp(—kq’:v)))] dv

rir#i

# [ 3 k(@) exp(~halo:

V=l j=1

by applying Fubini’s theorem in the second integral in (7.46) and using the
monotonicity of ¢ we derive

[ ¥ k(ah)? exp(~kafv)dv = Y qf exp(~kq}vy)

Vo j—1 i=1

(7.47) = :1 Wexp(_q<li)vo>

% + /Ooo q(u)exp(—q(u + (2))%) du

— /Ooo q(u)exp(—q(u)vy)du as k — oo;

again the last asymptotic relation follows by dominated convergence. By re-
placing (7.47) in (7.46) and by using the dominated convergence theorem in
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the first integral in (7.46) we arrive at

. C(k) oo * 9 —q(u)v
hmsup]Eexp(—s 7 )5/ (/o q“(u)e du

k—o00 v=0

(7.48) « exp(—s | T(1 = ey du) dv
0

+ [ aw exp(~q(u)vy) du.
Finally, by letting vy — oo in (7.48) and by using
[ a exp(—q(uyve du — 0 as vy — oo,
we show that Eexp(—s(C(k)/k)) converges to the desired limit in (4.1) as

k — oo. To complete the proof we need to show that Eexp(—sC;) — 1 as
s | 0. But, this follows by the monotone convergence theorem and

/ (/ q*(u)e 1! du) dt=1,
0 \Jo
where the last equality is implied by Fubini’s theorem. O

7.4. Proofs of Lemmas 3, 4 and 5.

PROOF OF LEMMA 3. By dominated convergence, from the definition of
gf(t) it follows that

(7.49) gi(t) = /Ooo q(w)e 1™t dy.

First, let us assume that q(u) = cexp(—Auf). By changing the variables to
x = texp(—AuP) in (7.49), we compute

/ t c ! —X t ‘
(7.50) gf(c) = v ), ¢ (l°g<x>) @

where d = (1/B8) — 1 (> —1) as defined. Thus, to complete the proof, it is
enough to show that for d > —1,

(7.51) /O "o~ (log(t/x))  dx ~ (log 1) as t — oo.

To finish this, let us decompose the integral above into three integrals,

t 1/log ¢ log ¢ ¢
~*(log(t/x))* dx =
(7.52) /(; ¢ ( Og( /x)) ¥ ‘/0 +/1/10gt +/logt

=1,(8) + Ly(t) + I5(t) as defined.
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Let us first investigate the asymptotic behavior of I,(¢). Assume first that
d > 0. Then,

log ¢
(7.53) I,(t) < (log(tlogt))? / e *dx ~ (logt)?
1/logt
as t — oo; similarly for the lower bound
d
t log ¢
7.54 I,(t) > (log| —— ~*dx ~ (log t)?
7.50 (0= (log(1oo)) [ e dx~ qoge)

as t — oo. For 0 > d > —1 the inequalities in (7.53) and (7.54) will hold with
the inequalities being reversed. Thus, we have proved that

(7.55) Iy(t) ~ (logt)? as t — oo.

For I,(¢) we have the following set of estimates:

I,(0) < /Ol/logtoog(i))ddx

(7.56) =t ule *du

v/log(tlog t)
1
~ d _ d
t(log(tlogt)) fog o((log¢))* ast— oo,

where the asymptotic equivalence follows from [1], equation (6.5.32), page 263.
Similarly, one can easily prove that

(7.57) I3(t) = o((log t)?) ast — oo.
Finally, by combining (7.55)—(7.57) we conclude the proof of the case g(u) =
cexp(—AuP).

For the general case q(u) ~ cexp(—AuP) as u — oo, for any ¢ > 0 we
can choose u,, such that for all u > ug, (1 — &)cexp(—Auf) < q(u) < (1 +
g)cexp(—Au®). Using this in conjunction with the inequality xe™** < (1/t)e™1,
x > 0, and the case g(u) = cexp(—AuP), we obtain

-1

, uge l1+e¢
t) < 2+ —

gf()_ t +1—8

1+ & (log((1 — &)ct))/P1
l1-¢ tBAY/A

Similarly, one can obtain the lower bound. Finally by passing ¢ — 0 we obtain
the conclusion of the theorem. O

fooo(l — &)cexp(—AuP) exp(—t(1 — &)c exp(—Auf)) du

as t — oo.

PROOF OF LEMMA 4. By assuming that q(u) = cexp(—Au?f), and by chang-
ing the variable of integration to x = ¢exp(—Auf) in (4.2), as in the proof of
Lemma 3, we compute

" 2 ¢ t\\*
(7.58) ff<c> = tzlgcwfo xe” (1°g<x>> s
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where d = (1/8)—1 (> —1) as defined. Thus, to complete the proof it is enough
to show that for d > —1,

(7.59) / " xe(log(t/x))  dx ~ (log )% as ¢ — cc.
0

To finish this, let us decompose the integral above into three integrals:

log ¢ t

t 1/logt
/ xe~*(log(t/x))? dx = / + +
0 0

1/logt logt

(7.60)
=1,(t)+ I,(t)+ I5(¢t) as defined.

The arguments from here are exactly the same as in the proof of Lemma 3.
We skip the details. O

PROOF OF LEMMA 5. It is easy to compute that
t]1—e® £\\? (log ¢)d+1
log( — dx — ———

[ (os(7)) e S
11 —¢* £\\¢
= log( — d
(7.61) [0 x (Og(x>> *
d
)

=1,(t) — I,(¢t) as defined.

By changing the variable of integration to u = ¢/x in I,(¢) we obtain

1 — et d
I,(t) = /t ————(logu)’ du,
which can be decomposed in
—t/u

(log u)? du+/ %(logu)d du

tlog?t

tlog’t 1 _ g—t/u
Lo=[" ——

=I11(t)+ 15(¢) as defined.

Consider first the case d > 0. It is easy to see that

tlog’t 1 — ot/
T14(¢) < (log(tlog? £))* / ——du

dx

1—e~
(7.63) = (log(tlog? ¢))?
Qog(rlog o) [,

—X

dx ast— oo.

11—
~ (log 1)’ |
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Similarly, one gets the lower bound

1 1-—e*
I..(t) > (log £)¢
1(2) > (log¢) /Wlogzt) .

~ (log t)d/ 1

dx
(7.64)

_e_x
dx ast— oo.

1
0
Also, by using the inequality 1 — e * < x, for x > 0, we obtain

00 1
I(t) <t /ﬂogzt —5(logu)! du

_ d, —x
(7.65) = t/hgmogztﬁ e tdx

~ t(log(tlog®t))? exp(—log(tlog?t)) ast— oo
=o((logt)?) ast — ooc;

the asymptotics in (7.65) follow from [1], page 263, equation 6.5.32. Next, we
investigate

logt p—% t d t X ¢ d
a0 (oe() a5 (oe(())

= I5(t) + I55(t) as defined.

Here, the asymptotic behavior of I,,(¢) is determined by

(7.67) In(®) = (log ) [ o %dx ~ (ogt)? | ” %dx,
and

t 4 logt g=x 0 g ¥
(7.68) I (t) = <10g<10gt>> /1 “dx~ (1ogt)d/1 ~dx.
The estimate for I55(%) is given by

t \\¢ 1
(7.69) Ioo(t) < <log<logt>> logt = o((logt)?) as t — oo.

Finally, by combining equations (7.61)—(7.69), it follows that

I(t) — Iy(t) ~ (logt)d<—/1c>o e’ +/01 17 dx) ast— oo

X X

(7.70)
= y(log ¢)<,

where the last equality follows from [17], page 946, equation 8.367 (12). This
completes the proof for the case d > 0.

For the case —1 < d < 0, the inequalities in (7.63) and (7.64) are going to
be reversed, but the asymptotic behavior of I;; is still going to be the same.
Since (7.65) still holds, I,(¢) will behave asymptotically the same as for the
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d > 0 case. Similarly, the inequalities in (7.67) and (7.68) are going to be
reversed, but the asymptotic behavior of I5;(¢) is unchanged. The asymptotic
upper bound for I,5(t) is given by

1 1 £\\¢
Iy(t) < — — [ log| — dx
2(t) = 3 log<t)x< g<x>>
1 ,log(t/logt)
= 7/ u? du
tJo

1 (log(¢/logt))**!
Tt d+1

= o((logt)?) ast— oo.

This implies that I,(¢) will have the same asymptotics as in the d > 0 case,
and therefore (7.70) holds. This completes the proof of the lemma. O
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