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ON THE NUMBER OF ITERATIONS REQUIRED
BY VON NEUMANN ADDITION

RUDOLF GRUBEL! AND ANKE REIMERS!

Abstract. We investigate the number of iterations needed by an ad-
dition algorithm due to Burks et al. if the input is random. Several
authors have obtained results on the average case behaviour, mainly
using analytic techniques based on generating functions. Here we take
a more probabilistic view which leads to a limit theorem for the distri-
bution of the random number of steps required by the algorithm and
also helps to explain the limiting logarithmic periodicity as a simple
discretization phenomenon.
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1. INTRODUCTION AND RESULTS

Some fifty years ago Burks et al. [2] introduced an addition algorithm that
since then has become one of standard topics in computer science curricula; see
e.g. Scott [19] or Wegener [21]. It is also used in practice for multiprecision
arithmetic; see e.g. Forster [7]. This algorithm proceeds iteratively, with the
number of steps and hence the running time depending on the input. In the
worst case this number is of the same order as the length n of the input, but on
average only about log, n steps are needed with a base b representation. The
average case behaviour has already been discussed in Burks et al. [2], with com-
plements and refinements obtained by Claus [4] and Knuth [12]. Together with
QUICKSORT and a related selection algorithm, also due to Hoare and known as
FIND or QUICKSELECT, von Neumann addition is one of the classical examples
for an algorithm where the worst case behaviour is no better than that of some
standard naive procedure. Therefore, the raison d’étre for these methods, at least
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from a practical point of view, is the improvement obtained “on average” or “for
typical input”. We mention in passing that there is, similar to the situation with
Hoare’s algorithms, a deterministic algorithm with worst case behaviour compa-
rable to the average case behaviour of von Neumann addition but requiring more
complicated data structures; see Cormen et al. [5] or Wegener [21].

In recent years some of the early average case analyses have received renewed
interest, with the focus on the complete distribution of the running time rather
than the associated expected value. Let Y,, denote the number of comparisons
needed by QUICKSORT. Using martingale methods Regnier [15] showed that (Y, —
nlogn)/n converges in distribution as n — oo, Rosler [17] obtained the same result
with a completely different and somewhat more constructive method. For FIND
see Griibel and Résler [10] and Griibel [8,9], where the convergence in distribution
of Z,,/n was established for the number Z,, of comparisons needed to find a specific
quantile such as the median. It is an immediate consequence of these results that
there is a concentration of mass phenomenon in the first, but not in the second
case: Y, /EY,, converges to a fixed value as n — oo, Z,,/EZ, does not. Also, such
results can be used to assess the probability of excessively long running times via
the quantiles of the limit distribution. The bounds for these quantiles that come
out of the results for expected values via Chebychev’s inequality can be very poor;
see e.g. the discussion in Griibel [8]. Chassaing et al. [3] discuss related optimality
concepts; concentration of mass in connection with stochastic algorithms is also
discussed in McDiarmid and Hayward [14] and McDiarmid [13].

Let X,, be the number of iterations required by von Neumann addition if the
input consists of two independent sequences of length n of independent and uni-
formly distributed base-b digits (for a description of the algorithm see the begin-
ning of the next section). For b = 2 Burks et al. [2] obtained the upper bound
EX, <logyn+ 2 and Claus [4] showed that EX, > [logon] —1. The general
remarks in the previous paragraph would lead us to expect a result on the con-
vergence in distribution of (X,, — a,)/b, to some non-trivial limit law as n — oo,
with suitable sequences (an)nen and (by,)nen of real numbers. In view of the av-
erage case results the shift sequence (a,)nen should be of the order log, n and
indeed, Claus [4] conjectured on the basis of numerical evidence that EX,, —log,n
converges to 1/3 for b = 2 as n — co. Knuth [12], however, proved that

v 1 b—1 (logn)*
EX, = 1Ogbn+@+§+logb 5 —f(”)+O<T

as n — 0o, where v is Euler’s constant and

2 & —2mik _ (b—1)z
flz) = Togb ;8‘3 <F ( Togb )exp <2mklogb T)) :

(The versions of the algorithm considered by Claus [4] and Knuth [12] differ
slightly; see Sect. 3.1 below.) We have f(bx) = f(z) for all > 0, but a plot
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shows that f is not constant (for small b, f is “almost” constant). This small-
fluctuations phenomenon appears in connection with various algorithms such as
radix exchange sorting and tries; see Chapter 5.2.2 and Chapter 6.3 in Knuth [11],
Chapter 7.8 in Sedgewick and Flajolet [20] and the references given there.

In accordance with the classical approach to such problems both Claus and
Knuth based their analysis on a recursion relation for the values P(X,, > i),
i=1,...,n, n € N; the use of generating functions then provides the bridge to
the impressive array of techniques of asymptotic analysis (Knuth dedicates his
paper to de Bruijn). For a review of Mellin transform methods in this context,
including an analytic approach to the small-fluctuations phenomenon, see Flajolet
et al. [6]. Our approach makes more use of probabilistic structures. As a result
distributional limits can be obtained (which in turn shows that there is concen-
tration of mass about the mean for large n), the above log-periodicity is seen to
arise as a discretization phenomenon and a simple ‘non-computational’ proof can
be given that f is not constant.

We now state our main results, proofs are collected in the next section. Asymp-
totics for distributions require a suitable notion of distance for probability mea-
sures: we work with the total variation distance which for distributions P, Q on
the Borel subsets B of the real line is defined by

drv(P,Q) = sup |P(A) — Q(A)|.
AeB

We write £(Z) for the distribution of the random variable Z and use dtv(X,Y") as
an abbreviation for dry(L£(X),L(Y)). If P and Q are concentrated on the set Z
of integers, then

1
drv(P.Q) = 3D _[P({k}) - QR
kez
Further, if P, Py, P,, ... all satisfy this condition, then convergence of the atoms,
1.€.

P,({k}) — P({k}) forall keZ,

is equivalent to convergence in total variation distance (this is a special case of
Scheffé’s theorem; see e.g. Billingsley [1], p. 218). It turns out that no rescaling
is required for the distributional asymptotics of X,, (i.e. we may take b, = 1
for all n € N), so that the distributions of interest are indeed concentrated on Z.
However, because of the log-periodicity we do not have one single limit distribution
but rather a whole family that depends on the behaviour of {log, n}; here {z}
denotes the fractional part of z, i.e. {x} = x — [z] in the usual floor and ceiling
notation. A random variable Z is said to have the Gumbel distribution with scale
parameter A\, which we abbreviate to Z ~ Gu(\), if P(Z < z) = exp(— exp(—Az))
for all z € R. For typographical convenience we define the constants

b—1 b—1
Cp = logy 5 Xb = 2—b
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Note that y is the probability that the sum of two independent random integers,
both uniformly distributed on the set {0,1,...,b — 1}, exceeds the value b — 1.
In our model for the input of the algorithm, this is the probability that a carry is
generated at some fixed position of the input sequences.

Theorem 1. Let X,, denote the random number of iterations required by von
Neumann addition with respect to base b if the input consists of independent and
uniformly distributed base b digit sequences of length n. Then, with Z ~ Gu(logb),

lim dTV(Xn— Llogan,[Z+gb+{1ogbn}]) = 0.

n—00

This shows that the distribution of the integer-valued random variable X, —
|log, n] can be approximated by a shifted and discretized Gumbel distribution,
with the shift depending on n only via the fractional part of its base-b logarithm.
In particular, we obtain approximations for the probability that X, is equal to
or greater than |log, n| + k for n large and k fixed. Our next result deals with
the quality of the Gumbel approximation in the tails of the distribution, i.e. with
increasing k, where Theorem 1 would be useless. Of special interest are deviations
that are of the same order of magnitude as the mean.

Theorem 2. Let X,, and Z be as in Theorem 1. Then, for all t > 0,

lim n' ‘P(Xn — [logyn] > tlogyn) — P([Z + ¢ + {log,n}] > tlog, n)’ = 0.

n—oo

The tail behaviour of Z is easily accessible. From lim, ., 0*P(Z > z) = 1 it
follows that n'P([Z 4 ¢, + {log,n}] > tlog,n) oscillates between two positive
constants, in Section 3.2 this will be discussed in more detail. There are two points
worth noting at this stage: first, the tail probabilities of X,, fluctuate too; second,
the distributional approximation by a shifted and discretized Gumbel distribution
is close enough to capture these fluctuations.

Closeness in total variation norm of two distributions does not imply that the
corresponding moments are close. The next result supplements Theorem 1 in this
respect.

Theorem 3. Let X,, and Z be as in Theorem 1. Then, for alll € N,

lim (E(Xn— Uogbnj)l - E[ZJerJr{logbn}]l) = 0.

n—oo
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By Theorem 1, for any fixed 7 in the interval [0, 1) we obtain a limit distribution
for the subsequence (X, — [log, n|)ken if we take ny := [b*+7] for all k € N.
Theorem 3 shows that, for such sequences,

lim (EXy, —logynk) = E[Z+G+n] —n

k—o0

with Z ~ Gu(logb). This representation throws some light on the average case
behaviour of the algorithm, supplementing the earlier work by Claus [4] and
Knuth [12] cited above. In particular, we have the following result, which also

shows that the full sequence (£(X,, — |log, n] ))n ¢ does not converge.

Theorem 4. With Z ~ Gu(logb), the function
n o BlZ+G+n] -0

is not constant.

The limiting average case behaviour will be further discussed in Section 3.3
below where we also relate our result to Knuth’s formula.

2. PROOFS

We first introduce some notation. Throughout, b is a fixed integer greater
than 1, b is the basis for the representation of the numbers to be added. Let
Zy:={0,1,...,b—1} be endowed with the operations

1, fn+m>»b
m@&n = m+n (modb), mAn =’ Jr' -

0, otherwise.
Further, Zp » denotes the set of sequences u = (ug, u1, ...) of elements of Z;. On
sequences, @ and A operate componentwise. We define the truncation operators
Ty : Zy,oo — Zp,00, 1 € Np, and the shift operator S': Zy oo — Zp,o0 by

if k 1, ifk>0
T, (u)i = {“’“’ e S = {“k R

0, otherwise, 0, otherwise,

for all w = (uk)ren, € Zp,co- Sequences u,v with only a finite number of non-
zero elements can be regarded as base-b representations of non-negative integer
numbers; in contrast to the usual notation we read the digits from left to right in
increasing order. The von Neumann addition algorithm provides the sum u + v of
such “terminating” sequences via the following iterative procedure: we start with
u® =y, v =y, Given ulV, v we first check whether v¥) = 0. If this is the
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case, then the u-part of the pair contains the required base-b representation of the
sum and no (further) iterations are needed. If not, we define the next pair by

WD = @ @@ D = G (D ),

From [ = 1 onwards the v(V-parts contain the respective carry bits. These start in
v at those positions k£ where uy_1 +vip_1 > b and propagate to the right in later
v-parts as long as ugp—14j +vk—145 = b—1, 7 =1,2,... The algorithm terminates
as soon as all components of the v-part of the pair are equal to 0, which is the case
after at most n + 1 steps if n is the maximum of the length of u and the length of
v (a slight subtlety arises in this connection, see Sect. 3.1 below). The point of the
algorithm is, of course, that “on the average”, the number of required iterations
is much smaller than the effective length of the input.

In order to make such a statement precise we need a stochastic model. We con-
sider two independent random elements U and V' of Zj o, both with independent
components that are uniformly distributed on the set Z; of availabe digits, and
denote by X,, the random number of iterations required by the above algorithm if
the input consists of U and V' truncated at n, i.e. of T;,(U) and T, (V).

From U and V we obtain two increasing sequences (o7)ien, and (7)ien, of
integer-valued random variables by 7y := 0,

o =inf{k>n: U +Vp>b—1}, 71 =inf{k>0: U+ Vi #b—1}
for all [ € Ng. With

M, = max{mj —0j_1: 1<j<l}, N, = #{0<k<n:Ug+V,>b—-1}

we then have the following fundamental relationship on T,,(V') # 0,
My, —1+1 < X, < My, +1. (1)

On T, (V) = 0 we have X,, = 0; as this happens with probability b= only this
will turn out to be without significance for the limiting behaviour. Of course, the
point of this construction is that the bounds in (1) are sharp enough to reduce
the study of (X,,)nen to that of (M;);en and that the latter sequence is easier to
analyse. In fact, it is immediately clear from the construction that the distribution
of N, is binomial with parameters n and yp; further, it is easily verified that the
differences 7,11 — 0;, j € Ny, are independent and geometrically distributed with
parameter 2x;. Note, however, that (M;);en and (N, )nen are not independent.
We use the well-known fact that geometric distributions arise as discretiza-
tions of exponential distributions. Formally, if Y is exponentially distributed
with parameter A, then Y := (}7] has a geometric distribution with parameter
1 —exp(—A). The transition Y —Y preserves independence and obviously com-

mutes with taking the maximum. We can therefore assume that M; = [M;], with
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M, = max{ffl, - ,}7}} and (ﬁ)jeN a sequence of independent random variables,
exponentially distributed with parameter A\ := logb.

The Gumbel distribution is one of the extreme value distributions, it arises
as the limit distribution of the maxima of independent random variables (see
e.g. Resnick [16]). We require a strong variant of this statement for exponential
distributions.

Lemma 5. Let (Y;)jen be a sequence of independent random variables, all
exponentially distributed with parameter X\, and suppose that Z ~ Gu(\). Let
M, == max{Y1,...,Y,}. Then, for all v < 2},

im [ e £,(2) = foo(2)|dz = 0,

n—oo J_

where f, and f denote the densities of M, — (logn)/\ and Z respectively.

Proof. The distribution of )\}7j is exponential with parameter 1, hence a simple
rescaling argument shows that it is enough to consider the case A = 1. We split the
range of integration for the weighted difference of the densities into the segments
(=00, —logn), [~ logn,0] and (0,00). For the first of these we note that P(M,, <
0) = 0, hence this part of the integral reduces to

—logn —logn
/ e"””‘foo(fv) de = / eXp(—VI —x— eXp(—JU)) dz

—00 —00

= / exp(’ylogn + vy +logn +y — nexp(y)) dy
0

IN

oo
nHA’e*"/ e*y(nflf“/)dy’
0

where we used that e¥ > 1+y for all y > 0. Evidently, this last integral tends to 0
as n — o0o.
For all x > —logn we have

~ ~ ~ —ZT\n
PM, <logn+z) = P(Y1 <logn+ux,...,Y, <logn+z) = (1——) ,

which shows that M,, — log n has density

e_x n—1
fulx) = 77 (1 — —) , x> —logn.
n
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We can therefore rewrite the integral over the middle segment as follows,
0
/ el }fn(ac) — foo(:n)| dz
—logn

0 —T\n—1 =

:/ e 1T (1 — e—) —e ¢

—logn n

n n—1
[l - e
1 n

= / y”e*y’exp((nfl)log(lfg) + y) — 1’dy.

1 n

It is easily seen that the term within the absolute value signs tends to 0 as n — oc.
Using

dx

log(l—2) < —z for z<1

we see that it is also bounded from above by e¥/™ + 1, which means that the
integrand is bounded by the function y — y? (efy/2 + e*y) for n > 2. Hence

Lebesgue’s dominated convergence theorem applies and we obtain that the middle
term also vanishes in the limit.

The integral over the final segment (0, 00) can be rewritten as
/ ew‘fn(x) - foo(x)’ dx
0

Rl —Z\n-—1 e
:/ eVrTr (1 — e—) —e ¢
0 n
° —z e "
= / eyrmeme ‘exp((n - 1)log(1 - —) + e_”) - 1‘ dz.
0 n

We may assume that n > 2 so that the inequality

dx

llog(1—y) +y| < 29> on |y <1/2

applies with y = e™*/n, resulting in the upper bound

—x

—x —2z
)+ < T + 22
n

n n

’(n -1) 1og(1 —

< 3.
This in turn means that we can use
‘ey— 1’ < eyl on |y <3

to obtain

—x —x —2z

’exp((nfl)log(lf%) +e_”) — 1’ < e (67 + 2€n )
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Inserting this upper bound in the above integral and using v < 2 we again obtain
the limit 0 as n — oo. g

The proofs of our first three theorems all use the same strategy: X, is related to
My, and My, —1 by (1), these are related to some M-variables with non-random
index [ = I(n), M; has a representation wvia a continuous counterpart M, and
Lemma 5 is used to close the gap to a suitably transformed Gumbel variate.

The total variation distance for (the distributions of) random variables X and
Y with densities fx and fy is given by

1

drv(X,Y) = glm}fX(U)*fY(u)|du’

it is obviously invariant under shifts, i.e.
drv(X +¢,Y +¢) = dpy(X,Y) forall c e R, (2)
and cannot increase under discretization, i.e.
dov ([XT,[Y]) < dov(X,Y). (3)

Also, as lime_¢ [|f(z+c)— f(z)| dz = 0 for integrable functions f (see e.g. Th. 9.5
in Rudin [18]), we have the following continuity property for random variables X
with an absolutely continuous distribution,

liH(l)dTv(X+C,X) = 0. (4)
c—

With v = 0 Lemma 5 leads to a limit result for the total variation distance
between the distributions of the shifted maximum and the limit variable, which
is enough to carry out the last step of the strategy outlined above in connection
with Theorem 1. For the step from X,, to M; we need the following lemma:

Lemma 6. lim, . drv (X'ruM[nxb] + 1) = 0.
Proof. Let
A = {[Nn = [nxo]l < 2%}, Bui= M- faoa = Mo uvan }
We have X, = My, +1on A, N B, N{X, # 0} so that
|P(Xn € C) — P(Mjpy,1 +1€C)| < P(AS)+ P(Bg)+b"

for all C' C Z (we write A° for the set-theoretic complement of A). As the right
hand side does not depend on C' the assertion will follow if we can show that
P(Af) — 0 and P(BgS) — 0 as n — oo. Since EN,, = nx, and var(N,) =
nxp(1l — xp) the first of these is an easy consequence of Chebychev’s inequal-
ity. In connection with B, we use the above representation by exponentially
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distributed random variables ffj, J € N. Obviously, for My, ,1_rps/41 to differ
from anxﬂj- [ns/4] We need a record value in the index range j € [nys] & [n3/4].
Let B :={Y; >Y;: j=1,...,1— 1} denote the event that the [*" value in the
Y-sequence is a record. It is well known (and easy to see) that P(R;) = 1/I. In
particular,
[nxs 1+ [n3/4]
P(By) < - = 0
m< Y
j=[nxp]—[n?/4]

as n — 0o. ]

Proof of Theorem 1. Lemma 5 implies

lim dry (May,) —logy[nxs], Z) = 0 with Z ~ Gu(logb).

n—oo

As the relevant distributions are absolutely continuous property (4) yields

lim dpv (M, +1—logyn—G, Z) = 0.

n—oo

For z € R, k € Z we have [z — k] = [x] — k, hence we obtain on using (2) and (3)

lim dry(Myny,) +1— [logyn], [Z + G + {logyn}]) = 0.

n—oo

The assertion now follows with Lemma 6, the triangle inequality for the total
variation distance and a version of (2) for discrete random variables. O

Proof of Theorem 2. Let t > 0 be fixed. As we compare integer-valued random
variables we may replace tlog, n by a,, := [tlog, n]. Let k be a constant satisfying
1/2 < k < 1. Chernoff’s bound on the tails of binomial distributions gives

P(|Nn — nxp| > ﬁn) < 2 exp(—26%n) for all B> 0,

see e.g. Section 2 in McDiarmid [13]. Hence, with A4,, := {|Nn — [nx]| < n“},
P(Ay) < P(INy, —nxp| = n"—1) = O(exp(—n%*l)) =o(n™) (5
for all v > 0. Let ¢+ : N — N be defined by
¢+(n) = [nxp] + [n"],  ¢-(n) =[] — [n"] - 1.
From (1) it follows that

P(X, — |log,n] > ay)
P(X, — |log,n] > ay)

IN

P(Mg, )+ 1> an+ |logyn]) + P(A5) + b7,
P(Mg_(ny + 1> an + [logyn|) — P(A5) — b™".

v
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In view of (5) it remains to consider the respective first terms on the right hand
side. As a, is integer we may replace My, (,,) by My, (n) + 1. With

¢y = |log,n| —log, ¢4 (n) —2

and )
A(z) = ‘P(Ml —logyl > 2) — P(Z > z)‘

this results in

P(M¢+(n) +1>ay, + |log, nJ) = P(M¢+(" 2 an + [logyn] — 2)

< P(Z>zan+c)) + Ay, )an+¢h),
P(My_(m)+12an+ [logyn]) = P(My_(n) > ay + [logyn] —2)

> P(Z>an+c,) — Dg_mylan+c).

Let f; and fo, be the densities of ]\Zfl—logbl and Z respectively. Markov’s inequality
yields

A¢i(n)(an+ci‘;) < eXp(*'Y(anJFC?L:))/ e’® ‘fqbi(n) z) — fm(z)’dza

>antci

Lemma 5 implies that the integral tends to 0 with n — oo for any v < 2logb.
Using ¢ = O(1) we see that this yields the rate o(n="*) for all n < 2.
It remains to show that

P([Z + ¢ + {logyn}| > an) — P(Z > an+cE) = o(n™").
Because of
P([Z + ¢ + {logyn}| = an) = P(Z > an — G — {logyn} — 1)

this amounts to finding an upper bound for the probability that Z takes its value
in a short interval moving to the right. Using (; = log;, x» + 1 we obtain

= O(n"_l),

and the same bound holds for the other interval. For any sequence (0, )nen With
6n | 0 we have

[nxe] + ("]
nXb

e = (=G~ {logyn} = 1)| = |1og

d
P(Ze€a,+0,) < 26, sup —P(Z<2)
s€an+s, dz

20, logh sup exp (f (log b)z)
z€Ean+dn

26, logh b=anton

IN

IN
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This last term is of the order O(d,n~*). With the above bounds on the length of
the intervals this leads to the bound O(n~t**~1), which is o(n~?) as desired. O

We note that the above proof supplies the rate o(n~") for the difference of the
tail probabilities, for all < t + min{¢,1/2}, which is more than the order o(n~")
in the assertion of the theorem.

For convergence in total variation to imply convergence of the associated mo-
ments some extra conditions are needed; the following lemma gives the details in
the discrete case that is of interest for the proof of Theorem 3. Note that this is a
result for distributions, the X- and Y -variables need not be defined on the same
probability space.

Lemma 7. Let X,,,Y,, n € N, be random variables with values in Z and let
l € N. If, for some v > 1,

lim dryv(X,,Y,) =0, supF|X,|" <oo, supFE|Y,]” < oo,
neN

n—00 neN
then
lim (EX] — EY})) = 0.

n—oo

Proof. A simple decomposition gives, for all M € N,

BXL - BYY < 3 WK [P(X, = )~ P(Y, = k)

|k|<M
+ 3 K P(Xa=k) + Y [k P(Y, = k).
|k|>M [k|>M

For the second term we have

STIE'P(Xn =k) < MY > B P(X, =k) < M"Y sup E|X,|",
|K[>M &[> M nel

and the analogue of this upper bound obviously also holds for the Y-variables.
Hence, for any given ¢ > 0, we can find an M large enough for the second and
third term in the decomposition to be less than €/3. For the first term we use

ST IR [P(Xy =) = P(Ya = K)| < 2M!dav(X,, Vo),
|k|<M

i.e. we can further choose ng (in dependence on M) large enough for this term to
also be less than €/3 for all n > ng. Put together this implies the convergence of
the moments. |
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Proof of Theorem 3. In view of Theorem 1 and Lemma 7 it remains to show that

sup E’Xn — |logy n | ”Y < 00, SHPE‘ [Z + G + {log, n}] ”Y <00
neN neN

for all v > 0. For Z this is trivial: The shifts are bounded by |(p| + 1 and Gumbel
distributions have exponentially decreasing tails. For the first part we use

E|X, — |log,n]|" = (/ +/ +/ )‘Xn — |logyn]|"dP
Aun{X,=0}  JAa.n{x,20} Jag

with A, as defined in the proof of Theorem 2 and consider the three terms on the
right hand side separately. Since 0 < X,, < n+ 1 we have

/ | X, — [logyn||"dP < P(AS) (n+ 1+ |log,n])’,
AS

hence for the third term the desired boundedness follows from (5). On 4,,N{X,, =
0} we can use P(X,, =0) =b~". On A, N{X,, # 0} we have, with ¢4 as in the
proof of Theorem 2,

}Xn — |log, nJ|7 < My, () +1— |log, n”V + }Mm(n) +1— [log, nJ|V

Now, with the notation of Lemma 5
(BT, ~ (ogm)/A” = EIZP| < [ o)1) = ful)|

As z — 2| increases at a subexponential rate, this lemma implies that the right
hand side converges to 0 as n — oo; in particular, with A = logb,

sup E|M, —logan < 0.
neN

‘We have
Moy + 1= logyn] = (Mg (n) —log, ¢£(n)) + (M) = Morim) + 1
+ (logy ¢+ (n) — [log, n]),

hence
sugE}M%(n) — |logy, 1] }7 < 00
ne
follows on using Minkowski’s inequality. O

Proof of Theorem 4. Suppose the statement is wrong. Then n — E{Z + n} is
constant on (0,1). From

1Z} +n, it {Z}+n<1,

7 = {{Z}+n1, it {2} 4021,
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for all n € (0,1) it then follows that

E{Z +n}

/ (+n) PZ (dz) + / (z+7—1) PZ ()
(0,1—n)

[1_7771]
0+ / 2+ P2 (dz) — / 1 PAZ}(dg)
(071] [1_7771)

0+ B{Z} — P({Z}=1-n).

Hence this function can only be constant if the fractional part of Z is uniformly
distributed on the unit interval. This, however, would imply

¢z7(2m) = B’/ = BT = ¢4 (2m) = 0,

where ¢y denotes the characteristic function of the random variable Y. However,
the characteristic function of a Gumbel variate Z does not take the value 0. This
can either be seen directly from ¢z(t) = I'(1 —it/\) and the fact that the Gamma
function has no zeros, or (more probabilistically. .. ) from the fact that Gumbel dis-
tributions are infinitely divisible, which implies that their characteristic functions
do not take the value 0. |

3. MISCELLANEOUS COMMENTS

As announced above, we briefly comment on the modelling of the algorithm,
we discuss some large deviation aspects, and finally we give some more details on
the limiting average case behaviour.

3.1. The formal descriptions of von Neumann addition given by Claus [4] and
Knuth [12] differ with respect to the way an overflow bit is handled. This is
perhaps most easily described with the help of a simple example with b = 2:
Starting with

u = (U’O ... un7k+1 ]_ ]_ oo
v = (0 .- 0 1 0 --- 0 carry: 0,

both of length n, we arrive after k iterations at

u® = (ugp -+ Un_ps1 0 O --- 0)
v® = (0 .- 0 00 --- 0 carry: 1.

From a practical point of view no further iterations are required as the binary
representation of u + v can be read off from the last display. However, if we pad
the original input with zeros we would have

uf) = (g - Uppgr 00
v® = (0 .- 0 0 0

o O
= O
o O

S—
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and the formal requirement that all components in the v-part are zero would
necessitate an additional step — a completely superfluous step as the corresponding
u-position will always have the value 0. In our analysis above we have included this
step, as in Knuth [12] and the textbooks we are aware of, in contrast to Claus [4].
How does this affect our results? The two formalizations of the algorithm can only
differ in the number of iterations required if the maximal run straddles n, i.e. if
Mp, -1 < My,. As in the proof of Lemma 6 we can construct an event A, such
that

0 < X(fnuth) _ x(Claus) < 1, with lim P(A,)=0.

n—oo
From this it is obvious that Theorem 1 holds for both versions and so does
Theorem 3 in view of Minkowski’s inequality, Theorem 4 is not affected. In par-
ticular, Claus’ conjecture on the asymptotic behaviour of the average number of
iterations (which obviously referred to his version) is now disproved.

3.2. The arguments in the proof of Theorem 2 can be used to obtain tail approx-
imations for sequences other than n +— (1 + t)log,n, t > 0. In particular, the
approximation by a discretized shifted Gumbel distribution turns out to give the
correct first order term for the tail probabilities of X,, for sequences of the order
O(n”) with v < 1 (some upper bound on the rate of increase of the sequence is
obviously needed as P(X,, > n+ 2) =0 for all n € N). Using

P([Z+ G+ {logyn}] > (1+1t)log,n— [log,n])

P(Z + G+ {log,n} > [(1 +t)log,n] — |log, n] — 1)

= P(Z>tlogyn— G+ [(1+1)log,n]
—(1+1t)logyn— 1)

and writing a,, ~ b, if the ratio a, /b, tends to 1 with n — oo, we arrive at
P(Xn > (1 + t) logb n) ~ nt b(1+t) log,n +1—[(1+4t) log,n] bXb )

As the exponent of b varies between 0 and 1 this in turn implies

limsup n' P(Xn > (141t)log, n) = b’xs, (6)
liminf n' P(X, > (1+¢)logy,n) = bxs for all £ > 0.

On a logarithmic scale, which is much coarser, the fluctuations disappear and we
obtain

lim log P(X,, > (1+t)logyn) = —t forall t>0.

n—oo logn
The latter could be seen as a large deviation result; see McDiarmid [13] for general
comments and McDiarmid and Hayward [14] for a similar result in the QUICKSORT
context.
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However, if interest is primarily in bounds for the tail probabilities of X, then,
in the present situation, such results can be obtained more directly. Let

k
A = {Ui+Vi>b-13 0 (Ui +Vip =b—1}, i€N, keN,
=1

where (Up,)nen and (Vi )nen refer to the notation introduced at the beginning of
Section 2. In words: A;i is the event that a carry is generated at position 7 and
propagates for at least k steps. The independence of the individual bits (or digits)
implies P(A;;) = xsb~*. For fixed k the events A, i € N, are either disjoint or
independent, hence

0, i£0<[i—j| <k
P(AirNAj,) = 202 for | | . Il
Xi , for|i—j| > k.

These events are related to the number X, of iterations required for input length

n by
n—~k
{(Xn>k+2} = |J A forallneN, keN.
i=1
Now let ky, := [(1 +t)log, n] — 2. Using Boole’s inequality we then obtain

n—kn
P(Xp>(1+t)logyn) = P(Xp>kn+2) < Y P(Air,) < nxpb™*n
i=1
< nxbe (1+t) logy n < bZan t’
Similarly, now with Bonferroni’s inequality,
n—kny n—~ky
P(X, > (1+1t)log,n) > P(Aix,) — Y P(Aix, NAj,)

i=1 i5=1

> (n—ka)xp b = (0 ka) x5 07

For the second term on the right hand side we obtain the order O(nQn_Q(H‘t))
=o(n™"), and k,, < (1+1)log, n— 1 yields the lower bound (n — ky)x, n~'~'b for
the first term. Put together these elementary estimates result in

limsup n' P(Xn > (1+t)log, n) < by, (7)
n— 00
liminf n' P(Xn > (1+t)log, n) > bxs for all £ > 0.

n—oo

In fact, the above arguments show that the upper bound even holds for the indi-
vidual n’s, a situation not uncommon in the large deviation context. Via suitably
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chosen subsequences the inequalities in (7) may be strengthened, so we overall
obtain a completely elementary proof of (6).

3.3. In connection with the limiting behaviour of the expected number of iterations
a central role is played by the function h : [0,1] = R, n — E[Z +n| —n. A
straightforward calculation yields

E[Z +n] = Zk; (e*bn_k — e*bwl_k) for all n € [0, 1].
kez

Figure 1 shows the function A for b = 2 and b = 10. Apart from being “almost
constant”, h also “looks very sinusoidal”. This we will now investigate; as a
corollary we also obtain the connection to Knuth’s formula cited in Section 1.

1.332748 - 0.77
1.332747 0.76
1.332746 0.75
1.332745 0.74
1.332744 - | T | T | T | T | T | 0-73 - | T | T | T | T | T |
0.0 02 04 0.6 08 1.0 0.0 0.2 04 06 08 1.0
(a) b=2 (b) b=10

FIGURE 1: The periodic limit function h.

The function h is obviously sufficiently smooth to permit a representation as
an absolutely convergent Fourier series,

1
) = S, with a = [ hn) et ay,
kEZ 0

Using EZ = v/ for Z ~ Gu()), A = logb and Fubini’s theorem we obtain

N~

ap = E‘(\/0 (’—Z-f—?ﬂ—’ﬂ)d’l]) = EZ+§ = @‘f’

Suppose that k& # 0. An elementary computation shows that
eQﬂ'ik{z}

2mik

1
/ ([z4+n] —n) e 2™ dy = for all z € R,
0
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which leads to

1 .
) 1 ) 1 2mik
— B A _ 727T7,k7]d — E 2mik{Z} _ rl{1-
o </0 (12 +n] —n)e ”) ik O ok Tog b
_ L 2wk
logb logb

In this derivation, Fubini’s theorem justifies the first equality, the third uses the
arguments for the characteristic functions of {Z} and Z given in the proof of
Theorem 4 and the last one follows with I'(z + 1) = 2I'(z). It is well known that
R 5 ¢+ I'(it) decreases at an exponential rate; Table 1 gives ay for some values
of k and b. We see that indeed the Fourier coefficients decrease rapidly (the near-
constancy phenomenon could be seen under this aspect — the decrease sets in at
k =0). As h is real-valued, we have a_j = ay, for all k € Z.

TABLE 1: Fourier coefficients of h.

Ek bh=2 b=10

0 1.332746177 0.750681578

1 0.603 x 107% — 0.506 x 107 ¢ | —0.628 x 1072 — 0.654 x 1072 4
2 0.213 x 10712 4+ 0.295 x 10~124 0.873 x 10~% + 0.122x 10~%
3 | —0.107 x 1078 — 0.163 x 107185 0.363 x 1079 + 0.921 x 1076 ¢
10 0.541 x 10792 4+ 0.104 x 107927 | —0.392 x 10712 — 0.319 x 107194

With the above h and (, as defined at the beginning of this section we can write
the special case [ = 1 of Theorem 3 as

EX, =logyn+ G+ h(G + {logyn}) + o(1).

Inserting the Fourier series representation with the coefficients as calculated above
and using

akeQTrikn =+ a_ke—Qﬂ'ikn _ 2%(ak62ﬂ'ilm),

exp(2mik (G + {log, n})) = exp(2mik(¢y + log, n)),
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we obtain

EX, = loggn+ ¢ +ag+2 Z %(ak exp(27rik(§b + {log, n}))) + o(1)
k=1

b—-1

0 1
= 1ogbn+m+§ + log,

— é Ii%(r(—f:g”;) exp(2m’klogb W)) + o(1).

Hence we finally arrive at a formula for the limiting average case behaviour that
agrees with Knuth’s result quoted in the first section. Note, however, that Knuth
obtained a rate result too. We would expect that a statement on the speed of
convergence would also be possible with the methods used here, but we have not
carried this out.
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