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RATE OF CONVERGENCE FOR THE ‘SQUARE
ROOT FORMULA’ IN THE INTERNET
TRANSMISSION CONTROL PROTOCOL

TEUNIS J. OTT *

Abstract

The ‘square root formula’ in the Internet transmission control protocol (TCP) states that if
the probability p of packet loss becomes small and there is independence between packets,
then the stationary distribution of the congestion window W is such that the distribution
of W./p is almost independent of p and is completely characterizable. This paper gives
an elementary proof of the convergence of the stationary distributions for a much wider
class of processes that includes classical TCP as well as T. Kelly’s ‘scalable TCP’. This
paper also gives stochastic dominance results that translate to a rate of convergence.
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1. Introduction

The paper [11] proposed a class of Internet transport protocols similar to the Internet
transmission control protocol (TCP) and used a class of stochastic processes to analyse the
performance of these protocols. This class of stochastic processes is defined as follows. Let
(Un);2y be independent, identically distributed random variables each distributed uniformly
in [0, 1]. Let p, 0 < p < 1, be a probability. Define the independent, identically distributed
random variables y, , by

success if U, > p,
Xpon = . . (D
failure if U, < p.
Furthermore, let the discrete-time, continuous-state-space process W;j, e with n = 0,1,
2,...,0< W;,C,n < o00,and 0 < p < 1, be defined by
. _ W;’C’n + cl(W;"C!n)“ if xp.n = success, )
p.Cntl max(W¥ ., — cx(Wk . VB, C) if X, = failure,
wherea < B8 < 1,c1 > 0,¢cp > 0, and C > 0. The special case with 8 = 1, « = —1,

cir=1,c0= % and (for example) C = 1 models ‘classical TCP’. The special case with 8 = 1
and ¢ = 0 models Kelly’s ‘scalable TCP’; see [7] and [8]. The paper [11] showed that the
more general case, even that in which 0 < o < B < 1, is of interest in the study of transport
protocols.
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In [13] it was proven that, for all valuese < § < 1,¢; > 0,¢2 > 0,C > 0,0 < p < 1(and
0 < ¢ < 1if B = 1), the process W . has a unique stationary dlstrlbut10n The uniqueness
of this stationary distribution is derlved from the fact that eventually W = C for some
(possibly large) n.

In this paper we will study the case in whicha < § =1,¢; > 0,and 0 < ¢ < 1, and
we will write 1 — ¢ = b. In this case we will see that we can drop the ‘max(-, C)’ in (2) (or
choose C = 0). We will be mostly interested in the case C = 0, but after this case has been
studied we will observe consequences for the process with C > 0.

A process of further interest in this paper is therefore defined by

an

Wpn +c1t(Wp ) if xp.n = success,
Wpint1 = . . (3)
Wpn—A—=0)Wp, =bWp, if xp, = failure,
but we will also draw some conclusions for the process (W p Cn o o defined by
N _ W* + cl(W;"n “ if xpn = success,
pantl max(pr cn € if xp.n = failure.

Not surprisingly, as p | 0 the two processes W), , and W , become very similar, in a way that
will be explained in Section 13.
We always choose 0 < W), o < 00, and therefore have

0<b"Wpo<Wp,<oo foralln>0.

Ifa =—1,c; =1,andb = %, (3) models the feedback process for the congestion window in
TCP; see, e.g. [15] and [16]. In the TCP environment, ‘success’ stands for the arrival of a ‘good’
acknowledgement (one which positively acknowledges safe arrival of new and contiguous data),
whereas ‘failure’ stands for the loss of a data packet. For certain values of «, ¢y, and b, the
process in (3) is a candidate for other, similar, control mechanisms. Of the papers just cited, [15]
has existed on the Internet since 1996 and is frequently cited, but has never been published in
the open literature. Reference [16] is a rewrite (draft) of [15]. The papers [5] and [6] give more
references to literature on this topic.

This paper, and the ones just mentioned, use ‘packet time’, whereby the progress of time
is (essentially) measured by the number of good acknowledgements that have been received.
Many other papers studying TCP performance use ‘clock time’, whereby (apart from during
slow start and fast recovery) time is measured in round trip times, or periods of time during
which W good acknowledgements are received, usually under the assumption that, during that
time, at most one packet gets lost or marked in the sense of [17]. If « = —1 then the window
increases by almost exactly ¢; maximum segment sizes during such a period. The assumption
that at most one reduction of the congestion window occurs during one round trip time is
reasonable if @ < 0 but questionable if 0 < «; see [11]. The paper [15] contains a translation
between ‘packet time-stationary’ and ‘clock time-stationary’ distributions.

The somewhat overly complicated construction in (1) and (3) to define the process W, ,, was
chosen because later in this paper there will be a number of stochastic processes ‘coupled’ to
the stochastic process W), , by being generated by the same sequence of successes and failures.

Writing

— pl/(1-a)
&) = pImOWy 1), “)
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where |-| denotes the floor of x, i.e. the largest integer v with v < x, we see that as long as

there is ‘success’ we have
gp(t +p)— gp(t) .

=1 Cp (t)a~
P
Hence, as p | 0 we approach the situation where there is a Poisson process of intensity 1 with
‘events’ ..., 71, 79, 71, . . . , With a process ¢ (¢) defined by

d

—@t) = ¥

a’t (1) = c1¢()
‘between’ the events of the Poisson process and by

¢(x) =be(z7)

‘at’ the points of the Poisson process.
If we now define

IO
BT
then
420 =1
dr -

between the events of the Poisson process and
Z@hH =b"""ZE")

at the events of the Poisson process. Henceforth, we write ¢ for bl
As in [15] or [16], we see that the process Z(-) has as stationary distribution the distribution
of

o0
7= Z & Ey, (5
k=0
where (Ek),fio are independent, identically distributed random variables each exponentially

distributed with parameter 1. The distribution of Z in (5) is completely described in [15]
and [16]. For example, for all (even complex) v we have

1— Cv+k

E[Z']1=TWw+1) l_[ Tk (6)
k=0

If v is integer then this reduces to

E[Z¥] = k! 7
1=c)1=¢c2)--- (1 =ch)
—k _(1—6)(1—c2)...(1_ck—1) {
Bz = (k — 1)l ck=Dk/2 log{ ).

where k is a positive integer.
In analogy with (4), for C > 0 we define

Eclt) = Pl/(l_a)W;,c,u/py
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In this paper we will study the stationary distribution of the process (V) )72, defined by

_r
(1 —a)cy

as p | 0. Results for (Vp,n)gio can be translated into results for the process (V p c. n)flozo

é‘p(Pn)l_a
ci(l—a)’

Vo = (Wp)' ™ = )

defined by
V* _ p ( )l o ;’C(pn)l_a
Pen = T aye e c1(1 - )
These processes evolve as follows:
p l—a
\% 1+ —— if = success,
Vpnil = ”’"( (- a)v,,,,,> Xp.n ®)
cVpn if xp,n = failure,
and
p l—o
p*,C,n(l + W) if xp,n = success,
V* — p.C.n (9)
p.C.n+1 l—a
max( cV, _pe if x, , = failure
Cm (1 —a)e P '
We will first study the stationary distributions of the process V, ,,, and then find a simple way
of translating these results into results on stationary distributions of V* . When possible,

final results are formulated for the two cases C =0 and C > 0 together 1 e for the processes
g“ c(t) and V* c.n With € > 0. In [13] it was proven that if C > 0 then the stationary
dlstrlbutlon of V; . exists and is unique. In [14] it was proven that a stationary distribution
for V, , (ie. C = 0) exists, but the approach in that paper does not prove uniqueness. More
will be said on this topic later. In [13] it was proven that, for all (constant) C > 0, if p | O then
the process

Er o'

(I —a)ec
converges weakly to the process Z(-). While the result is obvious, the proof is not.

If 0 < a < 1 then the stationary distribution of V), , (C = 0) is unique; see the final
paragraph of this section. A technical problem is that, in the case @ < 0, we have not (yet)
proven the uniqueness of the stationary distribution of V), ,. Thus, when we say that the
stationary distribution of V), , converges to the distribution in (5), we really mean that, no
matter how we choose the stationary distributions of V,, ,, as p | 0 they converge to the
distribution in (5). In the remainder of the paper we will prove that this is indeed the case,
and obtain stochastic dominance results and rate-of-convergence results for the converging
stationary distributions. Section 9 contains more discussion of stationary distributions.

Processes of the sort studied in this note have also been studied in, e.g. [5] and [6], where,
among other results, the weak convergence of stationary distributions was proved for the clock
time process in the case ¢ = —1 (the TCP situation). References [5] and [6] involve a
different proof technique and do not contain stochastic dominance results or rate-of-convergence
results. Reference [11] studied issues pertaining to the stability of feedback protocols (through
consideration of relaxation times), both for 8 = 1 (the case considered here) and for 8 < 1.
Among the many other papers on the mathematical analysis of the performance of TCP, we

https://doi.org/10.1017/50001867800001488 Published online by Cambridge University Press


https://doi.org/10.1017/S0001867800001488

1136 T.J. OTT

mention only [1], [2], and, in particular, [3], where the case of scalable TCP (« = 0) was
studied (in clock time). The six papers just cited contain an extensive review of the literature.
Among the results obtained in this paper are the following three theorems.

Theorem 1. Let V), have the stationary distribution of the process (Vp,n), and for some C >
0 let V* have the stationary distribution of the process (V p c.n)- Then, as p | 0, the
dzstrlbutwns of Vp and V ¢ converge weakly to the distribution of Z.

The main focus of this paper is on the process V), ,(C = 0). Once results for that case are
available there will follow corollaries for the case C > 0, i.e. for the process V*,C, 0

More detailed results describe the rate of convergence in Theorem 1, and indicate that the
‘error’ in Theorem 1 is O(p). For more detailed results, we must differentiate between the
cases <0and0 <a«a < 1.

Theorem 2. Leta < 0. For some C > 0, let V;,C have the stationary distribution Of(V;,cn)-
Then
hmE[( C) 1=E[Z"]

for every v, —oo < v < o0, and the joint distributions of (V p c» Z) can be chosen such that
Z—-V*.

p
for every v > 0. In other words, every sequence of positive probabilities p converging to 0 has
a subsequence of probabilities py for which Errp, := (Z — V D c)/ Pp, converges weakly to
a random variable Err. All moments E[|Err|"], v > 0, of Err are then finite, and E[|Err, |"]
converges to E[|Err|"] for all v > 0.

limsup E
pi0

Theorem 3. Let 0 < o < 1. For some C > 0, let V[’:C have the stationary distribution of
(V* c.n)- Then

IimE[(V* )'] =E[Z"

lim EI(V; )] = BIZ"]

foreveryv, 0 < v < oo, and the joint distribution of (Vp, V; c» Z) can be chosen such that
1Z -V IF
lim sup E[—pci| < 00
pl0 p

for every integer k > 1. In other words, if 0 < a < 1 then the limiting random variable Err
has a finite first moment, but is not claimed to have any higher moments. In the case C = 0,
the joint distribution can be chosen such that also

P{Vp < Z < Z} =1.
(1/p)log(1 — p)|

The theorems above will first be proven for the process V), ., i.e. the case C = 0. Section 13
contains mechanisms to translate results for the process V), , into results for the process V Cn
i.e. the case C > 0. To prove the results for the process V), ,, we introduce a number of
auxiliary stochastic processes that will provide the desired stochastic bounds and, thus, provide
results stronger than the theorems above. Sections 3 and 7 introduce these auxiliary stochastic
processes and formulate the stronger results of which the theorems above are corollaries.
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In the results above we let p | 0 while C is constant (possibly 0). We can also consider
the problem of what happens if p > 0 is constant and C | 0. Clearly, in that case (with
Voo =V, co)

lim V =Vynu
clo P€

However, the convergence of processes does not always guarantee the convergence of
stationary distributions. If 0 < o < 1 then we do have uniqueness of the stationary distribution
of V, , (see the final paragraph of this section), and weak convergence of the stationary
distributions of V* cato the stationary distribution of V), ,; see Section 2.

In Sections 3-12, part of Section 13, and Section 14 we derive and use ‘stochastic dominance
results’ in which various processes defined on the basis of the same sequence (x.,);- (all with
the same value of p) are compared. Only in Section 2 do we compare processes for different
values of p.

The uniqueness of the stationary distributions for 0 < o« < 8 = 1 follows from the obser-
vation that, in this case, if there are two positive starting positions, W, 9.1 and W, ¢ 2, which
give rise to the processes (Wp 1)°° 2o and (W, . 2) o (with, of course, the same sequences of
successes and failures) and satisfy 0 < Wy 01 < W) 0,2, then0 < W, , 1 < W), , > for all n
and W, , 1/ W), » 2 is nondecreasing, i.e. it remains the same at failures, increases at successes,
and converges to 1 as n — oo.

2. Stochastic dominance and different values of p and C

For decreasing values of p, there are more successes and fewer failures, so a natural question
to ask is whether W* ,, increases as p decreases (and, say, W C o is constant). This is not
always true. It is true 1f 0<a<p=1andfora < 0itis still true as long as C > 0
is sufficiently large; see [12] for details. Similarly, with p and W* c.o constant, W cn 18
increasingin C aslongas0 < o < B = 1. This proves, under these COIldlthIlS the convergence
of the stationary distributions of V* , to the stationary distribution of V, ,. For a < 0, it
can only be proven that W Cn 1ncreases with C for C sufficiently large; see [12] and [14] for
details. In this case we cannot conclude that the stationary distributions of V p ., converge to
the stationary distribution of V), .

3. Method of attack and intermediate results

We define the process (X ;)52 by

Xpn+p if xpn = success,

Xp,n-H = (10)

cXpn if xp » = failure,

and we give X, ¢ and V), o some joint distribution.

Since the processes (V) )2 and (X )2, are driven by the same sequence of successes
and failures, the processes are dependent and (X . n) Zoand (Vp, n)n — o have a joint distribution.
For this joint distribution we will prove the f0110w1ng result.

Lemmal. If a < Oand Vy i > Xp i for some k > O, then Vy,, > Xp  foralln > k. If
O0<a<landV,i < Xp i for somek > 0, then Vy, , < Xpp foralln > k. Ifa = 0 and
Vpk = Xpx for some k >0, then Vy, , = X, for alln > k.

This lemma will be proven in Section 6. We also have the following lemma.
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Lemma 2. The process (X p n),2, has a unique stationary distribution. If X , has this station-
ary distribution then X, is of the form

oo
X, =pY Gy, (1)
k=0

where (G p k)3~ are independent, identically distributed random variables each geometrically
distributed with parameter 1 — p:

P{G,x =n}=p(—p).

Hence, X, has the Laplace-Stieltjes transform

o0

_ _ . p
¢x,(s) = Elexp{—sX,}] = g Ry = em—— (12)
and ) :
- p - p
E[Xp] = :, var(Xp) = m

Proof. There are at least two obvious ways to prove Lemma 2. The most intuitive proof
duplicates the proof given in [15] of the similar result (5) for the process Z(¢). This proof works
by ‘looking back in time’. A less intuitive proof uses the fact that

Efexp{—sXn}] = (I = p) Elexp{—s(Xp n—1 + p)}] + p Elexp{—scX ) n-1}].

Assuming that X, , | and X, , have the same distribution leads to a recursion that proves (12)
and, thus, Lemma 2.

Equation (10) trivially shows that

EXp) = 12 4 (1= p(1 = &)’ (E[Xp,o] - 11Tl:>
which, if E[ X o] is finite, proves tightness of the family of random variables (X ;)5 ,. Itis
easy to extend this to the case in which E[ X, o] is not finite. In addition, if we have two different
initial values, X, 0,1 and X o2, then with identical sequences of successes and failures we
have
Xp,n,l - Xp,n,Z = CN(n)(Xp,O,l - Xp,(),2) (13)

for all n > 0, where N (n) is the number of failures among xo, ..., x»—1. This proves that the
distribution of X, , becomes independent of X, 9 and n. The details are left to the reader.

Lemmas 1 and 2 provide initial stochastic bounds for stationary distributions of the process
(Vp)o2y- For a < 0, they provide a stochastic lower bound, proving that V = 0 is not a
critical point. For 0 < o < 1, they provide a stochastic upper bound, proving that V = oo is
not a critical point. It will be proven that these bounds are asymptotically tight as p | 0.

Before providing the lacking bounds, we show that the stationary distribution of X, , is very
close to the distribution of the random variable Z in (5). It is clear that that random variable Z
has Laplace-Stieltjes transform

o

¢z(s) = Elexp{—sZ} = [ |

k=0

L 14
1 + cks (14
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and that
1 1
E[Z] = —, var(Z) =
l1—c 1—c¢

5"

It is immediately obvious that, as p | 0, the Laplace—Stieltjes transform (12) converges
to the Laplace-Stieltjes transform (14). Thus, the distribution of X, converges weakly to the
distribution of Z. However, more can be said, as follows.

Lemma 3. The random variables X , in (11), and Z, in (5), can be given a joint distribution
for which, with probability 1,

max(O, z __r ) < Xp =< z < Z. (15)
(1/p)log(1/[1=p]) 1-c¢ (1/p)log(1/11 — p)

Hence, for this joint distribution,

Vi| |:< 7 )V] ( p )U
=E -X,) | <
(1/p)log(1/[1 — p]) l—c

We remind the reader (see, e.g. [9]) that the random variable S is stochastically smaller than
the random variable T if P{S < x} > P{T < x} for all x. This is the case if and only if there
is a joint distribution of § and T for which P{S < T} = 1. Thus, we have proven that X is
stochastically smaller than Z/[(1/p)log(1/[1 — p])] and that the distributions are almost the
same. This type of argument will be used several times in what follows.

EH z X,
(1/p)log(1/1 — pI)

forv > 0.

Proof of Lemma 3. If E is an exponentially distributed random variable with parameter 1
(and, therefore, expected value 1), then the random variable H), defined by

1 1
H, =np for nlog(—) <E<mn+ l)log(—) (16)
1—p 1—p

has the property that
P{H, = np} = p(1 — p)".

Thus, if (E);2,, are independent, identically distributed random variables each exponen-
tially distributed with parameter 1, we define (H) x)72, to be functions of (Ej)72, as in (16),

and we define
o0 o
2=Y"¢E,  X,=Y FHy
k=0 k=0

then Z and X, have the required marginal distributions and (15) holds with probability 1.

The method of attack is now clear. We have proven that, for small p, X, and Z have almost
the same distribution (including a rate-of-convergence result). In fact, the distribution of X,
is even closer to the distribution of Z/[(1/p)log(1/[1 — p])]. Remaining to be proven is that
the (or any) stationary distribution of V), , must, for small p, be very close to the distribution
of X,. To prove this result we need different approaches in the respective cases o < 0 and
O<a<l.
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In the case 0 < o < 1, we will use the methods of linear programming and duality; see
Sections 11 and 12. In the case o < 0, the approach will be as follows. We define

c(a)

B Sm)<(1+zf+mt—1—(1+kun)
(4 la))? g<z<1 72 ’

= A3 japi 2P (1 )l — e tHel — el (@ 4 jaly),
O0<x<l1

d(a)

and then define the function f «(-): (0, 0c0) — (0, 00) by

c(a)p?

if 1 _f| | <v < 00,
v o
Tra® =4 a7)
o
awpr if0<v< P .
vl 1+ |

Next, we define the stochastic process (Y )2, by

Ypn+p+ fpaXpn) if xpn = success,

. . (18)
cYpn if xp,n = failure,

YP-,n—H =

where X, 0, V.0, and Y, o are given some joint distribution. Since the processes X, ., Vp u,
and Y, , are all defined on the basis of the same sequence of successes and failures, their joint
distribution is well defined.

As in (13), we observe that if we have two starting values, Y, 0.1 and Y, o2, for the process
Y, n, butidentical sequences of successes and failures, identical values for X, ¢ and, therefore,
identical sequences (X p,ﬂ)f;o:()? then

N
Ypmi = Yo =" (¥po01 = Ypo2)

Therefore, if the process (X », Y) ») has a stationary distribution, that stationary distribution
is unique.

Lemma 4. Ifa < 0 (and c(a) and d(a) are chosen as above) and, for some k, X p x < Vp i <
Yp i, then
Xpn < Vpn <Ypu foralln>k. (19)

Lemma 4 will be proven in Section 7.
Equations (18) and (19) trivially show thatif (X ,, V), ¥},) has the joint stationary distribution
of the process (X n, Vp.n, Yp,n) and E[Y,] < 0o, then

_d-p
(I-0o)p

This makes it necessary to compute E[f) o (X)]. It should be noted that, while X , is
guaranteed to have a stationary distribution (which is unique), there is no guarantee that Y, ,
has a stationary distribution. If (X ,, Y}, ») has a joint stationary distribution, then it is unique,
(Xpns Vp.n, Yp,n) has ajoint stationary distribution, and (20) holds. A necessary and sufficient
condition for the existence of a stationary distribution with E[Y,,] < oo is that E[ f, o (X )] <
00; see [12] for details.

PO<X,<V,<Y,<oo)=1,  E[Y,—X,] Elfpa(Xp)]  (20)
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Lemma 5. Ifa < 0 and X, has the distribution in (12), then

E[f(Xp]= 2(c(ot)E[Ll(X > _P )}
pI=p X, "1+l

Jot]
p 1 p
i (?) d(“)E[W 1<X” R |a|>)D’

where 1(-) is the indicator function.

Lemma 5 makes it necessary to study E[(X ,)"] for v < 0, and will be proven in Section 8.
As simple corollary of Lemma 3 and (6) (and the Helly—Bray theorem; see, e.g. [10, pp. 180—
185]), we see that, for all v > 0, E[X;] < E[Z"] < o0 and

LimE[X"] = E[Z"]. 21
lim [X,1=E[Z"] 2D
We will see that (practically speaking) (21) also holds for v < 0, with the restriction that p

must be sufficiently small to guarantee that E[X )] < oc.

Lemma 6. For every v > 0, there exists a p(v), 0 < p(v) < 1, anda B(v), 0 < B(v) < 09,
such that
E[X;”] < B(v) forall p, 0 < p < p(v).

Lemma 6 will be proven in Section 5.
Corollary 1. Equation (21) holds for all v, —oo < v < 00.

Corollary 2. For o < O and all p, 0 < p < min(p(1), p(lal)), (Xp.n, Yp.n) has a unique
stationary (joint) distribution and there exists a D(a), 0 < D(a) < 0o, such that if (X, Yp)
has this joint stationary distribution, then

P{0<X,<Y,<oo}=1, E[Y,—X,] < pD(a). (22)

Remark 1. In [14] (extended version) it was proved, using an alternative method, that in fact
E[(X,)7"] < ocoifand only if 0 < p < ¢”. That alternative method has not produced uniform
upper bounds B(v).

4. The process (log((1 — o)V, n/P))mey

We first derive two results (Lemmas 7 and 8) that neither depend on, nor are used in the
proofs of, the results of Section 3. We rewrite (8) as

log (I =)V 1
p
l-—a)V
log A=)Vpn + (1 —a)log <1 + L) if xp.n = success,
B p (I—=a)Vp, (23)
l-—a)V 1—-a)V
log M +logc = log M — |logc| if xp,n = failure,

and study the consequences of doing so separately foro <0and0 < o < 1.
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First we consider the case o < 0. In this case, immediately after every success we have

1 Vv
log( + |af) p.n+1

> (I + ) log (1 + |a|) — |er| log || = 0.
Define the stochastic process Np , by

N _ 10 if xp.n = success,
p.n+1 = A .
Npn — lloge| if xp , = failure.

It is clear that, after the first success, Np x < log (1 + |&|) V) k/p) always. It is also clear that
the process N, is stationary, with stationary distribution

p
4

PN, = —kllogel} = p(1 = p),  EIN,] = —"—llogcl.

Lemma 7. If o < 0 then, for any stationary distribution of V, p,
1 V
P{logm < —k|logc|} < pk
p

for every nonnegative integer k, and

1 V 1 Vv
E['log (I+1a)Vp l(log I+ ]a)Vp < 0)] < E[IN,|] = 1 p llog ¢| < oo,
P 4 -P

where 1(-) is the indicator function.

Next we consider the case 0 < o < 1, in which, immediately after every success, we have

l—a)V l-—a)V
log L= WVpmtt o yoe 1= ®WVoun
p
Here we define the stochastic process M, , by
aMp, if xp,n = success,

M =
Pt My, —loge| if xp,, = failure.

It is clear that if M), , < log((1 — @)V, ,/p) for some n, then this holds for all kK > n. Also,
the process M, , is stationary. It is easily seen (see the similar result for the process X , in
the previous section) that the stationary distribution has the form

o
My = —|logcl ) o Ok,
k=0

where the Qy are independent, identically geometrically distributed random variables with

P{Q; =n} = p"(1 - p).

Thus,
00 1—p
E € - M = )
Lexp{=sM,}] ]E) 1 — pexp{s|log c|ak}
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and this holds for s < |log p|/|logc|. It follows that

pllogc|

BVl == i —a

and we thus have the following result.

Lemma 8. If0 < a < 1 then, for the stationary distribution of V), y,
1—a)V
P{ﬂ < x} < P{M, < logx}
p
and

1—a)V
log—( ) Vp

11—V, __ plioge]
E[ l(longoﬂ D (T Iy

Next we combine the Lemmas 7 and 8 with the results of the previous section.

Lemma 9. Ifcither 0 < o < 1l orbotha < 0and0 < p < min(p(1), p(|a|)), where p(v) is
as defined in Lemma 6, then, for every stationary distribution of the process V ;,

E[‘log@ :| < 00.

Proof. For log((1 — a)V,/p) < 0, the result has been proven in this section. For the
case log((1 — a@)V,/p) > 0, we use results from the previous section. For ¢ < 0 and
0 < p <min(p(1), p(la])), we have (log V) <V, < Y, and Y, has a finite first moment.
For0 <a < 1, we havelogV, < V, < X,, and X, has a finite first moment.

Remark 2. A minimal modification of the proofs of the previous results also shows tightness
of the distributions of X, ,, Vp », and Y}, ,,, at least in the case where either 0 < o < 1 or both
o <0and 0 < p <min(p(1), p(la])).

Lemma 9 and (23) together yield our next theorem, the proof of which we thus omit.

Theorem 4. [f either 0 < o < 1 orbotha < 0and 0 < p < min(p(1), p(|al)), where p(v)
is as defined in Lemma 6, then, for every stationary distribution of the process V, j,

p pllogc|
Ell 1 = . 24
[Og( +(1—oz>vp>} 1= p—-a) @)

Theorem 4 will be used in Sections 11 and 12, to treat the case 0 < a < 1.

5. The proof of Lemma 6

In order to prove Lemma 6, we observe that if Q is any nonnegative random variable with
Laplace transform ¢ (s) = E[exp{—s Q}], then, for all v > 0,

/Ooos”—‘¢Q(s)ds = F(v)E[é].

(No proof needed.)
We will also use the following lemma for the Laplace transform (12).
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Lemma 10. If0 < p < %,O<rp < %,andO <r <s, then
bx (s) < (1+ %r)—[log(s)—log(r)]/log(l/c).
P
Once we have Lemma 10, Lemma 6 is proven as follows.

Proof of Lemma 6. Choose a v > 0 and then choose an » > 0 such that
r 1 . r 1\
log|1+ <) >vlog—, ie. 14+=->(-].
2 c 2 c

/OOS“‘1¢X1,(s)ds = /rsv_lfﬁxp(s)ds +f°° $"7lex, (5) ds. @5)
0 0 "

In the first integral on the right-hand side of (25) we use the fact that 0 < ¢x,(s) < 1.
In the second integral, s > r aslong as 0 < p < mm(l 1/r), Lemma 10 can be used and
straightforward arithmetic gives

© r’log (1 4r/2)
/0 S 0x, () ds < v[log (1 +7/2) —vlog(1/c)]

Write

This proves Lemma 6.
The proof of Lemma 10 is next.

Proof of Lemma 10. We choose any s > 0 and any , 0 < r < 5. Next, we choose K to
be the smallest integer k for which cks < r. (K¢ thus depends on r and s.) Since 0 < ¢ < 1
and0 <r <s, Ko > 0and

cKo—1 >r/s > Ko,
We have o
0—
ox,) < [] P (26)

i T= (= p)exp(—pcs)’
We will derive an upper bound for the right-hand side of (26). For 0 < k < K¢ — 1, we have
ck ps =rp

and, hence,
(rp)2

exp{—c ps} <exp{—-rp}<1—rp+

Therefore,
2
L= (1 = pexp{—cps} > 1 — (1 - p)<1 —rp+ (”2)) > = P(l + (1 - p)r<1 - %))

We check that, since 0 < rp < % and0) < p < l,

1—(1-=p) exp{—ckps} > p(1+ %(1 —pr) > p(d+ %r) > p(1 + %r) >p>0.
Hence,
bx,(s) < (1+ 3r)~ %0,
Since X0 < r/s, we have Ky > [log (s) — log (r)]/log (1/c) and, thus,
ox (s) < (1+ %’,)—[log (s)—log (r)]/log (1/¢)
P

This completes the proof of Lemma 10.
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6. The proof of Lemma 1
We define the function R 4 (v), v > 0, by

11—«
— p — J— f—
R,,,a(v)_v<1+ a —a)v) v—p.

1145

27)

Whenever it does not lead to confusion, we write R(-) for R, o (). With V), as in (7), we

rewrite (8) as

Von+p+R(Vp,) if xp, = success,
vp,n—H = . .
cVpn if xp,, = failure.

With the substitution z = p/[(1 — @)v], R(v) can be rewritten as

_r
(1 —w)z

With the substitution x = (1 — @)v/p = 1/z, R(v) can be rewritten as

((T+2)"—1- 1 -w)2).

p

o l—a
T+ —x = -a)).

For a < 0, this shows that
0<Rpo() < fpalw) <oo

forall 0 < v < oo, where f} o(-) is as in (17), that

R(w) ~ ﬂ for v 1 oo, R(v) ~ & forv | 0
2(1 + |al)v (1 + |af)Hlelylel '
and that R(-) is monotone (decreasing, from oo at 0 to 0 at co) and convex.
For 0 < o < 1, it shows that R(v) < O forall v, 0 < v < o0, that
R(v)N—L2 for v 1 o0 R(v)—i—pNﬂ forv | 0
2(1 —a)v ’ (1 —a)l-« J

and that R(-) is monotone (increasing, from —p at 0 to 0 at oo) and concave.
For o = 0, of course R(v) = 0.

(28)

(29)

To prove the monotonicity and convexity for « < 0, take the derivative with respect to x
in (29), write A = (1 4+ x)/x (hence, | < A < 00), in terms of which the derivative equals
(1 + |a])Al — |a]A'Hel — 1 and prove that this expression equals O for A = 1, i.e. x = oo,
and is decreasing in A for A > 1, i.e. increasing in x for x > 0. Proving the other items is

similar or easier.

An interesting special case is where « = —1 (the TCP case), where R(v) = p2 /(4v). Here
(10), (28), and the results for the function R above prove Lemma 1, and (28) and (10) show

that, for the joint stationary distribution of X, and V),

I1-p

ElV, - X,]=———
Vp = Xp] p(l—o¢)

E[R(V))].
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For o < 0 this becomes

_ __1-»r
E[V, = X, =E[lV, = X,|]l = 0 —0 E[R(Vp)],
while for 0 < o < 1 it becomes
_ v _L1T”P
E[X, -V, =E[lX, - V,ll= S0—0 E[IR(VpII. (30)

What we are going to do next amounts, conceptually, to finding an upper bound for
E[|R(V)|]. In the case 0 < a < 1, this is exactly what we will do. This case will be
treated in Section 11, using the material of Section 4. In the case o < 0, we will do something
more complicated, based on the fact that, for @ < 0, V), is stochastically larger (in fact larger
with probability 1) than X,. To handle this case we will use, in Section 7, the process Y, ,
introduced in (18). First we introduce another auxiliary process.

7. The proof of Lemma 4

Throughout this section we have o < 0. We define

Apn+p+R(Xp,) if xpn = success,

Apnt1 =
P cApn if xp,n = failure.

Because the function R(-) is positive and decreasing, and because 0 < R(v) < f(v), it follows
that if, for some n,
Xp,n =< Vp,n = Ap,n = Yp,n (31)

(where Y, , is as in (18)), then this holds for all n +m > n and, therefore, for the stationary
joint distribution, if any. This result is often used in the situation where all the processes in (31)
have the same initial value. Lemma 4 is a corollary to (31).

As part of the proof of the statement above, we noted that if (31) holds, then

R(Ypn) = R(Apn) = R(Vpy) = R(Xpn) = f(Xpn), (32)

and this inequality holds for the joint stationary distribution and for the corresponding
moments. Lemma 5, which will be proven in the next section, has as a consequence the
fact that, for the stationary distribution there, E[ f(X )] = O( p?) (as p | 0), this result also
holds for the other expected values in (32).

A more refined analysis in [12] showed that if & < O then in fact

2 la| [logc]

AR 0 el

+0(pY),  plo
Similar results can be derived for higher moments and moments of derivatives of R(-).

8. The proof of Lemma 5

Throughout this section we have o < 0. For E[ f (X )] we have

_ 2 L p I+]af 1 p )
ELf(Xp)] = c(@)p E[Xpl(xpz 1+|M>}-+dﬁﬂp Bl W =104 )

p
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If « < —1 then this is enough to prove the actual goal, (22). If —1 < o < 0 then one more
trick is needed to first prove Lemma 5.

Since X, can be written as in (11) and 0 < ¢ < 1, X, < p implies that G, o = 0. The
latter event has probability p. The conditional distribution of X, given that G, ¢ = 0 is the
same as the unconditional distribution of ¢X . Hence, if A > 1 and —00 < v < 00, then

E[X;l(xp < %)} - pCVE[x;1(X,, < CﬁA)] (33)

_ 2 e p
ELF(Xp)] = p <C(“)E[xp 1<X,, > M)]

o]
p 1 p
i <?> d(“)E[x_,fl'1<X” S |a|>>D'

This proves Lemma 5 and, thus, (22).
This completes the proofs of the results of Sections 3 and 4.

Thus,

9. Stationary distributions and the main results

Let Fy, (-) be a stationary distribution function for the process V), , (with Fy,(0) = 0) and
let V), o have this distribution. Choose X, o = V0 and, if @ < 0, also choose Y, 0 = Ap o =
Vp,0. In the latter case, we now have

X[J,}’l =< Vp,n < Ap,n < Yp,n for all n.

By letting n — oo and using the results from the previous sections we now obtain, for o < 0,
a result stronger than Theorem 1.

Theorem 5. Ifa < 0 then, forall p < min(p(1), p(|al)), there exists a stationary distribution
of the process (Xpn, Vpu, Apn, Ypn) as in Section 7, and if (X, Vy, Ap, Yp) has such a
Jjoint stationary distribution then it has a joint distribution with the random variable Z (where
(X p, Z) has a joint distribution as in Lemma 3), P{X, <V, < A, <Y,} =1, and

E[|V) — X,[] = E[V, — X,] < E[Y, — X,] < pD(@). (34)

To prove Theorem 2 (with C = 0) we need to strengthen (34). In the next section we will
prove that, in the situation of Theorem 5, for every k € {1, 2, ...} there exists a D () < 00
such that

E[|Y, — X, "1 =E[(Y, — X,)] < p*Di(@) for0 < p < min(p(k), p(kla])).  (35)
In the case 0 < « < 1 we have a similar result.

Theorem 6. If0 <« < 1 then

E[1X, — V,|] = E[X, — V,] < —Poogcl
T—ol-a

and a similar result can easily be derived for E[|Z — V,|] = E[Z — V,,].

The proof starts the same way as the proof of Theorem 5 (give V), the stationary distribution)
but then uses a different approach; see Section 11. The result for higher moments that completes
the proof of Theorem 3 will be given in Section 12.
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10. Higher moments for o < 0

In this section we prove the ‘higher moments’ version of Theorem 3. For every k €
{1, 2, ...}, we choose a function ¢ () > c() and define

al@p> . &lp
lfl—i—loel <x < 00,
X
Jepa(x) = d)p'*l ck=1p
— if0<x< .
xlol 1+ |

(Note that d (o) need not change.) The only constraint on ¢k («) is that

Je.pa(X) = fpa(x) > Rpo(x) forallx > 0.

Clearly, it is easy to find such functions cx (). As long as it does not lead to confusion, we

write fi(-) for fi p.o(-).
Next we define the processes (Yk, 1) by

Ye,pon + P+ fi(Xpn) if xp.n = success,

Yipnt1 = . .
P Y pon if xp,, = failure,

with X, 0 < Yy 0 < Yy p,0. Clearly, then X, , <Y, , < Y pn foralln > 0. We will prove
that there exist functions Dy (), 0 < Dy (a) < oo such that, for 0 < p < min(p(k), p(kla])),
the stationary distributions satisfy

E[(Y, — XK1 < E[(Yk,p — X)"1 < p* Di(@).

For E[ f¢ (X »)*] we have

ELfo(X,)¥] = cx (@) p ZkE[ ! 1<X .4 }
= Ccrx
Kp k (X, 14|
1 Ck—lp
d(a)fpki+leD gl — 1 x :
rderr x Kol TP R

Fora < —1, thisresultis good enough for our purposes, and itis in fact unnecessary to introduce
the new processes (Y, p.n)ie - For —1 < a < 0, another step is needed. By repeated use of
(33), we have

k1 _ 2k k 1
R E = (C"(“) [(X,»kl( I o )}

+<c£k)k'ad<a>k Bl A ( <))

In other words, there is a function /() < oo for which

ELfi (X )" < p™hi (@) (36)

if 0 < p < min(p(k), p(klal])).
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Now, we have

Ye.pn — Xpn + fk(Xp‘n) if Xp,n = SUCCESS,

. . (37)
c(Yi,pon — Xp.n) if xp,n = failure.

Yk,P,n+1 - Xp,n—H =

Therefore, for the stationary distributions, we have
(1= p) El(Yep — Xp)1 = (1= p) El(Ykp — Xp + fi(Xp)].
Using (36) and the Minkowski inequality (see, e.g. [10, p. 156]), this gives
(1= pc) El(Yip = Xp)] < (1= PYELYap = Xp) 1/ + pPhi@)

if p > 0 is sufficiently close to 0. This implies that

_ ek \1/k
((11 _p; ) - 1) E[(Yip — X 1Y% < pPhe(@)

for sufficiently small p. This immediately proves that

pk
— ok

E[(Yr., — X ,)F1V/* < @

if p > 0 is sufficiently close to 0. This completes the proof of (35).
11. The case 0 < « < 1: linear programming and duality
Throughout this section we have 0 < o < 1, so (30) holds:

I—p

BLX, = Vo] = ElX, = Vpll = —5—

E[IR(Vp)I].
We also have the constraint (24):
p pllogc|
E|l 1+ = . 38
[°g< (1—a)vp)} A= pd-a (%)

Thus, we can obtain an upper bound for E[| X , — V,,|] by solving the following linear program-
ming problem: find the supremum, Sup, of

11—«
_ _ p
E[|R(V)|]_E[V+p V<1+—(1_a)v) }

taken over all nonnegative random variables V for which (38) holds.
In order to use notation similar to that in, say, [4], we write

_ _ pllogc|
1I-pd-w
The dual (see, e.g. [4, Chapter 6]) of the linear programming problem above is to find the
infimum, Inf, of
u1+ u2B,
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taken over all multipliers w1 and po for which, for all v, 0 < v < oo,

1—a

m+uzlog(1+L>zv+p—v(1+L> . (39)
(I—av (1 —oa)v

The multipliers ;1 and w, are allowed to take on any value (negative, zero, or positive), and

w1 is the multiplier for the constraint P{O < V < oo} = 1 and p; is the multiplier for the

constraint (38).

Readers who do not like linear programming problems with continuously many primal
variables and continuously many dual constraints can take the appropriate limit of a problem
with finitely many primal variables and finitely many dual constraints. (Allow the random
variable V to have support only in a finite number of points vg; mx = P{V = v;} then becomes
the primal variable.)

By setting x = p/[(1 — a)v], we rewrite the constraint (39) as follows: forall 0 < x < oo,

p

p
log (1 > -
p1 + e log ( +x)_(1_a)x+p -

x(l +x)le. (40)

We obtain a dual feasible solution by setting ;1 = 0 and wy = pa. To prove that, for these
values of 1 and 7, (40) indeed holds for all x, 0 < x < o0, takes straightforward arithmetic.
Thus, we know that

2
B _ _ plafloge]
BURWVI = Sup = Inf < p2B = 77— =0
or [log c|
puallogce
ElX, =Vill = =50 — o

12. The linear programming approach with higher moments

We would of course also like to use the linear programming approach of the previous section
for higher moments of X, — V), in the situation 0 < o < 1. This attempt does lead to a result,
but one weaker than Theorem 2.

For the vth moment, v > 1, we first want to find the supremum of

{(rer-v(iti) ]

subject to the constraint that V is a nonnegative random variable with

p pllogc|
fon(1 2 )] e a
[ 1=V 1I-pd-a
As before, the right-hand side of (41) is denoted by B. The dual of this linear programming

problem is to find the infimum of
u1+ u2B

subject to the constraint

I—a\v
vt (1 ) = (o= i) )

forall0 < u < oo.
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To construct a dual feasible solution, we choose ;1 = 0 and

u+p—u(l+ p/[(1 —u))'~*)
/,Lz = sup . (42)
0<u<oo log (1 + p/[(1 — a)ul)
As u | 0, the right-hand side of (42) goes to 0. To study other values of u, we make the
substitutions p/[(l —a)u] = x and u = p/[(1 — a)x]. Equation (42) then becomes

o p (1+1—a)x—(1+x)'"""
SRR TR T " log (1+ x) '
We define
1 1+ (1 —a)x — (14 x)7)
Mo — (4 —ox =1+ @)
¢! _a)v+1 0<x <00 xUIOg(1+x)
As x | 0, the right-hand side of (43) behaves like some constant times x"~1. Hence, the

supremum in (43) is a maximum and is positive and finite. It depends on « and v, but is
independent of p and c. We now have

v+1

E[|[R(V)|"] < Sup = Inf < |logc|M, (44)

1—p

for all p, 0 < p < 1. Unfortunately, the right-hand side of (44) behaves like p*!, not like
pz“ asin (36). (In (36), v > 1 had to be an integer v = k > 2). Proceeding as in the argument
immediately following (37) (where v = k > 2 had to be an integer) we now only find that if

0 < a < 1 then, for every integer k > 2 and every p, 0 < p < 1,

E[<Xp - Vp)"] _ E[|Xp - Vpl"] B kk|logc|Mkk 5
P 2 (1= p)(d—ch

The C = 0 case of Theorem 3 now easily follows.

13. Results for C > 0

In most of the previous sections we studied processes V), ,,, i.e. wherea < 8 = 1,0 <
¢ < 1,and C = 0. In this section we deal with the case in which C > 0 and either p | 0
while C > 0 remains constant or C |, 0 while p > 0 remains constant. We define the process
(X% o ), similar to V;,C,n in (9), by

p.Cn
X cntPr if x,n = success,
Xp.cnt1 = . pcl— , _
max| cX, c o —— | if xp,, = failure.
P& (1 —a)ey

The key result that makes the case where C > 0 is constant easy to handle is our next lemma.

Lemma 11. If, for some n,

pcl—oc pcl—a

Xy, <max|{X,,, — | < X* <Xop+ —
Pt = (p’n (l—a)q)_ p.Cn =P y)ey

then this holds for all k > n.
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The proof is straightforward and is left as an exercise for the reader.

Among other things, this proves that, while E[X ] = oo for sufficiently large v, if C > 0
then E[(X;,C)] < oo for all values of v.

We have the following result similar to Lemma 1.

Lemma 12. Ifa < 0 and V;’C,k > X;,C,k for some k > 0, then this holds for alln > k. If
0<a<land V;’C’k < X;’;ycykfor some k > 0, then this holds for alln > k. If « = 0 and

V;’C,k = X;’C,k for some k > 0, then this holds for all n > k.

Proof. The proof makes use of rewriting (9) as

V*

pent P+ RV if xpn = success,

* —_—
p.C.on+1 — Cl—(x
max <CV;,C,}'L’ (lp——a)cl> if Xpn = failure,

with R, o (+) as in (27). The remainder of the proof is left to the reader.

In the case 0 < o < 1, we are now finished. In this case, R(-) is an increasing function, so
the joint distribution of V, V; o X ; ¢»and X, is such that

pcl—a

Vp<Vye<X,c<Xp+ 1w

(45)
and we know that, while V,, < X, they are close in the sense of Theorem 6, or in the sense of
the material in Section 12 if that approach is preferred.

If0 <o < 1land C | 0 while p > 0 is constant, we see that the distribution of V;_C
weakly converges (and stochastically decreases) to the distribution of V. This follows from
the stochastic monotonicity observations made in Section 2. We have been unable to prove a
similar weak convergence as C |, 0 while p > 0 is constant and & < 0.

In the case @ < 0, we define the processes (A’;’C’n),‘;":() and (A;TC,n o by

A* +p+Rpo(X5 ) if xpn = success,

p,C.n p.C.n
* —
p,.C,n+1 — lea
max cA; Cons e if xp,n = failure,
T —a)e
A _ A e TP+ Rpo (X, o) if Xpn = success,
PO  easie if xp.n = failure.

Henceforth, we cho.ose.the init.izlll values X o, V,?,o, X;;’C’O, V;"C’O, Apo, A;,C,O’ and A;TC,O
such that the following inequalities hold for all #, instead of for values of n greater than or equal

to some k. Since X ;‘,’n < V;"n and R(-) is a positive, decreasing function,

* * *
p,C,n = Vp,C,n = Ap,C,n

for all n > 0. Similarly, since X;;,C,n

> X p.n, we also have
*kk

p,C.n = AP,H
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for all n > 0. By the same argument as (45), we have

1—
A** + pC *

*%
A <Aan— p.C.n (I——CY)Cl

p,C,n =
for all n > 0. For the joint stationary distribution we therefore have

l—«a l—«a
pC - pC

Xp <X, c=Vic <A o <A - <A -
p=%2pC = "pC ="pC C+(1—a)c1_ p+(1—oz)c1

Since we know that A , — X, is nonnegative and small in the sense of Theorem 5, we have proven
the desired result for first moments. For higher moments we do not need to call on functions
similar to fi p«(-), but can directly call on results for the higher moments of A, — X,.

The approach above shows that not only does X7 ~ have all moments E[(X; ] < oo,
—00 < V < 00, but so also do Vp,C’ Ap,C’ and A**

. pcl—a
R X <R —_ 00,
p,a( p,C) — [7,0!<(1 — Q’)Cl) <

followed by the same argument as in the proof of Lemma 4. We see thatif« < 0and0 < p <
min(p(k), p(k|a|)), then, as C | O with p constant, the moments E[(V*C) ,0<v <k,
remain bounded between E[X"] and E[(A, + pC1 “/1d — a)c])’] < oo. There is no
guarantee that these moments w111 converge as C | 0. It is conceivable that the set of limit
points is some nontrivial subset of [E[X;], E[A;]].

14. The special case ¢ = —1

The case « = —1 is special for several reasons. Itis of particular interest because it represents
the ‘classical TCP’ situation. It also admits a significantly simplified proof of the material in
Sections 7 and 8, and thereby of Theorems 2 and 5 and, of course, Lemmas 4 and 5.

If« = —1then R(v) = pz/(4v), which is already of the right form, so we choose f(v) =
R(v) sothat Y, = A, asin Section 7. Hence,

1— 1
0<E[A, — X,] = HE[X_J

where of course ¢ = b!~% = b2. From Lemma 6 (which still is needed) and Corollary 1, we

know that
limE| — [ =E| = | =log (- ) =2log( - ).
pio | Xp 4 c b
In the case of TCP, b = §
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