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Abstract

This paper illustrates the application of statistical-learning control results for several different
Available Bit Rate (ABR) congestion control algorithms. The ABR service category is used with
Asynchronous Transfer Mode (ATM) networks to handle highly bursty and varying data appli-
cations. ATM was selected by the International Telecommunication Union (ITU) for Broadband
Integrated Service Digital Network (B-ISDN), and is detailed in [1]. ATM requires the transmis-
sion of fixed size cells (each containing 53 bytes) and is a connection-based network combining the
advantages of packet and circuit switching [2].

ABR traffic sources receive explicit feedback from the ATM switches and adjust their transmis-
sion rates in order to match their share of the network resources. ATM networks and specifically
their ABR service control has provided a fertile area of applications for control designers as wit-
nessed by the recent flury of papers [3, 5, 6, 7]. Most of these papers however have made simplifying
assumptions regarding the model of the network or its connectivity. In this paper, we use the non-
linear model and controller provided in [3] and show considerable improvements to the control
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algorithm using statistical learning methods. The model of [3] is nonlinear although the control
designs used are based on linearized methods. The author in [3] described how the new generation
of ATM switches provide per virtual connection (VC) queuing and scheduling, resulting in fair
sharing of the link bandwidth. This then frees the controller to concentrate on the congestion
control problem for each VC. The designs in [3, 4] concentrate on designing linear controller for the
linearized version of the buffer dynamics. This however will only provide local design and analysis
tools. In fact, we show for example that the Linear Quadratic Regulator (LQR) designs in [3] do
not stabilize the nonlinear system in the case of small buffer size.

From [3], the local closed-loop dynamics of a VC are described by equation (1) where R denotes
the explicit rate (ER) computed by a switch for a given VC and @ denotes the buffer occupancy
of that VC at the switch.

d

Qn+1) = SatB{Q( )+Zl'( )R(n+1—i)—,u(n)}
i=0
J

Rn+1) = Satc{ Z Qn—j)—Q°) — ZﬂkRn— } (1)

where A(n) is the rate at the ABR switch, u(n) is the service rate (considered an external input) at
the switch during the interval [n,n + 1], [; are unknown plant parameters, d is the roundtrip delay
between switch, source and back to switch (see [5] for a discussion of the importance of knowing d
exactly), B is the buffer size, C' is the maximum ER, and Q° is the desired buffer occupancy. The
number of controller parameters J and K along with the parameters themselves «; and 3;, are to
be found such that:

1. The closed-loop system is stable, so that the buffer occupancy converges to Q°

2. The steady-state behavior is acceptable, i.e. guarantee fairness in the rate allocation
3. Overshoot in the buffer is minimized in order to minimize cell loss

4. Undershoot in the buffer is minimized in order to maximize resource utilization.

The model in (1) does not account for the disturbances due to uncontrolled information flow, nor
does it account for the fact that the delay d may be unknown. Such issues were considered in
[5] and may be handled in our statistical-learning methodology. Note that the @ equation in (1)
describes the plant (Buffer) dynamics, while the R equation describes the controller structure and

that
0 ifx <0,

Sate(z) =¢ a if z>a, (2)
x otherwise
The control design problem consists of finding the a’s and 3’s in order to drive ) to the desired
Q°. The controller part of equation (1) can be rewritten as

R(n + 1) = Satc{R(n) — GY (n)} (3)

It was shown in [4] that it is sufficient (at least in the case of linearized model) to take J = 1
and K = d in order to completely place the poles of the closed-loop system. In other words, such
controller need only have 2 feedforward gains «g,a; and d + 1 feedback gains Og;k = 0,---d. In
that case, let the gain vector be:

G = [O‘Oaalvﬁl’ﬁ%”'vﬂd} (4)



Y(n) = [Q(n) ~ Q°.Q(n— 1) ~ Q°. R(n), R(n — 1), R(n — d) (5)

The approach in [3] consists of removing the saturation functions to linearize the system, so that
the dynamics may be expressed as the following state-space system

Y(n+1) = AY(n)+ Biu(n)+ Bau(n)

1 d
uln) = =GY(n)=-3 a;[Q(n—j)— Q"= BuR(n—k) (6)
j=0 k=0
so that
Y(n+1) =AY (n)+ Bau(n) (7)
where
1 0 0 1 0 0 -1
1 0 ... .. 0 0 0 1 0
—ag —a1 1—=0y =B —fo —Baq 0 0
A = 1 , Bi=| 0 |;B=]| 0 (8)
: 0
1 0 0

In order to write the equations in a more traditional control setting, we let

Qn+1)—Q° = Qn)—Q°+R(n+1—d)— p(n)
Qn)—Q" = Qn-1)-Q"+R(n—d)—p(n—1)

and assuming p(n) to be a constant p we obtain,
X(n+1)=AX(n)+ Bu(n) 9)
where the new state vector is given by

Q(n) — Q°
Qn—1)-q°
¥ R(n) — R(n —d)
(M) =1 Rn-1)-Rn-d) (10)

R(n—d—Fl.)—R(n—d)

and the system dynamics are described by

2 -1 0 -0 1 0
1 0 0 0
00 10 -0 -1 1

A= 1 -1 [, B=|0 (11)
1 —1 0
1 -1 0



A stabilizing controller designed to drive X (n) to zero, is then given by

u(n) = R(n+1)— R(n)
= —KX(n)

d—1
= —a[Q(n) - Q°) — a1[Q(n — 1) = Q°) = > Bu[R(n — k) — R(n — d)] (12)
k=0

where we have used the constraint that 8; = Zi;é 0B and where

K = [k ko ks -+ kgio]
= [ao a1 Bo - Ba-1] (13)
In [3], the linear system model was used to design an LQR controller which was then implemented
on the full nonlinear system in a simulation environment. It turns out however that such linearized
approach will result in LQR gains which are highly dependent on the buffer size. As an example,

and in order to make the gains obtained in [3] stable with the nonlinear system, we needed to
increase the buffer size Q° from 10 to 100.

In this paper, we use a different track by designing the controller directly for the nonlinear model
(1) using statistical-learning control. Note that the saturation nonlinearities pose no additional
problems for such design methodology which was first developed in [?] and extended by one of the
authors and his colleagues [9]. The methodology is able to provide a stabilizing controller which also
satisfies other performance objectives for the nonlinear system (1). The control design technique
relies on the following algorithm [9]:

Algorithm 1 Given:

o Sets F of plant parameters (l;,4 = 0, ---d) and G (the aj,j = 0,1; By, k =0,---K) of
controller parameters,

e Probability measures P on F and Q on G,
e A measurable function f : F x G — [0,1], and

o An accuracy parameter € € (0,1), a level parameter o € (0,1), and a confidence parameter
de(0,1).

Let J(F,G) be the performance index to be minimized and Rp(J(-)) = Ep[J(F,-)] and
1 n

j=1
Then,

1. Choose m controller parameters G; with random entries according to the distribution QQ where

log(2/9)
~ log[1/(1 = a)]

2. Choose n plant parameters F; with random entries according to the distribution P, where

20 8
n = LQlog (5>J +1



3. Evaluate the stopping variable

1
n

— max
v 1<i<m

Z TJJ(F}v Gi)
7j=1

where r; are Rademacher random variables, i.e. independent identically distributed random
variables (also independent of the plant sample) taking values +1 and —1 with probability 1/2
each. If v > Kil, add n more independent plants with parameters having distribution P to the
plant samples, set n := 2n and repeat step 3

4. Choose the controller which minimizes the cost function Rp, .

This algorithm will allow us to find the controller parameters «;, 3; needed to stabilize the closed-
loop system and minimize the overshoot, undershoot, etc. for the nonlinear system (1). We will
provide simulation results illustrating our design and comparing its performance with the more
traditional LQR design.
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