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Abstra t

We present a ontrol theory based approa h to s heduling departing ells in an ATM swit h. With our approa h,
queue servi e rates u tuate within some limits, maintaining the QoS at the desired level. The feedba k me hanism
pres ribing the servi e rate is based entirely on lo al information. Consequently, our method is indi erent to propagation delays and it an be deployed in large and/or high
speed networks.

INTRODUCTION

Consider a server of xed rate handling ells from two
queues: VBR and ABR. The servi e rate for ea h queue
is xed by CAC ( all admission ontrol). Any remaining bandwidth is utilized by ABR traÆ . Within a
queue, ells are served in FIFO order.
Several s heduling poli ies have been proposed to
guarantee that ea h queue re eives its allo ated share
of the bandwidth, e.g., PGPS [6℄, virtual lo k [9℄, and
WFQ [4℄. The problem with WFQ and other s hemes
is that they rely on CAC to indi ate the orre t bandwidth allo ation to ea h queue. If a VBR sour e does
not fully utilize the reserved bandwidth, its QoS is better than that requested. However, it would be preferable for ABR traÆ to utilize the ex ess bandwidth.
Also, bit rate u tuations in the aggregate VBR traÆ
an result in the a tual QoS being lower than desired,
resulting in QoS violation.
The goal of our proposed s heme is to modulate the
bandwidth allo ated to a queue in su h a way that the
QoS delivered to the aggregate traÆ remains at its desired level. CAC spe i es the mean level about whi h
the servi e rate is to u tuate, as well as the bounds
for the servi e rate modulation. Our model assumes
that nothing is known about the distribution of aggregate traÆ . The only information used by the s heduler
is the average rate of the aggregate traÆ and the time
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s ale information. Like WFQ, we assume the availability of a CAC algorithm that indi ates the amount of
bandwidth to be allo ated to a queue re eiving traÆ
from a group of statisti ally multiplexed sour es.
A similar feedba k ontrol approa h has been proposed in [7℄. One problem with that s heme is that
its performan e is adversely a e ted by the distan e
between the sour e and the queue. Moreover, ow ontrol information must be sent through the network to
ea h sour e. Another disadvantage is that the sele tion of a sampling time for the ontroller is di tated by
the sour e that is farthest away, leading to unne essarily slow ontrol of nearby sour es. We avoid all these
problems by modulating the servi e rate at the queue
itself.

THE PLANT

Consider the ell s heduling problem in an ATM swit h.
The system to be ontrolled (the plant ) onsists of the
queue for the VBR traÆ [3℄ and the virtual server
for that queue. The queue has a nite number of ell
bu ers. The virtual server transmits ells at the onstant rate indi ated by CAC, whi h spe i es upper and
lower onstraints on the servi e rate.
We assume that the traÆ des riptor of a sour e
onsists of [3℄: Peak Cell Rate (PCR), Sustainable Cell
Rate (SCR), and Burst Toleran e (BT). CAC passes to
the virtual s heduler the peak and average rate of the
aggregate traÆ .
The ATM Forum has spe i ed the following QoS
parameters for real-time VBR traÆ [3℄: Cell Loss Ratio (CLR), Maximum Cell Transfer Delay (maxCTD),
and Peak-to-peak Cell Delay Variation (ppCDV). In
addition, we allow a sour e to spe ify an average delay
requirement.
We noti e that the sum of ppCDV and the xed
delay gives the per entile of CTD. Sin e our system onsists of one queue, we assume the xed delay to be zero. We also use [3℄ = 100(1 CLR).
The QoS requirement is: \1 CLR % of the ells

should su er delay less than ppCDV, and the average
ell delay should not ex eed avDEL." Consequently,
the QoS requirements an be spe i ed as a 3-tuple:
< CLRqos ; ppCDVqos ; avDELqos >. Our results indiate that the average delay is a fun tion of the servi e
rate allo ation made by CAC. For this reason, the ell
s heduler is only responsible for maintaining the ell
loss and maximum delay at the desired levels. Notably,
this an be a omplished by ontrolling a single output
signal. If we an ontrol our queuing system in su h
a way that the per entile of the bu er o upan y is
maintained at a desired level Kref , then by hoosing
= 100(1 CLRdesired ) and Kref = ppCDV, we an
ensure that the QoS requirements are met.
Consider a snapshot of the bu er o upan y histogram during a hypotheti al run. The number of ells,
Ni that o upy position i; 1  i  Kmax in the queue
are re orded, where Kmax is the highest position o upied at any time during the run. De
the frequen y
P ne
max
of bu er position i as fi = Ni =( K
NPi ) and the
i
=1
P
max
umulative frequen y as i = ( ij =1 Nj )=( K
i=1 Ni ).
The umulative frequen ies satisfy i > i 1 ; 8i =
1; : : : ; Kmax and Kmax = 1. Let j be the bu er
position su h that j  and j 1  ; then the
per entile, Kalpha , is obtained by interpolation as
j (j
)=( j
j 1 ).

SYSTEM IDENTIFICATION

We assume that very little a priori information about
the plant is available, i.e., its model an be built using
only sampled plant input and output data. One way to
build su h a model is to perturb the plant by a arefully
hosen input signal. The orresponding plant outputs
are re orded at the sampling instants. The olle tion
of input and output data is then analyzed o -line to
obtain an open-loop model.
Alternatively, the plant input and output data an
be obtained while the system is under feedba k ontrol.
Typi ally, in su h a system, an independent dither signal is introdu ed in the feedba k loop to provide suÆient ex itation. Also in this ase the olle ted data is
analyzed at the end of the experiment, resulting in the
bat h identi ation pro edure.
The last possibility is online identi ation. When
the plant starts up, it is left to run for some time in
open-loop mode, during whi h time it is ex ited by a
random signal. When suÆ ient data has been re orded,
a model of a pre-spe i ed order is identi ed. From then
on, at every sampling instant, the new sample of the
plant input and output is used to update the model
al ulated at the previous sampling instant. Su h a

pro edure of re ursive identi ation is espe ially important in adaptive ontrol, applied to plants whose
hara teristi s hange dynami ally. As our ATM plant
ts into this ategory, we use re ursive identi ation in
our approa h.
Be ause of disturban es, the system output is related
in a non-deterministi manner to its input. Therefore,
the system input and output are treated as sto hasti
pro esses; they are also assumed to be dis rete-time.
Our model is of the form

y (t) =

B (q 1 )
u (t d) + e (t);
A (q 1 )

(1)

where q 1 is the ba kward shift operator de ned by
q 1 y (t) = y (t 1), q 2 y (t) = y (t 2), and so on.
A (q 1 ) and B (q 1 ) are polynomials in q 1 of orders n
and m, respe tively. e is a random disturban e signal
with zero mean and unit varian e. The system delay
is d time samples. The system output at time t is a
fun tion of m past inputs, n past outputs and a random
noise omponent, e(t). This stru ture represents an
autoregressive, exogenous input (ARX) model of the
input-output relation.
Let us start with bat h identi ation, whi h by itself is insuÆ ient for our plant. Assume that N inputoutput values of plant data are available. We would like
to nd the ARX model of some order n that satisfa torily explains the input-output relationship. Equation 1
an be rewritten in the following manner:

y (t) = xT (t)  + e (t);

(2)

where  is the ve tor of unknown oeÆ ients of the A
and B polynomials, T = [ a1 ; : : : ; an ; b0 ; : : : ; bm ℄,
and x(t) is a regression ve tor onsisting of past
measured input and output values xT (t) = [y (t
1); : : : ; y (t n); u (t 1); : : : ; u (t m 1)℄.
Assume that equation 2 is an exa t representation of
the system, and that we wish to determine from available data the ve tor  of true system parameters. For
this, we further assume a model of the system of the
orre t stru ture:

y (t) = xT (t) ^ + e^ (t);

(3)

where ^ is a ve tor of adjustable model parameters and
e^ (t) is the orresponding modeling error at time t. Our
aim is to sele t ^ su h that the modeling error over all
the data points is minimized in some sense. Sin e we
have N input-output values,

2
6
6
6
4

y (1)
y (2)

..
.
y (N )

3

2

7
7
7
5

6
6
6
4

=

xTT (1)
x (2)

..
.
xT (N )

3

2

7
6
7
6
7 +6
5
4

e^ (1)
e^ (2)
..
.

e^ (N )

3
7
7
7
5

:

To estimate the m+n unknowns uniquely, we need N 
m + n. In the presen e of noise, we must have N >>
m + n and employ an error redu tion te hnique (linear
least squares). Let us rewrite equation 3 as y = X ^+^e,
where yT = [y (1); : : : ; y (N )℄, e^T = [^e (1); : : : ; e^ (N )℄,
and
2 T
xT (1) 3
6 x (2) 7
X = 664 .. 775 ;
.
xT (N )

whi h an be written as e^ = y X ^. With the
least squares minimization, we an hoose an estimateP^ that minimizes J , the sum of squares of errors
J = Ni=1 e^2 (t) = e^T e^, that is,

J = (y
=

X ^)T (y X ^)
yT y ^T XT y yT X ^ + ^T XT X :^

To nd the minimum value of J , we set

J
= 2XT y + 2XT X = 0:
^


(4)

If the se ond derivative matrix

J 2
= 2(XT X)
2
^


is positive de nite, the least squares estimator for
the parameter ve tor from equation 4 is ^ =
[XT X℄ 1 [XT y℄. Therefore, given the data matrix X
onsisting of past input and output samples, and the
ve tor y of urrent output samples, we an nd the unknown oeÆ ients of the ARX model relating the plant
input-output.
The bat h identi ation te hnique must be modi ed,
to identify an up-to-date evolving model at ea h sampling instant. We use re ursive identi ation in whi h
the results for N observations (the ontrol horizon ) are
used to get the estimates for N +1 observations [8℄. At
any time t, the model obtained at the previous sampling instant, ^(t 1), summarizes the past input and
output of the plant. This model is used to obtain an
estimate y^(t) of the urrent output. This is ompared

with the a tual output y (t) to generate an error e(t).
This in turn generates an update to the model, whi h
orre ts ^(t 1) to the new value ^(t). This re ursive
\predi tive- orre tor" form eliminates the need to save
all the past input and output data. The algorithm for
re ursive least squares identi ation (RLS) is as follows. At time step t + 1:
1. Form x(t + 1) using the new data sample

2. Form e(t + 1) using
e(t + 1) = y(t + 1)

3. Form P(t+1) using


P(t+1) = P(t) Im

xT (t + 1)^(t)
x(t + 1)xT (t + 1)P(t)  ;
1 + xT (t + 1)P(t)x(t + 1)

where Im is the identity matrix.

4. Update ^(t + 1) = ^(t) + P(t)x(t + 1)e(t + 1)
5. At the end of the sample period, go to step 1.
Before the estimator an be started up, the data
ve tor x(t) must be full. For a model with A and B
polynomials of degree n and m, respe tively, the sampling pro ess must run for  = max(n; m + 1) steps
before the estimator an be started.
One way of getting the re ursive estimator to adapt
to time-varying true parameters is to use a forgetting fa tor, i.e., a number  between 0 and 1, to progressively redu e the importan e of past information.
While the normal least squares minimizes the ost fun tion

J=

N
X
i=1

e^2 (i) ;

in whi h all values of e^2 (i), i = 1,. . . ,N , are equally important, thePforgetting fa tor approa h uses the fun N i e^2 (i) to assign progressive lower
tion J 0 = N
i=1 
ranks to older values. The only hange ne essary to
the RLS algorithm is in step 3 whi h now be omes


P(t +1) =  1P(t) Im

x(t + 1)xT (t + 1)P(t)  ;
 + xT (t + 1)P(t)x(t + 1)

with  typi ally lying between 0.9 and 1.
As presented so far, the RLS still su ers from two
disadvantages: the results depend on the initial hoi e
of the ovarian e matrix and they are not the same
as those obtained by the bat h least squares method.
To alleviate this problem, we modify RLS into RRLS

(rigorous RLS) a ording to [5℄. The pro ess is modeled by an ARX equation of the form yk = A1 yk 1 +
   + An yk n + B1 uk 1 +    + Bm uk m + + ek . For a
single-input-single-output (SISO) system, yk is the proess output sampled at time k , uk is the pro ess input
at time k and fek g is the noise with zero mean. Estimation of a onstant o set means that the sampled y and
u values need not be mean- entered and auto-s aled.
De ne bk = Pk 1 xk ; k =  + xTk bk ; ak = Qk 1 xk and
let the initial onditions be ^0 = 0; P0 = rI; Q0 = I.
The algorithm is de ned in the following way:
8
T
1
k = a k (a k a k )
>
< g
^k = ^k 1 + gk (yk
T
>
: Pk = (Pk 1 gk bk
Qk

8
>
<

= (Qk

1

T ^
k 1)
T
T
bk gk + k gk gk )=

xk

T
g k ak )

= bk k 1
^k = ^k 1 + gk (yk xTk ^k 1 )
T
>
: Pk = (Pk 1 gk bk )=
Qk = (Qk 1 )

if ak 6= 0

gk

if ak = 0

CONTROLLER DESIGN

The plant output yk at time k is a fun tion of
< yk 1 ; : : : ; yk n ; uk 1 ; : : : ; uk m ; >. De ne two sets
Skfr = fyk ; yk 1 ; : : : ; yk+1 n ; uk 1 ; : : : ; uk+1 m ; g and
Skfo = fuk ; uk+1 ; : : : ; uk+i 1 : i  1g. At time k, the
predi ted model output y^k+i = y^kfr+i + y^kfo+i , where y^kfr+i
is the predi ted free response, and y^kfo+i is the predi ted
for ed response. For some ontrol horizon N  1, dene
2

fr =
y^k;N

and
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where d is the system delay (equal 1 in our ase). Then,
the plant output predi ted N steps into the future is
fr + C u , where C
y^k;N = y^k;N
k;N k;N
k;N is determined by
^
the parameter ve tor k .
The problem of nding the minimum-bias ontrol an be expressed as the following multi-obje tive
fr +
optimization problem: \minimize JMB = ky^k;N

 k, subje t to uk;t
yk;t

2 Uk;t ," where Uk;t
is the set of admissible ontrol values, spe i ed as an
 onupper and lower bound on uk;t . The ve tor yk;t
sists of values of the referen e signal at the N future
sampling instants.
The output signal of our SISO system is the perentile of bu er o upan y, whi h an be easily measured on-line. Besides measuring the a tual per entile
of bu er o upan y, we must also be able to al ulate
it in the model|for predi tion.
A method for approximating the probability distributions of stationary statisti s in FIFO single server
queues is des ribed in [1℄. It an be applied when the
net input pro ess forms a stationary, ergodi , Gaussian
dis rete-time pro ess. Sin e the servi e rate in ATM
networks is deterministi , the servi e pro ess has zero
varian e and is spe i ed by its mean alone. The Gaussian pro ess an be used to model any traÆ en ountered in pra ti e, sin e its mean, varian e, and autoovarian e fun tion an be mat hed to any pro ess.
Moreover, the aggregate traÆ resulting from the multiplexing of a number of independent streams is likely
to be Gaussian. The predi ted -per entile is a fun tion of the mean, varian e, and auto- ovarian e sum
of the net arrival pro ess de ned as Yn = An Bn ,
where An is the amount of work entering the queue
during the nth sampling interval (of duration Tsample ),
and Bn is the amount of work pro essed by the server
during the same interval. For a deterministi server,
Bn = Tsample = ell time .
The following two quantities are de ned in [1℄:

Ck;N uk;N

2m
s = 2
 + 2S

;

~=










pm2
e(u m)s erf 2up2m


;

p
u2
u
u erf p
s p2 e 22
2

erf



where u =  2 s =2, m is the mean value of Yn , i.e.,
m = E fYn g = E fAn g E fBn g, 2 is the varian e of
Yn , i.e., 2 = V arfYn g = V arfAn g (sin e Bn is deterministi ), S is the auto- ovarian e sum of Yn de ned
as the sum of the ovarian es of Yn for all lags > 1, i.e.,
 P1 Cov(Y ; Y ). These quantities are used
S=
n n+k
k=1
to ompute the -per entile of the bu er o upan y as
1

Kalpha =  ln
s



1

100

~



:

(5)

As mentioned in [2℄, omputing the auto- ovarian e
sum (S ) on-line is not pra ti al. For this reason, we
ompute an approximate value for the pth per entile
using only the mean and varian e of the net arrival
pro ess (assuming S = 0). With this approximation,

RESULTS AND CONCLUSIONS

We have introdu ed a ell s heduler for a queue fed
with aggregate traÆ from a group of multiplexed VBR
alls. The s heduler uses adaptive feedba k ontrol to
maintain the QoS at a desired level|in spite of traÆ
u tuations and/or variations in the aggregate traÆ
hara teristi s.
Our s heduler modulates the servi e rate in order
to ontrol the QoS. This lo al ontrol is indi erent
to propagation delays; in that respe t, it is superior
to s hemes ontrolling the individual distant sour es.
Consequently, it an be deployed without any extra
tuning or adaptation in very large and/or fast networks.
Consider the s enario illustrated in gures 1 and 2.
In this experiment, the arrival rate is hanged from
120 ps ( ells per se ond) to 140 ps.2 In the open loop
test ( gure 2) the bu er per entile jumps to 55 ells as
a result of the in reased queue utilization. However,
the adaptive ontroller restri ts the in rease to within
15% of the referen e level ( gure 1).
1
The method presented in [7℄ is useless for alls lasting less
than2 the length of the adaptation period.
Of ourse, the se ond is an abstra t time unit. Our model,
unlike e.g. [7℄, is invariant with respe t to the time s ale.
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the a tual per entile may be quite di erent from the
omputed value. Therefore, if j y (t) ya t (t) j > ! 
ya t(t), we use Æ  y(t) + (1 Æ)  ya t (t) instead of y(t).
In our experiments, the threshold ! was set to 0:2 and
the bias Æ was 0:1.
In [7℄, the al ulated per entile alone is used as the
plant output signal. The ontrol system in that ase
guarantees that the long term QoS will approa h the
desired value. However, during the transient period,
the estimated per entile (and the a tual per entile)
may greatly ex eed the referen e level. The use of the
weighted average has the advantage that the QoS requirements are not violated at any time, even if the all
duration is short.1 Also, as our approa h is not based
on ow ontrol, we an use mu h shorter sampling intervals (independent of the round-trip propagation delay). This way we are able to bring the QoS to the
desired level in a mu h shorter time.
The bu er o upan y distribution an be altered by
varying either the arrival pro ess or the servi e pro ess.
One of the guidelines in hoosing the input signal is
that the output must respond qui kly to a hange in
the input. To avoid the in uen e of propagation delays
(and other problems with the approa h taken in [7℄), we
hoose to modulate the servi e rate. The mean servi e
rate as well as upper and lower limits on the servi e
rate are spe i ed by CAC.
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Figure 1: Adaptive ontrol (e e t of varying parameters)
In order to investigate the e e t of long-range dependen e on the ontroller performan e, we fed the queue
with self-similar traÆ . The referen e level for bu er
per entile was set at 250 ells. The mean arrival rate
was set to 120 ps, with the varian e of the arrival rate
being equal to 2  (i.e., 240). The Hurst parameter was
set to 0.7.
Figure 3 illustrates three di erent experiments (for
di erent values of the random seed) with the selfsimilar traÆ . Although the ontroller needs some time
to bring the bu er per entile to the referen e level, the
nal error turns out to be a eptable in all ases.
Our numerous experiments (the limited size of this
paper makes it impossible to report them all) demonstrate that the s heme is robust in its ability to ontrol widely varying traÆ types|without any modi ation whatsoever to the ontroller|using Poisson, bat h
Poisson and self-similar traÆ models. This is an improvement over the s heme in [7℄, where the ontrol effort weighting parameter  must be re-tuned whenever
the traÆ hara teristi s hange. The improvement is
obtained by the use of minimum-bias ontrol [5℄.
Our ontroller is able to maintain the QoS at the
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Figure 2: Open loop (e e t of varying parameters)
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desired level in spite of bit rate variations. Good ontrol is a hieved even at high utilizations of 80%. The
ontroller is also able to adapt when the mean arrival
rate deviates from its de lared value.
The use of the weighted average of the measured
bu er per entile and the al ulated bu er per entile
removes the restri tion of large all duration present
in [7℄. In our ase, the QoS requirements are met,
even if the onne tion is very short. The al ulated
per entile is obtained using the mean and varian e of
the net arrival pro ess (the auto- ovarian e sum is not
al ulated), whi h redu es the amount of omputation
that must be performed at ea h sampling instant.
The use of ontrol methodology makes it possible to
utilize the plethora of online pro ess monitoring te hniques. The model of the plant estimated at ea h sampling instant an be examined for stability. Lo al ongestion an therefore be dete ted, diagnosed, and orre ted by the network operator. Large deviations of the
plant output from the referen e value|espe ially when
the QoS ex eeds the referen e value by large amounts|
an be used to generate alarms, requesting manual intervention.
The initial bandwidth allo ated by CAC is used as
the mean level about whi h the instantaneous servi e
rate is varied to a hieve the desired QoS. The hoi e of
the initial bandwidth allows the swit h to ontrol the
average delay, while the maximum delay, delay jitter
and ell loss ratio are ontrolled by the s heduler.
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