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Abstract— We study low jitter- scheduler design for deadline-
aware input-queued (IQ) packet switches. We consider scheduling
of traffic streams associated with service profiles, which reflect the
inter-packet deadlines between packets constituting the stream.
To make the NP-hard problem of scheduling with strict dead-
lines tractable, we use soft deadlines as a modeling tool, and
study the scheduling problem with soft deadlines in a dynamic
programming (DP) framework. We establish the optimality of a
myopic scheduling policy for the canonical2×2 crossbar switch.
For bigger switches, we develop low-complexity approximations
to the myopic policy (which is near-optimal), one based on the
notion of neighborhood search, and two others based on convex
relaxations of an integer programming problem. We demonstrate
the efficacy of the proposed policies via simulations, employing
goodput as a performance metric. A key feature of the proposed
policies is that they do not require knowledge of traffic statistics
(rate, periodicity etc.), rendering them robust and amenable to
implementation.

Index Terms— Input-queued switches, Scheduling, Deadlines,
Dynamic Programming, Myopic policy, Convex optimization.

I. I NTRODUCTION

Real-time applications like multimedia streaming, video
telephony etc. continue to gain popularity amongst internet
users. These applications have stringent quality-of-service
(QoS) requirements with regard to packet delays and jitter.
Scheduling algorithms employed at packet switches play a key
role in QoS provisioning for such applications.

Input queued (IQ) switches have received considerable
attention, owing to their scalable architecture. Most research
on IQ switch scheduling has focused on throughput and
stability related issues. Several throughput optimal scheduling
algorithms based on maximum weight matching (MWM) have
been proposed ( [1], [2] etc.) in the literature. This vast body
of results, while important in its own right, does not address
the question of QoS provisioning for deadline sensitive traffic.

Liu et. al. [3] studied scheduling of multi-class periodic
traffic flows through IQ switches. They conjectured that it is
possible to schedule periodic traffic through an IQ switch so
that each packet from a flow leaves the switch before the next
packet of the flow arrives, provided the line utilization does
not exceed unity. Gileset. al. [4] (nested period scheduling),
and Raiet. al. [5] (uniform weighted round robin) proposed
heuristic scheduling policies for periodic flows. Changet.
al. proposed schemes for providing delay guarantees in IQ

switches based on the Birkhoff-von Neumann (BV) decompo-
sition in [6], and based on the earliest deadline first (EDF) rule
for load balanced switches in [7]. Keslassyet. al. [8] studied
low-jitter scheduling based on BV decomposition, and Liet.
al. [9] proposed a frame based scheduler with guaranteed delay
and jitter bounds for leaky-bucket constrained traffic.

Our focus is on developing scheduling algorithms for traffic
streams associated withservice profiles. The service profile
captures the inter-packet deadlines (IPD) between successive
packets in a traffic stream; it determines the ideal inter-
departure times of packets from the switch. A deviation from
the service profile (jitter) results in missed packet deadlines,
and hence QoS degradation at the receiver.

We do not make any assumptions on the periodicity or any
other statistics of traffic streams. Traffic arriving to a switch
can be bursty and aperiodic over different time-scales due
to several reasons - bursty sources (for example, variable bit
rate video), stream multiplexing, jitter induced by upstream
switches etc. It is therefore crucial to design schedulers
agnostic to periodicity assumptions.

The scheduling problem with strict deadlines is NP-hard. To
surmount the associated computational complexity, we employ
the notion of soft deadlinesor flexible deadlines. Packets
are allowed to violate these soft deadlines, while incurring
a penalty for doing so. Packets also incur a penalty for
being ahead of their deadlines. This prevents streams from
receiving more service than they need to meet their delay
requirements. Our goal is to design low-complexity schedulers
which minimize aggregate soft deadline violation over all
input streams, or equivalently, ensure low jitter for all output
streams. Our modeling approach is akin to thetime/utility
function (TUF) approach introduced by Jensenet. al. [10] to
study scheduling in real-time operating systems.

The typical metric for delay in most prior work on schedul-
ing is average queuing delay, which is measured on amacro
time-scale. Our work represents a paradigm shift in conven-
tional scheduler design because the focus is now onmicro
time-scales (on the order of packet deadlines). The goal is no
longer to minimize the average delay per packet, but to ensure
thateachpacket meets its deadline as closely as possible. The
performance of scheduling algorithms in this setting is to be
gauged by the fraction of packets which meet their deadlines,



or thegoodput, rather than the throughput or average delay.

A. Organization of the paper

We construct a mathematical model for the scheduling
problem with soft deadlines in Section II. We analyze this
model for a2× 2 crossbar switch in a dynamic programming
(DP) framework [11] in Section III. Our key result is that
the optimal finite-horizon policy ismyopic. We then develop
three low-complexity approximations to the myopic policy for
bigger switches (which is near-optimal) in Section IV. We
show the efficacy of the proposed policies via simulations in
Section V, and provide concluding remarks in Section VI.

II. M ODEL CONSTRUCTION

Consider an IQ switch with virtual output queues (VOQs)
at the input ports to prevent head-of-line blocking. Each
VOQ is associated with atraffic stream, comprised of packets
arriving to that VOQ. Traffic streams with deadline constrained
packets can be described using a vector∗ x = (x0, x1, . . .),
with xi ∈ {0, 1}. We will call this the expected service
vector (ESV) for a stream. Suppose that thekth “1” in the
traffic vector occurs at locationm and the (k + 1)st “1”
occurs at locationm + dk. The interpretation is that if the
stream is being serviced in accordance with its ESV, the inter-
departure time between thekth and(k+1)st packets is exactly
dk time-slots. Equivalently,dk is the inter-packet deadline
(IPD) between thekth and (k + 1)st packets. ESV formally
embodies the notion of service profile discussed in Section
I. We define thecumulative expected service vector(CESV)

X = (X0, X1, . . .), with Xn =

n∑

i=0

xi being the number of

packets of the stream which should ideally have departed the
switch by the end of time-slotn.

Due to congestion caused by resource contention for mul-
tiplexed output links at the switch, a stream will not always
receive service in accordance with its ESV. To quantify this
effect, we associate with each traffic stream areceived service
vector(RSV) y = (y0, y1, . . .) with yi ∈ {0, 1}. Then,yi = 1
if the switch forwards a packet of this stream in theith time-
slot, and0 else. Similar to CESV, we define thecumulative
received service vector(CRSV) Y = (Y 0, Y 1, . . .), with

Y n =

n∑

i=0

yi. Y n is the number of packets that have been

forwarded from the stream until the end of time-slotn. Ideally,
we would like Y n = Xn ∀ n. If Y n > Xn, the stream has
received excess service, is said to beleading. If Y n < Xn,
the stream is starved of service, and is said to belagging.
To capture the temporal evolution of a stream, we define its
deviationasDn , Y n − Xn. The objective of the scheduler
is to keep the deviationDn as close to0 as possible at all
times, for every traffic stream. The idea is pictorially depicted
in Fig. 1, on the left side.

Since we allow for deviations from expected service, we
can think of packets as havingsoft deadlines. Packets which

∗Throughout this paper, vectors are denoted inboldface.

miss their soft deadlines are not dropped, but are penalized
for doing so. Packets are also penalized for being ahead of
their deadlines. A “good” scheduler ought to minimize both
the number and magnitude of soft deadline violations.

III. T HE CANONICAL 2 × 2 SWITCH

In this section, we study the scheduling problem for the
canonical2 × 2 IQ switch. The input and output ports are
labeled0 and1. VOQ Qij holds packets destined from input
port i to output port j. In each time-slot, the switch can
be set in configurationC0 or C1. In configurationC0, input
ports0, 1 are connected to output ports0, 1 respectively, while
in configurationC1 they are connected to output ports1, 0
respectively. At most one packet can be transferred to each
output port from one of the input ports in a time-slot (speed-
up 1).
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Fig. 1. The left side depicts the notion of expected and received service,
and deviation from expected service. The right side depictsa typical deviation
cost associated with a VOQ.

A. Cost structure

We define thestate of system as the four-tuples =
(s00, s11, s01, s10), wheresij is the deviation associated with
Qij . We denotexn = (xn

00, x
n
11, x

n
01, x

n
10), wherexn

ij is the
nth element of the ESV of the traffic stream associated with
Qij . Similarly, Xn = (Xn

00, X
n
11, X

n
01, X

n
10) whereXn

ij is the
nth element of the CESV of the traffic stream associated
with Qij . We denotea = (1, 1, 0, 0), b = (0, 0, 1, 1) and
∆ = a−b = (1, 1,−1,−1). With Qij , we associate the cost
function φij(k) = f+

ij (k+) + f−
ij (k−), which measures the

cost associated with deviationk ∈ Z, wherek+ = max(k, 0)
andk− = −min(k, 0). We assume thatf+

ij (f−
ij ) is a convex,

non-negative and non-decreasing (non-increasing) function. A
typical cost function is depicted in Fig. 1, on the right side.

We define thesum cost functionφ(s) =
2∑

i=1

2∑

j=1

φij(sij), as

the sum of deviation cost of all four VOQs.

B. Dynamic Programming (DP) formulation

We will consider a finite time-horizon ofN time-slots.
To facilitate exposition, we will assume that all VOQs are
infinitely backlogged, making them potential scheduling candi-
dates over the entire time-horizonN . We define an admissible
policy ΠN ∈ {C0, C1}N as a sequence of switch configura-
tions in time-slots0, . . . , N − 1. Letting sn

ΠN
denote the state



at the beginning of time-slotn under policyΠN, the objective
is to find policyΠ?

N satisfying

Π?
N = arg min

ΠN

{
ΦN (ΠN) =

N∑

n=1

φ
(
sn
ΠN

)
}

, (1)

given the initial states0. We will adopt the methodology of
dynamic programmingto compute the optimal policyΠ?

N.
Let us first examine the evolution of the state under an

admissible policyΠN. In statesn at the beginning of time-
slot n, ΠN can either choose configurationC0 or C1. If ΠN

choosesC0, the deviations ofQ00 andQ11 either stay the same
or increase by1, depending on whetherxn

00 andxn
11 are0 or

1, respectively. The deviations ofQ01 andQ10 either stay the
same or decrease by1, depending on whetherxn

01 andxn
10 are

0 or 1, respectively. Thus, the state of the system changes from
sn = (sn

00, s
n
11, s

n
01, s

n
10) to (sn+1

00 +1−xn
00, s

n
11+1−xn

11, s
n
01−

xn
01, s

n
10 − xn

10), or in vector notationsn+1 = sn + a − xn.
By the same token, ifΠN choosesC1 in time-slotn, the new
state issn+1 = sn + b− xn.

Let V n(s) denote thecost-to-goat the beginning of time-
slot n, starting in states. V n(s) is the cost incurred byΠ?

N
from time-slotn to time-slotN , starting in states in time-
slot n. By theprinciple of optimality, V n(s) can be computed
from the following DP equations forn = 1, . . . , N :

V n(s) = min{Ωn+1(s + a − xn)︸ ︷︷ ︸
ConfigurationC0

, Ωn+1(s + b− xn)︸ ︷︷ ︸
ConfigurationC1

},
(2)

and the boundary conditionsV N (s) = 0 ∀ s, where

Ωn(s) , V n(s) + φ(s). (3)

Now define thedecision function

γn(s) , Ωn+1(s + a − xn) − Ωn+1(s + b − xn). (4)

ConfigurationC0 is optimal in states in time-slotn if γn(s) ≤
0, and configurationC1 is optimal else.

C. Properties of the optimal policy

We now explore some structural properties of the optimal
scheduling policyΠ?

N. The two possible states in time-slot
n + 1 starting in states in time-slot n are s + a − xn and
s + b − xn, which differ by a − b = ∆ (for any policy).
The following results† become important in the light of this
observation.

Lemma 1:φ(s + ∆) − φ(s) ≥ φ(s) − φ(s − ∆), ∀ s.
Lemma 2:V n(s + ∆) − V n(s) ≥ V n(s) − V n(s −

∆), 0 ≤ n ≤ N, ∀ s.

Corollary 1: Ωn(s + ∆) − Ωn(s) ≥ Ωn(s) − Ωn(s −
∆), 0 ≤ n ≤ N, ∀ s.

Corollary 2: γn(s + ∆) ≥ γn(s), 0 ≤ n ≤ N, ∀ s.

Given the initial states0, we say that a states is reachable
in time-slot n if there exists a sequence of configurations in
time-slots0, . . . , n − 1 which drive the switch to states in

†Due to space constraints, we omit all proofs and refer the reader to [12].

time-slotn. The reachable states in time-slotn constitute the
setSn = {sn

k = s0 +ka+(n−k)b−Xn, k = 0, . . . , n}. The
statesn

k is reached if the optimal policyΠ?
N choosesC0 in k

of the time-slots from0, . . . , n − 1, andC1 in the remaining
n−k time-slots. The states reachable in time-slotn+1 starting
from statesn

k in time-slot n are sn
k + a − xn+1 = sn+1

k+1
(if

C0 is chosen), andsn
k + b − xn+1 = sn+1

k (if C1 is chosen).
Equivalently, we can identity the state in time-slotn by the
index k, which increases by1 in the next time-slot ifC0 is
chosen and remains the same ifC1 is chosen. We now have
the following key property:

Lemma 3 (Threshold Property):For n = 0, . . . , N , there
exists ak?

n ≤ n + 1 such thatCn(sn
k ) = C0 ∀ k ≤ k?

n and
Cn(sn

k ) = C1 ∀ k > k?
n.

The next result states that for fixedn, Ωn achieves its
minimum atk?

n.
Lemma 4 (Minima ofΩn): arg min

0≤k≤n

Ωn(sn
k ) = k?

n.

Equipped with the properties ofΩn and γn enumerated
above, we are ready to state the most important result re-
garding the optimal policyΠ?

N, which is the optimality of
a myopic policy. What does it mean for the optimal policy
to be myopic? It means that the optimal decision in state
s in time-slot n can be made greedily by merely choosing
the configuration with the lowest “instantaneous cost”, rather
than solving the DP equations over the horizonn, . . . , N to
compute the optimal decision. Equivalently, the result of one
joint N -period optimization is the same as the result ofN

successive one-period optimization problems.
Theorem 1 (Optimality of Myopic Policy):The finite hori-

zon optimal policyΠ?
N is a myopic policy.

Is the optimality of a myopic policy a useful property? Yes.
Computing the optimal policy over anN -period horizon from
the DP equations in (2) requiresO(N2) operations, while
computing the myopic policy requires onlyO(N) operations.
Also, as we shall see in the case of bigger switches, it is easier
to design heuristics to approximate myopic policies.

D. Beyond2 × 2: Modular switches

Our results for a2 × 2 switch are important in the context
of modular switches, which can be realized by interconnecting
2 × 2 switches in a cascade fashion [13] (for example, Clos
networks). The optimal policyΠ?

N can be used for each2× 2
element. Low jitter at each stage of the switch (ensured by
Π?

N) translate into low overall jitter for the switch.

IV. H EURISTIC SCHEDULING POLICIES

We have established that the optimal finite-horizon schedul-
ing policy for a 2 × 2 switch is a myopic policy. Extensive
numerical experiments showed that a myopic policy, although
not optimal, is near-optimal forK > 2. However, evaluating
the myopic policy is intractable even for moderately largeK,
owing to the explosion in the size of the decision space (it
grows asK!). In a special case (quadratic cost functions),
evaluating the myopic policy reduces to the problem of finding
the maximum weight matching (MWM) on a bipartite graph,



or equivalently, finding the configuration vector with the
largest projection on the (negative of) the system state vector
(comprised of deviations of all VOQs) [14]. However, MWM,
with a computational complexity ofO(K3), is also quite
unfriendly from an implementation perspective. Motivated
by our discussion, we will now focus on developing low-
complexity approximations to the myopic policy.

A. Neighborhood search

The neighborhood search heuristic is based on the assump-
tion that the optimal configuration of the switch cannot change
“drastically” from one time-slot to another [2]. We can think of
a switch configuration as a permutationπ : {0, . . . , K −1} →
{0, . . . , K − 1}, such that input porti is connected to output
port π(i) in configurationπ. A “neighbor” of permutation
π is constructed by connecting input porti to output port
π(j) and input portj to output portπ(i), for somei 6= j.
We denote the set of neighbors of configurationπ by Nπ.
Given the current system state and switch configurationπ, the
neighborhood search algorithm searches for the lowest-cost
configuration over the set of configurations{π} ∪ {Nπ}. The
per-time-slot complexity is a tractableO(K2).

B. Convex relaxation A

Computing the myopic policy is equivalent to solving an
integer-programming (IP) problem in each time-slot, which
can be formulated in time-slotn as follows:

minimize
K−1∑

i=0

K−1∑

j=0

φij(s
n
ij − xn

ij + αij) subject to

K−1∑

i=0

αij = 1,

K−1∑

j=0

αij = 1, αij ∈ {0, 1}, ∀ i, j.

αij is 1 if input port i is connected to output portj, and
0 else. While the above IP is NP-hard, we can “relax” the
constraintαij ∈ {0, 1} to α̃ij ∈ [0, 1] to obtain a constrained
convex optimization problem. A convex formulation is attrac-
tive since computationally efficient methods are availablefor
obtaining the solution [15]. The relaxation will have non-
integer solutions in general. How do we convert this fractional
solution into a valid switch configuration? For each input
port i, we can think of the solution(α̃?

i,0, . . . , α̃
?
i,N−1) as a

“preference list”. We map input porti to output portj if
j = arg maxk α̃?

ik. Contentions can be resolved randomly or
by port numbers.

C. Convex relaxation B for quadratic costs

While convex relaxation A was applicable to arbitrary
choice of convex cost functions, we now restrict our attention
to quadratic cost functions, that is,φij(k) = k2. In particular,
we solve the following convex optimization problem:

minimize
K−1∑

i=0

K−1∑

j=0

(sn
ij − xn

ij + βij)
2 subject to

K−1∑

i=0

βij = 1,

K−1∑

j=0

βij = 1, ∀ i, j.

Note that we do not impose a constraint of the formβij ∈
[0, 1]. It can be shown (using Lagrange multipliers) that the
solution to the above problem is given by

β?
ij = −(sn

ij − xn
ij︸ ︷︷ ︸

s̃n
ij

) +
1

K
(Ai + Bj − S + 1)

Ai =
K−1∑

j=0

s̃n
ij , Bj =

K−1∑

i=0

s̃n
ij , S =

1

K

K−1∑

i=1

K−1∑

j=0

s̃n
ij .

We can use approach similar to the one used for convex
relaxation A to convert our fractional solution into a valid
switch configuration.

V. SIMULATION RESULTS

In this section, we study the performance of the proposed
policies via simulations. All our results are for a4 × 4 IQ
switch. We assumed that the IPDs of the input stream at theith

VOQ at thejth input port are geoemtrically distributed with
parameterpij . We considered two different loading scenarios
— (i) Uniform, that is,pij = p ∀ i, j, and (ii) Diagonal heavy,
that is,pii = p, pij = p′, j 6= i, such thatp > p′. The total
load per input port is̀ = 4p for (i), and ` = p + 3p′ for (ii).

We evaluated the performance of the myopic policy, and
the three proposed approximations to the myopic policy,
viz., neighborhood search, and convex relaxations A and B.
We benchmarked performance against the round-robin (RR)
scheduler, which chooses from amongst the 4! possible con-
figurations in cyclic fashion, and the randomized (RAND)
scheduler, which chooses one of the 4! configurations uni-
formly at random. We chose quadratic deviation cost functions,
that is φij(k) = k2, for all VOQs. Recall that in this case,
computing the myopic policy reduces to the problem of finding
the configuration vector with the largest projection on the
(negative of) the current state vector. We call the myopic
policy the MaxProj policy in this case. For diagonal heavy
loading, we also considered abiased maximum projection
(bMaxProj ) policy, which uses “steeper” cost functions for the
more heavily loaded diagonal VOQs, when they are lagging.
In particular, we usedφii(k) = λk2, k < 0 for the diagonal
VOQs, whereλ > 1 is thebias of bMaxProj.

For uniform loading, we variedp to vary` from 0.9 to 0.98.
For diagonal heavy loading, we fixedpij = 0.2, i 6= j, for a
total off-diagonal load of 0.6. We variedpii from 0.3 to 0.38,
to vary ` from 0.9 to 0.98.

We usedgoodput(fraction of packets which successfully
meet their deadline constraints) andaverage delay per packet
or lateness(computed for packets which miss their deadline)
as metrics to contrast the performance of different schedulers.
Fig. 2 and Fig. 3 respectively depict the goodput and delay
performance of different scheduling algorithms under uniform
loading. Fig. 4 and Fig. 5 depict the corresponding perfor-
mance graphs under diagonal heavy loading. In both cases,
MaxProj, and all the proposed heuristics comfortably outper-
form RR and RAND with respect to both metrics. Observe that
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the performance of MaxProj and the proposed heuristics is al-
most indistinguishable under uniform loading. However, under
non-uniform loading, MaxProj performs marginally better than
its approximations. The delay performance of neighborhood
search is always slightly worse than the heuristics based
on convex relaxations. Finally, using bMaxProj provides a
significant improvement in goodput, albeit at the expense ofa
nominal increase in average delay.

VI. CONCLUSIONS

In this paper, we studied low-jitter scheduler design for
deadline-aware crossbar packet switches, within a DP frame-
work. We considered scheduling of traffic streams associated
with service profiles, which capture the inter-packet deadline
constraints between packets in the stream. Our work represents
a departure from conventional scheduler design principles,
with an emphasis on satisfying per-packet deadline constraints,
rather than long-run throughpur or average delay requirements.
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