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Abstract— We study low jitter- scheduler design for deadline- switches based on the Birkhoff-von Neumann (BV) decompo-
aware input-queued (IQ) packet switches. We consider scheting  sition in [6], and based on the earliest deadline first (EDR# r
of traffic streams associated with service profiles, which iieect the for load balanced switches in [7]. Keslassy al. [8] studied
inter-packet deadlines between packets constituting thetream. - . o .
To make the NP-hard problem of scheduling with strict dead- low-jitter scheduling based on BV decomp_osmon, andeti
lines tractable, we use soft deadlines as a modeling tool, @n al. [9] proposed a frame based scheduler with guaranteed delay
study the scheduling problem with soft deadlines in a dynand and jitter bounds for leaky-bucket constrained traffic.
programming (DP) framework. We establish the optimality of a Our focus is on developing scheduling algorithms for traffic
myopic scheduling policy for the canonical2 x 2 crossbar switch. streams associated witservice profiles The service profile

For bigger switches, we develop low-complexity approximébns . ) .
to the myopic policy (which is near-optimal), one based on t& captures the inter-packet deadlines (IPD) between sugeess

notion of neighborhood search, and two others based on corwe Packets in a traffic stream; it determines the ideal inter-
relaxations of an integer programming problem. We demonstate departure times of packets from the switch. A deviation from
the efficacy of the proposed policies via simulations, empying  the service profile (jitter) results in missed packet dewdj
goodput as a performance metric. A key feature of the proposg and hence QoS degradation at the receiver.

policies is that they do not require knowledge of traffic staistics We d t K i th iodicit
(rate, periodicity etc.), rendering them robust and amenale to € 0o not make any assumpltions on the periodicity or any

implementation. other statistics of traffic streams. Traffic arriving to a tshi
Index Terms— Input-queued switches, Scheduling, Deadlines, can be bursty and aperiodic over different time-scales due
Dynamic Programming, Myopic policy, Convex optimization. to several reasons - bursty sources (for example, variable b

rate video), stream multiplexing, jitter induced by upatre
. INTRODUCTION switches etc. It is therefore crucial to design schedulers

Real-time applications like multimedia streaming, videagnostic to periodicity assumptions.
telephony etc. continue to gain popularity amongst interne The scheduling problem with strict deadlines is NP-hard. To
users. These applications have stringent quality-ofiservsurmount the associated computational complexity, we eynpl
(QoS) requirements with regard to packet delays and jittehe notion of soft deadlinesor flexible deadlines. Packets
Scheduling algorithms employed at packet switches playa kare allowed to violate these soft deadlines, while incgrrin
role in QoS provisioning for such applications. a penalty for doing so. Packets also incur a penalty for

Input queued (IQ) switches have received consideralideing ahead of their deadlines. This prevents streams from
attention, owing to their scalable architecture. Most aesle receiving more service than they need to meet their delay
on IQ switch scheduling has focused on throughput amdquirements. Our goal is to design low-complexity schedul
stability related issues. Several throughput optimal dalieg which minimize aggregate soft deadline violation over all
algorithms based on maximum weight matching (MWM) haviaput streams, or equivalently, ensure low jitter for alkput
been proposed ( [1], [2] etc.) in the literature. This vastiyoo streams. Our modeling approach is akin to tirae/utility
of results, while important in its own right, does not addresunction (TUF) approach introduced by Jensen al. [10] to
the question of QoS provisioning for deadline sensitivffitta study scheduling in real-time operating systems.

Liu et. al. [3] studied scheduling of multi-class periodic The typical metric for delay in most prior work on schedul-
traffic flows through 1Q switches. They conjectured that it isg is average queuing delay, which is measured onaaro
possible to schedule periodic traffic through an IQ switch dome-scale. Our work represents a paradigm shift in conven-
that each packet from a flow leaves the switch before the neixinal scheduler design because the focus is nowmiero
packet of the flow arrives, provided the line utilization doetime-scales (on the order of packet deadlines). The goabis n
not exceed unity. Gilest. al. [4] (nested period scheduling),longer to minimize the average delay per packet, but to ensur
and Raiet. al. [5] (uniform weighted round robin) proposedthateachpacket meets its deadline as closely as possible. The
heuristic scheduling policies for periodic flows. Chaag performance of scheduling algorithms in this setting is ¢o b
al. proposed schemes for providing delay guarantees in fauged by the fraction of packets which meet their deadlines



or the goodput rather than the throughput or average delaymiss 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
We construct a mathematical model for the schedulinpe number and magnitude of soft deadline violations.

problem with soft deadlines in Section Il. We analyze this

model for a2 x 2 crossbar switch in a dynamic programming IIl. THE CANONICAL 2 X 2 SWITCH

(DP) framework [11] in Section lll. Our key result is that |n this section, we study the scheduling problem for the
the optimal finite-horizon policy isnyopic We then develop canonical2 x 2 1Q switch. The input and output ports are
three low-complexity approximations to the myopic policy f |abeled0 and 1. VOQ Q;; holds packets destined from input
bigger switches (which is near-optimal) in Section IV. Weort ; to output portj. In each time-slot, the switch can
show the efficacy of the proposed policies via simulations ige set in configuratio, or C;. In configurationCy, input
Section V, and provide concluding remarks in Section VI. ports0, 1 are connected to output pofisl respectively, while

in configurationC; they are connected to output ports0
respectively. At most one packet can be transferred to each

Consider an 1Q switch with virtual output queues (VOQSyutput port from one of the input ports in a time-slepéed-
at the input ports to prevent head-of-line blocking. Eacuhp 1).

VOQ is associated with aaffic stream comprised of packets

A. Organization of the paper

II. MoDEL CONSTRUCTION

arriving to that VOQ. Traffic streams with deadline consteai &
packets can be described using a vector= (2°,z1,...), Lea o
with ¢ € {0,1}. We will call this the expected service I
vector (ESV) for a stream. Suppose that th& “1” in the Lead Cdst
traffic vector occurs at locatiom: and the (k + 1)t “1” Lag Expected Service N
occurs at locationn + di. The interpretation is that if the | 7
stream is being serviced in accordance with its ESV, the-inte Received Service  Lag Cost
departure time between thé" and(k+1)** packets is exactly ! i i
Time Deviation

dj time-slots. Equivalentlyd; is the inter-packet deadline
(IPD) between the:!" and (k + 1)** packets. ESV formally Fig. 1. The left side depicts the notion of expected and vedeservice,
embodies the notion of service profile discussed in Sectignd deviation from expected service. The right side depicigpical deviation
|. We define thecumulative expected service vecl@ESV) cost associated with a VOQ.

X = (X% X1,..), with X" = Z:z:l being the number of
—o A. Cost structure
packets of the stream which should ideally have departed thewe define thestate of system as the four-tuple —

switch by the end of time-slat. ; o : -
Due tg congestion caused by resource contention for myl-"’ s11, 801 $10), Wheres;; is the deviation associated with
;- We denotex™ = (xf,, 2%, 28y, 27,), wherez? is the
. . . . ] 00> <~11>01>10/» (%]
tiplexed output links at the switch, a stream will not alwayyslth element of the ESV of the traffic stream associated with

receive service in acc_ordance W|tr_1 its ESV. Tp quantlfy thléij- Similarly, X» — (X2, X, X2, X)) where X7 is the
effect, we associate with each traffic streameeeived service ; v .
0 1 o : n'* element of the CESV of the traffic stream associated

vector(RSV)y = (y°,¢',...) with y* € {0,1}. Then,y* =1 .
. ; ) . . with Q;;. We denotea = (1,1,0,0), b = (0,0,1,1) and
if the switch forwards a packet of this stream in tie time- : )
slot, ando else. Similar to CESV, we define thmimulative 2> =~ 2~ P = (1,1, =1, =1). With Q;;, we associate the cost

' y ’ function ¢;;(k) = f;;-(k+) + fi; (k-), which measures the

; ; _ 0 yv1 ; :
recelvedn service VeCtofCRSV) Y = (Y7, ¥7,..), with cost associated with deviatidne Z, wherek; = max(k,0)

Y™ = y'. Y™ is the number of packets that have beeAndk_ = —min(k,0). We assume thaf (f;;) is a convex,

i=0 ] ] non-negative and non-decreasing (non-increasing) fomc#
forwarded from the stream until the end of time-stotdeally, typical cost function is depicted in Fig. 1, on the right side
2 2

we would likeY™ = X™ V n. If Y™ > X", the stream has

received excess service, is said tolbading If Y < X", We define thesum cost functior(s) = ZZ%(SU), as

the stream is starved of service, and is said toldgging o i=1 j=1

To capture the temporal evolution of a stream, we define #&¢ Sum of deviation cost of all four VOQs.

deviationas D™ £ Y™ — X™. The objective of the scheduler

is to keep the deviatioD™ as close to0 as possible at all ) i I i )

times, for every traffic stream. The idea is pictorially dgpd _ We will consider a finite time-horizon ofV time-slots.

in Fig. 1, on the left side. To facilitate exposition, we will assume that all VOQs are
Since we allow for deviations from expected service, wifinitely backlogged, making them potential schedulingdia

can think of packets as havirgpft deadlinesPackets which dates over the entire time-horizah. We define an admissible
policy Iy € {Cy, C1}V as a sequence of switch configura-

*Throughout this paper, vectors are denoteddtdface tions in time-slots, ..., N — 1. Letting sf;  denote the state

B. Dynamic Programming (DP) formulation



at the beginning of time-slot under policylly, the objective time-slotn. The reachable states in time-stotconstitute the

is to find policyIT} satisfying setS, = {sp =s'+ka+(n—k)b—X", k=0,...,n}. The
N states} is reached if the optimal policyI, chooses’ in &

IT* = aremin ¢ & (IIy) — §n ’ 1) of the time-slots fron®,...,n — 1, andC; in the remaining

N rgHIann{ (1) 7; d HN)} @) n—k time-slots. The states reachable in time-slatl starting

_ o _ from states} in time-slotn ares]! +a — x" ™1 = st} (if
given the initial states®. We will adopt the methodology of C

X ) ) S o is chosen), and? + b — x"*1 = s}j*l (if C; is chosen).
dynamic programmingo compute the optimal policyiy. Equivalently, we can identity the state in time-slotby the

Let us first examine the evolution of the state under gpqax k, which increases by in the next time-slot ifCy is

admissible policylly. In states™ at the beginning of time- ., 0sen and remains the same’if is chosen. We now have
slot n, IIy can either choose configuratia@ryy, or Cy. If IIy the following key property:

chooseg’, the deviations 00y andQ;; either stay the same Lemma 3 (Threshold PropertyFor n = 0 N there
or increase byi, depending on whether(, andzt, are0 or . N P ,31/ A

: L ; exists ak; < n+ 1 such thatC™(s}) = Co V k < k and
1, respectively. The deviations @,; and Q¢ either stay the Cr(st) = Oy Y k> K
same or decrease ldy depending on whethery, andz}, are k)= 1 " ! N ) ,
0 or 1, respectively. Thus, the state of the system changes fromT_he next r:esult states that for fixed Q" achieves its
s™ = (800, 811+ 8015 S1p) 1O (58J1+1—x80, sty +1—211, 501 — minimum atk,. N
ap,, sty — x,), or in vector notations"t! = s" +a —x®.  Lemma 4 (Minima of)"): argmin Q"(s}) = k.

N 0<k<n
By thg same token, ifly chooseg”; in time-slotn, the new Equipped with the properties d? and 4" enumerated
state iss"t! =s" + b — x".

n(s) d h he bedinni i above, we are ready to state the most important result re-
ILet V™(s) denote t ecos}l—to—g_oatht € eg_lnnmg(;)btlrrle- garding the optimal policyiIy, which is the optimality of
slot n, starting in states. V"(s) is the cost incurred byI§ 5y qhic policy. What does it mean for the optimal policy
from time-slotn to time-slot IV, starting in states in time-

L . to be myopic? It means that the optimal decision in state
slotn. By theprinciple of optimality V" (s) can be computed s in time-slotn can be made greedily by merely choosing
from the following DP equations for = 1,..., N:

the configuration with the lowest “instantaneous cost’heat
Vh(s) = min{Qn'H(s +a—x"), Q"+l(s +b-x")}, than solving the DP equations over the horizon.., N to
) compute the optimal decision. Equivalently, the result o& o
joint N-period optimization is the same as the result/éf
and the boundary conditiorig™¥ (s) = 0 ¥ s, where successive one-period optimization problems.
Q™ (s) 2 V" (s) + (s). 3) ZO'Ir;hOeorem 1 ((_)ptirr:a_lity of Myqpic P_oIicy)The finite hori-
ptimal policyll} is a myopic policy.
Now define thedecision function Is the optimality of a myopic policy a useful property? Yes.
nr s A endl n bl " Computing the optimal policy over alN-period horizon from
7' £ s ta-x") — " s+ b -x").  (4) the DP equations in (2) requirg®(N?) operations, while
ConfigurationC) is optimal in states in time-slotn if v(s) < computing the myopic policy requires oné§(V') operations.
0, and configuratior’; is optimal else. Also, as we shall see in the case of bigger switches, it ieeasi
to design heuristics to approximate myopic policies.

ConfigurationC ConfigurationC'y

C. Properties of the optimal policy

. . D. Beyond2 x 2: Modular switches
We now explore some structural properties of the optimal 4 x

scheduling policylT;;. The two possible states in time-slot OUr results for & x 2 switch are important in the context
n + 1 starting in states in time-slotn ares + a — x and of modular switches, which can be realized by interconnecti

s + b — x", which differ bya — b = A (for any policy). 2 2 switches in a cascade fashion [13] (for example, Clos
The following result become important in the light of this Networks). The optimal policyI can be used for eachx 2

observation. element. Low jitter at each stage of the switch (ensured by
Lemma L: (s + A) — ¢(s) > é(s) — d(s — A), V. I1}) translate into low overall jitter for the switch.
Lemma 2:V"(s + A) — V"(s) > V"(s) — V(s — IV. HEURISTIC SCHEDULING POLICIES

A), 0<n<N, Vs We have established that the optimal finite-horizon schedul
Corollary 1: Q™(s + A) — Q"(s) > Q"(s) — Q"(s — ing policy for a2 x 2 switch is a myopic policy. Extensive

A), 0<n<N, Vs. numerical experiments showed that a myopic policy, altfoug
Corollary 2: v*(s+ A) >~"(s), 0<n<N, Vs. not optimal, is near-optimal fokl > 2. However, evaluating

Given the initial states’, we say that a stateis reachable h€ myopic policy is intractable even for moderately lafge

in time-slotn if there exists a sequence of configurations iAWINg to the explosion in the size of the decision space (it
time-slots0, ..., n — 1 which drive the switch to state in 9rows askl). In a special case (quadratic cost functions),
evaluating the myopic policy reduces to the problem of figdin

TDue to space constraints, we omit all proofs and refer thdereto [12].  the maximum weight matching (MWM) on a bipartite graph,



or equivalently, finding the configuration vector with theNote that we do not impose a constraint of the fofm <
largest projection on the (negative of) the system statéovec|0, 1]. It can be shown (using Lagrange multipliers) that the
(comprised of deviations of all VOQs) [14]. However, MWM,solution to the above problem is given by

with a computational complexity of)(K?), is also quite

unfriendly from an implementation perspective. Motivated = — (s —aih) + L (A +B; —S+1)
by our discussion, we will now focus on developing low- — K
complexity approximations to the myopic policy. %ij
—1 K—1 1 K-1K-1
A. Neighborhood search _ n o wn _ =n
g . o A = Z Siy, Bj = 8, 8= 7 85
The neighborhood search heuristic is based on the assump- 3=0 i=0 i=1 j=0

tion that the optimal configuration of the switch cannot admn
“drastically” from one time-slot to another [2]. We can tkiof
a switch configuration as a permutation {0,..., K —1} —
{0,..., K — 1}, such that input port is connected to output
port 7(¢) in configurationw. A “neighbor” of permutation
7 is constructed by connecting input portto output port
m(j) and input portj to output portr (i), for somei # j. In this section, we study the performance of the proposed
We denote the set of neighbors of configuratierby N:. policies via simulations. All our results are fordax 4 1Q
Given the current system state and switch configuratiotie  switch. We assumed that the IPDs of the input stream at'the
neighborhood search algorithm searches for the lowest-cg®Q at the j'* input port are geoemtrically distributed with
configuration over the set of configuratiofis} U {Nx}. The parametep,;. We considered two different loading scenarios
per-time-slot complexity is a tractab®(K?). — (i) Uniform, that is,p;; = p Vi, 4, and (i) Diagonal heavy,
B. Convex relaxation A that iS,pil; =D, Dij : p/, J }é 7, .SUCh thatp > p/. :I'he tOtal
Computing the myopic policy is equivalent to solving argoad per input port ig = 4p for (i), and£ =p + 31? for ,(")'
integer-programming (IP) problem in each time-slot, Whicﬂ1 We evaluated the performance of the myopic policy, and

can be formulated in time-slot as follows: e three proposed approximations to the myopic policy,
P viz., neighborhood search, and convex relaxations A and B.

- n n ; We benchmarked performance against the round-robin (RR)
minimize i (st —xlh + ;) Subject to X )
Z Z Gy (81 = i + g ) scheduler, which chooses from amongst the 4! possible con-

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

=0 75=0
’ figurations in cyclic fashion, and the randomized (RAND)

KXf iy =1, KXf a; =1, ay€{0,1}, Yi,j ;cscheduler, which chooses one of t_he 4l c_onfigurations_uni-
Pt im0 ormly at random. We chose gquadratic deviation cost fumstjo
that is ¢;;(k) = k2, for all VOQs. Recall that in this case,
computing the myopic policy reduces to the problem of finding
e configuration vector with the largest projection on the

ay; is 1 if input port ¢ is connected to output poyt and
0 else. While the above IP is NP-hard, we can “relax” th

constrainte;; € {0,1} to &;; € [0,1] to obtain a constrained . )
P T (negative of) the current state vector. We call the myopic
convex optimization problem. A convex formulation is attra * . S i X
policy the MaxProj policy in this case. For diagonal heavy

tive since computationally efficient methods are availdble . ) ) ) L

L . . ; loading, we also considered lsiased maximum projection
obtaining the solution [15]. The relaxation will have noanMaxPro') olicy. which uses “steeper” cost functions for the
integer solutions in general. How do we convert this fratio J) POIICY, P

solution into a valid switch configuration? For each ianipore heawly loaded diagonal V?QS’ when they are lagging.
. . VSN ~ n particular, we usea;; (k) = A\k*, k < 0 for the diagonal
port 4, we can think of the solutioa;,,...,a; ;) as a

“preference list”. We map input port to output portj if VOQs, where\ > 1 is the bias of bMaxProj.

. — . F if loading, ied t Cf 0.9 to 0.98.
J = argmaxy, a,. Contentions can be resolved randomly OIEorc:jri;ncl)r?;Thg:vmﬁ]) avgﬁ]vanvff fi?(éljjar{ Orc;mi 2 ,0 for a
by port numbers. 9 y 9, S J

total off-diagonal load of 0.6. We varigd; from 0.3 to 0.38,
C. Convex relaxation B for quadratic costs to vary ¢ from 0.9 to 0.98.

While convex relaxation A was applicable to arbitrary We usedgoodput(fraction of packets which successfully
choice of convex cost functions, we now restrict our attamti meet their deadline constraints) aaderage delay per packet
to quadratic cost functions, that is;; (k) = k2. In particular, or latenesgcomputed for packets which miss their deadline)

we solve the following convex optimization problem: as metrics to contrast the performance of different sctezdul
K1 K—1 Fig. 2 and Fig. 3 respectively depict the goodput and delay
minimize Z Z (st — @l + 8i;)? subject to performance of different scheduling algorithms under omif
i—0 j=0 loading. Fig. 4 and Fig. 5 depict the corresponding perfor-
K—1 K—1 mance graphs under diagonal heavy loading. In both cases,
Z Bij = 1, By =1, Vi,j. MaxProj, and all the proposed heuristics comfortably outpe

i=0 j=0 form RR and RAND with respect to both metrics. Observe that



Goodput (%)

- RR N N
-% RAND >

75| —— MaxProj K N
—— Neighbor AN N
—v— Convex A N

70] —+— Convex B ! oA

65 L
0.9 0.91

L L L L
0.93 0.94 0.95 0.96

Total load per input port

L
0.92

Fig. 2. Goodput v/s Load per input port (uniform loading)

- RR

-4 RAND
35| —o— MaxProj 4
—2— Neighbor -7
—=— Convex A 4
30| —— Convex B el 7]

Average delay per packet

L L L L L L
0.92 0.93 0.94 0.95 0.96 0.97

L
0.91

0.98
Total load per input port

Fig. 3. Average delay v/s Load per input port (uniform loagin

the performance of MaxProj and the proposed heuristics is alll
most indistinguishable under uniform loading. Howevedem (4
non-uniform loading, MaxProj performs marginally bettean

its approximations. The delay performance of neighborhooo[S]
search is always slightly worse than the heuristics based
on convex relaxations. Finally, using bMaxProj provides al6]
significant improvement in goodput, albeit at the expensa of
nominal increase in average delay. 7]

VI. CONCLUSIONS -
In this paper, we studied low-jitter scheduler design for

deadline-aware crossbar packet switches, within a DP f-rame[g]
work. We considered scheduling of traffic streams assatiate
with service profiles, which capture the inter-packet dieadl [10]
constraints between packets in the stream. Our work repiese

a departure from conventional scheduler design principleg )
with an emphasis on satisfying per-packet deadline cansira
rather than long-run throughpur or average delay requinésne [12]
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