
 

P. Lorenz and P. Dini (Eds.): ICN 2005, LNCS 3420, pp. 865–872, 2005. 
© Springer-Verlag Berlin Heidelberg 2005 

Scheduling Algorithms for Input Queued Switches Using 
Local Search Technique 

Yanfeng Zheng1, Simin He1, Shutao Sun2, and Wen Gao1 

1 Institute of Computing Technology, 
Chinese Academy of Sciences, Beijing 100080，China 
{yfzheng, stsun, wgao}@jdl.ac.cn 

2 Graduate School of Chinese Academy of Sciences, Beijing 100039, China 
stsun@jdl.ac.cn 

Abstract. Input Queued switches have been very well studied in the recent past. 
The Maximum Weight Matching (MWM) algorithm is known to deliver 100% 
throughput under any admissible traffic. However, MWM is not practical for its 
high computational complexity O(N3). In this paper, we study a class of ap-
proximations to MWM from the point of view of local search. Firstly, we pro-
pose a greedy scheduling algorithm called GSA. It has the following features: 
(a) It is very simple to compute the weight of a neighbor matching. GSA only 
needs to compute the weight of two swapped edges instead of the weight of all 
the edges. (b) The computational complexity of GSA is O(c_max), where c_max 
denotes the maximum number of iterations. Hence we can adjust the value of 
c_max to achieve low computational complexity. Secondly, we observe that: (a) 
Local search is well suitable for parallel computing. (b) Each line card of high 
performance router has at least one processor. Based on the two important ob-
servations, we develop the second algorithm PGSA. Compared with GSA, 
PGSA significantly reduce the number of iterations. Simulation results show 
that PGSA with three iterations outperforms algorithms in [1] under different 
switch sizes. 

1   Introduction 

Input Queued (IQ) switch architecture has been very attractive due to its low memory 
bandwidth requirements compared to other known architectures. The well known 
head-of-line blocking on performance can be reduced or completely eliminated by 
virtual output queueing (VOQ) [2] at input line cards, and by controlling the switch 
operations with a scheduling algorithm. 

The problem faced by scheduling algorithms with virtual output queues can be 
formalized as a maximum size or maximum weight matching on the bipartite graph in 
which nodes represent input and output ports and edges represent cells to be switched. 
The weight of edge connecting input i and output j is often chosen to be queue lengths 
or the ages of packets. We refer in this paper to queue lengths as edge weights. 

The well known maximum weight matching (MWM) scheduling algorithm finds 
the matching (schedule) with maximum weight among all N! matchings. MWM is 
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known to deliver 100% throughput for any admissible traffic [3],[4],[5]. But it is too 
complicated for implementation. The best known implementations of MWM exhibit a 
computational complexity O(N3). This has led to several randomized approximations 
[1],[6] to MWM. 

In [6], Tassiulas developed an adaptive scheduling method which can provide 
100% throughput with low computational complexity. But it can induce a large aver-
age delay. In order to reduce the average delay, Giaccone et al. [1] proposed several 
algorithms, including APSARA, LAURA, and SERENA. For APSARA, it needs to com-
pute all neighbors of the current matching, and then chooses a neighbor matching 
with the largest weight for next time slot. Because there are N(N−1)/2 neighbors of a 
matching, it is time-consuming to compute all the neighbors. Besides, much space is 
needed to store all the neighbors. Therefore APSARA is not practical when the switch 
size is very large. In order to reduce the number of neighbors, two variants of 
APSARA were proposed in [1]. One is APSARA-L and the other is APSARA-K. There 
are only N neighbors of a matching in APSARA-L. Simulation results in [1] show that 
APSARA-L performs quite competitively with APSARA. For APSARA-K, it chooses K 
neighbors at random and uses the heaviest of these. Note that K is much smaller than 
N. Obviously APSARA-K is more practical than APSARA and APSARA-R. But it was 
shown in [1] that APSARA-K does not perform as well as APSARA-L. Authors in [1] 
found that it is more important to remember the heavy edges than to remember the 
matching itself. This simple observation motivated the next algorithm LAURA, which 
iteratively augments the weight of the current matching by combining its heavy edges 
with the heavy edges of a randomly chosen matching. The computational complexity 
of LAURA is O(I⋅N⋅log2N + N), where I denotes the maximum number of iterations. 
LAURA seems to be impractical because of its high computational complexity. For 
SERENA, it uses the randomness in the arrivals process for finding good matchings to 
provide low average delays. However SERENA uses a complicated MERGE proce-
dure to generate a heavy matching. 

In this paper, we propose two algorithms for input queued switches using local 
search technique. Our first algorithm GSA tries to find a neighbor whose weight is 
larger than current matching. If such neighbor exists, the neighbor matching will be 
the new searching point. Notably, one nice feature of local search technique is that it 
can compute solutions in parallel on several processors. On the other hand, each line 
card of high-speed router has its own processor. Based on the above observations, we 
develop the second algorithm called PGSA. As a result of using parallel computing 
technique, PGSA significantly reduce the number of iterations compared with GSA. 
Note that PGSA with constant iterations works very well under different switch sizes. 
The simulation results PGSA with 3 iterations achieves very good delay performance 
compared with algorithms in [1]. 

The rest of the paper is organized as follows. In section 2, we describe the input-
queued switch crossbar architecture and some notation related to input-queued 
switches. In Section 3-A, we describe the basic idea of local search. In Section 3-B 
and Section 3-C, GSA and PGSA algorithms are described respectively. In Section 4, 
we measure the performance of GSA and PGSA. Finally, in Section 5 we conclude the 
paper. 
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2   Model and Notation 

In this section we describe the model of an input-queued switch that is the main archi-
tecture studied in this paper. 

Consider the N×N crossbar switch. We assume that the time is slotted and at each 
time slot, at most one packet can arrive at each input in one time slot. Fixed size 
packet is called a “cell”. Cells arriving at input i and destined for output j are stored in 
a FIFO buffer called “virtual output queue”(VOQ), denote here by VOQi,j. Let λi,j 
denote the arrival rate at VOQi j. The incoming traffic is called admissible if (a) 

, 1i jj
λ <∑ , ∀i, and (b) , 1i ji

λ <∑ , ∀j.  
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Fig. 1. Basic input-queued switch architecture 

A matching1 is represented by an N×N matrix m = [mi,j] where if input i is con-
nected to output j, we have mi,j = 1, otherwise mi,j = 0. The set of all possible match-
ings is denoted byM. The matching matrix can be represented equivalently as a per-

mutation (π(1), π(2),…, π(N)) via the equation π(i) = j iff mi,j = 1. For instance, the 
matching  

                        m = 
1 0 0

0 0 1

0 1 0

⎡ ⎤
⎢ ⎥
⎢ ⎥
⎢ ⎥⎣ ⎦

 

is equivalent to the permutation  
(π(1), π(2), π(3)) = (1, 3, 2). 

3   Scheduling Algorithms Using Local Search Technique 

In this section, we first introduce the basic idea of local search, and then we describe 
the parallelized scheduling algorithm based on local search. 

                                                           
1  Throughout this paper, we will use the words schedule, matching, permutation and solution 

interchangeably. 
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Recall that the goal of MWM is to find a matching with largest weight among the 
whole matching space. Hence it is natural to ask such a question if we can find a sub-
optimal solution efficiently in a small part of matching space. This motivates us to 
study local optimization to find the answer. 

A. Local Optimization 

Local search, or local optimization, is a primitive form of continuous optimization in 
the discrete search space. Given a maximization problem with objective function ƒ 
and feasible region R, a typical local search algorithm requires that, with each solution 
point xi ∈ R, there is associated with a predefined neighborhood Ν (xi) ∈ R. Given a 
current solution point xi ∈ R, the set Ν (xi) is searched for a point xi+1 with ƒ(xi+1) > 
ƒ(xi). If such a point exists, it becomes the new current solution point, and the process 
is iterated. Otherwise, xi is retained as a local optimum with respect to the neighbor-
hood structure. 

B. A Greedy Scheduling Algorithm Based on Local Search (GSA) 

Before we present GSA algorithm, we define the structure of neighborhood of a 
matching. 

Definition 1: Given a matching m, let π = (π(1), π(2),…,π(N)) be the corresponding 
permutation, where π(i) = j iff mij = 1. A matching m' is said to be a neighbor of m iff 
there are exactly two inputs, say i1 and i2, such that m′ connects input i1 to output π(i2) 
and input i2 to output π(i1). All other input-output pairs are the same under m and m′. 

According to Definition 1, a neighbor of matching m can be generated by swapping 
two edges of m, leaving the other (N−2) edges unchanged. All the neighbors of 
matching m constitute the neighborhood Ν(m). For instance, matching m for a 3×3 
switch and its three neighbors m′1, m′2, and m′3 are given below 

m = (2,1,3) m′1 = (1,2,3) m′2 = (3,1,2) m′3 = (2,3,1). 

Given a matching m(t) for time slot t. GSA algorithm determines matching m(t+1) 
for time slot t+1 as follows. 

1) At the beginning of local search, GSA will choose a starting point (matching) for 
searching. As mentioned early in Section 1, a heavy matching will continue to be 
heavy over a few time slots. Hence m(t) is selected for the starting point. 
2) In order to find a heavy matching for next time slot, it is necessary to do some 
iterations. During each iteration, GSA tries to find a neighbor whose weight is more 
than that of current matching. To ease the presentation, we assume the current match-
ing is Xbest. The initial value of Xbest is set to the matching m(t). Next step the algo-
rithm will randomly generate a neighbor of Xbest. Let neighbor denote such matching. 
If the weight of neighbor is more than that of Xbest, then Xbest is replaced with 
neighbor. The next iteration will begin with neighbor. Otherwise, the current match-
ing Xbest is still used for the next iteration. 

Notably, for high speed switching systems, there is little time left for scheduling. 
Therefore it is critical to limit the number of iterations during one time slot. For GSA, 
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we use variable c_max to control the maximum number of iterations. After finishing 
the limited iterations, Xbest will point to a matching whose weight is no less than that 
of m(t). 
3) Finally, we obtain 

m(t+1) = Xbest 

GSA has the following features: (a) During each iteration, only one neighbor of 
current matching is generated not the whole neighborhood. On the other hand, the 
neighbor of a matching is randomly selected from its neighborhood. (b) It is rather 
simple to compute the weight of neighbor matching. According to Definition 1, we 
only need to compute the weights of two newly swapped edges instead of the weights 
of all the edges. (c) The computation complexity of GSA is O(c_max). Hence we can 
adjust the value of c_max to achieve low time complexity of the algorithm. 

C. Parallelized Greedy Scheduling Algorithm Based on Local Search  

One nice feature of local search technique is that it can compute solutions in parallel 
on several processors. Fortunately, each line card of high speed router has its own 
processor. The two nice features motivate us to design a parallelized greedy schedul-
ing algorithm called PGSA. We describe here how PGSA works. 

Input: matching m(t) at time slot t. 
Output: matching m(t+1) at time slot t+1.  

Variable Description: 

(a) Scheduler Gi is corresponding to the line card i, where i = 1, 2,…, N−1. 
(b) Scheduler G*

 is corresponding to the line card N. 

Algorithm Description: 

1) Each scheduler Gi (i=1, 2, … , N−1) runs GSA algorithm in parallel. Note that 
matching m(t) is selected as the starting searching point of each scheduler. On the 
other hand, each scheduler runs the same number of iterations which are dominated 
by variable c_max. After finishing iterations, each scheduler can achieve a matching. 
Let bi be the matching obtained by scheduler Gi. 
2) Scheduler G* randomly chooses a matching R from the matching spaceM. Note 

that this scheduler is essential to prove the stability of PGSA. 

3) m(t+1) =  
1 2 1{ , ,..., , }

arg max weight( )
Ns b b b R

s
−∈

. 

That is, m(t+1) is the matching which has the largest weight among the candidate 
set {b1,b2,…,bN−1,R}.  

Theorem 1: PGSA can achieve 100% throughput under Bernoulli i.i.d admissible 
traffic.  

Proof: Because scheduler G* randomly selects a matching from the matching space 
M, Theorem 1 can be proved by applying Proposition 1 in [6].  ▇ 
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4 Simulation Results 

In this section, we study the average delay performance of GSA and PGSA compared 
with algorithms in [1]. Under different input traffic patterns mentioned below, we 
have studied the performance of the above algorithms with switch size 16, 32, 64, and 
128. For each switch size, we got the similar comparing results. Due to space limita-
tions, we only present a subset of simulations with switch size 32. 

A. Input Traffic 

We adopt same input traffic patterns used in [1]. That is, all inputs are equally loaded 
on a normalized scale. And ρ∈ (0, 1) denotes the normalized load. In convention, let 
λi,j denote the arrival rate of Bernoulli i.i.d. Let |j| = (j mod N). Two different input 
traffic patterns are described below. 

a) Uniform Traffic: λi,j = ρ / N, ∀i, j.  
b) Diagonal Traffic: λi,i= 2ρ / 3, λi,|i+1| = ρ / 3 ∀i, and λi,j = 0 for all other i and j. Di-
agonal traffic is a very skewed loading. It is more difficult to schedule than uniform 
traffic. 

B. Performance Measures  

1) Performance Measures of GSA 

In our experiments for GSA, we set c_max = N. Fig. 2 shows the average delay of 
GSA compared with APSARA-L, LAURA and SERENA under uniform traffic. It can be 
seen that the average delay of GSA is much smaller than that of LAURA and APSARA-
L. Besides, GSA performs quite competitively with SERENA. Fig. 3 compares the 
average delay induced by GSA, APSARA-L, LAURA, and SERENA under the diagonal 
traffic. Clearly GSA outperforms APSARA-L and LAURA. Note that SERENA per-
forms a little better than GSA under moderate load. But under heavy load (especially 
ρ ≥ 0.96) GSA has better performance than SERENA. 
2) Performance Measures of PGSA 

To ease presentation, we use PGSA-K to represent PGSA algorithm running K itera-
tions during one time slot. As shown in Fig. 4 and Fig. 5, the performance of PGSA-N 
is close to MWM under both uniform and diagonal traffic. Obviously, PGSA-N per-
forms the best among LAURA, APSARA-L, and SERENA. With the increasing of line 
speed, little time is left to make arbitration. For the reason of scalability, it is neces-
sary to reduce the number of iterations. Therefore we shall study the performance of 
PGSA-K where K = 3 and K = log2 N. According to simulation results illustrated 
above, it can be seen that SERENA outperforms LAURA and APSARA-L. Therefore 
we only compare the performance of PGSA with that of SERENA in the following 
simulations. Fig. 6 compares the average delay induced by PGSA-K (K = 3, log2 N), 
SERENA and MWM under diagonal traffic. We can see that PGSA-log2 N and PGSA-
3 have the similar performance with SERENA under moderate load. However, PGSA-
log2N and PGSA-3 perform much better than SERENA under high load (ρ > 0.9). 
Especially when the traffic load is close to100%, the average delay of SERENA is 
almost 3 times of PGSA-3. Note that the number of iterations for PGSA-3 is constant 
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which is independent of the switch size. It is meaningful to examine the performance 
of PGSA-3 under different switch sizes. Due to space limitations, we only present the 
simulation results of PGSA-3 compared with SERENA under 100% diagonal traffic in 
Fig. 7. It is shown that the performance of PGSA-3 is much better than that of 
SERENA under different switch sizes. 
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Fig. 7. Comparison on the performance of 
PGSA-3 and SERENA under 100% diagonal 
traffic load and different switch sizes 

Fig. 6. The average delay of 
PGSA-log2 N, PGSA-3, SERENA 
and MWM 

Fig. 5. The average delay of 
PGSA-N under diagonal traffic 

Fig. 3. The average delay of GSA 
under diagonal traffic

Fig. 2. The average delay of 
GSA under uniform traffic 

Fig. 4. The average 
delay of PGSA-N under 
uniform traffic 
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5   Conclusion 

In this paper, we considered approximations to MWM using local search technique. 
Two algorithms were proposed in this paper. The first algorithm (GSA) reveals the 
basic idea of local search. The second algorithm (PGSA) makes full use of advantages 
of parallel computing. As a result of this, PGSA significantly reduces the number of 
iterations compared with GSA algorithm. On the other hand, PGSA has better scalabil-
ity than GSA. PGSA works very well under different switch sizes. 
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