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Abstract 
 

This paper addresses workload allocation techniques 
for clusters of computers. The workload in question is 
homogenous or heterogeneous. Homogeneous workload 
contains only QoS-demanding jobs (QDJ) or non-QoS 
jobs (NQJ) while heterogeneous workload is a mix of 
QDJs and NQJs. The processing platform used is a single 
cluster or multiple clusters of computers. Two workload 
allocation strategies (called ORT and OMR) are devel-
oped for homogeneous workloads by establishing and 
numerically solving optimisation equation sets. The ORT 
strategy achieves the Optimised mean Response Time for 
homogeneous NQJ workload; while the OMR strategy 
achieves the Optimised mean Miss Rate for homogeneous 
QDJ workload. Based on ORT and OMR, a heterogene-
ous workload allocation strategy is developed to dynami-
cally partition the clusters into two parts. Each part is 
managed by ORT or OMR to exclusively process NQJs or 
QDJs. The judicial partitioning achieves an optimised 
comprehensive performance, which combines the mean 
response time and the mean miss rate. The effectiveness 
of these workload allocation techniques is demonstrated 
through queueing-theoretical analysis as well as through 
experimental studies. These techniques can be applied to 
e-business workload management to improve the distribu-
tion of different types of requests in clusters of servers.  
 
1. Introduction 
 

Clusters are now popular computing platforms for 
business and scientific applications [9]. Multicluster 
processing platforms are also gaining in popularity. The 
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reason for this is two-fold: firstly, there is an ever-
increasing need for collaboration in and between enter-
prises, which has lead to the integration of separate clus-
ters with different performance and architectures. A num-
ber of commercial multicluster products are also available, 
such as Platform LSF MultiCluster [20]. Secondly, in 
some scenarios a cluster needs to be partitioned into two 
or more subclusters to support resource maintenance or 
data integrity [5]. In this case, the subclusters have identi-
cal configuration and deployed applications, so the in-
coming workload (e.g. HTTP requests) can be forwarded 
to any subcluster.  

The workload allocation strategy, which determines 
the proportion of workload directed to each resource (a 
machine or a cluster of machines), is a key factor in 
achieving desirable performance in multiclusters. The 
metric for evaluating performance varies according to the 
job type. When the jobs have QoS demands (termed QoS-
demanding jobs or QDJs for short), the performance met-
ric is usually used to measure the extent of QoS compli-
ance. Slack is a common QoS metric [16]. The QoS of a 
job is satisfied if the job' waiting time in the system is less 
than its slack [13]; otherwise, the QoS is missed. Miss 
rate is a performance metric to measure the proportion of 
jobs whose QoS demands are missed. When jobs have no 
QoS demands (called non-QoS jobs or NQJs for short), a 
common performance goal is to reduce their mean re-
sponse time [19]. 

It is common in e-business environments that a system 
receives different types of jobs (requests). Homogeneous 
workloads contain only one type of job, while heteroge-
neous workloads are mixed in their job composition [17]. 
In this paper, optimisation techniques are addressed for 
both QDJ and NQJ allocation in multiclusters (where a 
single cluster is a special case of a multicluster). The QoS 
demand of a QDJ is based on its slack. Two workload al-
location strategies, Optimised mean Response Time (ORT) 
and Optimised mean Miss Rate (OMR), are developed. 
The aim of ORT is to achieve the optimised mean re-

 



sponse time for homogeneous NQJ workload in multi-
clusters and the aim of OMR is to achieve an optimised 
mean miss rate for a homogeneous QDJ workload. The 
ORT and OMR strategies are mathematically modelled 
combining queueing network theory to establish sets of 
optimisation equations. Numerical solutions are devel-
oped to solve the optimisation equation sets and deter-
mine the proportion of the workload for each cluster (or 
each computer in the case of a single cluster).  

Based on ORT and OMR, a workload allocation strat-
egy, Optimised Comprehensive Performance (OCP), is 
developed to deal with heterogeneous workload, which 
consists of both NQJs and QDJs. The OCP strategy dy-
namically partitions the multicluster into two parts ac-
cording to the proportion of NQJs and QDJs in the in-
coming workload. One part is managed by the ORT strat-
egy to exclusively process NQJs and the other is managed 
by OMR to process the QDJs. The judicial partitioning 
achieves an optimised comprehensive performance, 
which combines the mean response time of NQJs and the 
mean miss rate of QDJs with predetermined weights.  

The workload allocation techniques presented in this 
paper can be applied to e-business workload management, 
where the workload comprises the requests and the work-
load allocation corresponds to the request distribution. 
The requests may or may not have QoS demands. These 
workload allocation techniques can improve the distribu-
tion of the different types of requests across clusters of 
servers.  

It is non-trivial to optimise workload allocation in het-
erogeneous systems. Relevant research has been docu-
mented in a number of papers [3][15][19][12]. It is shown 
in [15] that allocating workload proportional to comput-
ing capability does not achieve the best response per-
formance unless the system workload is very high. How-
ever, [15] does not quantitatively develop a scheme to op-
timise the performance. A similar problem is addressed in 
[3] and an optimisation function is established. However, 
the solution to the objective function is not given and the 
optimisation function is limited to a single cluster. A 
static workload allocation technique is addressed in [19] 
aiming to optimise mean response times of HTTP re-
quests in a heterogeneous cluster. Both an optimisation 
function and its solution are given. However, the tech-
nique is static and their solution is in fact a special case of 
this work, where each cluster in the multicluster architec-
ture has only one machine. In this paper, a non-linear op-
timisation function is established for multiclusters. Al-
though the symbolic solution to the function is unobtain-
able, a numerical solution is developed by revealing a 
property of the objective function. Furthermore, all work-
load allocation techniques discussed in the related re-
search are intended for processing NQJs. This paper ad-
dresses optimisation techniques for the allocation of both 
NQJs and QDJs. 

Using clusters to process QDJs is also investigated in 
[1][10][12][13]. The performance of QDJ scheduling is 
evaluated in [13] in terms of the miss rate. However, this 
work is confined to a single homogeneous cluster and it 
does not consider the optimisation of the mean miss rate 
through judicial workload allocation. A methodology for 
maximizing profits in e-commerce environments is pre-
sented in [16]. The corresponding QoS criteria are based 
on multiclass Service-Level-Agreements between service 
providers and their clients. However, the work is also lim-
ited to a single cluster. Our work will deal with the work-
load allocation in more general processing platforms (i.e. 
multiclusters). 

Weighted Random (Rand) or Weighted Round-Robin 
(RR) policies are two job dispatching strategies often 
used in commercial systems [17]. In this paper, the pro-
posed ORT and OMR workload allocation strategies are 
combined with these two job dispatching strategies to 
generate job scheduling algorithms: ORT-RR, ORT-Rand, 
OMR-RR and OMR-Rand. Extensive experimental stud-
ies are conducted and the results verify that these algo-
rithms significantly outperform scheduling algorithms 
without these optimisation techniques. 

The rest of the paper is organized as follows. The sys-
tem model in this paper is discussed in Section 2. Two 
optimised workload allocation strategies for homogene-
ous workloads are presented in Section 3 and the alloca-
tion technique for heterogeneous workloads is proposed 
in Section 4. The performance of these strategies is evalu-
ated in Section 5. Section 6 concludes the paper. 

 
2. System model 
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Figure 1. The Multicluster architecture 
The multicluster system assumed in this paper consists 

of n clusters where each cluster comprises a set of homo-
geneous computers, shown in Fig.1. The computers in 
different clusters may have different performance. Cluster 
i (1≤i≤n) is modelled using an M/M/mi queue, where mi 
(mi≥1) is the number of computers in cluster i. When mi is 
1, the multicluster is degraded to a single cluster. The 
multicluster has two levels of scheduler, a global sched-
uler and multiple local schedulers. The global scheduler 
has no waiting queue and therefore incoming jobs are 
immediately forwarded to individual clusters. The local 

 



scheduler at each cluster adopts a centralized queueing 
architecture. A waiting queue is used by each local 
scheduler to accommodate the jobs received from the 
global scheduler. There are no waiting queues at each of 
the processing computers. Each local scheduler schedules 
the jobs using a First-Come-First-Served policy and sends 
the jobs to free processing computers for execution. It is 
assumed that the time is negligible for transferring the 
jobs from the global scheduler to the local schedulers as 
well as from the local scheduler to the processing com-
puters. For the QDJ workload, each job has a slack fol-
lowing a uniform distribution in [sl, su].  

 
3. Allocation of homogeneous workloads 

 
When a job stream (workload) of an average arrival 

rate λ is presented to the global scheduler, as shown in 
Fig.1, it is decomposed by applying a workload allocation 
strategy and as a result a fraction αi of all jobs are allo-
cated to cluster i. The objective of workload allocation is 
to determine {α1, α2…,αn}. 

 
3.1 Optimised mean response time (ORT) 

 
For the NQJ stream, the workload allocation strategy 

aims to optimise the mean response time of the job stream 
in the multicluster. The response time of a job is defined 
as the time from when the job arrives at the system until it 
is completed.  

The traditional workload allocation strategy takes into 
account the heterogeneity of the clusters performance, so 
that the workload fraction αi allocated to cluster i (1≤i≤n) 
is proportional to its processing capability, miui. Hence, αi 
is computed as 
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This strategy is called weighted workload allocation. 
A detailed analysis is given below in order to develop a 
workload allocation scheme for optimising the mean re-
sponse time. 

The response time of a job is its waiting time in the 
queue plus its execution time. Hence, the mean response 
time of the jobs in cluster i, denoted as Ri, can be com-
puted by Eq.2, where  is the mean waiting time of the 
jobs in cluster i and ui is the mean service rate of each 
computer in cluster i. 
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Cluster i of mi computers is modelled using an M/M/mi 
queue (1≤i≤n). According to queueing theory [14], the 
mean waiting time of jobs, , is computed by Eq.3, 
where ρi is the utilization of cluster i and W0i is the mean 
remaining execution time of the job in service when a 
new job arrives. 
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The formula for W0i is given by Eq.4 [6], where Pmi is 
the probability that the system has no less than mi jobs.  
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Supposing the fraction of the workload allocated to 
cluster i is αi, then, 

ii

i
i

um
λαρ =         (5) 

Pmi in Eq.4 is given by Eq.6 [6][14]. 
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With Eq.2-Eq.6, we get the formula for Ri in terms of 
the variable αi, shown in Eq.7. 
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Thus, the mean response time of the incoming job 
stream over these n clusters, denoted by R, can be com-
puted by Eq.8. 
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Hence, in order to achieve the optimal mean response 
time of the job stream in the multicluster, the objective is 
to find a workload allocation {α1, α2…,αn} that mini-
mizes Eq.8 subject to ∑  and 0≤αi<

=

=
n
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iium  (the con-

straint αi<
λ

iium  is used to ensure that cluster i is not satu-

rated). This is a constrained-minimum problem and ac-
cording to the Lagrange multiplier theorem, solving this 
problem is equivalent to solving the following equation 
set.  
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Eq.9 can be reduced to Eq.10 by solving the partial 
differential equations in Eq.9.b. 
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It is impossible to find the general symbolic solution 
{α1, α2…,αn} from Eq.10 due to the complicated expres-
sion of Ri. However, a property of Eq.10.b is revealed 
(below) that enables us to develop a numerical solution 
for Eq.10. 

The right side of Eq.10.b can be transformed into 
Eq.11. 
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As in queueing theory [6][14], both the mean response 
time of jobs (Rk) and its slope (

k

kR
α∂

∂ ) monotonically in-

crease as αk increases. )( kk
k

R α
α∂
∂  is then a monotonically 

increasing function of αk. With this property, we develop 
a numerical solution to solve Eq.10 and therefore derive 
the optimised workload allocation {α1, α2…,αn} shown 
in Algorithm 1. 
Algorithm 1. Computation of workload allocation 
among clusters for optimised mean response time 
1. Let lower and upper limits of the mean response time 

be v_lower and v_upper; 
2. while (v_lower≤v_upper) 
3.        v_mid=( v_lower+ v_upper)/2; 
4.        for each cluster i (1≤i≤n) do 
5.            if (v_mid<
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6.                αi=0; 
7.  else if (v_mid>

λ
iium ) 

8.        v_upper=v_mid; 
9. continue; 
10.            while (α_lower≤α_upper) 
11.                α_mid=(α_lower+α_upper)/2; 
12.              v_cur=

midii
i

i
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∂ ; 

13.              if (the difference between v_cur and v_mid is 
less than v_valve) 

14.                  αi=α_mid; 
15.              if (v_cur is less than v_mid) 
16.                  α_lower=α_mid; 
17.              else  
18.                  α_upper=a_mid; 
19.      end for 
20.      α_sum=∑ ; 

=

n

i
i

1
α

21.      if (the difference between α_sum and 1 is less than 
α_valve) 

22.          the current set of αi (1≤i≤n) is the correct work-
load allocation; 

23.      else if (α_sum is less than1) 
24.           v_lower= v_mid; 
25.      else  
26.           v_upper= v_mid; 
27.      end while 

 
Since the binary search technique is used to search for 

v and αi in their respective search spaces [v_lower, 
v_upper] and [α_lower, α_upper], the time complexity of 
Algorithm 1 is , where n is the number of 
clusters in the multicluster system, kα and kv are the num-

ber of elements in the search spaces of v and αi, which 
equal 

)loglog( αkknO v

ϕ
lowervupperv __ −  and 

γ
αα lowerupper __ − , re-

spectively (ϕ and γ are the precision in the calculation). 
Since ϕ and γ are predefined constants, the time complex-
ity is linear with the number of the clusters, n. 

The feasibility and effectiveness of Algorithm 1 are 
shown in Theorem 1. Its proof is omitted in this paper.  
Theorem 1. The workload allocation strategy {α1, 
α2…,αn} computed by Algorithm 1 minimizes the mean 
response time of the incoming job stream in a multicluster 
of n clusters. 
 
3.2 Optimised mean miss rate (OMR) 

 
A QDJ is considered as missing its QoS demand if its 

waiting time in the waiting queue is greater than its slack. 
The performance criterion for evaluating QDJ scheduling 
differs from that for NQJ scheduling in that it typically 
aims to minimize the fraction of jobs that miss their QoS 
requirements, termed the miss rate. In this subsection, a 
workload allocation technique, called OMR, is developed 
to optimise the mean miss rate of the incoming QDJ 
stream in a multicluster. Every QDJ has some slack, fol-
lowing a uniform distribution. Its probability density 
function S(x) is given in Eq.12, where su and sl are the 
upper and lower limits of the slack, respectively.  
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We continue to model cluster i (of mi computers) as an 
M/M/mi queue (1≤i≤n). As in queueing theory [14], in an 
M/M/mi queue, the probability distribution function of the 
job waiting time, Pw(x) (which represents that the prob-
ability that the job waiting time is less than x), is given by 
Eq.13 [14], where ρi and Pmi are the same variables as 
those in Eq.3 and Eq.4.  
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With the probability density function of slacks, S(x), 

the miss rate of the QDJs allocated to cluster i, denoted by 
MRi, can be computed by Eq.14.  
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Applying Eq.12 and Eq.13 and solving the integral, 
Eq.14 becomes Eq.15, where the workload fraction αi for 
cluster i is the only unknown variable. 
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The mean miss rate of the incoming QDJ stream over 
these n clusters, denoted by MR, can be computed by 
Eq.16. 
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Similarly to the case of minimizing the mean response 
time, this is a constrained-minimum problem. We need to 
find a workload allocation that minimizes MR subject 
to  and 0≤αi≤1

1
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ing the following equation set.  
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Theorem 2 is introduced to identify that )( kk
k
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in Eq.17 also monotonically increases over αk. The proof 
of the theorem is omitted for brevity. With this property, a 
numerical solution is also developed to solve Eq.17. The 
solving algorithm is similar to Algorithm 1 and the proof 
of the algorithm is similar to Theorem 1.  
Theorem 2 )( kk

k
MR α
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×

∂
∂  monotonically increases over αk. 

 
4. Allocation of heterogeneous workloads 

 
Based on the ORT and OMR strategy, a workload al-

location technique, called OCP (Optimised Comprehen-
sive Performance), is developed to deal with heterogene-
ous workloads consisting of both NQJs and QDJs. The 
comprehensive performance is defined as the weighted 
sum of the normalized functions for the mean response 
time and the mean miss rate [11]. The OCP strategy parti-
tions the multicluster into two parts according to the pro-
portions of NQJs and QDJs in the heterogeneous work-
load, as well as the performance requirements for the 
mean response time and the mean miss rate. Each part is 
managed by the ORT or OMR strategy to exclusively 
process NQJs or QDJs.  

A characteristic of the OCP strategy is that it adjusts 
the partition of the multicluster dynamically based on the 
current partition, rather than completely re-calculating the 
partition. The strategy can achieve the sub-optimal parti-
tion of the multicluster at low cost. 

 
4.1 Comprehensive performance metric 

 
Suppose in a heterogeneous job stream the average ar-

rival rate of NQJs and QDJs are λ1 and λ2, respectively. 
Some additional notation is introduced for brevity. 

Rmin is denoted as the mean response time of NQJs 
processed by all the clusters in the multicluster. MRmin is 
denoted as the mean miss rate of QDJs processed by all 
clusters in the multicluster. 

Cnon is denoted as a set of component clusters in the 
multicluster, whose total computing power (measured by 

∑ iium ) is the least among all possible sets of clusters 

whose total computing power is greater than λ1 (the con-
dition of greater than λ1 is to guarantee the set of clusters 
is not saturated). Csoft is denoted as a set of clusters, 
whose computing power is the least among all possible 
sets of clusters whose computing power is greater than λ2.  

Rmax is denoted as the mean response time of NQJs 
processed by the clusters in Cnon. MRmax is denoted as the 
mean miss rate of QDJs, processed by the clusters in Csoft. 

Suppose the clusters in the multicluster are partitioned 
into two sets, SN and SS (SN ∩SS=∅). R is the mean re-
sponse time of NQJs processed by the clusters in SN and 
MR is the mean miss rate of QDJs, processed by the clus-
ters in SS. R and MR can be computed using the ORT and 
OMR strategy.  

Two normalized functions for the mean response time 
and the mean miss rate are combined with weights to rep-
resent the comprehensive performance of the scheduling 
[11]. This is shown in Eq.18, where wN and wS are the 
weights of NQJs and QDJs. 
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In this paper, it is assumed that these two metrics, the 
mean response time and the mean miss rate, are of the 
same importance. Hence wN and wS are assigned to be the 
proportions of NQJs and QDJs in the heterogeneous job 
stream, which are shown in Eq.19 and Eq.20. If the sys-
tem has different requirements for these two metrics, the 
weights can be determined accordingly. 
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4.2 Partition of the multicluster 

 
The lower the value of CP, the better the comprehen-

sive performance. The objective of the Optimised Com-
prehensive performance (OCP) strategy is to dynamically 
adjust the multicluster partition according to the changes 
of λ1 and λ2 so as to gain high performance in terms of 
CP. 

Suppose that the sets of the clusters for processing 
NQJs and QDJs are denoted by SN and SS, respectively. 
When λ1 and λ2 change, we attempt to adjust the alloca-
tion of computing power for processing NQJs and QDJs 
based on the current partition of the multicluster. The 
process consists of two steps: 1) Determine the shifting 
direction of computing power, i.e., determine if shifting 
computing power from SN to SS or from SS to SN; 2) De-
termine the quantity of computing power shifted from one 
set to the other. 

 



There exist 9 relations in terms of the change of λ1 and 
λ2, which are listed in Table 1. For relation 2, 7 and 8, the 
computing power should be shifted from SN to SS; while 
the shifting direction of computing power should be the 
opposite for relation 3, 4 and 6. For relation 1, the alloca-
tion of computing power should remain unchanged. If 
both λ1 and λ2 decrease or increase (this is the case for re-
lation 5 or 9), the shifting direction of computing power is 
determined by Algorithm 2. 
Table 1. The changes of λ1 and λ2 (↓ stands for 
decrease, ↑ for increase and - for unchanged) 

 1 2 3 4 5 6 7 8 9 
λ1 - ↓ ↑ - ↓ ↑ - ↓ ↑ 
λ2 - - - ↓ ↓ ↓ ↑ ↑ ↑ 

Algorithm 2. Determine the shifting direction when 
both λ1 and λ2 decrease or increase 
1. if moving the cluster with the least computing power in  
    SN to SS results in better CP performance 
2.      The shifting direction is from SN to SS;  
3. else if moving the cluster with the least computing po- 
    wer in SS to SN leads to better CP performance 
4.      The shifting direction is from SS to SN; 
5. else  
6.     The current partition remains unchanged; 

 
Without loss of generality, suppose the direction is 

from SS to SN. The number of computers in the sets SN and 
SS are assumed to be nN and nS (nN+nS=n), respectively. 
The process of determining the quantity of computing 
power shifted from SS to SN is outlined in Algorithm 3. 
Algorithm 3 proceeds in two major steps. First, it shifts 
computing power from SS to SN (Steps 2-4) until the op-
eration does not improve the CP performance; and then, it 
searches SN for the clusters to move back to SS. By doing 
so, a proper multicluster partition is maintained to achieve 
a high performance in terms of CP.  
Algorithm 3 Determine the quantity of computing 
power shifted from SS to SN  
1. Order the clusters in SN (SS) in increasing computing 

power, respectively, and label the i-th cluster in SN (SS) 
as i; 

2. do  
3.    Move the cluster Ci of the least computing power in 

SS to SN; 
4. while the resulting multicluster partition results in the 

better CP performance than that of the previous parti-
tion; 

5. Get such clusters in SN where the sum of their comput-
ing power is less than that of Ci (calculated by Steps 2-
4), and where replacing any of them with a cluster of 
the greater computing power will cause the sum to be 
greater than that of Ci; Suppose these clusters are nN, 
nN-1,…, nN-i and j; 

6. if moving these clusters {nN, nN-1,…, nN-i, j} to SS 
leads to better CP performance,  

7.    Move these clusters to SS and then the new multiclus-
ter partition is determined; 

8. else 
9.    Some subset of the clusters in SN needs to be moved 

to SS, which is an element in such a sequence of clus-
ters with the following form,  

       1, 2,…, nN, {nN, 1}, {nN, 2},…, {nN, nN-1}, {nN, nN-1,  
       1}, {nN,nN-1, 2},…, {nN, nN-1,…, nN-i, j} 

where the sum of the computing power of clusters in 
each element are in increasing order; 

10. Use a binary searching technique to search for such an 
element, ei, in the sequence that moving the clusters 
in ei to SS results in a better CP performance while 
moving the clusters in ei+1 to SS leads to poorer per-
formance; 

11. Move the clusters in ei to SS to get the new partition 
for the multicluster; 

 
In the worst case, the time complexity of Steps 2-4 is 

O(n), so as is Step 5. In the worst case, the number of the 
elements in the constructed sequence is 

2
)1( nn +  and the 

time complexity of Step 10 is therefore ))
2

)1((log( nnO + . 

Hence, the time complexity of Algorithm 3 is 

)2)
2

)1((log( nnnO +
+  in the worst case. It can be seen that 

the worst-case time complexity of Algorithm 2 is O(1). 
Hence, the time complexity of the OCP strategy for ad-
justing a multicluster partition is )2)

2
)1((log( nnnO +

+ . 

A case study is given to illustrate Algorithm 3. Sup-
pose the current partition is as follows, where a number in 
brackets stands for the computing power of a cluster. The 
shifting direction is from SS to SN. 

SN={1, 2, 3, 4}, SS={5, 6, 7, 8} 
Suppose moving the first cluster in SS, whose comput-

ing power is 5, to SN leads to a better CP performance and 
that moving the second cluster, whose computing power 
is 6, results in a worse performance. The current multi-
cluster partition becomes 

SN={1, 2, 3, 4, 5, 6}, SS={7, 8} 
The clusters calculated by Step 5 in Algorithm 3 are {4, 

1}. Replacing any of these two clusters with one that has 
the greater computing power will cause the sum to be 
greater than that of Ci (Step 5). A sequence of clusters is 
constructed as follows: 

1, 2, 3, 4, {4, 1} 
Finally, the binary search is employed to get such an 

element ei in the above sequence so as to satisfy the con-
dition in Step 10. The corresponding computing power is 
moved back to SS. 

 

 



5. Experimental Studies 
 
An experimental simulator is developed to evaluate the 

performance of the proposed workload allocation tech-
niques under a wide range of system settings and work-
load levels. The simulator consists of a collection of clus-
ters. In every cluster a central computer acts as the local 
scheduler and the local schedulers in all clusters are con-
nected to a central computer in the multicluster. The cen-
tral computer acts as the global scheduler, which receives 
all incoming jobs and schedules them onto the clusters. 

Two types of homogeneous workloads (NQJs and 
QDJs) are generated using the same parameters except 
that every QDJ has one additional metric, the slack, fol-
lowing a uniform distribution. Heterogeneous workloads 
are generated by merging two homogeneous NQJ and 
QDJ workloads with the respective mean arrival rate. The 
proportion of NQJs (or QDJs) is computed by the total 
mean arrival rate divided by the arrival rate of NQJs (or 
QDJs). Each type of workload includes 500,000 jobs. The 
run of the first 100,000 jobs is considered as the initiation 
period, allowing the system to achieve a steady state, and 
the run of the last 100,000 jobs is considered as the end-
ing period. Statistical data are collected from the middle 
300,000 jobs. The job arrival follows a Poisson process 
and the job size follows an exponential distribution. The 
mean job size is set to be the inverse of the average of the 
speeds of all processing computers, multiplied by the av-
erage number of computers in each cluster. Based on the 
mean job size, the job arrival rate at which the system be-
comes saturated can be computed. The workload is meas-
ured by the percentage of the saturated arrival rate. 
Table 2 Combinations of the workload allocation 
and job dispatching strategies 

Workload allocation schemes  ORT OMR Weighted 

Random ORT-
Rand 

OMR-
Rand W-Rand Job dis-

patching 
strategies Round-

Robin 
ORT-
RR 

OMR-
RR W-RR 

Three workload allocation strategies (ORT, OMR and 
weighted allocation (see Eq.1)) are tested for homogene-
ous workloads in the experiments to demonstrate the ad-
vantage of ORT and OMR over the weighted allocation. 
These workload allocation schemes are combined with 
two job dispatching strategies (weighted Random and 
weighted Round-Robin). Six scheduling algorithms are 
evaluated, each of which is the combination of a work-
load allocation scheme and a job dispatching strategy. 
These six algorithms (ORT-Rand, ORT-RR, OMR-Rand, 
OMR-RR, W-Rand and W-RR) are listed in Table 2. In 
the weighed Random dispatching, the cluster is randomly 
selected while in the weighted Round-Robin, the cluster 
is selected in a round-robin manner by the global sched-
uler. Both strategies ensure that the probability that a job 

is sent to cluster i is αi. The OCP strategy is compared 
with the enumeration approach to verify its effectiveness 
in the dynamic partitioning of the multicluster. 

The performance metrics evaluated in the experiments 
are the mean response time, the mean miss rate and the 
comprehensive performance, CP. In order to gain an in-
sight into the difference in the allocation behaviours be-
tween the OMR and the ORT strategies, ORT is also used 
to allocate the QDJ stream. 

 
5.1 Effect of workload 

 
Table 3 System setting in Figure 2 

 Cluster 1 Cluster 2 Cluster 3 Cluster 4 
mi 3 5 7 9 
ui 20 16 12 8 
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Figure 2. Impact of workload on a) mean re-
sponse time and b) mean miss rate 

Fig.2.a and Fig.2.b show the impact of the workload 
level on the mean response time and the mean miss rate 
of the incoming homogeneous workloads under these six 
scheduling algorithms. The multicluster in this experi-
ment consists of 4 clusters whose settings are listed in 
Table 3. The job slacks for the QDJ stream follow a uni-
form distribution in the range [0, 30]. 

It is observed from Fig.2.a that the ORT-RR algorithm 
performs significantly better than W-RR and OMR-RR, 

 



while ORT-Rand outperforms W-Rand and OMR-Rand. 
This suggests that ORT performs much better than other 
strategies in terms of the mean response time. Further-
more, the performance difference increases as the work-
load decreases. For example, ORT-RR outperforms W-
RR by 47.4% when the workload is 0.1, while the differ-
ence is 13.3% when the workload is 0.9. This trend can be 
explained as follows: The weighted allocation strategy al-
locates the same fraction of workload to a cluster even if 
the workload varies. However, the waiting time accounts 
for a lower proportion of the response time as the work-
load decreases. Hence, in order to reduce the response 
time, a higher proportion of the incoming workload 
should be allocated to the cluster with the greater ui. ORT 
is able to satisfy this allocation requirement.  

Fig.2.b shows the impact of the incoming workload on 
the mean miss rate. It can be observed that the OMR-RR 
and OMR-Rand strategies outperform other scheduling 
algorithms under all workload levels. This suggests that 
the OMR strategy performs better than the weighted allo-
cation strategy in terms of the mean miss rate.  

It can be observed from both figures that under the 
same workload allocation strategies, the algorithms em-
ploying weighted Round-Robin dispatching outperform 
those using Weighted Random. This is because Round-
Robin dispatching can reduce the burstiness of the job ar-
rivals in a cluster compared with random dispatching.  
 
5.2 Effect of computer speed 

 
Fig.3 demonstrates the impact of the difference of 

computer speed on the performance of homogeneous job 
streams. Here the multicluster system consists of 4 clus-
ters and the number of computers in each cluster is set to 
be 4. The speed of the computers in cluster 1 varies from 
21 to 6 with a decrement of 3, while the speed of all the 
computers in the other three clusters increases from 1 to 6 
with an increment of 1. Thus, the multicluster system 
ranges from a highly heterogeneous system to a homoge-
neous system, while the average speed of all computers 
remains constant (i.e., 6). The slack of the QDJs follows a 
uniform distribution in [0, 10]. 

Fig.3.a shows the impact of the difference of the com-
puter speeds on the mean response time. It can be ob-
served from Fig.3.a that as the speed difference increases, 
the mean response time decreases significantly under the 
ORT allocation strategy (the maximum decline is 68%); 
while it remains approximately the same under the 
weighted allocation strategy. This is because as the speed 
difference increases, a higher proportion of the workload 
is sent to cluster 1 under the ORT strategy (higher than 

), while the weighted allocation strategy 

does not make full use of the computing power of cluster 
1. This suggests that under the ORT strategy, the speed 

difference among the clusters is a critical factor for the 
mean response time.  
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Figure 3. The impact of speed difference on a) 
the mean response time and b) the mean miss 
rate; the arrival rate is 50% 

The first observation from Fig.3.b is that OMR per-
forms better than the other strategies in all speed combi-
nations. A further observation is that under the OMR, the 
mean miss rate remains approximately the same as the 
speed difference varies. The results for the other levels of 
workload show similar patterns. This suggests that under 
OMR, the speed difference among the clusters is not an 
important parameter for the mean miss rate. This differs 
from the characteristic of ORT for the mean response 
time. This divergence may originate from the difference 
between the expressions of the response time and the miss 
rate (see Eq.7 and Eq.15) where we see 1/ui in Eq.7 but 
not in Eq.15. Another interesting result from Fig.3.b is 
that under the ORT strategy, the mean miss rate increases 
as the speed difference decreases from [21, 1] to [15, 3] 
and then decreases as the speed difference continues de-
creasing. The reason for this is that as the speed differ-
ence varies from [21, 1] to [15, 3], the deviation between 
the allocation proportions under the OMR and the ORT 
increases, and in so doing causes the mean miss rate to 
increase. However, the deviation decreases as the speed 
difference continues to decrease from [15, 3] to [6, 6]. 

 

 



5.3 Effect of cluster size 
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Figure 4. The impact of the difference in number 
of computers in each cluster on a) the mean re-
sponse time and b) the mean miss rate  

Fig.4.a and Fig.4.b show the impact of the difference 
of the cluster size on the mean response time and the 
mean miss rate. The number of computers in cluster 1 de-
creases from 21 to 6 with a decrement of 3, while the 
number of computers in clusters 2-4 increase from 1 to 6 
with an increment of 1. The total number of computers in 
the multicluster system remains constant, i.e., 24. The 
speed of all computers is set to be 10 and the incoming 
workload is 50% of the saturated workload. 

It can be observed from Fig.4.a that the ORT strategy 
performs better than other workload allocation strategies 
in terms of the mean response time. A further observation 
is that the mean response time decreases as the difference 
in number of computers increases. It suggests once more 
that the ORT strategy is able to make full use of the clus-
ters with more computing power as the heterogeneity of 
the multicluster system increases. When the system het-
erogeneity changes from [6, 6] (homogeneous system) to 
[21, 1], the mean response time decreases by 24%.  Ac-
cording to the experimental results from Fig.3.a, the de-

cline in the mean response time is as much as 68% when 
the system varies from the speed difference of [21, 1] to a 
homogeneous system. It suggests that the difference in 
the computer speed has a more significant impact on the 
mean response time than the difference in the cluster size. 

As can be observed from Fig.4.b, the OMR strategy 
outperforms the other strategies in terms of the mean miss 
rate. Furthermore, the mean miss rate is improved as the 
difference in the number of computers decreases. This re-
sult differs from the experimental results in Fig.3.b, 
where the speed difference has no significant impact. This 
is because the miss rate depends on the probability distri-
bution of the waiting time of jobs, on which the number 
of computers imposes a greater influence than computer 
speed. 

 
5.4 The partition of the multicluster 

Table 4 System setting in Fig.5 
Cluster 1 2 3 4 
(mi, ui) (3, 20) (5, 16) (7, 12) (9, 8) 
Cluster 5 6 7 8 
(mi, ui) (12, 9) (10, 10) (8, 12) (14, 6) 
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Figure 5. The impact of multicluster partitioning 
on the comprehensive performance CP; the op-
timal partition (by enumeration) in each job 
stream is labeled by OP; the total workload is 
80%, the partition by OCP is labeled by OP' 

Fig.5 compares the partition of the multicluster using 
the enumeration approach and the OCP strategy. The 
multicluster consists of 8 clusters, the configuration of 
which is listed in Table 4. Heterogeneous job streams 
with different proportions of NQJs and QDJs are investi-
gated. Only the experimental results for three job streams 
are shown in Fig.5, since the results for job streams of 
other proportions demonstrate similar results. The multi-
cluster is partitioned into two parts. One part is used for 
processing NQJs while the other for processing QDJs. 
There are (28=256) possible partitions for the multicluster. 
The x-axis in Fig.5 is the ratio of the total computing 
power of clusters (∑ iium ) for processing NQJs to that 
for QDJs. The data depicted in Fig.5 comes from the par-

 



titions in which neither part of the multicluster is satu-
rated.  
Table 5 The multicluster partition under three job 
streams by enumeration and the OCP strategy 

Partition 
Scheme 

NQJ=30%,  
QDJ=70% 

NQJ=50%,  
QDJ=50% 

NQJ=70%, 
QDJ=30% 

NQJ 1, 2, 3 1, 2, 3, 7 1, 2, 3, 4, 
7, 8 Enume- 

ration QDJ 4, 5, 6, 7, 8 4, 5, 6, 8 5, 6 

NQJ 1, 2, 3 2, 3, 4, 8 1, 2, 3, 4, 
7, 8 OCP 

QDJ 4, 5, 6, 7, 8 1, 5, 6, 7 5, 6 
It can be observed from Fig.5 that for all three hetero-

geneous job streams, the comprehensive performance 
metric CP varies as the multicluster partition changes; 
when too much computing power is devoted to processing 
NQJs or QDJs the value of CP will increase. This sug-
gests that judicial multicluster partitioning is necessary to 
achieve a high comprehensive performance. The optimal 
multicluster partition for each job stream is obtained by 
enumeration, which is labelled OP in Fig.5. This partition 
achieves the lowest CP. When the proportion of NQJs in-
creases, the OCP strategy adjusts the multicluster parti-
tion on-line. The corresponding partition is labelled OP'. 
As can be seen from the figure, the CP performance ob-
tained by OCP is very close to the result obtained by the 
enumeration approach. The detailed partition of the mul-
ticluster is listed in Table 5. This suggests that OCP can 
partition the multicluster at low lost to achieve high com-
prehensive performance. 

 
6. Conclusion 

 
This paper addresses workload allocation techniques in 

multiclusters. An ORT strategy is developed to optimize 
the mean response time of homogeneous NQJ workloads, 
while an OMR strategy is presented to optimize the mean 
miss rate of homogeneous QDJ workloads. These optimi-
zation strategies are derived from queueing network the-
ory. Based on ORT and OMR, an allocation strategy is 
proposed to dynamically adjust the partition of the multi-
cluster system to achieve optimized comprehensive per-
formance for heterogeneous workloads, which contains 
both NQJs and QDJs. The proposed workload allocation 
techniques are evaluated through extensive experimental 
analysis. The results shows that the ORT- and OMR-
based strategies perform significantly better than the tra-
ditional workload allocation policies. These workload al-
location techniques can be applied in e-business workload 
management scenarios to improve the request distribution 
across clusters of servers. 
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