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18.1 INTRODUCTION

laaS clouds are major enablers of data-intensive cloud applications because they
provide necessary computing capacity for managing Big Data environments. In a
typical laaS cloud, virtual machine (VM) instances deployed on physical machines
(PM) are provided to the users for their computing needs. Recently, laaS cloud
providers are realizing that merely providing the basic functionalities for Big Data
processing is not suf cient to survive intense business competitions. Rather, the
performance of the cloud provided service is an equally important factor when a
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user signs up for the service contract. We observe that, to date, most of the laaS
cloud providers offer SLAs only in terms of guaranteed availability. With increas-
ing demand and popularity of cloud services, we believe that performance SLAS
will also be necessary in the near future. However, performance analysis of a cloud
infrastructure is dif cult due to a variety of reasons. Hardware (e.g., CPU speed,
disk properties), software (e.g., nature of hypervisor), workload (e.g., arrival rate),
and many other management characteristics (e.g., placement policy) can impact the
overall cloud performance.

To evaluate the performance of a cloud, broadly three choices can be made. First,
one can carry out experimentation for measurement based performance quanti ca-
tion. Unfortunately, scale of cloud becomes prohibitive in terms of time and cost of
such measurement-based analysis. Second, discrete event simulation can be used as
another alternative [1]. Still, such simulation can take a long time to get statistically
signi cant results. Third, stochastic models can be used as a low-cost option where
the model solution time is much less compared with simulation and experimenta-
tion. However, stochastic models may not scale given the size and complexity of a
cloud system. For cloud environments processing large data sets, the state space of
the developed Markov model tends to be very large as the model takes into account
many details of the system. This well-known largeness problem of stochastic model
arises because of a growing number of model states as the number of system com-
ponent increases. As the model size becomes prohibitively large, the generation and
solution of such a model become a tedious task, if not impossible. Simplifying a
model to reduce complexity may turn out to be fatal as the model might diverge
from the realistic scenario. Hence, a scalable modeling approach that can preserve
accuracy is of interest.

In this chapter, we describe the principle of scalable stochastic modeling approach
with an example of performance analysis for an 1aaS cloud that are large scale and
well-suited for Big Data environments. The proposed approach is based on interac-
tions among several submodels, where the overall solution is composed by iteration
over individual submodel solutions. Scalability and tractability are two key features
of our approach when compared with a one-level monolithic modeling approach
[8]. Thus, interacting submodels can provide results for large clouds within rea-
sonable solution time. A comparison of analytic—humeric results between the two
approaches also show the accuracy of the proposed interacting submodels approach.
An additional bene t of the proposed approach is that submodels often become sim-
ple enough to obtain a closed-form solution. Stochastic modeling software packages
such as SHARPE [20] and SPNP [11] can be complemented using such closed-form
expressions when the system becomes too large.

Key contributions of this chapter are the following: (1) We demonstrate that scal-
able stochastic models can be developed and solved for large-scale performance
analysis of laaS clouds. (2) Interested readers can extend submodels shown in the
chapter by modifying the provided SHARPE codes. (3) Such modeling approaches
can help in what-if analysis of overall cloud performance. Especially, we show how
bottlenecks in provisioning delay can shift with varying cloud capacity and job ser-
vice characteristics.
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The rest of the chapter is organized as follows. A three-pool cloud architecture is
described in Section 18.2. Our performance analysis approach will be based on the
system described in Section 18.2. The main idea of interacting submodels approach
is presented in Section 18.3. Analytic—numeric solutions of the interacting submodels
and comparison with monolithic model solutions are presented in Section 18.4. Section
18.5.2 presents discussions on the proposed approach, possible extensions and some
highlights on related research. Finally, this chapter is concluded in Section 18.6.

18.2 A THREE-POOL CLOUD ARCHITECTURE

We consider an laaS cloud where PMs are grouped into multiple pools based on
power consumption and response time characteristics. Speci cally we consider three
pools: hot, warm, and cold. Figure 18.1 shows the overall architecture and request
provisioning steps. In the hot pool, all PMs are running and VVMs need to be con g-
ured and deployed as per user request. In contrast, PMs in the warm pool are turned
on but not running. Warm PMs initially remain in a power-saving/sleep mode and
they are turned on whenever a deployment request comes. Thus, provisioning a VM
in the warm pool requires additional delay compared with PMs in the hot pool. PMs
in the cold pool are initially turned off. Hence, provisioning a VM in the cold pool
requires additional delay. Notice that, power consumption of a hot PM is maximum,
whereas the power consumption of a cold PM is minimum. Grouping the PMs in
multiple pools helps the provider to maintain a tradeoff in service offering, based on
power consumption and response time characteristics [9].

We assume that the service requests are homogeneous and each request is for one
VM instance with speci ¢ CPU, RAM, and disk capacity. Throughout this chapter,
we use the term job to denote a service request. When a request arrives, Resource
Provisioning Decision Engine (RPDE) tries to nd a PM from the hot pool that can
accept the request. If all the PMs in hot pool are already busy in running jobs, RPDE
tries to nd a PM from the warm pool. If no such PMs are available in the warm
pool, RPDE tries to nd a cold PM that can accept the job. A request is rejected if
none of the PMs in the hot/warm/cold pool can accept the request. The elapsed time

|< Provisioning response delay
T 1 1
Arrivall ~ Queuing | Provisioning | jnqeantiation |1 VM | Actual service | Out
| | decision | | deployment | |

Resource

a provisioning Run-time
decision execution
engine
Job rejection Job rejection due to
due to buffer full insufficient capacity

FIGURE 18.1 Request provisioning steps in a three-pool cloud architecture.
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duration between the submission of a request to cloud and the VM made available to
the user is called response delay. We use job rejection probability and response delay
as the two performance metrics for our analysis.

18.3 INTERACTING SUBMODELS FOR PERFORMANCE ANALYSIS

18.3.1 CTMC SusmobetL For RPDE

Figure 18.2 shows the CTMC model for RPDE. The input parameters for this
submodel are: (i) job arrival rate (A), (ii) mean searching delays to nd a PM in a
hot/warm/cold pool that can be used for resource provisioning (1/5,, 1/5,, and
1/5,, respectively), (iii) probabilities that a hot/warm/cold PM can accept a job for
resource provisioning (P,, P,, and P,, respectively), and (iv) maximum number of
jobs in RPDE (). All the input parameters can be measured directly except the
probabilities P,, P,,, and P.. These probabilities are computed from the outputs of the
VM provisioning submodel as described later.

We brie y describe the CTMC submodel here. Detailed description of the sub-
model can be found in [8]. The state index of the CTMC in Figure 18.2 is denoted
by (j, x), where j denotes the number of jobs in the queue and x denotes the type of
pool where the job is undergoing provisioning decision. In state (0, 0), there is no
job in the system. When RPDE is trying to nd a PM from the hot pool, x is set to 4.
Similarly, x is set to “w” (or “c”), when RPDE is deciding if any warm (or cold) PM
can accept the job. With the arrival of a job, model moves from state (0, 0) to state
(0, k) with rate A. Three possible events can occur in state (0, 4): (a) a job is accepted
in hot pool with probability P,, (b) with probability (1 — P,), the submodel goes to
state (0, w), (c) the submodel goes to state (1, i) with the arrival of a new job. The rest
of the submodel can be followed in the similar manner.

It is possible to derive a closed form solution for the state probabilities on the
model shown in Figure 18.2. Assume that =, , denotes steady-state probability of
state (j, x), where 0 <j < (N-1) and x € {0, i, w, c}.

AN\

0 LWl | Lh 3P "

FIGURE 18.2 Resource provisioning decision engine submodel.



Downloaded by [CRC Press] at 12:33 03 December 2014

Performance Analysis for Large laaS Clouds

561

The general forms of steady-state probabilities to be in states (k,4), (k,w), and (k,c)

are given by

Ty = AwnTo0)

Ty = A T0.0)

T = AgaT00)

where 1<k < (N - 2),
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Steady-state probabilities of states (NV-1,4), (N-1,w), and (N-1,c) are given by

Tiv-1) = MO Ty-2. = MOA-2.1)T0,0) (18.12)

5,-F)

N1y = MO, Ty 2,0y + 5

T(N-1h) (18.13)
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Observe that steady-state probabilities of all states in the CTMC of Figure 18.2
can be expressed as a function of the steady-state probability of state (0,0). Using
normalization,

N-1

T T 2 (Timy + Ty T a0) =1, (18.16)

i=0
we can compute the steady-state probability of state (0,0) and all other states.

18.3.1.1 Submodel Outputs

(i) Job rejection probability (P,,.). Job rejection probability due to buffer
full is given by

Phiock = Tv-ay ¥ -1 T Tv-1,0) (18.17)

Jobs can also be rejected if during the provisioning decision steps, all
(hot, warm, and cold) PMs are fully occupied. Thus, job rejection probabil-
ity due to insuf cient PM capacity is given by

y (18.18)

i=0
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Equation 18.18 can be explained in the following way. In states, = ,, jobs
can be rejected if there is no cold PM is available for provisioning. To com-
pute the job rejection probability, we use a Markov reward approach [19].
A reward rate of 5.(1 — P/ is assigned to each state and the overall prob-
ability is computed as expected steady-state reward rate.

(i) Mean number of jobs in the RPDE queue (E[N ;. ]). We can compute the
RPDE queue length as

N-1

E[N e ]= D iy + Ty + ) (18.19)

i=0

(iii) Mean queuing delay (E[7, ,]). Conditioned upon the job not being

rejected, we can compute mean queuing delay using Little’s law [21]:

N-1
Zi(n(i,h) + 1) T M)

i=0
= (18.20)
] 7\’(:I' - Pblack - Pdrap)

[T,

q_dec

(iv) Mean decision delay (E[T7,....])- Conditioned upon the job not being
rejected, this is given by

]_ 1/8,+Q-P)1/5,+(1-P,)/3,.)

E\T =
[ [

decision

(18.21)

18.3.2 SHARPE Cobk For THE RPDE SusMODEL

The RPDE submodel can be implemented using SHARPE software package, as
shown below.

format 8
* Markov model for RPDE; all rates are in jobs/hr
bind

lambda 1000
delta h 20%60
delta w 20*60
delta c 20*60
N 100

* Dummy values for P h, P w, and P _c

* These values will be computed from VM provisioning sub-model
P h 0.8

P w 0.9

P c 1.0

end
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markov provision decision
00 0 H lambda

0 H 0.0 delta h*P h
0w 0.0 delta w*P_w
0c¢C 0.0 delta c
loop i,0,N-2
$(1)_H $(i+1) H lambda
$(1)_w $(i+1) W lambda
$(1)_c $(i+1) _C lambda
end
loop i,1,N-1
$(i)_H $(i-1)_H delta h*P h
$(1)_W $(i-1)_H delta w*P w
$(i)_c $(i-1)_H delta c
end
loop i,0,N-1
$(i)_H $(i) w delta h+*(1-P_h)
$(1) W $(i)_cC delta w* (1-P_w)
end
end
end
* Blocking probability
bind P _block (prob (provision decision, $(N-1) H)+prob

(provision decision, $(N-1) W)+prob (provision decision, $(N-1) C))
* Dropping probability

bind P drop (delta _c*(1-P _c)/(lambda)) * (sum(p, O, (N-1),
prob (provision decision, $(p) C)))

* Overall job rejection probability

bind P_reject (P_block + P_drop)
* Mean number of jobs in RPDE
bind mean num RPDE sum(p, 0, (N-1), (p+1l)* (prob(provision

decision, $(p) H)+prob(provision decision, $(p) W)+prob
(provision decision, $(p) _C)))

expr P block

expr P _drop

expr P reject

expr mean num RPDE

end

The above SHARPE code shows how states and transitions can be speci ed in
a SHARPE input le. For example, the rst line within the Markov model provi-
sion_decision shows that the model moves from state 0_0 to state 0_H with rate
M. Also, notice the use of loop statements to describe the structure of the CTMC.
Input parameters P,, P,, and P, are originally computed from VM provisioning sub-
models. However, we use some dummy values in the above code to demonstrate the
working of the SHARPE input le to the readers. Detailed SHARPE input le for
the interacting submodels can be found in [7]. Detailed tutorials on SHARPE can
be found in [1].
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18.3.3 CTMC For VM PROVISIONING

We construct one CTMC submodel for a hot, warm, and cold PM respectively.
Overall VM provisioning submodel of a pool is modeled by a set of independent
submodels that represent each PM in the pool. These submodels keep track of num-
ber of VMs running on a PM.

18.3.3.1 Hot PM CTMC

Figure 18.3 shows the VM provisioning submodel for a hot PM. State index of this
model is denoted by (i, j, k), where, i denotes the number of jobs in queue, j denotes
number of provisioning VMs, and k denotes number of deployed VMs. The model
input parameters are: (i) effective job arrival rate (A,), (ii) VM provisioning rate ((,),
(iii) service rate (), (iv) size of buffer (L,), and (v) maximum number of VMs that
can run in parallel (m). The value of j is 0 or 1, since we assume that the VMs are
provisioned one at a time. With n, PMs in the hot pool, A, is given by

?\’(1 - Pblock )

ny,

A, = (18.22)

Notice that P,,,., in Equation 18.22 is computed from RPDE submodel. All other
input parameters can be measured. As shown in Figure 18.3, after a job arrival sub-
model moves from state (0,0,0) to state (0,1,0), with rate A,, mMean VM provisioning
time on a hot PM is 1/p,. Submodel moves from state (0,1,0) to state (0,0,1) with rate
f3,- The mean service completion time is 1/u. When the service nishes, VM instance
is removed and the submodel moves from state (0,0,1) to state (0,0,0) with rate . The
rest of the submodel can be described in a similar manner. Notice that by using a

B O\
n
0,0,1 My
2u 2u
=Dy
(m—1) '\Bh | B (m - l)u\ lBh (m D

(i 1)]—:[0 ]—> —)[Lh 1,0 11—»[Lh, (m - 1)]
Vp 4B )\h. Bhl‘ m:l\ iﬁh

0 O m 1 0 m )\h s Lh,O,m

>

FIGURE 18.3 VM provisioning submodel for each hot PM. A, is an effective job arrival rate
to each hot PM, B, is rate of VM provisioning on hot PM, p is job service rate, L, is buffer size,
m is the maximum number of VMs on each PM.
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Node A Node B

FIGURE 18.4 Hot PM modeled as a two-stage tandem network of queues. The queuing
system consists of two nodes: (i) node A is a M/M/1 queue, with service rate g, and (ii) node
B is a M/M/eo queue, with service rate of each server being p.

state-dependent multiplier to the VM provisioning rate f3,, our submodel can easily
be extended for parallel deployments of multiple VMs.

It is possible to derive closed-form solutions of the state probabilities when L, — oo,
and m — oo, In such a case, it can be shown that the CTMC can be represented as a
two-stage tandem network of queues as shown in Figure 18.4. Observe that node A is
an M/M/1 queue with server utilization p, = A,/B,, while node B is an M/M/e queue
with server utilization p, = A,/u. For node A, steady-state probability mass function
(pmf) of i jobs (i > 0) waiting in the queue and j VMs (j € {0,1}) being provisioned
is given by

i+j

Pai, )= 1=p,)py where, p, <1 (18.23)

For node B, steady-state pmf of k VMs (k > 0) running, is given by
pk
pp(k) = k—?e_pB (18.24)

Thus, for the hot PM CTMC shown in Figure 18.3, when L, — c and m — oo, the
steady-state probability of being in state (i, j, k) is given by

0t = A=p)ps O "B (18.25)

where i 20, € {01}, k=0, p, = A,/B,, and p, = A,/p. The condition for stability of
the system is p, < 1.

18.3.3.2 Hot PM Submodel Outputs

The steady-state probability (B,) that a hot PM cannot accept a job for VM provision-
ing can be obtained after solving the hot PM submodel:

B, = 24)&1,) (Lh 0,m) (18.26)
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Probability (P,) that a hot pool can accept a job for provisioning is given by
B, =1-(B,)" (18.27)

Observe that P, is used as an input parameter in the RPDE submodel (Figure 18.2).

18.3.4 SHARPE Copt For Hot PM SusBMODEL
We present the SHARPE code for hot PM submodel below.

format 8

bind

* Dummy value of P_block
P_block 0.01
P_not_blocked 1-P_block
lambda 1000
beta_h 12

m 4

Lh 2

mu 1

n h 10
epsilon_zero 0.000001
end

* Function to compute effective arrival rate for each hot PM
func lambda h(i)

if (i==0)
0
else
lambda*P not blocked/i
end
end

* Markov model to describe VM provisioning model for hot PM
markov hot (num_hot)
loop i,0,m-1

0_0_s(1) 0 1 $(4) lambda_ h (num hot)
end
loop j,0,m-1

loop i,0,Lh-1

$(1)_1_$(3) $(i+1)_1 s$(j) lambda h(num hot)

end
end
loop i,0,Lh-1

$(1)_0_%(m) $(i+1)_0_s$(m) lambda h(num hot)
end
loop
) 0_0_5(i+1) beta_h
end
loop j,0,m-2
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loop i,1,Lh
$(i)_1_$(3) $(i-1)_1_$(j+1) beta_h

end
end
loop i,1,Lh
$(i) 1 $(m-1) $(i) 0 _$(m) beta h
end
loop i,1,m
0 0 $(1) 0.0 $(i-1) i*mu
end

loop j,1,m-1
loop i,0,Lh
$(1)_1_8$(3) $(1)_1_%5(j-1) j*mu

end
end
loop i,1,Lh
$(1)_0_%(m) $(i-1)_1 _$(m-1) m*mu
end
end
end

* hot full(i) computes value of 1-Ph with i’ hot PMs
func hot full (i)
if (i==0)

1
else

*(i*ln(sum(p, 0, m-1, prob(hot,$(Lh) 1 $(p);i)) +
prob (hot,$(Lh)_0_$(m);1i)))

end
end
func compute Ph(i)
if(i == 0)
0
else
if (lambda h(i) > epsilon zero)
(1-hot full(i))
else
1
end
end
end
bind P h compute Ph(n h)
expr P h
end

Observe the use of functions to compute the values of different input parameter
and output measures. Input parameter effective job arrival rate is computed using
the function lambda_h(.). Steady-state probability that a PM cannot accept a job
for provisioning is given by the function hot_full(.), while P, is computed using the
function compute_Ph(.). Further, the value of P, is obtained as an output from
the RPDE submodel, but we use a dummy value to describe the working of the code.
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18.3.4.1 Warm PM CTMC

Warm PM CTMC is shown in Figure 18.5. Although warm PM CTMC is similar
to hot PM CTMC, there are few differences that set them apart. Jobs arrive to the
warm PM pool only if they are not provisioned on any of the hot PMs. Thus, effec-
tive arrival rate (A,) to each warm PM is

_ ML= Bu)L-R)

w

A

(18.28)
n

w

Initially, (state (0,0,0) in Figure 18.5), it is turned on but not ready for use. When
a job arrives, the warm PM requires some additional startup delay to be able to start
provisioning and the CTMC submodel goes from state (0,0,0) to state (0,1*,0). We
assume that (i) time to make a warm PM ready for use is exponentially distributed
with mean 1/y,, (ii) provisioning delay of the rst VM on a warm PM is 1/, and
(i) provisioning delay for subsequent VVMs is the same as that for a hot PM, that is,
1/,,. The buffer length of each warm PM is assumed to be L,.

B
0, 1, —E(Lw—l),l,ll—)[ Lw,l,IJ
A A
%0 " b N\ B\
--. . 2” M .

(m

e ' S
(m—l)lz\ﬁhl N m-ve\_ P '\(m_l)Fl

Ny oo
0,0,(m—1)]—)[0,1,(m—lﬂ—) _)[ DL H - ]
[ }\W l mu )\W (LW 1),1,( 1) )\W Lw,l,( 1)

By N NN Y

FIGURE 18.5 VM provisioning submodel for each warm PM.
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18.3.4.2 Warm PM Submodel Outputs

Steady-state probability (B,,) that a warm PM cannot accept a job for VM provision-
ing is given by

By, =00 1oy T 00 .0y T U0 ooy T 2% 1y FO0 0 (18.29)

Assuming n,, as independent warm PM submodels for the whole pool, the prob-
ability (P,,) that warm PM can accept a job for provisioning is computed as

P,=1-(B,)" (18.30)

18.3.4.3 Cold PM CTMC

Cold PM CTMC submodel is shown in Figure 18.6. The overall cold pool submodel
is the set of . independent cold PM submodels. Key differences between a warm and
a cold PM submodel are (i) effective arrival rates (A, vs. 1), (ii) startup rates (y,, vs. v.),

b R C B
(m—l);:\ LN B N (m - DI\ l’“ '\(m—l)u
[0,0,(m - IHO,I,(m - 1F> T)[ (L\c_ D li—)\)[Lc,l,(m B lﬂ
) Bhl X”P

FIGURE 18.6 VM provisioning submodel for each cold PM.
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(iii) initial VM provisioning rates (B,, vs. p,) and buffer sizes (L, vs. L ). Effective
arrival rate () to each cold PM is given by

— ML= Pya)A- B)L-P,) (18.31)
c n '

c

A

18.3.4.4 Cold PM Submodel Outputs
The steady-state probability (B,) that a cold PM cannot accept a job is given by

— 4@ (c) (c) (c) (C)
B =0, 10) T O 10) T Ot 1) + zq)(L 1y O om) (18.32)

Thus, the probability (P,) that at least one PM in a cold pool can accept a job is
given by

P.=1-(B)" (18.33)

SHARPE codes for the warm and cold PM submodels can be developed in a simi-

lar manner [7] as shown in Section 18.3.4. From the VM provisioning submodels, we

can also compute mean queuing delay (E[7, ,,]) and conditional mean provisioning
delay (E[ ) [8]. The mean response delay is then given by

pmv]

[ resp] E[T deL] + E[Tdeuu(m] + E[T vm] + E[ prm] (1834)

18.3.5 SuBMODEL INTERACTIONS

Figure 18.7 shows the interactions among the submodels as an import graph [5].
Steady-state probabilities (P,, P,,, and P,) that at least one PM in a pool (hot, warm,

wi
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Outputs from E[ Tresp] E[ Tq_dec] +E[ Tdecision] +E[ Tq vm] +E[ Tprov]
performance model

P reject =PproertP, drop

RPDE ¢
Phiock '\ SmeO‘y Priock
)
P block P [4
PW
R it ittt bbbty e —————— e e e e e o] ——f—— VM
\ S
1 provisioning
17~ Hot pool Py Warm pool P, Cold pool : submodels
: submodel submodel 1
1 Py !
N\ o i T T T T T T T T T -

FIGURE 18.7 Interactions among the submodels.
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and cold, respectively) can accept a job is computed by VM provisioning sub-
models. The RPDE submodel uses these probabilities as input parameters. Output
measures such as rejection probability due to buffer full (P,,.), rejection prob-
ability due to insuf cient capacity (P,,,,), and their sum (P,,;,.) are obtained from
the RPDE submodel. Observe that P,,,., computed in the RPDE submodel is used
as an input parameter in VM provisioning submodels. Also, outputs from VM
provisioning submodels (P,, P,, P.) are needed as input parameters to solve the
RPDE submodel. Hence, there is a cyclic dependency among the submodels. Such
dependency is resolved using xed-point iteration [14,17]. Proof of existence of a
solution can be shown for such xed-point iteration [8]. Apart from existence, two
other important issues with xed-point iteration are uniqueness of solution and
rate convergence. By trying different initial guesses, we have never found mul-
tiple solutions, that is, the nal solution remains unique. Also, in all the scenarios
investigated, the maximum number of iterations required was 4, which indicates
reasonably fast convergence.

18.4 ANALYTIC-NUMERIC RESULTS

Using SHARPE [20] software package, we solve the interacting submodels to com-
pute: (1) job rejection probability and (2) mean response delay. As shown in Figure
18.8a, fora xed arrival rate (1000 jobs/hour) and given number of PMs in each pool
(e.g., 80 PMs in each pool), job rejection probability increases with longer mean
service time. Also, at a given value of mean service time, if the PM capacity in each
pool is increased, job rejection probability reduces. Similar effects on mean response
delay is shown in Figure 18.8b. With increasing mean service time, mean response
delay increases for a xed number of PMs in each pool. To explain these effects we
de ne a term called marginal gain. When all other input parameter values are kept
unchanged, marginal gain is the amount of reduction in job rejection probability or
mean response delay with increasing PM capacity. Notice that the marginal gains in
Figure 18.8b, change with increasing mean service time. Marginal gain increases for
gradual increase in PM capacity from 70 to 100 in each pool. In the example scenario
investigated, marginal gain is maximum when the mean service time is around 1000
minutes. We provide the following arguments to explain this behavior. For a given
number of PMs, mean response delay has three components: (i) mean queuing delay
in front of RPDE, (ii) mean decision delay, and (iii) conditional mean provisioning
delay. With increasing mean service time, marginal gain changes depending upon
a dominant component of the overall delay. For a low mean service time (100-300
minutes), gain due to addition of more PM is almost insigni cant. This is because
jobs quickly leave the cloud, making room for new requests. As a result, small num-
ber of PMs is suf cient to keep the overall mean response delay low. When the mean
service time of jobs increases (say 1000 minutes), for low capacity systems (e.g., 70
PMs in each pool for our example), the mean queuing delay in front of RPDE starts
increasing. Hence, the bene t of adding more PMs is re ected by having a lower
mean queuing delay in front of RPDE. If the mean service time is further increased
to 1800 minutes, the mean queuing delay in front of RPDE increases even for larger
capacity systems (e.g., 100 PMs in each pool for our example). So, the marginal
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FIGURE 18.8 (a) Job rejection probability vs. mean job service time and (b) mean response
delay vs. mean job service time at a different number of PMs.

gain diminishes once again. This result demonstrates that using the developed per-
formance model, one can do what-if analysis for the overall system. Speci cally,
we show that in overall mean response delay, bottleneck component (mean queu-
ing delay in this case) shifts as the job characteristics (mean service time in this
example) and cloud capacity (PMs in each pool) are changed.
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We compare the scalability and accuracy of our approach w.r.t. a one-level mono-
lithic model [8]. Such a monolithic model is constructed using a variant of stochastic
Petri net called stochastic reward net (SRN). Stochastic Petri Net Package (SPNP)
[11] is used to solve the monolithic SRN model. In Table 18.1, we compare the solu-
tion times for both the monolithic model and interacting submodels. When the num-
ber of PMs in each pool increases beyond 3 and the number of VMs per PM increases
beyond 38, monolithic model runs into a memory over ow problem. Even for a small
number of PMs and VVMs, state space size of the monolithic model increases quickly
and becomes too large to construct the reachability graph. Also, for a given number
of PMs and VMs, the nonzero elements in the in nitesimal generator matrix of the
underlying CTMC of monolithic model, are hundreds to thousands of orders of mag-
nitude larger compared with interacting submodels [8]. In the interacting submodels,
a reduced number of states and nonzero entries leads to concomitant reduction in
solution time needed. As shown in Table 18.1, solution time for monolithic model
increases almost exponentially with the increase in model size, while the solution
time for interacting submodels remains almost constant with the increase in model
size. This analysis shows that the proposed approach is scalable and tractable com-
pared with the one-level monolithic model.

Next, we compare the accuracy of interacting submodels approach w.r.t. mono-
lithic modeling approach. Speci cally, we compare the values of two performance
measures: (i) job rejection probability (P,,,,.,) and (ii) mean number of jobs in RPDE
(E[Ngppg))- In Figure 18.9a and b, we show that as we change the arrival rate and
maximum number of VMs per PM, outputs obtained from both the modeling
approaches are near similar. Hence, the errors introduced by the decomposition of

TABLE 18.1
Comparison of Model Solution Times (in seconds)

(#PMs per pool, #VMs per PM)  Monolithic Model  Interacting Submodels

(1,1 0.124 0.066 (n.i. = 4)
12 0.196 0.074 (n.i. = 4)
1,4 0.556 0.088 (n.i. = 3)
1, . 141 (ni. =

8 2.998 0 i.=3
(1, 16) 79.563 0.208 (n.i. = 3)
(1,32) 188.174 0.346 (n.i. = 3)
(1, 38) 293.672 0.399 (n.i. = 3)
(1, 39) m.o. 0.406 (n.i. = 3)
(2,1 2.024 0.063 (n.i. = 3)
3,1) 166.704 0.062 (n.i. = 3)
4,1) m.o. 0.060 (n.i. = 2)
(500, 64) m.o. 0.055 (n.i. = 1)

Note: m.o., memory over ow; n.i., number of iterations.




Downloaded by [CRC Press] at 12:33 03 December 2014

Performance Analysis for Large laaS Clouds 575
(a) Mean service time = 60 min, 1 PM in each pool
e @--©
.- O ¢
0 _ A=t
S -
- *
- *
oy .
B2 © LT
2] O' — v
2 L=
o v
- z
o, v
=] z
L
ES
g S
ko
= + ’ v/
a , _ .
S o Py Increasing VM
a ]t - capacity .. interacting: IVM
e - -o- monolithic: 1 VM
v ~+- interacting: 2 VMs
- -= monolithic: 2 VMs
- interacting: 4 VMs
o | v 7~ monolithic: 4 VMs
< T T T T T T
5 10 15 20 25 30
Arrival rate (jobs/hr)
(b) Mean service time = 60 min, 1 PM in each pool
- = interacting: IVM ,e
~ | monolithic: 1 VM R
S - - interacting: 2 VMs . :.’ v
S [+~ monolithic: 2 VMs R
¥~ interacting: 4 VMs oa’ Y
o) - o R
S monolithic: 4 VMs L
S

Mean number of jobs in RPDE
0.04 0.05

o
S 4 ‘
S 8.

s ’*
Q| o f:" Increasing VM
S ot capacity

" v
o * ¢’
SR
T T T T T T
10 15 20 25 30
Arrival rate (jobs/hr)

FIGURE 18.9 (a) Job rejection probability vs. arrival rate and (b) mean number of jobs in

RPDE vs. arrival rate.

the monolithic model are negligible and interacting submodels approach preserves
accuracy while being scalable. Such errors stem from the fact that we solve only one
model for all the PMs in each pool, and aggregate the obtained results to approxi-
mate the behavior of the pool as a whole. As a result, values of the probabilities
(e.g., P, P,, P)that at least one PM is able to accept a job in a pool are different in
monolithic (exact) model and interacting (approximate) submodels.
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18.5 DISCUSSIONS AND RELATED RESEARCH

In this section, we discuss relevance of the models for Big Data environments, pos-
sible extensions of the developed models and outline related research.

18.5.1 INTERACTING SUBMODELS FOR BiG DATA ANALYTICS

Processing large volumes of data sets typically requires laaS type of cloud services.
In most cases, overall execution time of a Big Data processing job reduces with
larger the number of PMs and VMs. However, provisioning such VMs quickly as
the service demand increases is an equally important but less investigated issue.
This chapter shows how model-driven analysis can be performed to improve over-
all provisioning delay. Speci cally, scalability of the developed approach facilitates
modeling of large laaS pools that can host such Big Data processing environments.

18.5.2 FuTURE EXTENSIONS

Although we presented in this chapter the analysis for three pools, the proposed
approach can be extended n (>3) pools in general. For each pool, one CTMC is
needed for a VM provisioning submodel. Also, the RPDE submodel will have n
rows to capture the decision process across n pools. Thus, the developed modeling
approach scales linearly with the number of pools in the cloud.

VM provisioning submodels presented in this chapter model homogeneous PMs.
They can be extended to model heterogeneous PMs as well. Heterogeneous PMs can
be divided into multiple classes with varying characteristics and each class can be
represented by a pool. Then, PMs will be homogeneous within a pool and heteroge-
neous across the pools.

Different provisioning strategies can also be modeled using VM provisioning
submodels. In this chapter, we assumed that only one job is being provisioned at a
time, while other jobs wait in the queue. This assumption can be easily relaxed to
model parallel provisioning of the jobs. We can use a state dependent multiplier to
the provisioning rates (f,, B, and p,) for modeling such cases.

18.5.3 RELATED RESEARCH

Xiong et al. [23] used response time distribution as a QoS metric for cloud performance
analysis. However, their stochastic models do not capture details of cloud service pro-
visioning decision, VM provisioning, and release. In [23], Varalakshmi et al. addressed
work ow scheduling in cloud to meet user-requested QoS parameters. The authors
analyzed the PM performance behaviors using Generalized Processor Sharing queues.

Mills et al. [16] used sensitivity analysis methods to identify important input
parameters that can affect cloud placement algorithms. Mi et al. [17] developed an
approach to detect performance bottlenecks in large cloud services. Using hierarchi-
cal structure, the authors constructed an execution path graph of user request. Such
an approach can be combined with our performance model to optimize the request
placement decisions.
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In [6], Genaud et al. used simulations to evaluate scheduling strategies in cloud.
The authors primarily focused on minimizing the wait time of jobs and the monetary
cost of the rented resources. Our numeric—analytic models can complement such
studies. Goudarzi et al. [10] studied optimization problems for multitier cloud appli-
cations by taking into account requests with different CPU, memory, and network
resource requirements. Performance models developed in this paper can be extended
for such heterogeneous requests. Yigitbasi et al. [24] performed an experimental
analysis for the resource acquisition and release times in Amazon EC2. Our stochas-
tic models can complement these studies and analyze root-causes behind the major
results. Performance analysis of VM live migration and its impacts on SLAs was
studied by Voorsluys et al. [22]. Examples of other measurement based performance
evaluation of cloud services include [2,4,12,13,18].

18.6 CONCLUSIONS

With increasing popularity of laaS cloud-based services, data-intensive applications
will nd a natural home in such shared and virtualized environments. While a vari-
ety of cloud providers offer similar services, performance will be a key differentiator
among the delivered services. This chapter presents how model driven stochastic
performance analysis can scale for large sized clouds. The main idea is to develop
interacting submodels so that the overall model becomes scalable and tractable. Once
developed, such scalable models can be used for what-if analysis, bottleneck detec-
tion, and capacity planning. Tools and software packages can be developed based on
such models to assist a cloud administrator overseeing Big Data applications.
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