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Abstract

Live Migration plays a vital role in Cloud Computing
in management of Virtual Machines(VMs). When the
VMs are violating their Service Level Agreement(SLA)
they are needed to be migrated to different Physical
Machines(PMs) or host such that it does not violate
the SLA then. If we chose the PM carefully to which
VM should be migrated then the number of migrations
in long run of time can be considerably reduced which
results in great amount of cost savings. In this project
we are using a Reinforcement Learning based approach
to automate the migration decisions by the controller
and hence reducing the total cost of ownership. In view
of reducing the total cost of ownership, we also con-
sider increasing the total number of off (or running in
low power mode) PMs. By increasing the total num-
ber of off PMs we reduce the power consumption which
results in power savings.

We have implemented the algorithm based on Re-
inforcement Learning with Function Approximation
which gives the expected result in 60% to 70% cases
we run. Although number of features turns out to be
large, we have optimized the number of multiplication
and addition operations which reduced the number of
operations by around four times the number of VMs.

1 Introduction

Cloud Computing relies on the concept of server con-
solidation of the resources i.e. minimize the usage of
resources by sharing the resource among various enti-
ties(VMs). Server consolidation reduces the total cost
of ownership.

Figure 1 shows the server consolidation process.
The third party which requires to deploy their

Figure 1: sever consolidation process(taken from [1])

servers or applications in data center negotiates the
performance guarantees with data center providers.
These performance guarantees may include average
response time, maximum delay, maximum downtime
and average or worst-case throughput of the appli-
cation. These are referred to as Service Level Agree-
ments(SLA). So the Data Center owner faces the prob-
lem of minimizing the cost of operation without vio-
lating the SLA.

Server Consolidation can be achieved through
Server Virtualization and Live Migration [2]. With
the help of Server Virtualization, one can allocate as
needed resource to VMs and hence increase the uti-
lization of the resource. Live Migration is a capability
for migrating a running VM from one host to another
host, transparently to applications and any external
entity interacting with such applications on the cloud
server without taking down the cloud server and with
a very negligible downtime. Although Live Migration
can migrate running VMs, but it has performance ef-



fects on migrating VM which results in considerable
degradation in performance of VMs.

Demands of application varies with time and so
their resource allocation configurations need to be
changed for to best suite their current requirements.
This is the aspect that is issue of best resource allo-
cation. It is a non-trivial task to figure out the best
settings for VMs in Server Consolidation as there are
heterogeneous applications to be served by VMs.

Server Virtualization is expected to provide isola-
tion of performance but in practice, VMs on same
PM interferes with functionality of each other. This
phenomenon of VMs interference on same PM is ex-
plained in [3]. The phenomenon of VMs interference
results in considerable degradation of performance of
VMs and in [4, 5] authors have shown the effects of
bad behavior in the functioning of one VM on the
functioning of other VM on a PM. The effects of re-
configurations are shown with some delay. One reason
for these delayed effects is cache memory. These per-
formance factors are very hard to predict which makes
the problem very non-trivial.

Recent work in [6] gives the idea of applying Re-
inforcement Learning [section 3.1] based approach for
migration decisions of VMs. Reinforcement Learning
framework learns the model of the system by Agent
and Environment interactions. On the basis of feed-
backs received from Environment, Agent generates the
optimal policy for the given states . Policy tells agent
which configurations of VMs and PMs are more con-
sistent i.e. giving better reward as compared to other
and at what configuration of VMs and PMs what ac-
tion it should take. Reinforcement Learning based
approach is safe from delayed effects of the actions.

2 Motivation

Cloud owner faces with the problem of Server Consoli-
dation so that he can minimize the total cost of owner-
ship. System is dynamic with VMs requiring different
amount of resources at different times. When VM is
violating SLA agreement it needs to be migrated to
different PM such that SLA violation is not happen-
ing there. But moving all VMs to different PMs may
result in wastage of resources and hence increment in
cost of ownership. So server consolidation needs to be
done so that resource wastage can be minimized. But
in consolidating VMs, there are unpredictable factors
which are to be considered such as interference of VMs,
migration costs etc. described in previous section. So
migrations needs to be done in such a way that long
term number of migrations can be reduced. But if it

Figure 2: Request rate for the www.ibm.com site over
February 5-11, 2001 (taken from [7])

is needed there must be enough long term reward in
migrating VM.

Server Consolidation problem can be seen as vec-
tor packing problem. Here PMs(having resources such
as CPU, memory etc.) can be seen as bins and
VMs(needing resources such as CPU, memory etc. for
service execution) can be seen as vectors. But here
VMs size change with time making the problem more
harder. VM size represents the resource requirements
of VM. Resources are CPU, memory etc. Vector pack-
ing problem in itself is NP-Hard problem. Approxima-
tion algorithms present in literature for vector packing
problem does not work here as VMs size change with
time. Also there are unpredictable performance degra-
dation factors which makes the problem intractable in
this formulation.

Various solutions(covered in section 6) to problem
considered are based on some kind of heuristics and
made some assumptions. The performance effects due
to interference and delayed effects of reconfigurations
of VMs is very hard to predict. Most of solutions do
not provide good performance results as they assumes
something on performance degradation factors.

Other problem with solutions exist in literature is
that they react after problem occurs. For instance
they can not react to high workloads until it comes
into the system. In other words they cannot react to
sudden incoming peaks of request rate.

The other observation in problem is that most of
the workloads to the VMs in cloud server environ-
ment are cyclic in nature. One practical example of
cyclic workload is shown in figure 2 where in week
days, workload pattern more or less remains same.
Workload pattern with some trivial assumptions can
be divided into phases. Phase can be seen as an av-
erage utilization level in a certain time period. Phase



Figure 3: the agent-environment interaction in rein-
forcement learning

utilization has to be chosen such as all utilization lev-
els are close to phase utilization level in that phase.
This cyclic workload model assumption can be proved
very useful in problem formulation. Examples of cyclic
workload with phases are shown in figure 5 and 6.

Reinforcement Learning based methods are best
suited for systems with uncertainty such as ours. Re-
inforcement Learning can also learn the sudden peaks
in workload and can react before they actually hap-
pens. But it has problem of formulation as problem
formulated normally turns out with huge state spaces.
Keeping cyclic workload patterns in mind, state space
can be reduced considerably. We describe our solution
in next section.

3 Our Solution Approach

3.1 Reinforcement Learning

Reinforcement Learning (RL) deals with how agent is
going to take decisions(actions) in the dynamic envi-
ronment so that long term reward of taking that action
maximizes [8]. It has two advantages:

• It doesn’t require the model of the system or en-
vironment which it learns by interacting with the
system and environment,

• It can capture the delayed effects in decision mak-
ing.

Figure 3 shows the basic agent and environment
interaction. As diagram shows, at time instant n agent
observes the state sn ∈ S , where S is the set of all
possible states. On the basis of the state sn agent
selects action an ∈ A(sn) , where A(sn) is the set of
all possible actions in state sn. After one time step,
agent receives a real valued reward, rn+1 ∈ R and
observes itself in a new state sn+1.

Upon convergence, RL gives a policy which maps
the states with actions such that in a state taking that
action gives you the long term best result. The good-
ness of an action is measured through the estimated
value function which estimates the future accumulated
rewards by taking that action. The rewards are prop-
agated backwards temporarily in repeated interaction
with the environment. Agent interacts with environ-
ment for two purposes exploitation and exploration.
Exploitation means take best action possible in a state
based on the current policy whereas exploration means
explore random actions in a state which may give bet-
ter result but not seems best in according to current
policy. Exploration is done by taking random actions
with small probability ε. Exploration also helps in
refinement of existing policy.

Our task of minimizing the total cost of ownership
of data center with server consolidation and live migra-
tions falls well in RL framework. An agent(controller)
take the action of migrating a VM(may not migrate
also) and in next time step, environment gives back
reward/punishment of taking that action which it ac-
cumulates for future purpose through Q(s, a) values.
Q(s, a) value (7) store accumulated reward for taking
action a in state s . Starting from an arbitrary initial
VMs PMs mapping, it finally converges to an optimal
cycle of mapping in phases. Optimal cycle of mapping
means each phase has certain fixed sets of optimal
VMs PMs mapping and actions are taken such that
these optimal VMs PMs mappings are maintained in
each phase. Explorations can be used to modify the
policy according to the dynamics of the VM traffic.

3.2 Assumptions

• Two level controller architecture: we have as-
sumed the two level controller architecture as
shown in figure 4. Here in the figure, VM con-
troller plays the role of agent.

• Cyclic workload model with phases: we assume
that workload is cyclic with phases. Each phase
is characterized by its average utilization. Work-
load is cyclic means workload repeats itself with
fixed time period. Each cycle has fixed number
of phases i.e. we know that max number of pos-
sible phases. Example of cyclic workload given in
figure 5 and 6.

• Throughput and response time: we assume that
throughput , response time and other perfor-
mance measures are provided by Resource Alloca-
tion Controller(RAC) as shown in figure 4 when
required.



Figure 4: Two Level Controller Architecture

• PMs are homogeneous: we assume that PMs are
homogeneous i.e. all PMs have same capacity of
each resource(CPU,memory etc.).

3.3 RL formulation

We consider system with M PMs, M > 1 , N VMs
and P phases in cyclic workload model. Each VM
is created(or allocated) on certain PM. VM controller
will play the role of agent and observe the state at
regular intervals. Based on the current state controller
will take the action and the system moves into next
state.

For a system with N VMs , M PMs and P phases
in cyclic workload model at time n, we define

State :

sn = (p(n), l1(n), ...., lN (n)), (1)

where p(n), 1 ≤ p(n) ≤ P represents phase of cyclic
workload models at time n and li(n), 1 ≤ li(n) ≤M is
the PM on which VM i is allocated at time n. p(n) is
a fixed number which corresponds to different utiliza-
tion level(phase utilization level) for different VMs in
system.

Action or Control :

an ∈ {(vm(n), pm(n)), nm} (2)

where vm(n), 1 ≤ vm(n) ≤ N represents the VM (any
VM can be selected) which needs to be migrated and
pm(n), 1 ≤ pm(n) ≤ M represents the PM on which
it is migrated at time n and nm denotes no migration
action.

Reward : We have taken reward definition
from [6] with little modification. We have added
one penalty component for busy(non-idle) PMs and
change the definition of reference throughput. The re-
ward function contains mainly two components which
reflects power cost and performance reward.

First component score reflects the performance re-
ward for a VM at time instant n and is defined as:

scorei(n) =

{
throughputi(n)

ref throughputi(n)
if respi(n) ≤ SLAi,

−1 otherwise

(3)
where throughputi(n) represents the through-
put(request completion rate) of VM i and
ref throughputi(n) is the maximum achievable
throughput of VM i under SLA constraints, which
can be calculated using arrival rate of requests
for VM at time instant n. SLAi is the maximum
allowable response time for VM i. respi(n) represents
response time of VM i at time instant n. This
component incorporates performance degradation
due to interference, migration of a VM etc.

Second component power cost reflects penalty for
number of busy(non-idle) machines and is defined at
time instant n as:

pc(n) = busy(n) ∗ fixedcost (4)

where fixedcost is fixed(e.g. 0.1) penalty will be taken
for each busy or non-idle PM and busy(n) represents
the number of PMs which are busy(total number of
PMs - number of PMs on which no VM is allocated) at
time instant n. Idle machines can be shut down or can



be run in low power mode. We have not differentiated
between idle machines and power off machines.

Combining above components in state sn, sn ∈ S
and action an, an ∈ A(sn) at time instant n+1 reward
r(sn, an) is defined as:

r(sn, an) =

 rs(n+ 1)− pc(n+ 1) if scorei > 0,
i = 1, 2, ..., N,

−1 otherwise
(5)

where rs(n) is defined as:

rs(n) = N

√√√√ N∏
i=1

wi ∗ scorei(n) (6)

where wi is the weight for the ith VM, 1 ≤ i ≤ N
and scorei(n) is the score of VM i at time instant n.

In this reward structure if the SLA is violated than
reward will be −1 .

3.4 Q-Learning Algorithm

Q-Learning [9, 8] is an important RL algorithm which
doesn’t require model information. Here one define
Q-values Q(i, a), i ∈ S, a ∈ A(i) as follows.

Q(i, a) =

r(i, a) + γ
∑
j∈S

p(i, j, a)maxb∈A(j)Q(j, b)


(7)

where r(i, a) is as defined in (5) and p(i, j, a) =
Pr(Xn+1 = j|Xn = i, Zn = a), Xn, Xn+1 ∈ S at time
instant n, n+ 1 respectively. p(i, j, a) ∈ [0, 1]∀i, j ∈ S
and a ∈ A(i) and

∑
j∈S p(i, j, a) = 1∀i ∈ S, a ∈ A(i)

Let γ ∈ (0, 1) denote discount factor.

A sequence of functions π = {µ1, µ2, ....} is said to
be an admissible policy if for each µn : S → A,n ≥ 1
; µn(i) ∈ A(i),∀i ∈ S. Let Π denote the set of all
admissible policies. Similarly a stationary determin-
istic policy(SDP) is defined as an admissible policy
π = {µ1, µ2, ....} with each µn = µ. We generally refer
to SDP as µ. These definitions are taken from [9].

Solving equation (7) gives us a SDP which maps
each state with an optimal action i.e. taking that ac-
tion in state gives best long term reward. SDP is based
on Q-values Q(s, a).

Equation (7) can be obtained from Bellman equa-
tions of optimality(see in book [9]) which results
in following online incremental update stochastic
algorithm(Q-Learning):

Qn+1(i, a) = Qn(i, a) + α(n)(r(i, a)+

γmaxb∈A(ηn(i,a))Qn(ηn(i, a), b)

−Qn(i, a)) (8)

Here ηn(i, a) are independent and identical random
variables which identifies the next state on the basis
of current state and action. α(n), n ≥ 0 are the step-
sizes also called learning rate that needs to satisfy the
following conditions∑

n

α(n) =∞,
∑
n

α(n)2 <∞. (9)

The first condition above ensures that algorithm
does not terminate prematurely while the second en-
sures that noise in algorithm vanishes asymptotically.
It converges to optimal Q-value function and hence
the optimal policy.

This algorithm needs full state representation and
requires that all state-action tuple are continuously
updated. If the state and action space is huge than
this algorithm is computationally not tractable. The
good thing about the algorithm is that it does not
require the underlying model i.e. the transition prob-
abilities.

Based on Q-Learning with ε-greedy policy we de-
sign algorithm with Full State Representation.We re-
fer to this algorithm as RLVCM-FS which stands for
Reinforcement Learning based Virtual Cluster Man-
agement with full state representation.ε-greedy means
at each step with probability ε we will not chose best
action according to current policy, but we chose ran-
dom action to explore other actions in current state.
So RLVCM-FS is as follows

• Initialize Q(s, a) values arbitrarily where s ∈ S
and a ∈ A(s), n = 0

• Observe current state s and take action a

• After first step, repeat for each iteration

– n = n+ 1

– Observe current state s′ and reward r

– choose action a′ ∈ A(s′) using policy derived
from Q (e.g. ε-greedy policy)

– Take action a′,

– update Q(s, a) using equation

Q(s, a) = Q(s, a) + α(n)(r +

γmaxb∈A(s′)Q(s′, b)−Q(s, a))

– s = s′ and a = a′

Note that in first step no Q(s, a) value is updated.



4 Q-Learning with Function
Approximation

Q-Learning (section 3.4) does not requires system
model but it still has the problem of huge state and
action space as it stores the Q(s, a) values in look-
up table and requires continuous update of all Q(s, a)
values for convergence. So in our case this becomes
completely intractable as our state space is huge as
with only 10 VMs , 10 PMs and 5 phases in cyclic
workload model it becomes in the order of 1011 so to
update of all Q-values Q(s, a) becomes hugely expen-
sive. The situation become worse when we consider
more PMs and VMs. Hence in our case Q-Learning
algorithm(RLVCM-FS) is not implementable as the
continuous update of look-up table is very expensive.
To alleviate this curse of dimensionality, feature based
methods are used whose description is provided in next
subsection.

4.1 Feature based Representations

To solve Q-Learning equations (7) we basically solves
the system of |S × A(S)| unknowns. Here S × A(S)
represents all possible state-action tuples. In our prob-
lem with small number of PMs and VMs State space
grows heavily and thus the algorithm with full state
representations are not implementable for reasonable
cloud server environment. This motivates us to look
towards approximation methods.

One such method approximates the Q(s, a) values
with linear approximation. Here the idea is to approx-
imate Q-value Q(s, a) function as

Q(s, a) ≈ θTσs,a (10)

where σs,a is d-dimensional column vector correspond-
ing to state-action (s, a) tuple with s ∈ S and a ∈
A(s). The dimension d of σs,a is significantly very
less than the cardinality of set of feasible state-action
(s, a) tuples. Here θ is a tunable parameter whose
dimension is same as that of σs,a.

Let Φ denote a matrix with σTs,a, s ∈ S, a ∈ A(s).
The number of rows in this matrix is |S × A(S)| and
columns is d. Let

σs,a = (σs,a(1), σs,a(2), ..., σs,a(d))T .

Then Φ = (Φ(i), i = 1, 2, ..., d) where Φ(i) is column
vector

Φ(i) = (σs,a(i), s ∈ S, a ∈ A(s))T , i = 1, 2, ..., d.

Let θ = (θ1, θ2, ..., θd)
T . Then,

Q ≈
n∑
i=1

Φ(i)θi, alternatively Q ≈ Φθ

where Q = [Q(s, a), s ∈ S, a ∈ A(s)]T is the vector of
the Q-values Q(s, a) over all feasible (s, a) tuples. In
other words Q is approximated using Φθ. Note that
the gradient of approximate Q-value function w.r.t. θ
is

5θQ(s, a) ≈ σ(s, a).

The Q-learning algorithm with function approxi-
mation that we present in (11) is seen to perform a
gradient search in Rd .

4.2 RLVCM-FA

RLVCM-FS requires full state information which
makes it computationally inefficient but its function
approximation based requires less computation as it
stores only parameter θ which is significantly less in
dimension as compared to possible state-action tu-
ples. For example system with 20 PMs , 20 VMs and
5 phase(in cyclic workload model), have number of
states action tuples |S ∗ A(S)| ≈ 10104 as compared
to value of dimension d ≈ 4000. This results in signif-
icant speed up of time of computation when feature
based representations are used.

Let sn, sn+1 denote the state at instants n, n + 1,
respectively. Let n be the nth update of the parameter
. The algorithm with function approximation updates
the θ using following equation

θn+1 = θn + α(n)σsn,an(r(sn, an)+ (11)

γminv∈A(sn+1)θ
T
nσsn+1,v

− θTnσsn,an)

where θ0 is set arbitrarily. In (11), the ac-
tion an is chosen in state sn according to an =
arg minv∈A(sn)θ

T
nσsn,v .

Based on equation 11 and ε-greedy policy we de-
sign algorithm with Function Approximation of Q-
Values.We refer to this algorithm as RLVCM-FA
which stands for Reinforcement Learning based Vir-
tual Cluster Management with Function Approxima-
tion for Q-values. The feature based function approx-
imation algorithm RLVCM-FA is motivated from [10].
So RLVCM-FA is as follows

• Initialize θ value arbitrarily, n = 0

• Observe current state s and take action a



• After first step, repeat for each iteration

– n = n+ 1

– Observe current state s′ and reward r

– choose action a′ ∈ A(s′) using policy de-
rived from approximate Q-values[refer equa-
tion 10] (e.g. ε-greedy policy)

– Take action a′,

– update θ using equation

θ = θ + α(n)σs,a(r + γmaxb∈A(s′)θ
Tσs′,b

− θTσs,a)

– s = s′ and a = a′

Note that in first step θ is not updated.
The features are chosen based on fraction of

busy(non-idle) PMs, phase indicator and pairwise in-
dicator whether two VMs on same PM or not. Frac-
tion of busy PMs indicates the power usage cost.
Phase indicator indicates the utilization of resources
used by VMs. Pairwise indicator indicates the perfor-
mance degradation in VMs due to interference of VMs.
Example below shows, what will be the features for a
state action tuple (s, a)

Let there be 5 VMs and 3 PMs and 2 phases. Now
suppose state sn at time n be (0, 0, 1, 0, 1, 0) and action
an be (2, 1) . refer (1) and (2) for definition of state
and action respectively. Here numbering of VMs, PMs
and phase starts from 0. Now the features will be as
follows

• fraction of busy PMs: 1.0

• phase indicator: 1,0 as phase is 0 so indicator for
phase 0 is 1

• pairwise indicator : 0,1,0,1,0,....,0.
Here enumeration is done as follows
(0, 1), (0, 2), (0, 3), ..., (1, 2), (1, 3), ...., (3, 4)

Let call above features as f and there dimension be
df i.e. f is a df dimensional vector.

There is one more kind of indicator for action is
used as follows Let action an be (2, 1). If there
is migration then action indicator will be equal to
VM(number which identifies this VM) which is mi-
grated otherwise action indicator will be equal to N
where N is total number of VMs in system. Action
indicator N corresponds to no migration. Now action
indicator is used as follows

Let action indicator equals to q. Now the features
will be set as f0, f1, ..., fN where fi = {0}df for ∀i 6= q
and fi = f otherwise, i = 0, 1, 2, ..., N . Here in this
case for action (2, 1), f2 = f and fi = {0}df for
∀i 6= 2.

5 Experiment and Results

We have implemented both RLVCM-FA and RLVCM-
FS algorithms. We have used CloudSim [see Appendix
B] simulation tool for our experiments. We have mod-
ified the tool as per our needs.

5.1 Implementation Of RLVCM-FS
and RLVCM-FA algorithms

We have implemented the algorithm in two ways one
with batch update with replays and other without
batch updates. One without batch updates at each
iteration of algorithm updates θ according to equation
(8) while one with batch updates update θ in batches.
At each iteration it does not update θ but it stores
the tuple (s, a, r, s′) where s, s′ are last and current
state, r is immediate reward and a is action taken in
last step. It stores fixed batch size number of tuples.
Every batch size number of steps, algorithm updates θ
with stored tuples. Replays here tells that how many
times θ will be updated with stored tuples.In other
words update with all stored tuples is repeated re-
plays number of times. RLVCM-FA algorithm with
batch updates is as follows

• Initialize θ value arbitrarily , batch size, replays,
tuples count = 0, tuples = nil, n = 0

• Observe current state s and take action a

• After first step, repeat for each iteration

– n = n+ 1

– Observe current state s′ and reward r

– choose action a′ ∈ A(s′) using policy de-
rived from approximate Q-values[refer equa-
tion 10] (e.g. ε-greedy policy)

– Take action a′,

– store tuple (s, a, r, s′) in memory i.e.
tuplesi = (s, a, r, s′), tuples count =
tuples count+ 1

– if tuples count = batch size, then repeat
replays times

∗ for i = 1 to batch size

· x = tuplesi.s, y = tuplesi.a, z =
tuplesi.r, x

′ = tuplesi.s
′

· update θ using equation

θ = θ + α(n)σx,y(z + γmaxb∈A(x′)θ
Tσx′,b

− θTσx,y)



Figure 5: workload model 1

∗ if i = batch size then clear all stored
tuples i.e. tuples = nil, tuples count =
0

– s = s′ and a = a′

Note that in first step θ is not updated. Other
variation of algorithm is one where is tuples are stored
and θ is updated as well.

In RLVCM-FS α(n) is taken as follows

1

v(s, a)
, s ∈ S, a ∈ A(s)

where v(s, a) is the number of times tuple (s, a) is
visited till step n.

while in case of RLVCM-FA, we consider low value
of α(n) e.g. α(1) = 0.1 and then degrades slowly
with number of steps n. In case of RLVCM-FA we
have considered other kind of degradations also e.g.
α(n) degrades by some amount every certain number
of steps of algorithm.

Although number of features turns out to be large,
we have optimized the number of multiplication and
addition operations which reduced the number of op-
erations by around four times the number of VMs. For
optimization we have used the fact about the features
that entries corresponding to action indicators which
is not taken are zeros.

5.2 Results

We have considered the reward accumulated after con-
vergence of algorithm as our measure of performance
of algorithms. We have mainly run experiments with 5
VMs , 3 PMs and 5 phases. Workload patterns which
we have considered for our experiments are shown in
figures 5 and 6.

Figure 6: workload model 2

Figures 5 and 6 shows the cyclic workload graphs
with 5 phases which repeats itself periodically.

Possible test cases for experiments and expected re-
sults from them are given in [appendix A]. In case of
RLVCM-FS we get the expected results in all exper-
iments. Most of the experiments we run are trivial
[ see appendix A] where we can predict the policy.
In these trivial cases we expect some cyclic policies.
Cyclic policies means policies in which each phase cor-
responds to certain fixed set of interchangeable actions
and VMs PMs mappings.

Here batch update steps are 200 and replays are 5.
We found that, in case of RLVCM-FS algorithm

converges most of the times in 15000 steps and con-
verges every time in 20000 steps while in case of
RLVCM-FSBU algorithm converges most of the times
in 80 steps and converges every time in 115 steps.

Features are found to be non-differentiating in
case of RLVCM-FA and RLVCM-FABU with some
state-action (s;a) tuples. For Example consider 5
VMs, 3 PMs and 5 Phases and state-action tuples
((5;(1,2,3,4),(5),()); (1,2)) and ((5;(2,3,4),(1,5),());
(1,1)). Here VM, PM id and Phase starts from 1
and state representation decoded as follows ((Phase
id;(VMs on PM 1),(VMs on PM 2),(VMs on PM 3));
(migrate VM id , to PM id)). Above state-action tu-
ples are differentiated by pairwise indicators only In
first case pairwise indicators (1,5) and in second case
(1,2);(1,3);(1,4) Clearly from next slide action (1,2)
is good for state (5;(1,2,3,4),(5),()) while action (1,1)
is bad for state (5;(2,3,4),(1,5),()) Which implies pair
(1,3) and (1,4) is bad allocation and pair (1,5) is good
but they are equivalent in deployment. This behavior
is also observed in many experiments.

One observation from results is that accuracy of
convergence of algorithm increases with number of
steps. Batch updates reduces the number of steps for



convergence.

6 Related work

Work in this area mainly deals with two problems
efficient allocation of various type of resources on a
PM and the migration decision algorithms when the
performance of a VM degrades or SLA violation oc-
curs. In [7] a design and implementation of an ar-
chitecture called MUSE has been proposed for re-
source management in hosting center operating sys-
tem with emphasis on saving energy . They have
considered the economic approach. They have pro-
posed a greedy resource allocation algorithm known
as MSRP(Maximize Service and Revenue Profit). In
[11] they have proposed the algorithm based on moni-
toring of system resource usage. Which is used by the
algorithm for hotspot(crossing some threshold) detec-
tion. It also keeps some history for predicting future
values. Based on hotspot detection algorithm hotspot
mitigation algorithm is invoked which takes decision
on the basis of “volume”. For profile generation of
usage of resources in system they employed two ap-
proach black box approach and gray box approach. In
[1] They try to relate the problem with classical bin
packing problem. They have formulated the problem
well and solution is based on approximation algorithm
for bin packing problem with upper and lower utiliza-
tion threshold which is not so good.

In [12] they have considered concept of stability for
migration decisions. Stability they have considered
is possibility of VM remains on the same PM. They
have used interval to monitor stability in that interval
before actually migrating the VM. If it remains stable
in whole interval then only VM will be migrated.

The closest work related to our work can be found
in [6]. They have also considered Reinforcement
Learning based approach. But they have considered
a different problem i.e. automation of VM configura-
tion process. They also used the information of the
underlying model for adaptability and scalability.

7 Conclusions and Future Work

Designing an efficient algorithm for virtual cluster
management is a challenging task. Reinforcement
Learning hints its applicability here by the nature of
the problem. We have proposed here a Reinforce-
ment Learning with function approximation based
algorithm(RLVCM-FABU) which reduces the amount
of information to be stored by a great amount. Our

algorithm is the first one which applies Reinforce-
ment Learning to problem we considered. Reinforce-
ment Learning based algorithm has advantage, that
it doesn’t requires any system model information and
can adapt in real time to any change in model of the
system. Our algorithm with function approximation
produces expected results in 60% to 70% cases.

Future work would involve increment in accuracy
of algorithm with fewer steps and to increase the scal-
ability of algorithm.
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APPENDIX

A Experiments and Expected
Results

In these experiments workload model considered are
given in Figures 5 and 6. Figure 5 workload model is
referred to as wm1 while figure 6 workload model is
referred to as wm2.

A.1 Experiment consolidation cost
and significant power cost

In these experiments interference and migration cost
are negligible

• Experiment 1: VM 0 workload model is wm1
while all others have wm2
considering all VMs on same PM, expected policy
is migration of any VM in phase 4 to other PM
and migrate back to same PM in next phase i.e.0
and remains there in all other phases.

• Experiment 2: VM 0 and VM 1 workload model
is wm1 while all others have wm2
considering all VMs on same PM, expected policy
is migration of VM 0 or VM 1 in phase 4 to other
PM and migrate back to same PM in next phase
i.e. 0 and remains there in all other phases.

A.2 Experiment interference cost

In these experiments migration cost is negligible while
interference cost is high i.e. degradation in through-
put is high due to interference here VM 3 and VM 4
are interfering and their throughput degrades to 0.2
fraction of expected throughput

• Experiment 3: VM 0 workload model is wm1
while all others have wm2
considering all VMs on same PM, expected policy
is migration of VM 3 or VM 4 in any phase to
other PM and remains there after that forever

• Experiment 4: VM 0 and VM 1 workload model
is wm1 while all others have wm2
considering all VMs on same PM, expected policy
is migration of VM 3 or VM 4 in any phase and
also if phase is 4 then migration of VM 0 or
VM 1 to other PM and remains there after that
forever. here final allocation of VMs is two on

one PM while other three on one PM with the
condition that VM 0 and VM 1 on different PM
also VM 3 and VM 4 on different PM.

A.3 Experiment migration cost

In these experiments interference cost is negligible
while migration cost is high i.e. degradation in
throughput is high due to migration. here throughput
degrades down to 0.2 fraction of expected throughput

• Experiment 5:VM 0 workload model is wm1
while all others have wm2 considering all VMs
on same PM, expected policy is migration of any
VM in phase 4 to other PM and and remains
there forever.

• Experiment 6: VM 0 and VM 1 workload model
is wm1 while all others have wm2 considering all
VMs on same PM, expected policy is migration
of VM 0 or VM 1 in phase 4 to other PM and
and remains there forever.

A.4 Experiment all costs are compara-
ble

• Experiment 7: VM 0 workload model is wm1
while all others have wm2

• Experiment 8: VM 0 and VM 1 workload model
is wm1 while all others have wm2

A.5 Experiment low power cost

In these experiments interference and migration cost
are negligible

• Experiment 9: VM 0 workload model is wm1
while all others have wm2
considering all VMs on same PM, expected policy
is migration of any VM in phase 4 to other PM
and may or may not migrate back to same PM
in next phase i.e.0 other phases and trivial mi-
grations possible with the condition that action
is not such, which results in all VMs on same PM
in phase 0

• Experiment 10: VM 0 and VM 1 workload
model is wm1 while all others have wm2
considering all VMs on same PM, expected pol-
icy is migration of VM 0 or VM 1 in phase 4 to



other PM and may not migrate back to same PM
in next phase i.e.0 other phases and trivial mi-
grations possible with the condition that action
is not such, which results in VM 1 and VM 0 on
same PM in phase 0

B CloudSim

For implementation and evaluation of our algo-
rithm we are using java based simulation tool called
CloudSim [13, 14]. CloudSim implements the various
functionalities of the cloud computing technology. It
presents the simple testbed for verification of hypothe-
sis of resources being required or to be leased for their
need. Some elements of Cloudsim are described in
next paragraph.

Cloudlet represents the total amount of computa-
tional requirements by the application in terms of MI
(Mega Instructions). Amount of in and out data trans-
fers are specified by the input and output Cloudlet file
size. Computational Power of Host(PM) is specified
in MIPS(Mega Instructions Per Second). All other re-
sources like memory, bandwidth are specified in their
respective units. There are only four kinds of entities
in Cloudsim. Entities are elements which can receive
and send events in the simulation. They are Cloud-
Informationservice , DatacenterBroker, Datacenter ,
CloudsimShutdown. All other entity kind of things
i.e. VM , Cloudlet etc are not considered as entities
as they will require a lot computational overhead and
hence they are made as simple classes. Processing up-
dates and management of all the elements like VM,
memory, bandwidth etc. is done by these four kind of
entities.

In the current implementation of CloudSim there
were not finer label quantities like throughput, re-
sponse time etc available that we require for our al-
gorithm. So we have implemented estimated through-
put , response time and cyclic workload model with
phases for our purpose in current implementation of
CloudSim. So we have added a new parameter called
number of requests to a cloud. The equations which
are used for these estimation are given below:

test =
allocatedmips

rsize
; (12)

where test is estimated throughput and allocatedmips
is the processing power in MIPS that is used by the
VM in previous time interval. rsize is as defined in
(14). Here time interval denotes the interval between
two data center events, which are generated for the
updating of processing of various elements.

Figure 7: change of response time and throughput
with time

rest =
rsize

vmmips ∗ (1− ρeff )
(13)

where rest is estimated response time. rsize is as de-
fined in (14). vmmips is MIPS rating of the VM i.e.
processing power of VM. ρeff is effective utilization
as defined in (15).

rsize =
cloudlet size in mega instructions

number of requests to a cloudlet
(14)

where rsize is a size of a request.
For VM i , ρeff is calculated as follows. Let VM i

be running on PM j and ρk denote utilization of VM
k on PM j then

ρeff =
ρi

1−
∑
ρk
3 k 6= i, k ∈ H (15)

where H denotes the set of all VMs running on PM
j.

Cyclic workload model is implemented as follows.
The cycle has a time period. Each time period is di-
vided into phases with each phase having some utiliza-
tion. For each phase, we generate the workload which
is some fraction closer to the utilization of the phase.
For example, let phase utilization be u and fraction
closer be c. Then we generate a random number be-
tween 0 and 1 and that let be r then we generate
workload in phase as u+ ucr. The cycle repeats itself
according to time period.

Figure 7 shows the change of estimated response
time and throughput with the cyclic workload model
. Values which are used for graph generation are as
follows



• Cloudlet Length: 50000 (Mega Instructions)

• Time Period : 100 (Time Units)

• Number of Phases: 10

• Number of Requests per Time Unit: 1500
(Mega Instructions/Time unit)

• Phases’ Utilization: varies from 0.2 to 0.9

• Number of VMs: 3

• Number of PMs: 2

• MIPS Rating of (considered for graph)VM:
500 , others are 500 and 800

• MIPS Rating of PMs : 1000 and 2000

• Number of VM migrations: 20

Cloudlet Length denotes the size of application in
Mega Instructions(MI). Time Period denotes the time
period of a cycle of workload model. Phase denotes
the phase of cyclic workload i.e. certain utilization
level. Request denotes the request for some work from
application in MI.


