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PAPER

Autonomous Decentralized Control for Indirectly Controlling
System Performance Variable of Large-Scale and Wide-Area
Networks
Yusuke SAKUMOTO†a) , Masaki AIDA†b) , and Hideyuki SHIMONISHI††c) , Members

SUMMARY In this paper, we propose a novel Autonomous Decentralized Control (ADC) scheme for indirectly controlling a system performance variable of large-scale and wide-area networks. In a large-scale and
wide-area network, since it is impractical for any one node to gather full information of the entire network, network control must be realized by internode collaboration using information local to each node. Several critical
network problems (e.g., resource allocation) are often formulated by a system performance variable that is an amount to quantify system state. We
solve such problems by designing an autonomous node action that indirectly controls, via the Markov Chain Monte Carlo method, the probability
distribution of a system performance variable by using only local information. Analyses based on statistical mechanics confirm the eﬀectiveness of
the proposed node action. Moreover, the proposal is used to implement
traﬃc-aware virtual machine placement control with load balancing in a
data center network. Simulations confirm that it can control the system
performance variable and is robust against system fluctuations. A comparison against a centralized control scheme verifies the superiority of the
proposal.
key words: large-scale and wide-area network, autonomous-decentralized
mechanism, data center network, virtual machine placement problem

1. Introduction
Networks have become one of society’s basic infrastructures
and so require very high reliability. To ensure high network
reliability, the usage of centralized network controls should
be minimized because it is weak against disasters. As an alternative to centralized control, Autonomous Decentralized
Control (ADC) is being actively discussed in [1]–[4]. In
ADC, each node has the same capability to collaborate with
other nodes for controlling the entire network. Hence, if
some nodes suddenly fail, the network keeps running. ADC
has higher reliability than centralized control, and thus expectations for its use in future networks are high.
One of the challenges in implementing an ADC scheme
is to design a node action that allows us to indirectly control
large-scale and wide-area networks (e.g., the data center network of Google [5]). In ADC, each node gathers local information of the network and takes action to control its state. In
a large-scale and wide-area network, the information gatherManuscript received June 17, 2015.
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ing by a node is limited in the area immediately surrounding
the node [3]. This is because the time spent on gathering the
information must be short since the information changes frequently in a large-scale and wide-area network. Hence, in a
large-scale and wide network, it is impractical for any one
node to gather full information of the entire network. The
problem is how to design a truly eﬀective node action using
only local information.
In [2], [3], an ADC node action using only local information was proposed for spatially structuring large-scale
and wide-area networks. The resulting spatial structure can
be used for network clustering and layering. However, those
studies did not address other important problems (e.g., resource allocation in networks), which are often formulated
by a system performance variable (e.g., the total throughput
of a network that is an amount to quantify system state including all node states. This paper remedies that omission.
How can a node action that uses only local information
indirectly control a system performance variable? Given the
ability to acquire the entire system state, we could deterministically optimize the desired system performance variable
with an optimization tool. However, given the impracticality of acquiring suﬃcient state information, such optimization is deemed to be impossible. Hence, each node should
behave stochastically to the limited information so as to improve system performance. The system performance variable also stochastically fluctuates as a result of the stochastic
behavior of nodes, and so each node should indirectly control the frequency distribution of the system performance
variable by using its local information.
In a statistical system, each node (e.g., particle) behaves stochastically, and state quantities (e.g., energy) follow a probability distribution. By using a node action designed by Markov Chain Monte Carlo (MCMC) [6], [7],
the probability distribution of a state quantity can be indirectly controlled. Thus MCMC should be useful for indirectly controlling a system performance variable of even extremely large networks.
We use MCMC to design an ADC node action for indirectly controlling a system performance variable in a largescale and wide-area network. It is usually thought to be impossible to analyze the global properties associated with the
control of a large-scale and wide-area network. Our solution
is to conduct analyses based on statistical mechanics. We
show that our ADC node action can (a) indirectly control
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a system performance variable, and (b) adjust the strengths
of two diﬀerent controls (i.e., node concentration and node
distribution) with a single control parameter. We introduced
a MCMC-based ADC scheme in [8]. However, no use was
made of the concept of statistical mechanics, and the global
characteristics of the proposal were not suﬃciently analyzed
in [8]. Note that a preliminary version of this paper was presented in [9]. The main innovation of this paper over [9]
lies in its advanced investigation of (a) robustness against
system fluctuations, and (b) its eﬀectiveness compared with
centralized control.
We apply our ADC proposal to realize traﬃc-aware virtual machine (VM) placement control with load balancing
in a data center network (DCN). In [8], we also described a
similar VM placement function, but the global property of
our ADC proposal was not utilized. Thus the control functionality described in this paper is more sophisticated than
that in [8]. Simulation experiments confirm the validity of
our analyses based on statistical mechanics, and the eﬀectiveness of our ADC proposal.
This paper is organized as follows. Section 2 details
our ADC proposal for indirectly controlling a system performance variable, and explains its global property. Section 3 uses our ADC proposal to realize traﬃc-aware VM
placement control with load balancing in a DCN. Section 4
details the experiments conducted for investigating the performance of our ADC proposal. Finally, in Sect. 6, we conclude this paper and discuss future works.
2. Autonomous Decentralized Control for Indirectly
Controlling a System Performance Variable
2.1 System Model
We introduce a system model that includes control of a system performance variable depending on system state. This
system model has NS states and N nodes. Node i’s state
is denoted by xi ∈ {1, ..., NS }. Each node is able to select
one from common selections among all nodes, so NS is a
common variable. System state X is given by all node states
(x1 , x2 , ..., xN ). The set of nodes included in X is time invariant. Let Ω be the space of system state X. Let φk be the
set of nodes with state k (i.e., φk = {i|xi = k, 1 ≤ i ≤ N}).
Permissible node state transitions are described by a given
state transition graph. Let ak be the set of states to which
nodes with state k can transit on the state transition graph.
ak is time invariant. Figure 1 shows an example of the system model with NS = 4. For instance, a node with state 1
can transit to state 2 or 3 in this example.
Let M(X) be the system performance variable indirectly controlled by our ADC proposal. We define M(X)
as
N 

mi j (xi , x j ),
(1)
M(X) =
i=1 x j ∈χi

where χi is the set of nodes interacting with node i in the network, and mi j (xi , x j ) is the performance variable depending

Fig. 1

An example of the system model.

on node states xi and x j with conditions mi i (xi , xi ) = 0 and
mi j (xi , x j ) = m j i (x j , xi ). The formulation given by M(X) is
used in finding optimal weighted configuration in a network
[10]. In this paper, we define that smaller mi j (xi , x j ) is better. We believe our ADC proposal can be extended to handle
performance variables depending on more than three states,
but this is not addressed hereafter. Our ADC proposal targets the problem formulated as system performance variable
M given by Eq. (1).
2.2 Node Action
We design a node action of our ADC proposal that allows
indirect control of the probability distribution of system performance variable M(X) on the basis of MCMC. Since each
node has only local information, it should behave stochastically to the limited information. Hence, we derive the probability of a node state transition under stochastic behavior.
We first consider the condition determining the probability
of system state transition X → X on the basis of MCMC,
and then derive the probability of node i’s state transition
xi → xi according to the condition.
According to MCMC, X in a Markov chain generated
by state transition probability P(X |X) follows a stationary
distribution P(X) if P(X |X) satisfies the condition
P(X |X) P(X) = P(X|X ) P(X ),

(2)

and the ergodic condition, that is, the probabilities of
Markov chains with arbitrary length more than a certain
value moving from one system state to any of the other system states are larger than 0.
Next, we derive probability T i (xi → xi ) of node i’s
state transition xi → xi according to the condition (2). We
give X = (x1 , ..., xN ) where xi  xi and x j = xj , and
the stationary distribution P(X) by exponential form (i.e.,
P(X) = Ae−λ M(X) where λ > 0). By using P(X) = Ae−λ M(X) ,
Eq. (2) is rewritten by
P(X |X)

= e−λ (M(X )−M(X))
P(X|X )

T i (xi → xi )

= e−λ j∈χi (mi j (xi ,x j )−mi j (xi ,x j ))

T i (xi → xi )


= e−λ ΔMi (xi →xi )

e−α λ ΔMi (xi →xi )
= (1−α) λ ΔM (x →x )
i i
i
e
1 −α λ ΔMi (xi →xi )
|a x | e
= 1 i −(1−α) λ ΔM (x →x ) .
i i
i
|a x | e
i

(3)
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In the process of deriving Eq. (3), we conventionally replace
2λ with λ, introduce parameter α (0 < α < 0.5), and use the
relation ΔMi (xi → xi ) = −ΔMi (xi → xi ).
We finally obtain node state transition probability
T i (xi → xi ), as follows
⎧ 1

⎪
⎪
⎪
e−α λ ΔMi (xi →xi )
⎪
⎪
⎪
|a
|
xi
⎪
⎪
⎪
⎪
if ΔMi (xi → xi ) < 0
⎨

T i (xi → xi ) = ⎪
.
⎪
1 −(1−α)λ ΔMi (xi →xi )
⎪
⎪
⎪
e
⎪
⎪
⎪
|a |
⎪
⎪
⎩ xi
otherwise

(4)

According to Eq. (4), as λ approaches 0, our ADC proposal more closely resembles simple random control with
T i (xi → xi ) = 1/|a xi |. We assume that each node uses a
common value among all nodes as the value of λ. By using
Eq. (4), each node can change its state autonomously because T i (xi → xi ) depends on ΔMi (xi → xi ) instead of M.
To derive such a node state transition probability on the basis of MCMC, the following requirements are needed; (a) M
is defined by linear sum of mi j ’s, and (b) stationary distribution P(X) in designing by MCMC is given by the exponential form.
T i (xi → xi ) for α = 0 is the same as the state transition
probability used in the M-H algorithm [7]. The reason why
we use α > 0 is simple; in a large-scale network, information used in a control is frequently changed with the external
environment of the network. If we use α = 0 for controlling
a network, needless state transitions would occur so we set
α > 0. Although T i (xi → xi ) must have the ergodic condition to control the probability distribution, this is achieved if
all states are connected in the state transition graph.
To use our ADC proposal, nodes have to fulfill the following restrictions; (a) nodes can gather local information
to calculate ΔMi (xi → xi ), (b) nodes can calculate Eq. (4),
and (c) nodes can change its state according to probability
T i (xi → xi ) given by Eq. (4).
2.3 Global Property
2.3.1 Controllability of Probability Distribution of System
Performance Variable
To show that the designed node action can indirectly control
the probability distribution of system performance variable
M, we derive probability distribution P(M) of system performance variable M with node state transition probability
T i (xi → xi ). To obtain T i (xi → xi ) in the previous section,
we give P(X) with the exponential form Ae−λ M(X) . With
this form, system states with the same value of system performance variable M occur with the same probability, and
cannot be distinguished. Hence, by summing probabilities
P(X) with the same M(X), P(M) is given by
P(M) = 

1
G(M) e−λ M
= G(M) e−λ M ,
−λ
Y
Z
Y∈Ω M G(Y) e

(5)

where G(M) is the number of system states with system performance variable M; it is called system state density distribution. Z is the normalization constant for a given λ, and Ω M
is the set of all possible M. Z represents a kind of momentgenerating function of M. According to Eq. (5), we can confirm that the node action can indirectly control the probability distribution of performance system variable M. If λ = 0,
P(M) is simply proportional to G(M). As λ increases, P(M)
is shifted by e−λ M . Therefore, the node action can indirectly
control P(M) for a given λ.
The indirect control of M by our ADC node action is
achieved when the system state must become steady state
where M follows Boltzmann distribution. The time required
for becoming the steady state is determined by (a) the execution count of the node action required for becoming the
steady state, and (b) the computation time of the node action. Since the execution count depends on several factors (e.g., N, G(M), and λ), we do not estimate its exact
value. However, the execution count is not unrealistically
too large. This is explained as follows. The steady state is
transited slowly, so the execution count to adapt to next
steady state would be small. The computation time of the
node action highly depends on the computational complexity required for calculating Eq. (4). In the node action, each
node calculates Eq. (4), |ak | times. Since the computational
complexity of Eq. (4) is given by the order of |χi |, the computational complexity of the node action is given by |ak | |χi |.
Since actual networks are sparse, |χi | is too small if the network is large scale. We can set |ak | to small value while ak
fulfills the condition that all states are connected in the state
transition graph. Hence, the computational complexity of
the node action is not too unrealistically large, so the node
action has high scalability for N.
In statistical mechanics, the probability distribution
given by Eq. (5) is called Boltzmann distribution, which is a
well-understood distribution. Statistical mechanics is often
used to analyze the global properties of a thermodynamic
system around the most frequent point M ∗ of Boltzmann
distribution. Such an analysis is valid if N is suﬃciently
large because the property of states around M ∗ becomes
more dominant as N increases, see Sect. 2.3.2. In what follows, through analysis based on statistical mechanics, we
will clarify the global property of our ADC proposal in a
large-scale network.
We first introduce F(M) := M − 1/λ log G(M), which
is called Helmholtz free energy in statistical mechanics. By
substituting F(M) into Eq. (5), P(M) is deformed by
1 log G(M)−λ M 1 −λ (M− 1 log G(M))
λ
e
= e
Z
Z
1
= e−λ F(M) .
Z

P(M) =

(6)

F(M) is an important state quantity for understanding a
thermodynamic system because the most frequent point,
M ∗ , of Boltzmann distribution can be derived by solving
dF(M)/dM = 0 where it is assumed that G(M) can be modeled as a function of class C 2 . This assumption would be
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μ0 =



M

G(M)

M∈Ω M

σ20 =



M∈Ω M

Fig. 2 Convergence of G(M) from a discrete function to a continuous
function (1  s1  s2 ).

valid in a large-scale system because discrete intervals between pairs of consecutive M in Ω M are very smaller than
the width of P(M), see Fig. 2. By solving dF(M)/dM = 0,
M ∗ satisfies the condition

∂
log G(M) M=M∗ = λ.
(7)
∂M
To analyze the global property of an ADC scheme
around M ∗ , we convert F(M) to a Taylor series at M ∗ . The
Taylor series of F(M) at M ∗ is given by
F(M) = F(M ∗ )
∞


1 dk

log
G(M)
k ,
−
M=M ∗ M
k! λ dM k
k=2

(8)

where  M := M − M ∗ . Because M is generally a monotonically increasing function of N, the derivatives of log G(M)
for k ≥ 3 decrease more quickly than that for k = 2 as N
increases. Hence, in a large-scale network, F(M) can be
approximated by

1 d2

log
G(M)
2 .
(9)
F(M) F(M ∗ ) −
M=M ∗ M
2 λ dM 2
Let μ and σ be the average and the standard variance of M,
respectively. By substituting Eq. (9) into Z, μ and σ are
given by
d
log Z M ∗ ,
dλ
d2
dM ∗
= CM.
log
Z
−
σ2 =
dλ
d λ2

μ=−

(10)
(11)

By substituting Eq. (9) into G(M) = eλ(M−F(M)) , G(M) is approximately given by
G(M)

√

(M−M ∗ −λ C M )2
|Ω̂|
e− 2C M
,
2πC M

(12)


∗
where |Ω̂| = M∈ΩM G(M) = Zeλ(M +λ C M /2) . Ω̂ is the subset
of Ω. If λ is large, a Markov chain of M is limited in the
subset of system state space Ω because state transitions with
ΔMi > 0 rarely occur by our ADC proposal. Hence, as λ increases, Ω shrinks to Ω̂. Since |Ω̂| decreases as λ increases,
Z should exponentially decrease against the exponential in∗
crease in eλ(M +λ C M /2) .
We denote the average and the standard variance of M
at λ = 0 by μ0 and σ0 , respectively. Since P(M) ∝ G(M)
when λ = 0, μ0 and σ0 are given by

M2

|Ω̂|
G(M)
|Ω̂|

M ∗ + λC M ,

(13)

CM.

(14)

− μ20

Equation (13) also shows that the our ADC proposal
can control system performance variable M by parameter λ
of the node action since M ∗ = μ0 − λ C M and C M > 0. Our
analyses based on statistical mechanics also confirm the effectiveness of the node action of our ADC proposal. However, to obtain this conclusion, we assumed that the network
has numerous nodes. Hence, if N is small, the conclusion
may be not valid. In Sect. 4, we will confirm that the conclusion is valid when using relatively-small N.
2.3.2 Variation of System Performance Variable M
In our ADC proposal, system performance variable M behaves stochastically due to the probabilistic node action.
The variation of M is related to system stability and quality. Hence, we should understand how M fluctuates when
the system uses our ADC proposal.
In this section, we discuss the coeﬃcient of variation of
M instead of the variance of M because the scale of the variation of M should increase as the average of M increases. In
the previous section, we showed that the average and
√ the
variance of M are approximately given by M ∗ and C M ,
respectively. According to√these results, the coeﬃcient of
variation√of M is given by C M /M ∗ . According to Eq. (1),
Since
M ∗ and C M simultaneously increase as N increases. √
∗
∗
/dλ,
the
scale
for
M
exceeds
that
for
CM.
C M = −dM
√
Hence, C M /M ∗ decreases as N increases. Therefore, in a
large-scale network with our ADC proposal, the variation of
M should be insignificant.
This variation in the property of our ADC proposal
is also observed in a thermodynamic system. A thermodynamic system is a large-scale system, and state quantities (e.g., energy) in the thermodynamic system remain
roughly constant with a value that corresponds to its most
frequent value. Hence, in a thermodynamic system, the
property for the most frequent value is dominant.
2.3.3 Adjustability of Strengths of Node Concentration
and Node Distribution
Another notable feature of our ADC proposal is that single
parameter λ controls the strengths of both node concentration and node distribution. Node concentration encourages
strongly interacting nodes to take the same state. On the
contrary, node distribution encourages each state to be assigned to the same number of nodes.
For controlling the node concentration and the node
distribution, we use the following performance variable
mi j (xi , x j ), which is given by
mi j (xi , x j ) = ri j di j (xi , x j ),

(15)

where ri j is the interaction force between nodes i and j, and
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d(xi , x j ) is a function of the distance between states xi and
x j . If xi = x j , d(xi , x j ) returns the smallest positive value
than that for xi  x j . When λ is large, a small M frequently
occurs in our ADC proposal. To realize a small M, mi j must
be small. Hence, if λ is large, nodes with a large ri j prefer
to take the minimum d(xi , x j ) (i.e., xi = x j ). Therefore, by
changing λ, our ADC proposal can control the strength of
the node concentration.
How does our ADC proposal control the strengths of
node concentration and node distribution, simultaneously?
Since weak node concentration corresponds to strong node
distribution, our ADC proposal can adjust strengths of both
node concentration and node distribution by a single parameter λ. In what follows, we explain the correspondence between node concentration and node distribution in a discussion of the global property of our ADC proposal around M ∗ .
In the previous section, we explained that our ADC
proposal encourages system states to take small F(M).
Hence, we also discuss the correspondence between node
concentration and node distribution from the viewpoint
of F(M). By substituting Eq. (12) to F(M) := M −
1/λ log G(M), F(M) is approximately given by
F(M)

M ∗ + μ0
2

|Ω̂|
1
(M − M ∗ )2
−
−
.
log √
λ
2C M
2πC M

(16)

To discuss the average behavior of our ADC proposal, we
derive the average of F(M). From the above approximated
F(M), the average μF of F(M) is approximately given by
√
2πe C M
M ∗ + μ0 1
+ log
μF
.
(17)
2
λ
|Ω̂|
System states with small F(M) readily occur, but there is a
trade-oﬀ between the first term and second term’s logarithm
in Eq. (17) since M ∗ and 1/|Ω̂| cannot become small, simultaneously. If M ∗ is small, node concentration is favored, and
node movement is limited to a few states. Hence, when M ∗
is small, 1/|Ω̂| is large. The balance realized between first
term and second term’s logarithm is determined by λ. If λ is
large, the first term is small (i.e., the node concentration is
strong) since the weight 1/λ of the second term is relatively
small. On the contrary, if λ is small, the second term’s logarithm is small (i.e., |Ω̂| is large). A large |Ω̂| corresponds
to strong node distribution, see Appendix. Therefore, by
changing λ, our ADC proposal can adjust strengths of both
node concentration and node distribution.
2.4 Multi-Timescale Control Scheme
A control scheme that can support a large-scale and widearea network must satisfy what requirements? First, since
the environment surrounding such a network will change
frequently, the scheme should be highly responsive. That
is, it should quickly respond to environmental fluctuations.
System managers want to control the entire network as well

Fig. 3

Multi-timescale control scheme.

as small-scale networks, so the scheme should also oﬀer
controllability, that is the ability to manage the entire network according to the system manager’s goals (e.g., adjusting a measurement to a given target value). To realize responsiveness and controllability, we consider a multitimescale scheme based on the control framework [3].
The multi-timescale scheme for network control is
shown in Fig. 3. In the scheme, multiple sub-schemes work
at microscopic and macroscopic timescales. At a microscopic timescale, each node uses our ADC scheme. Thus
each node gathers local information, and then adjusts its
state according to the data. Hence, the multi-timescale
scheme can realize responsiveness. At a macroscopic
timescale, the entire network is controlled by a macroscopic sub-scheme set by the system manager. The macroscopic sub-scheme imposes the system manager’s goals on
all nodes through control parameter λ of our ADC scheme.
By using Eq. (4) and λ, node i directly adjusts its state xi
and mi j (xi , x j ) where j ∈ χi . In Fig. 3, nodes i, j, and k perform direct control. Through the direct control of mi j (xi , x j )
by nodes, system performance variable M is indirectly controlled. The macroscopic sub-scheme measures the average
values of mi j (xi , x j ) for all pairs of (i, j) on a macroscopic
timescale, and calculates the average of M. The system
manager confirms whether the average of M suits the intended goal. If it does not, the system manager reconfigures
λ using an existing network management method.
The most important challenge for realizing the multitimescale scheme is how to design an ADC scheme to be
able to oﬀer controllability to the system manager of the
networks. The main contribution of this paper lies in solving
this challenge. To solve the challenge, we apply MCMC to
design an ADC scheme in this paper. In the proposed ADC
scheme, nodes indirectly control system performance variable M in accordance with λ. Hence, by using ADC based
on MCMC, the system manager can adjust the average of M
through λ.
3. Application to Traﬃc-Aware Virtual Machine Placement with Load Balancing
We apply our ADC proposal to traﬃc-aware placement of
VMs in a DCN. In a DCN, the distribution of traﬃc rates
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between VMs is usually uneven [11]. Hence, for better network performance, a DCN controller should perform traﬃcaware VM placement in which VMs communicating with
a high traﬃc rate should be sited in neighboring of physical machines (PM). However, such traﬃc-aware VM placement would lead to concentrating VM loads on a few PMs,
and thus degrade their computing performance. Hence, load
balancing between PMs should be performed together with
traﬃc-aware VM placement. Since strengths of both traﬃcaware placement and load balancing should be adjusted according to a given system design policy, we introduce an
ADC that adjusts strengths of both traﬃc-aware placement
and load balancing by using the node action designed in
Sect. 2. Our ADC proposal implements traﬃc-aware placement control in an autonomous decentralized manner, and
so has higher reliability than the scheme of [11].

Fig. 4

Table 1

Network topologies and state transition graph.

Topological feature quantities (i.e., μT , σT , μD , and σD ).

3.1 Formulate VM Placement Problem
We formulate the VM placement problem on the basis of
the system model explained in Sect. 2.1. Nodes and states
in the system model correspond to VMs and PMs, respectively. Node concentration and node distribution correspond
to traﬃc-aware placement and load balancing, respectively.
As system performance variable M(X), we use the
traﬃc-cost product sum, which is also used in [11]. According to [11], ri j and d(xi x j ) in Eq. (15) are the traﬃc rate
between VMs i and j, and the communication cost (e.g., the
number of hops in the shortest path) between PMs xi and x j ,
respectively.
Each VM collects its traﬃc rates to communicating
VMs and communication cost to adjacency PMs in the state
transition graph, and calculates ΔMi and transition probability T i to control its own migration.
As the metric for the load balancing, we use PM load
variance Var[ρ] (ρ = (ρ1 , ..., ρNS )), which is defined by
Var[ρ] =

1 
(ρl − E[ρ])2 ,
NS l=1

(18)


where ρl = i∈φl ρ(VM)
and ρ(VM)
is VM i’s load. ρT is the
i
i
PM load average, which is given by
E[ρ] =

NS
1 
ρl .
NS l=1

(19)

4. Experiment
4.1 Experiment Model
The performance of our ADC proposal depends on G(M)
because G(M) determines the global property of our ADC
proposal. According to Eq. (12),
√ G(M) strongly depends on
μ0 = M ∗ + λC M and σ0 = C M . Specifically, σ0 depends
on σT and σD , which are the standard variances of traﬃc
rates and communication costs, respectively. σD is set when

Tree
Fat-tree
Full-mesh

μT
114.9
114.9
114.9

σT
31.6
31.6
31.6

μD
0.44
0.44
0.44

σD
0.19
0.15
0.11

designing the network topology of a DCN. Hence, the network topology design is related to achieving the desired performance of our ADC proposal. Therefore, we investigate
the relation between network topology and the performance
of our ADC proposal.
Diﬀerent network topologies have diﬀerent path redundancies and installation costs (i.e., number of network
links). The network topology used in a DCN is determined by considering the trade-oﬀ between path redundancy
and installation costs. This paper examines three topologies (tree, fat-tree, and full-mesh) with diﬀerent levels of
path redundancy. It investigates how the trade-oﬀ relates to
the performance of our ADC proposal.
Figures 4(a) through (c) show tree topology, fat-tree
topology, and full-mesh topology, respectively. Tree topology and fat-tree topology are the same as used in [11]. To
give the state transition graph in the system model, we separate the set of PMs into 4 groups, and allow VM migration only between PMs in the state transition graph shown
in Fig. 4(d). Figure 4(d) omits some edges for ease of viewing.
Table 1 shows statistics (i.e., μT , σT , μD , and σD ) for
the three topologies. We define the communication cost between PMs as the sum of link costs on the shortest path
between PMs. As an exception, we set the internal communication cost within a PM to the smallest positive value.
When the two communicating VMs i and j are assigned in
the same PM, d(xi , x j ) is the smallest communication cost.
We set the link cost of each network topology in such a way
that all network topologies have the same average communication cost. The diﬀerences in the standard deviations of
communication costs, σD ’s, among the network topologies
aﬀect G(M) and the performance of our ADC proposal.
Regardless of network topology, we use the following
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Table 2

Parameter configuration.

number of states (PMs), NS
number of VMs, N
average number of high traﬃc VMs, NH
internal cost in a PM
link cost of tree topology
link cost of fat-tree topology
link cost of full-mesh topology
high traﬃc rate T H
low traﬃc rate T L
VM load ρ(V M)
control parameter α
simulation time

16
160
10
0.0001 [s]
0.1[s]
0.085[s]
0.47[s]
10 [Mbit/s]
0.1 [Mbit/s]
1
0.1
1,000,000 [s]

rule for generating traﬃc rates. Each VM communicates
with a randomly-chosen NH (average) VMs with high traﬃc
rate T H , and other VMs with low traﬃc rate T L . The same
rule for generating traﬃc rates allows us to focus on the impact of network topology on the performance of our ADC
proposal.
At the start of each simulation run, we place N VMs
in a randomly-chosen PM. At each simulation time unit, a
VM uses the node action to determine if it should migrate
to another PM. We perform 200 simulations for diﬀerent
random number sequences under the same parameter setting, and calculate the average and confidence interval for
the same parameter setting.
The other parameters are set to the values shown in Table 2. We examine a small-scale system with N = 160 due
to the computational limits. However, since the statistical
approximation used in Sect. 2 works more eﬀective as N increases, in principle, the results obtained in this simulation
would also be valid for large-scale networks. However, for
practical reasons, we should clarify how scale our ADC proposal is eﬀective. We will confirm that our ADC proposal
is eﬀective for the network with N = 160. This confirmation would indicate the eﬀectiveness of our ADC proposal
for the networks with N ≥ 160.
4.2 Controllability of Probability Distribution of System
Performance Variable M
First, we visually confirm that our ADC proposal can control probability distribution P(M) from the results simulation experiments.
Figures 5(a) through (c) plot probability distribution
P(M) when we use tree topology, fat-tree topology, and fullmesh topology. Section 2.3.1 explained that the average of
system performance variable, M ∗ , decreases as λ increases
in our ADC proposal. According to these figures, the simulation results do not contradict the explanation in Sect. 2.3.1,
and the sensitivity of λ on M ∗ depends on network topology. In what follows, we investigate the diﬀerence among
the network topologies.
4.3 Eﬀectiveness of Traﬃc-Aware VM Placement Control
with Load Balancing
Figures 6 and 7 plot averages of traﬃc-cost product sum

Fig. 5

Fig. 6

Fig. 7

Probability distribution P(M).

Average of traﬃc-cost product sum M.

Average of PM load variance Var[ρ].

M and PM load variance Var[ρ] for diﬀerent values of control parameter λ, respectively. Our ADC proposal more
closely resembles simple random control as λ approaches
0. Hence, the results for a small λ are representative of the
results for randomly placing VMs. From these figures, our
ADC proposal can adjust strengths of both traﬃc-aware VM
placement and load balancing by changing single parameter
λ. The averages of M for fat-tree and full-mesh topologies drastically decrease at a certain λ; we call this phenomenon phase transition. The phase transition is caused
by the shrinkage of the system state space Ω to Ω̂. Figure 8 plots the average of the number of PMs having VMs,
N̂S . Since |Ω̂| can be estimated by N̂SN , decreasing |Ω̂| (i.e.,
shrinkage of Ω) is confirmed by decreasing N̂S . Figure 8
shows that N̂S for fat-tree and full-mesh topologies more
strongly decreases at a certain λ. This phenomenon corre-
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Fig. 8

Average of the number of PMs having VMs, NS .

Fig. 11
σn .
Fig. 9

Fig. 10

Traﬃc-cost product sum vs. PM load variance.

Standard deviation (STD) of traﬃc-cost product sum M.

sponds to the above-mentioned phase transition.
For a more detailed discussion, we investigate the average of traﬃc-cost product sum M vs. the average of PM load
variance Var[ρ], see Fig. 9. In this figure, confidence intervals are not shown because we repeat the simulation over
200 times until they are suﬃciently small. Since small M
and Var[ρ] are desired, a line closer to the origin is higher
eﬃcient in term of the trade-oﬀ between traﬃc-aware VM
placement and load balancing. From Fig. 9, the trade-oﬀ improves with larger values of the standard deviation of communication cost, σD .
Therefore, our ADC proposal is highly eﬃcient if the
network topology has large standard variance σD (i.e., low
path redundancy).
4.4 Variance of System Performance Variable M
We next investigate this variance since it impacts system stability. Figure 10 plots the standard deviation of M obtained
from a simulation.
The standard deviation of a network topology with a
smaller standard variance of communication cost, σD , is
larger, except for a few results (i.e., the results with λ = 0.05
and 0.06). This can be explained as follow. First, the standard deviation of P(M) equals that of G(M). In the exper-

Probability distribution P(M) for diﬀerent fluctuation strengths

iment setting, the standard variance σD mainly aﬀects the
standard deviation of G(M). Since the shrinkage of system
state space |Ω| shown in Fig. 8 also aﬀects it, the inverted
relationship occurs in λ = 0.05 and 0.06. However, the inverted relationship is a fairly minor result.
Therefore, the network topology with our ADC proposal and a small standard variance σD (i.e., high path redundancy) has good stability. However, since high path redundancy does not provide a good trade-oﬀ between traﬃcaware VM placement and load balancing, the network topology used in a DCN should be selected according to the performance desired.
In Fig. 10, to confirm √
the validity of the approximation
in Section 2, we also plot Cm , which is calculated from
dM ∗
dλ

M ∗ (λ + λ ) − M ∗ (λ − λ )
,
2 λ

(20)

√
where λ = 0.001. In Fig. 10, the curves of C M overlap
with those of the standard deviation of M. Figure 10 allows us to confirm the validity of the approximation since
the standard deviations of M coincide with C M .
4.5 Robustness against Fluctuation in the System
Our ADC proposal will have the robustness against fluctuation in a system since we design its probabilistic node action
to absorb the fluctuation. Hence, we will confirm here the
robustness of our ADC proposal against fluctuations in traffic rates and VM loads.
To investigate the robustness, we generate noises
around initial value initval for traﬃc rates ri j and VM loads
ρ(VM)
. The noises follow normal distribution N(0, initval σn )
i
where σn is fluctuation strength.
Figures 11(a) and (c) plot probability distribution P(M)
with λ = 0.01, 0.05 and 0.1 for diﬀerent σn values when using the tree topology. Although we discuss here only with
tree topology, we also have confirmed the validity for other
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topologies and other λ. From this figure, our ADC proposal
maintains the probability distribution regardless of fluctuation strength σn . Hence, our ADC proposal has the robustness against fluctuation.
4.6 Centralized Control versus Our ADC Proposal
Finally, we compare our control against a centralized control, which collects information from the whole system and
then sets the system state so as to optimize performance.
Our comparison objective is to clarify the side eﬀect of our
ADC proposal. In ADC, each node controls its state by
using only local information. On the contrary, in centralized control, the management node controls the system state
by using full information of the entire network. Hence, in
static situation where information is time invariant, centralized control would be higher performance than the proposed
ADC. In this section, we investigate how the proposed ADC
is lower performance than centralized control.
We examine just centralized control with clustering to
simply investigate the performance diﬀerence. The centralized control first tries to assign VMs with high traﬃc rates
to the same cluster, and clusters to PMs such that each PM
has an equal number of VMs. As the number of clusters
increases, it becomes easy to perform load balancing but it
becomes diﬃcult to perform traﬃc-aware VM placement.
Hence, by changing the number of clusters, NC , the centralized control can adjust the balance between traﬃc-aware
VM placement and load balancing.
We summarize below the procedures of the centralized
control with clustering.
1. Input the target number of clusters, NC .
2. Collect traﬃc rates for all pairs of VMs.
3. Make initial clusters for each VM. Cluster i corresponds to VM i, and the edge weight wi j between clusters i and j is given by ri j . If ri j = 0, the edge between
clusters i and j does not exist.
4. Select the edge with maximum weight. We assume that
clusters i and j are connected by the maximum edge.
5. Merge clusters i and j to cluster k, and set edge weights
wk l between the merged cluster k and other clusters l by
wk l = (wi l + w j l )/2.
6. Repeat 4) through 5) until the number of clusters becomes NC .
7. Assign the NC clusters to PMs. Namely, we assign the
x-th cluster to the y-th PM where y = (x−1 mod NS )+1.
Figure 12 plots an example of the procedures of the
centralized control with clustering. In this figure, circles and
dashed ellipses correspond to VMs (i.e., VM a, b, c, d, and
e) and clusters, respectively. We do not draw links that have
weight 0.
Figure 13 shows the average of traﬃc-cost product sum
M ∗ vs. the average of PM load variance Var[ρ] for our ADC
proposal and the centralized control when using the tree
topology. From this figure, if M ∗ is small, our ADC proposal
has almost the same performance as the centralized control.

Fig. 12 An example of the procedures of centralized control with clustering (NC = 2).

Fig. 13 Traﬃc-cost product sum vs. PM load variance of our ADC proposal and the centralized control.

This is because that our control yields, in eﬀect, simple random VM placement, as traﬃc concentration is weak.
The performance diﬀerence between our ADC proposal and the centralized control would become small in
a large-scale network since the load balancing with simple
random VM placement works more eﬃciently as the number of nodes increases. However, in dynamic environment,
the performance of centralized control is suspect because of
the limitation of the gathering information by a node. Therefore, we should compare the performances in a large-scale
system with state information fluctuation in a future work.
5. Related Work
There are many centralized control schemes [11]–[14]. The
centralized VM placement control in [11] performs traﬃc
concentration in a DCN by using the traﬃc rates between
VMs and network costs between PMs. The centralized resource management control of [14] assigns jobs to servers
in a data center according to job size and server capacity.
These centralized controls need to gather information from
the whole system, and so they cover much smaller-scale networks than our targets.
Several ADCs have been proposed in [10], [15]–[20].
In [19], [20], ADC schemes are designed on the basis of biologically inspired engineering. Unlike such a bio-inspired
ADC schemes, our ADC proposal is able to oﬀer the controllability to the system manager of large-scale and widearea networks. In [15], decentralized control is realized
by decomposing the overall control problem into a set of
smaller subproblems. This scheme is scalable, but its application is limited to decomposable problems. The VM

SAKUMOTO et al.: AUTONOMOUS DECENTRALIZED CONTROL FOR INDIRECTLY CONTROLLING SYSTEM PERFORMANCE VARIABLE

2257

placement problem explained in this paper cannot be decomposed into a set of subproblems, and so we need another autonomous decentralized scheme of [15] for solving
the VM placement problem. In [10], [16]–[18], the ADCs
based on Markov approximation are proposed. The Markov
approximation is a method that approximates an optimization problem as a stochastically-optimized Markov chain.
This Markov chain is generated by using MCMC, and so
these controls using the Markov approximation are similar
to our ADC proposal. However, we focus on controlling
a system performance variable, while they control system
state. By controlling the system performance variable, it becomes easy to not only understand the system global properties, but also implement global control.
6. Conclusion and Future Work
In this paper, we introduced an ADC scheme for indirectly
controlling a system performance variable in large-scale and
wide-area networks. Our ADC proposal uses a node action
based on MCMC, and was investigated by analyses based
on statistical mechanics. The results showed that the node
action of our ADC proposal can (a) indirectly control a system performance variable, and (b) adjust the strengths of
two diﬀerent controls (i.e., node concentration and node distribution) with a single control parameter.
We applied our ADC proposal to design a traﬃc-aware
VM placement control with load balancing in a DCN. This
control can adjust strengths of both traﬃc-aware VM placement and load balancing by using a single control parameter.
Through simulation experiments, we clarified that (a) our
placement control is eﬀective several network topologies,
and (b) the network topology of a DCN should be selected
according to the performance requirements of the DCN
manager, because, in ADC, network topologies with low
path redundancy are better in term of eﬃciency but worse
in terms of stability. Moreover, we clarified the robustness
of our ADC proposal against system fluctuations, and compared the performance of our ADC proposal to that of a centralized control scheme using clustering.
Our future work is divided into two parts. In the first
part, we are planning to develop VM placement control for a
realistic environment as well as a realistic DCN model. This
paper focused on simple VM placement control, and so we
need to refine the designed VM placement control to make
it practical. After refining the VM placement control, we
will implement the VM placement control in a DCN, and
investigate the performance of our ADC proposal in a real
environment. In particular, we will clarify the computation
time of our ADC proposal. In the second part, we will investigate the eﬀectiveness of our ADC proposal under several
conditions. In particular, we will clarify the eﬀectiveness of
our ADC proposal compared with centralized control in a
dynamical environment. In the comparison, we should consider the eﬀect of the time spent on gathering the information explained in Sect. 1. Then, we will design an adaptive
control of λ by each node in a dynamic environment, and

clarify its eﬀectiveness. Moreover, we will investigate the
robustness against the fluctuations in the numbers of states
and nodes according to practical situation.
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Appendix: Correspondence between Large |Ω̂| and
Strong Node Distribution
We have used the correspondence between large |Ω̂| and
strong node distribution in Sect. 2 to show that our ADC
proposal can adjust the strengths of both node concentration
and node distribution.
To make the discussion explicit, we define |Ω̂| and the
variable for node distribution as follows.
• We approximate |Ω̂| by N̂SN where N̂S (1 ≤ N̂S ≤ NS )
is the number of states assigning nodes. When node
concentration is strongly emphasized, node transition
is limited to a few states (i.e., N̂S states). Hence, the
change in N̂S represents the change in |Ω̂|.
• We use variance Var[ρ] as a variable for node distribution where ρ = (ρ1 , ..., ρNS ) and ρk is the number of
nodes with state k. If all ρk ’s for each state are equal,
node distribution is ideal. Hence, small Var[ρ] values
are better for node distribution.
With the above definition, we confirm the correspondence between large N̂S and small Var[ρ] to show the correspondence between large |Ω̂| and strong node distribution.
When N̂S increases to N̂S (N̂S < N̂S ), |Ω̂| increases
from N̂SN to N̂SN . If the probability property (i.e., average and variance) of node loads is the same, ρk decreases
to N̂S /N̂S ρk because the number of nodes with a state decreases to N̂S /N̂S . Since Var[a X] = a2 Var[X], Var[ρ] decreases to
N̂S2
N̂S2

Var[ρ].

(A· 1)

From the above discussion, we can confirm the correspondence between large N̂S and small Var[ρ] (i.e., strong
node distribution).
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