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An adaptive strategy based on linear prediction of queue length to
minimize congestion in Barabasi—Albert scale-free networks*
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In this paper, we propose an adaptive strategy based on the linear prediction of queue length to minimize congestion in
Barabési—Albert (BA) scale-free networks. This strategy uses local knowledge of traffic conditions and allows nodes to be
able to self-coordinate their accepting probability to the incoming packets. We show that the strategy can delay remarkably
the onset of congestion and systems avoiding the congestion can benefit from hierarchical organization of accepting rates
of nodes. Furthermore, with the increase of prediction orders, we achieve larger values for the critical load together with a

smooth transition from free-flow to congestion.
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1. Introduction

Traffic flows in real complex systems such as the In-
ternet, the power grid, and transportation networks have re-
cently attracted a lot of attention.['-0! It is shown that the op-
timization of information or material flow on these systems
is a very important issue for ensuring their stability. More-
over, the structure of these complex systems can be efficiently
described by a graph*®l and typically shows a scale-free
distribution.!*! Therefore, it allows us to use modern complex
network theory!®”! together with tools inherited from statis-

10-12] to study the dynamical properties of such

tical physics!
complex systems, especially the realization of free traffic flow
on them.

In recent years, many investigations have tackled the

(13211 of pet-

critical properties of the congestion transition
works. These studies have focused on designing efficient rout-
ing strategies for providing short delivery times and avoiding
congestion. It has been shown that the network topologies and
the load of information on it have a great influence on the de-

13-16

sign of efficient routing strategies.! | Regarding the influ-

ence of network topologies, a number of routing mechanisms

14-16] and indicate

have been studied on different structures,
that homogeneous networks can bear more traffic because of
the absence of high betweenness nodes.!'” However, changing
the network topology is always expensive. Therefore, it is rea-
sonable to develop better routing strategies to enhance the net-
work capacity. Examples of such strategies are biased random
walks,['8] the shortest path,['>?%] the efficient path,>!! and so
on. These routing strategies can be conveniently reformulated

to incorporate information about the congestion state of nodes.
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In these strategies, congestion-aware schemes have been used
and allow dynamically changing the paths in order to bypass
those over-congested nodes. In addition to the design of ef-
ficient routing strategies, several strategies such as the imple-
mentation of cutting links between large-degree nodes?! and
packet-dropping mechanisms'®®! for avoiding the congestion
of single nodes have been also proposed recently. However,
the strategies proposed above usually originate from a static
perspective that the mechanisms to avoid congestion are static
(i.e., packets are suggested to be forwarded using fixed routing
strategies). As a matter of fact, the optimal routing policy de-
pends strongly on the state of congestion of the system.2+2]
Furthermore, the traffic between nodes is dynamic and the
topology of networks may evolve with time. Therefore, in
order to enhance the network capacity, it seems appropriate
to allow the nodes to use local knowledge of traffic conditions
and self-coordinates to avoid congestion under the instant traf-
fic conditions.

In this paper, we propose an adaptive strategy based on
linear prediction of queue length to minimize congestion in
Barabasi—Albert (BA) scale-free networks. In this strategy, we
allow nodes to be able to predict their queue length and use an
adaptive evolution function to decide whether or not to accept
packets that flow from their neighbors. The local knowledge
of traffic conditions and the ability for nodes to self-coordinate
their accepting probability to the incoming packets are em-
ployed in this strategy. We show that the strategy can delay
remarkably the onset of congestion and systems avoiding the
congestion can benefit from hierarchical organization of ac-
cepting rates of nodes. Furthermore, with the increase of pre-
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diction orders we achieve larger values for the critical load to-
gether with a smooth, second-order-like, transition from free-
flow to congestion.

2. Traffic model of the adaptive strategy

In this model, we consider the transfer of information
packets between adjacent nodes as a probabilistic event.[*6]
The probability for the packet to go from node i to its neigh-
bor j is written as p;; = 1/k;, where k; is the degree of node
i. When the packet arrives at its destination, the packet is
removed from the system. Here, we use a set of dynamic
equations for describing the queue length of nodes ¢} (i =
1,2,...,N) at time ¢, where N is the number of nodes in the
network. At each time step and with probability p, a new
packet is generated on node i with a randomly chosen desti-
nation. In each time step from ¢ to ¢ + 1, node i tries to send a
packet in its queue to any of its neighbors and the packet will
be accepted with probability A. If the packet is accepted by
a neighbor, it will be removed from the queue of node i. We
assume that all the nodes can store as many packets as needed
but can deliver a finite number of them at each time step. We
set this number to be 1 for simplicity.

At time ¢, the incoming flow of packets that arrive at the
queue of node i is

N
qgn = a’it Z e(qtj)Aﬁpﬁ’ ey
=

and the probability that a packet from node i is delivered to the
neighbors of node i is

N
Gour = Zl 2;0(qi)Aijpij, )

j=
where 0(x) is the Heaviside step function: 6(x) =1 ifx >0
and 6(x) = 0 otherwise; A;; is the element in the adjacency
matrix A which is defined as A;; = 1 if nodes i and j are con-
nected, and A;; = 0 otherwise. Following the above ingredi-
ents, we can easily write the time-discrete Markov chain of the

traffic model as

t+1

¢ =di+p+dy—dou 3)

The congestion will appear when the system is unable to
balance the incoming flow of new packets with a successful
delivery of old ones.['”-?’! Therefore, in order to avoid the con-
gested phasel!”l of a network, the Al should aim at operating
in the adverse case (which is called free-flow regimel!”! of a
network). To this aim, each node should choose its own ac-
cepting probability A/ and attempt to reach an optimal queue
length. For each node, it can store all the packets flowing from
its neighbors, and at the same time, with probability p, a new
packet is generated on it. Therefore, the optimal queue length

is set to be (1+ (k)) p, where (k) is the average degree, so that
the traffic is homogeneously distributed across the network.

Based on linear prediction of queue length, we propose
the adaptive evolution equations A/ for node i as

At =exp (—Bgt), C))

where f3 is the parameter that controls the velocity of adjusting

accepting probability, and § A’“

l+l

is the L-order predictive value

of g;
According to Eq. (4), the under-congested node (! o

0) will tend to total acceptance (l} o 1), whereas those con-

gested nodes (17! — +o0) will tend to total rejection (4! —

0). Here, A/ ™! is set to be 0.5 whenever ¢! = (1+ (k)) p for

=1In2/((1+ (k)) p). Based on the theory of

(281 g1 can be written as a linear combina-

generality, then 3
linear prediction,
tion of the previous queue length of node i,

Af+1 Zakql+l k7 (5)

t+1—k

where ay, are the predicting coefficients, and g; are the pre-

vious queue length of node i at time ¢ + 1 — k. If we obtain the

t+1

actual value of ¢;", the error between qi-“ and its predictive

value ¢ At“ can be calculated as
e(t) — qH—l At+1 t+1+2akqt+1 —k
1
— Za qt+l k7 (6)

where ag is set to be 1 for avoiding a trivial solution for
minimizing e(r). Then the Yule-Walker equations for cal-
culating the predicting coefficients can be written as Ra =
[1,0,...,0]T. The elements of R are r;; = R(i— j), where R
is the self-correlation of queue length of node i and defined
as R(m

that the fast Levinson recursion method®”! can be employed

=E{q}-¢.""}. The R is a symmetrical matrix, so
to calculate a.

3. Experiments

The structure of many real networks is far from being
purely random. Quite the contrary, they typically show a
scale-free (SF) distribution.[*>7-3%1 We start the simulations by
adopting the well-known Barabasi—Albert (BA) scale-free net-
work model.*!

This model is defined with two steps as follows.

Growth At the beginning, there are mj initial nodes. At
each time step, a new node is added into the network, and this
new node will connect to m (m < my) different nodes which
are already present in the network.

Preferential attachment Node i will link to the new

node with probability P(k;) = k;/ Z kj, where k; is the degree
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of node i. This model will generate a scale-free network with
t + mgo nodes and mt edges in ¢ steps, and the average degree
of the BA network is approximately 2m.

3.1. Phase transition

All nodes are assumed to be able to generate and deliver
packets. At each time step and with probability p, a new
packet is generated on a node with a randomly chosen des-
tination. When the packets arrive at their destination, they are
removed from the network. We are interested in the critical
value p. at which a phase transition takes places from free flow
to congested state. This critical value can best reflect the max-
imal capacity of a system handing its traffic. It is known!?!-3!]
that for p < p., the system is able to balance the numbers of

created and delivered packets. In this case, the sum of all the

N

values of queue length Q(¢) = ¥, ¢ fluctuates around a finite
i=1

value. For p > pe, traffic congestion occurs as Q(r) increases

with time. We use the following order parameter H!'” to mon-
itor the phase transition:

1 Qt+a) - Q1)

H(t)= 1
(1) = lim F—

7
At—o Np @

where H is in a range from O to 1, and N is the number of
nodes in the network. H = 0 means that the system is in the
free-flow phase, while H > 0 means that the system is in the
congested phase.

We generate a BA network with size N = 2000 and aver-
age degree (k) =4 for our tests. For the non-adaptive case, the
accepting probability is fixed to be 1, i.e., A = 1. In our strat-
egy, the accepting probability A/ is set automatically accord-
ing to the traffic state (the length of queue) of node i. Figure 1
shows the testing results. A set of values of prediction order
L are investigated. For clarity, we plot the results only for the
values of L =1,2,4,8,16.
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gy L=38
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O ¢ . . .
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p

Fig. 1. The order parameter H versus p for our strategy (for different
values of L) and random walks. All datum points are obtained by aver-
aging over 10 independent runs.

In our strategy, nodes can increase or decrease their own
accepting probability according to their own traffic states (the

length of their queues). This mechanism can redistribute the
flow of packets and improve the capacity of the whole net-
work. Therefore, as we can see from Fig. 1, the critical point
pc of our strategy is much larger than that of the non-adaptive
case. In our strategy, since a node decreases its accepting prob-
ability quickly with the increase of its queue length, the abrupt
phase transition from the free flow to the congested state oc-
curs. We increase L from 0O to 25, which is large enough to
investigate the phase transition of our strategy. We observe
that, the critical point p. increases slowly with L increasing,
and the transition curve becomes smooth. The limit of p. and
phase transition occur quickly.

3.2. Influence of prediction order on congestion

In this section, we investigate in detail the influence of L
on the critical point p. of our strategy. We define a coefficient
denoted by s, which measures the range from the point of p,
to the point when H arrives at 0.8. In this range, the transition
curves show a linear increase, and clear discrimination can be
seen between the curves for different L, as shown in Fig. 1.
The parameter s is used to show how smooth the curves of
H is. The testing BA network has size N = 2000 and aver-
age degree (k) = 4. Figure 2(a) shows the critical point p, as
a function of L. Figure 2(b) shows s as a function of L. As
shown in Fig. 2, for small L, p. and s increase quickly with
L increasing. However, the increment of the two parameters
decreases and is almost zero for large L. The reason is that al-
though larger L corresponds to more accurate predictive value
of the queue length, the increment of accuracy is limited for
each larger L. The testing results show that the small value of
L has already allowed us to obtain obvious improvement on p,
and smooth phase transition.

0.102
0.09
0.098
. 0.07
ISH 0
0.094 0.05
(a) b
0-090y 10 20 0.035 10 20
L L

Fig. 2. Influence of prediction orders. (a) The critical point p. as a
function of L; (b) the value of s as a function of L. All datum points are
obtained by averaging over 10° independent runs.

3.3. Distribution of accepting probability

To have a deeper insight into the microscopic configura-
tions that allow delaying the onset of congestion, we show in
Fig. 3 the distribution of average accepting rates (4 ), of nodes
with degree k as a function of degree of node. The testing BA
network has size N = 2000 and average degree (k) = 4. The
prediction order L = 8 is adopted here since obvious improve-
ment on p. and smooth phase transition have already been ob-
tained, as shown in Fig. 2. From Fig. 3 we can see that the
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correlation between (A), and degrees k is clear since all the
nodes within the same degree-class display similar accepting
rates. We observe that for p = 0.01 the system self-organizes
homogeneously around (1) = 0.6. However, as p increases,
the accepting rate of low-degree class increases, while node
with large degree starts to decrease their accepting rates pro-
gressively. The reason lies in that the hub nodes are usually
more important and bear more traffic load. With the increase
in p, low accepting probability for hub nodes can lead to the
redistribution of traffic loads along edges, which can enhance
the capacity of the whole network. We can see that a hier-
archical (degree-based) organization of the accepting rates is
strongly beneficial to avoiding the congestion of the system.
Nodes with larger degrees have lower accepting rates. In other
words, hub nodes in the network self-coordinate dynamically
with different accepting rates to avoid congestion, which re-
sults in a remarkable decrease of network congestion.
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Fig. 3. Distributions of average accepting rate (1), as a function of
node degree. All datum points are obtained by averaging over 10° in-
dependent runs.

3.4. Comparison between our method and other existing
methods

In the above tests of our method, packets are forwarded to
their destinations based on random walks. Hence, our method
is a complete local method that does not need to have the
knowledge of the network in advance. In this section, we com-
pare our method with two existing global routing strategies,
the efficient path strategy (EPS)?!! and the optimal path strat-
egy (OPS),1*?l in the performance of minimizing congestion.
To make fair comparisons, we revise our method by using the
global knowledge of shortest path, i.e., packets are forwarded
in preference on their shortest path to the destination and the
local adaptive strategy is used to avoid congestion at the same
time. In other words, if a packet from the current node is not
accepted by the following neighbor node on the shortest path,
the packet may be accepted by the other neighbor of the cur-
rent node. Then, the next hop of the packet is in preference on
the shortest path from the current neighbor node to the origi-
nal destination. The process runs until the packet arrives at the
original destination. In the tests, the number of data packets

that a node can forward to its neighbors in each time step is
assumed to be 1 for all the methods.

In EPS, for any path from node i to node j, as
i,X0,X1, - Xn, j, we havel?!]

n—1
L(P— j):B) =Y k(x;)P, 8)
i=0

where f is a tunable parameter, and k(x;) is the degree of node
x;. The efficient routing path between node i and node j cor-
responds to the route that makes the sum L a minimum. The
idea of the EPS is that in order to make the load distributed
evenly, packets should avoid the heavily linked nodes since
they are prone to be congested. Simulation results show that
the performance of minimizing congestion depends strongly
on f. Therefore, before using the method, one must calculate
the optimal f at first. Furthermore, the values of 3 usually are
different for different topology networks.

The OPS is a heuristic method which depends on finding
the exactly optimal betweenness Bj,,, for the efficient paths.
Finding B}

max 1S mathematically equivalent to solving the prob-

lem of minimizing the sparse vertex separator which has been

[33] Thus, it is generally hard

shown to be an NP-hard problem.
to find the exact solution of this problem within practical cal-
culation times. It is shown that a nearly-optimal solution for

B} .« is found by the OPS. Although a very small and nearly-

*
max

optimal limit value of B}, ,, is obtained, it takes a great many
steps for the convergence of Bmax (#) relative to the system size
by the algorithm. Therefore, this method has high computa-
tion cost.

Next, we investigate the average path length Ly, the av-
erage traveling time Ty, and the order parameter H for all
these methods. Prediction order L = 8 is adopted for our strat-
egy. In Fig. 4, we show the values of average path length L,y
as a function of the total number of nodes N for three strate-
gies. This figure shows that the values of Lyy. of our method
are smaller than those of OPS, but slightly larger than those of
EPS for the same sized network. Furthermore, we can observe
that in the range N € [100, 1000}, L ~ InN is maintained in our

method.

4.5

4.0 ° .

Lavc

3.5

3.0

2.54_ f
10° 10
N

Fig. 4. Average path length Ly, over 20 networks as a function of N for
(k) = 8, for the EPS (triangles), OPS (circles), and our strategy (squares).

In Fig. 5, we show the curves of average traveling time of
a packet T,y as a function of packet generation rate p. With
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small p, we can see that the value of T,,. for our strategy is
lower than that for OPS but higher than that for EPS. With the
increase of p, we observe that for our strategy, the p. where
Tave begins to increase intensely is larger than that for EPS but
smaller than that for OPS. Although the value 7y, of our strat-
egy is a little longer than that of EPS in the free-flow state,
our strategy is proper for the tolerance of congestion because
the Ty of our strategy is much shorter than that of EPS in the
congestion state.

30

20

Tave

10

0 0.1 0.2
p

Fig. 5. Average traveling time over 20 networks of a packet Ty as a
function of p for N = 500 and (k) = 8 for the EPS (triangles), OPS
(circles), and our strategy (squares).

In Fig. 6, we show curves of the order parameter H for the
EPS, OPS, and our strategy as a function of the packet gener-
ation rate p for the BA networks with (k) = 8 and N = 500.
From Fig. 6, we observe that the phase transition from free-
flow to congestion of our strategy is smoother than those of
the other two methods, and the order parameter H is larger
than that of EPS. Although OPS has the largest H in these
methods, it takes a great many iteration steps for the conver-
gence of Byax (¢) relative to the network size, which is highly
computational in practical applications.

0.2

T 0.1

0 0.1 0.2
p

Fig. 6. Order parameter H (averaged over 20 networks) versus p for the
EPS (triangles), OPS (circles), and our strategy (squares) with (k) =8
and N = 500.

4. Conclusions

In this paper, we propose an adaptive strategy to minimize
congestion in BA scale-free networks. This strategy is based
on linear-prediction of queue length. In the strategy, we allow
nodes to be able to change their accepting probability accord-
ing to their own queue length. The local knowledge of traf-
fic conditions and the ability for nodes to self-coordinate their

accepting probability to the incoming packets are used. In the
experiments, we obtain a variety of dynamical behaviours. We
analyse the phase transition of the strategy and show that our
strategy can delay remarkably the onset of congestion. Then,
the influence of prediction order on network congestion is in-
vestigated. We show that with the increase of prediction order
L, the curve of phase transition becomes smooth and the value
of critical point p. increases. We also investigate the distri-
bution of average accepting probability versus the degree of
node, and show that a hierarchical (degree-based) organization
of the accepting rates by the system is strongly beneficial for
avoiding the congestion of the system. Furthermore, we com-
pare our method with several existing methods in average path
length L,y., average traveling time Ty, and the order parame-
ter H. The experimental results clearly expose the advantages
and disadvantages of our method.
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