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ABSTRACT
Predicting network bandwidth of large systems based
on a few pairs of network nodes is essential to
overcome large measurement overhead over fullmesh active measurements. Recently, prediction
using low-rank matrix factorization has gained
attention. The algorithm is fully decentralized where
no explicit matrix constructions or special nodes such
as landmarks and central server is needed. Prediction
error and convergence to global minimum are two
major concerns of this type of algorithm. In this
paper, we propose to enhance low-rank matrix
factorization by Stochastic Gradient Descent (SGD)
initialized with Singular Value Decomposition
(SVD). Experimental results show enhanced
prediction error and convergence performance is
achieved through our approach.
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1.

INTRODUCTION

Available bandwidth between two nodes is the
maximum throughput that a flow between two
hosts can achieve in the presence of cross-traffic.
Data-intensive applications such as multimedia
streaming are directly impacted by the available
bandwidth. Heterogeneous network environment
ISBN: 978-0-9853483-6-6 ©2013 SDIWC

may cause streaming quality to vary
significantly, and hence, affect the overall
quality. This will lead to fluctuation of the clarity
of the multimedia content. The knowledge of
available bandwidth information can be used as
optimization parameter in the changing network
condition to deliver predictable results in order
to achieve good Quality-of-Service (QoS).
However, performing active probing between all
network nodes is expensive and incurs large
measurement overhead. Hence, it is imperative
to measure only a subset of the network nodes
for QoS support without having to probe every
network node.
This paper aims to present an enhanced
low-rank matrix factorization algorithm for
available
bandwidth
prediction
through
Stochastic Gradient Descent (SGD) initialized
with Singular Value Decomposition (SVD).
SGD is a fully decentralized consisting of only
vector operation. With its simplicity, each node
will equally probe the same number of nodes
known as neighbour nodes iteratively to update
distance measurement one at a time. In real
network environment, nodes join and leave a
network frequently and the measurements vary
over time. So, SGD is highly adaptive and
simple to implement in actual Internet
applications.
In this work, the low-rank matrix
factorization algorithm is initialized with
historical available bandwidth data to achieve
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better convergence to global minimum and
prediction error. Since SVD cannot handle
missing element in the available bandwidth
information, matrix row and column mean
normalization were applied on the missing
elements. The predicted distance matrix is
approximated by two smaller matrices. SVD
provides these two smaller matrices by
decomposing the matrix based on historical
bandwidth information.
In the following section, we summarize
some of related work in this research area.

implement as measurements can be acquired on
demand and processed locally at each node.
Furthermore, the update rules only involve
vector operations and are able to deal with largescale dynamic measurements. As far as we
know, DMFSGD algorithms had been
implemented and tested based on latency
information but is yet to be implemented and
tested on available bandwidth. Hence, this work
aims to enhance the algorithm and implement it
for the prediction of available bandwidth
information.

2.

3.

RELATED WORK

This section discusses the existing network
distance prediction approaches by focusing on
matrix factorization based approaches. These
approaches adopt either landmark-based or
decentralized-based methods. For landmarkbased methods, the network distances between
the landmark nodes are measured and ordinary
nodes only probe landmark nodes. In the
decentralized-based methods each network node
equally probes a number of other nodes known
as neighbour nodes. Matrix factorization was
first introduced in Internet Distance Estimation
Service (IDES) [1] for latency prediction. IDES
is a landmark-based matrix factorization method
where the algorithm predicts large number of
network distances from limited samples of
Internet measurements. Landmark-based system
often suffers from several drawbacks including
landmark node overload and failures. The
landmark selection is crucial as it can also affect
the accuracy of the prediction.
SGD is a method often used for online
machine learning [2]. Instead of collecting all
training samples, each epoch of SGD chooses
one random sample and updates the estimated
network distance along the negative gradients.
matrix
factorization
Decentralized-based
approach is adopted in Decentralized matrix
factorization by Stochastic Gradient Descent
(DMFSGD) [3] to perform network distance
prediction. The algorithm is fully decentralized
where each node exchanges messages with other
nodes and processes local measurement without
explicit matrix construction or landmark node. In
DMFSGD, the algorithm operates at each node
with measurement carried out one-by-one.
DMFSGD algorithm is efficient and simple to
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CONTRIBUTION

In this paper, we propose an algorithm named
SVD-SGD (SSGD) based on matrix factorization
by stochastic gradient descent (SGD) which
makes use of the network historical distances as
initialization to allow better convergence to
global minimum and improve prediction error.
4.

SSGD ALGORITHM

The SSGD algorithm is presented in this section.
Each network node is assumed to keep a set of
bandwidth information. In a changing network
condition, a random node will be selected at each
epoch to update the bandwidth information. The
missing elements in historical bandwidth
information can be estimated by mean
normalization as in function (1). The n nodes in
the network will form an n × n distance matrix
with some distances between nodes measured
and others unmeasured. The distance matrix D is
treated as a historicalnetw orkdistances. The
missing elements are replaced by mean
normalization using the following function
(1
,
)
= min
where , is the missing data from node i to
is the mean of row ith and
node j,
is the mean of jth column.
,

Details of the algorithm are listed as follows:
SSGDAlgorithm
1:
Input: D distance matrix
2:
Predict the missing element in D using
mean normalization function in (1)
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i)

3:

4:
5:

search zero elements in distance
matrix
ii)
replace zero with the minimum of
average of row and column vector
Execute SVD to obtain the two smaller
matrices X and Y
i)
decompose historical distance
matrix using SVD function in (2)
ii)
initialize X and Y based on i)
Node i retrieves incoming and outgoing
available bandwidth actively or passively
Perform SGD:
i)
select a random node at each
iteration
ii)
update xi and yi to minimize loss
function in (3)

SVD is implemented as the initialization
step to guarantee better convergence of the
algorithm. Generally, SVD decomposes a given
matrix D into three smaller matrices of the form
[4]
D = USVT
(2)
where U and V are unitary matrices, S is a
diagonal matrix with nonnegative real numbers
on the diagonal, which are called singular values.
This number is equal to the rank of D. To obtain
a low-rank factorization, only the r large singular
value in S are kept and the rest are replaced by
zero. These three smaller matrices are formed
into two smaller initialization matrices X and Y
in SGD. Le t Sr be the new S,
and
/
=
, the predicted distance matrix
= /
is then the optimal low-rank
=
approximation to D.
The goal of the above mentioned steps is
to approximate the network distance with two
smaller matrices by minimizing the regularized
loss function [3] given by
( , , ,
,

, )
,

(4)
,
=( − )
When SGD is used, each node measures
with respect to one neighbour at a time and
retrieves the node's coordinates. E achde i then
no negative
updates its coordinates along
the
gradient directions given by
(5)
= (1 − ) + ( −
)
) + ( −
=
(1 −
(6)
)
whereη is the learning rate which controls the
speed of the updates.
With the decomposition of the two
smaller matrices from the historical bandwidth
information by SVD, the algorithm is able to
enhance the convergence of SGD to global
minimum and improve prediction error.
5.

EVALUATION
DISCUSSIONS

RESULTS

AND

Evaluation setup
The algorithm is illustrated in Fig. 1.
Initialize historical dataset with missing
elements
Mean normalization
Compute full historical data
i. Initialization by SVD
ii. k random neighbours selection
Compute partial measured data
Matrix factorization by SGD

(3)
=

+

+

Compute full measured and predicted
distance
Figure 1: Overview of the algorithm flow

whereλ is the regularization coefficient to avoid
over-fitting, ωij is the weight representing 1 if dij
is measured and 0 otherwise, each row of X and
of Y is denoted by xiand yi and called x and
ycoordinates. The loss function, l is the most
commonly used square loss function,
ISBN: 978-0-9853483-6-6 ©2013 SDIWC

Input datasets are adopted from the Scube project [5], a project implemented with
scalable sensing service for real-time and
configurable monitoring and management
system for large networked systems. The
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against conventional SGD are presented in the
following section.
Results and discussions
The stress plots are shown below with
comparison of different ranks of approximation,
r regularization coefficients, λ and learning rates,
η for the available bandwidth dataset. The
number of neighbours selected, k is set to 32 in
this experiment and run on 100 iterations for
different parameter settings. Larger values of k
would improve the prediction accuracy.
1
0.9
0.8
0.7

Stress

available bandwidth dataset consists of
asymmetric measurement of 99 nodes with
11.23% of missing element. Mean normalization
is performed over the missing elements to
construct a full historical data. With this full
historical distance data, we are able to initialize
the two smaller matrices X and Y by SVD which
yields better initial position to converge to global
minimum. This results in getting better starting
point for convergence rather than random
initialization which requires more iterations of
the algorithm.
A random node is selected at each
iteration of the algorithm update the coordinates
along negative gradient. Finally, a full distance
matrix can be obtained with measured and
predicted bandwidth information. The relative
error of measured and predicted bandwidth
information are calculated based on the input
matrix and the full measured and predicted
distance matrix.
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Quality of the prediction algorithm is measured
by the cumulative distribution function (CDF) of
relative error for all pairs of hosts. The relative
error is defined as
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Figure 2: Stress of the algorithm embeddings with
different λ. η = 3x10-5, r = 10.

,

(6)
,
=
,
where Mx,y is the measured value and Px,y is the
predicted value. The CDF plots of relative errors
indicate better estimation performance the higher
the corresponding plot is.
The overall fitness of the embedding is
measured by stress, which is used to illustrate the
convergence of the algorithm, defined as follows

=0.01
=0.1
=1
=5

,
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0.7
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∑ ,

=

,

∑ ,

,

0.3

(7)

,

High variance in the available bandwidth
dataset is undesirable and will lead to low
convergence of the prediction algorithm. High
prediction errors are normally due to overestimated or under-estimated of the bandwidth
information. This should be avoided since it
affects the quality of AV delivery with poor
bandwidth responsiveness. Performance results
and discussions of the proposed SSGD algorithm
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Figure 3: Stress of the algorithm embeddings with
different η. λ = 3x10-5, r = 10.

205

higher r will render better result as shown in Fig.
4. Lower values of r require less matrix
operation as rows and columns indexed higher
than r are filled with zeros and this enable faster
computation of the algorithm.
It is evident from Fig. 5 and Fig. 6 that
using SVD as initialization over random
initialization improves the convergence and
prediction error. The parameters were set as λ =
1, η = 3x10-5, r = 10 and k = 32 based on earlier
tests to optimize the algorithm.
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Figure 4: Stress of the algorithm with different r. λ = 1, η =
3x10-5.
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The regularization coefficient, λ reduces
over-fitting in the algorithm and drift of the
coordinates. Besides, too large λ may lead to
over-fitting which introduced higher bias in the
estimate for dataset with high variance. We
experimented with λ = {0.01, 0.1, 1, 5}, η =
3x10-5 and r = 10. It is clear from Fig. 2 that λ =
1 shows better convergence. With λ being too
small (<1) poor convergence is experienced.
Thus, λ is set to 1 for the rest of the experiments.
The learning rate or often referred to as
step size affects the speed of convergence of the
algorithm. Too large value for η may also lead to
divergence in the algorithm. As shows in Fig. 3,
with η = 1x10-4 and η = 3x10-4, the algorithm
diverges after some iterations. There is no
optimum setting of this parameter but η = 3x10-5
is set in our tests since it shows best performance
for this dataset.
The rank-constraint in SVD affects the
performance of the algorithm by changing the
number of singular values, which represents the
approximation rank. The approximation rank, r
is set to 10 for the ease of comparison although
ISBN: 978-0-9853483-6-6 ©2013 SDIWC
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Figure 6: CDF of relative error for SGD and SSGD
algorithm.
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Figure 5: Detail view of stress of the algorithm with
different r. λ = 1, η = 3x10-5.
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Figure 7: Stress of the SSGD algorithm embeddings
compared to SGD after each iteration.

It is shown in Fig.5 the CDF of relative
error is improved when SVD initialization is
performed through stochastic gradient descent
(SGD) method using historical network distances
with approximately 95% of the predicted
bandwidth information having relative error of 0
to 1. Furthermore, convergence also shows
improvement via SSGD as shown in Fig. 6.
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To sum up, as indicated in Fig. 5 and Fig.
6, the proposed SSGD algorithm manages to
improve the convergence and prediction
performance by around 10% by initializing SGD
using historical bandwidth information. The
convergence of the algorithm also shows
improvement with approximately 50% compared
to SGD algorithm. SGD is affected by the setting
of parameters as presented in earlier discussion
for Fig. 2 to Fig. 4. There is no one optimum
setting of the parameters which is suitable for all
sizes of dataset.

6.

4.
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G. W. Stewart: On the early history of Singular
Value Decomposition. In:SIAM Review, pp 551566 (1992).
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management, pp 71-76, Pisa, Italy (Sept. 2006).

CONCLUSION

Predicting available bandwidth between a
transmitting and a receiving node in a large scale
network is crucial in delivering better QoS for
data intensive application such as multimedia
streaming. In this regard, mesh measurement is
computationally expensive and hence it is an
ongoing challenge for the research community to
predict the bandwidth information from a subset
of nodes. However, ensuring good convergence
of predicted values as well as achieving high
accuracy is challenging. In this paper, we have
proposed to enhance conventional matrix
factorization by SGD by the use of SVD where
each node maintains a set of historical data and
the matrix is decomposed into two smaller
matrices as pre-processing step. Convergence
and prediction accuracy of the proposed SSGD
algorithm are significantly improved with the
proposed enhancements. In the future, we are
going to investigate on the influence of variance
in dataset and the neighbour selection and run
the tests with larger dataset.
7.

REFERENCES

1.

Y. Mao, L. Saul, and J. M. Smith: IDES: An
Internet distance service for large networks. In:
IEEE Journal on Selected Areas in
Communications, vol.24, no. 12, pp. 22732284 (Dec. 2006).
L. Bottou: Online algorithms and stochastic
approximations. In: Online Learning
and
Neural Networks, D. Saad, Ed. Cambridge
University Press (1998).
Y. Liao, W. Du, P. Geurts, and G. Leduc:
DMFSGD: A decentralized matrix factorization
algorithm for network distance prediction. In:
IEEE/ACM Trans. on Networking (2012).

2.

3.

ISBN: 978-0-9853483-6-6 ©2013 SDIWC

207

