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ABSTRACT 
This paper describes a strategy on learning from time 
series data and on using learned model for forecasting. 
Time series forecasting, which analyzes and predicts a 
variable changing over time, has received much attention 
due to its use for forecasting stock prices, but it can also be 
used for pattern recognition and data mining. Our method 
for learning from time series data consists of detecting 
patterns within the data, describing the detected patterns, 
clustering the patterns, and creating a model to describe 
the data. It uses a change-point detection method to 
partition a time series into segments, each of the segments 
is then described by an autoregressive model. Then, it 
partitions all the segments into clusters, each of the 
clusters is considered as a state for a Markov model. It 
then creates the transitions between states in the Markov 
model based on the transitions between segments as the 
time series progressing. Our method for using the learned 
model for forecasting consists of indentifying current state, 
forecasting trends, and adapting to changes. It uses a 
moving window to monitor real-time data and creates an 
autoregressive model for the recently observed data, which 
is then matched to a state of the learned Markov model. 
Following the transitions of the model, it forecasts future 
trends. It also continues to monitor real-time data and 
makes corrections if necessary for adapting to changes. 
We implemented and successfully tested the methods for 
an application of load balancing on a parallel computing 
system.  
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1. Introduction 
 
The goal of learning is to record and analyze past 
observable data in order to build models that can be used 
to predict future events. In this paper, we describe a 
strategy on analyzing time series data in order to build a 
Markov model that can then be used for forecasting. A 
time series records a variable changing over time. The 
variable can represent stock price, temperature, or brain 
wave depending on the applications, such as stock market 
[5], pattern recognition [24], knowledge discovery [16], 

and speech recognition [15]. Although time series analysis 
has been well studied, in this paper, we combine varies 
methods to form a strategy that can be used for diversified 
applications.  
 As an example of application, we implemented and 
successfully tested our strategy for load balancing on a 
parallel computing system. Our system learned from past 
load data and created Markov models that are then used to 
predict future system loads. With this ability of 
forecasting, our load balancing method performed 35% 
better than random method and 34% better than round 
robin method.  
 Our strategy is a complete process for learning and 
forecasting. It consists of methods for learning from past 
data and methods for using the learned model for 
forecasting. The ability of forecasting requires that the 
time series data is not totally random. The assumption, 
which is not often made explicit, is that the time series 
data must have some regular or repeatable patterns. To 
find patterns within the data, we use a change-point 
detection method to partition a time series into segments. 
Then, we group similar segments together by clustering. 
Each group of similar segments is considered as a state for 
a Markov model. By tracing the time series progressing 
from one segment to another, we build the transition 
function for the Markov model.  
 The learned Markov model is then used for 
forecasting real-time events. To do that, we first must 
indentify the current state, which tells us where we are 
now. Following the learned Markov model, we find a path 
from current state to the most likely next state, which tells 
us where we should go next. Since the transition from one 
state to the next is based on probability, it is possible that 
we will make the wrong choice even though we always 
choose the highest probable next state. To address this 
problem, we continue to monitor real-time data to see 
whether we made the correct forecast. If we found that we 
have made a wrong move, we will indentify the correct 
current state and continue from there.   
 The remaining of this paper is organized as follows. 
Section 2 provides the background and outlines the related 
research. Section 3 describes our methods for learning 
from past data. Section 4 describes our methods for using 
learned model for forecasting. Section 5 provides an 
application example and shows the test results. And, 
Section 6 provides the conclusion and outlines the future 
research.  
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2. Related Research 
 
Time series forecasting analyzes and predicts a variable 
changing over time [2]. In general, a variable changing 
over time is denoted as y(t), where the value of y is a 
function of time t. In this case, time is continuous. The 
function y(t) can be plotted in a graph using the x-axis for 
time t. To facilitate the analysis by digital computers, time 
is often converted to discrete by taking a regular sampling. 
For the discrete case, a time series is represented as a 
sequence, Y = (y0, y1, y2, …). In this case, time is 
represented as an integer for the indexing and the sampling 
rate is not showed. This is one of the simplest cases of 
time series, where the change of y is only a function of 
time. There might have other factors causing y to change 
but those factors are not explicitly taking into account.  
 We can extend the one variable case of time series 
into a two variable case where one additional factor is 
taking into account. This extended time series is 
represented as a sequence of ordered pairs, W = ((x0, y0), 
(x1, y1), (x2, y2), …), where x represents an input factor, y 
represents the changing variable. In this case, y changes 
depending on the factor x and a discrete time that is 
represented here as the index. This type of time series have 
an advantage over the simple one variable case in that it 
can account for one additional factor and such is able to 
make better predictions. Learning from this extended time 
series is of course more difficult. The first author had 
created a learning system for the extended time series 
[4][3].  
 Learning from time series data [6] requires techniques 
for detecting patterns within the data. There have been 
many techniques for pattern recognition [19][23], all of 
these techniques have prior knowledge of the patterns that 
are to be recognized. Discovering patterns is entirely 
different problem where we have no prior knowledge of 
patterns that will occur in time series. A very complicated 
approach [21] was proposed for building hidden Markov 
model from time series data, where each state of the model 
represents one pattern in time series. The method defines a 
time series that is formed over a finite alphabet, was only 
tested on binary sequence. It, in its present form, is more 
relevant for finding patterns in Genome sequences and 
may not be applicable to other time series.  
 Self-organizing maps [11] were also used to discover 
patterns, a sliding window is used to segment the time 
series data and all the similar segments are clustered using 
the algorithm. As the time complexity of this technique is 
exponential, they proposed a method that reduces the 
dimensionality of the data using perceptually important 
points [11], which reduces dimension by compressing data 
and ignoring some of the changes in the time series.  
 Patterns can also be recognized using neural networks 
[10] working together with hidden Markov model [17], 
each state of the model represents a part of a pattern in the 
form of neural network. The method finds the best 
segmentation of time series by using expectation 
maximization algorithm together with Viterbi algorithm 
and the steps involved in finding the patterns using the 

technique makes it more complicated than what we are 
about to propose in this paper. The method uses 
complicated steps in finding the patterns and it tries to find 
the model that best fits the observed time series. 
 In this paper, we use our learning and forecasting 
strategy for load balancing by finding patterns in the past 
load data. Prediction of load using time series models of 
past load has not been extensively explored. Success has 
been reported by [1] and [12] to predict load, while [9] 
reported good prediction results from autoregressive 
models which were generated from past load data.  
 

 
Figure 1. Creating Markov Model from Time Series 

 
 
3. Learning from Past Data 
 
In this section, we describe our method for learning from 
past observable time series data. The method consists of 
four major steps as outlined in Figure 1. Taking past data, 
the first step uses a change-point detection method for 
detecting patterns within the data. Based on the detected 
change points, it partitions the time series into segments. 
The second step uses autoregressive model to describe 
each segment. The third step groups similar segments 
together by clustering method. Considering each of the 
group as one state, the fourth step creates a Markov model. 
It builds the transition between states by tracing the 
transitions from one segment to another as the time series 
progressing. These four steps are described in details in the 
following four subsections.  
 
3.1 Detecting Patterns within Data 
 
We developed an algorithm for segmenting a time series, 
which is an extension of Taylor [22] that is generally used 
in statistical analysis of financial time charts. The 
algorithm uses recursive CUSUM statistic [14] to find the 
change points. CUSUM is cumulative sum of deviation of 
the current sub group from the initial group and is used to 
detect shift in the mean value of a measured quantity from 
the target value. 
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Figure 2. An unusual time Series T used as an example 

 
 We introduce additional factors that allow our 
algorithm to be adjustable to different types of time series 
applications. They also allow us to control the resolution 
with which the change points are detected. The 
adaptability of our generalized pattern discovery 
methodology relies on three parameters: size limit factor, 
proximity factor, and proximity size factor, as defined 
below. 
 Size Limit Factor: Given a time series T = {t0, t1, 
t2…..tn}, if there is a sub series of T, called T1 and 
Length(T1) * M = Length(T), then M should not be greater 
than Sizelimitfactor in order to analyze sub series T1 for 
any change points. 
 
 Proximity Factor: If a change point was detected in a 
time series T and let L and R be the distance of this change 
point from left and right extremities of the series T 
respectively, let LR = L / R and RL = R / L, and let N be 
maximum of LR and RL, then N should not be greater than 
Proximityfactor for that change point to not to be ignored. 
 
 Proximity Size Factor: Given a time series T = {t0, t1, 
t2…..tn}, if there is a sub series of T, called T1 and 
Length(T1) * O = Length(T), then a change point is tested 
for Proximityfactor only if O is greater than 
Proximitysizefactor. 
 
 The values of these parameters need to be adjusted by 
the domain expert of the data. If the variance of the time 
series is high and if the final Markov model generated 
need to represent even the smaller patterns then 
Sizelimitfactor, Proximityfactor and Proximitysizefactor 
need to be increased accordingly. However this adjustment 
of parameters representing the data domain knowledge, 
needs to be done only once for that data domain. If 
Sizelimitfactor is increased then the number of change 
points detected will also increase. Sizelimitfactor controls 
how minute the detected patterns can be. If patterns short 
in length are considered important for the data being 
analyzed then Sizelimitfactor needs to be increased. 
Proximityfactor controls if small changes at the 
extremities of a pattern are to be considered separate 
patterns by themselves. Proximitysizefactor was 
introduced to control Proximityfactor so that small 
changes being detected are small relative to the whole data 
size.  
 Our procedure for change point detection is outlined 
as follows: 
 

 
Figure 3. CUSUM chart for first level recursion of time 

series T. Vertical line indicates first change point detected 
 
(1) Let the cumulative sums be denoted by C = {c0, c1, 
c2….cn}. Calculate average of series T, represented by Tavg. 
Start by setting c0 = 0. 
(2) Calculate other cumulative sums by ci = ci-1 + (ti - 
Tavg). 
(3) Calculate the difference between maximum and 
minimum of C. Represented by Corg-diff. 
(4) Perform bootstraps. Calculate of CUSUM of N 
different shuffles of the series T. 
(5) Let, X = Number of shuffles where Cdiff is smaller than 
Corg-diff.    
(6) After determining that there is a change point in series 
T, we detect the location of that change point in the series. 
This point will be the one, which is farthest to zero in C. In 
order to ignore small changes at the end of segments, we 
can ignore a change point if it is very close to one end of 
the segment. Proximityfactor denotes this threshold. 
(7) The series is divided in to two parts at the change point 
and the above procedure is repeated until confidence level 
drops below 95% (adjustable). If the size of the parts is 
less than Sizelimitfactor, then the part is ignored. 
 
 Every change point has a confidence level associated 
with it. Confidence level of a change point is given as 
(X/N)100%. This level should meet minimum confidence 
requirement, which is usually set between 90 and 100%. 
This should be adjusted based on application. 
 Since not all the data points can be change points, 
recursion will have to stop at some depth k, thus the 
complexity of the change point algorithm for average case 
and worst case is Θ(n). 
 As an example to illustrate the above procedure, we 
show a time series T (Figure 2) that is produced from a 
process switching between three different linear functions. 
The process switches between three functions, g, y and u. 
 
g(t) = 0.72g(t-1) + 0.24g(t-2) 
y(t) = 0.05 - 1.05y(t-1) 
u(t) = 0.343 + 0.6u(t-1) 
 
 Time series T (Figure 2) is generated by using the 
following sequence of functions: 
“yguuugyugugyuugguuuu”. Figure 3 illustrates the Cusum 
chart for the first level iteration of the above procedure on 
time series T. The red line indicates the change point in the 
first iteration of the algorithm. Figure 4 shows the detected 
change points in the time series T (Figure 2), after the 
procedure finished.  
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3.2 Describing Detected Patterns 
 
After the change points are detected in time series T, 
segments are identified as the time series data between two 
successive change points. Next, we need to select a model 
that can best describe the segments. All the segments 
should be modeled using the same method. In order to 
select a model, we need the domain knowledge of the time 
series data. We evaluated various models, such as 
autoregressive (AR), autoregressive integrated moving 
average (ARIMA), and neural network. For our example 
application on load balancing, we choose to use 
autoregressive model.  
 Based on the tool provided in Matlab package [20], 
we generate an autoregressive model to describe each 
segment. When a segment is modeled using autoregressive 
model, we use the data in-between change points and 
exclude the change points themselves. This decision to 
exclude the change points was taken after testing our 
algorithm with different data sets and finding that the 
exclusion of the change points produced better 
autoregressive models. To select the order of 
autoregressive model, we used the method suggested in 
[18] and [20]. The specific measure used to select the 
order is Schwarz's Bayesian Criterion, which has shown to 
give good results in our testing. The autoregressive model 
based [20] is of the form: 
 

v(t) = w + a1*v(t-1) +...+ ap*v(t-p) + noise(C) 
 
where, a1 to ap represent the autoregressive coefficients, w 
represents the mean of segment and p is the order of the 
autoregressive model. In this modeling, the duration or the 
length of the segment is not represented in the 
autoregressive model, but is captured in later step. 
 

 
Figure 4.  Change points detected for time series T, 

indicated by vertical lines 
 
3.3 Clustering Patterns 
 
After describing all the segments using autoregressive 
models, we partition the segments into groups by 
clustering. We implemented a clustering method that 
measures the similarity between segments by using 
weighted Euclidean distance [13]. The Euclidean distance, 
d between two autoregressive models m1 and m2 is 
measured as follows: 
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 We set the threshold for the similarity between two 
segments as certain percentage of the median of the 
distances calculated in-between all the segments. Setting 
of threshold value for similarity will depend on the domain 
knowledge. For our application example, we used 20%. 
Based on the similarity measure and the threshold, we 
cluster the segments into groups. Each group is 
represented by a primary autoregressive model (SAR).  
 
3.4 Creating Model to Describe Data 
 
After clustering segments into groups, each group is 
considered a state for a Markov model. Since each group 
is represented by a primary autoregressive model (SAR), 
now each state is associated with the corresponding 
autoregressive model. For each state, we define the 
duration of a state (SD) as the average duration of all the 
segments in the state. The duration of a state is useful for 
forecasting described in later section.  
 Next, we create the transitions between states in the 
Markov model. We trace the time series progressing in 
time moving from segment into the next. As the results, it 
moves from one state to the next. We define  
as the number of transitions from state sm to state sn in the 
given time series data, and  represents total number 

of transition out of state Sm. The transition probability am,n 
from state sm to state sn is defined as:  
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 As an example, Figure 5 shows the Markov model 
generated from time series T (Figure 2).  
 
 
4. Using Learned Model for Forecasting 
 
In this section, we describe our method for using learned 
model for forecasting. The method consists of three major 
steps. The first step monitors real-time data in order to 
indentify the current state. The second step uses the 
current state as the starting state and follows the transition 
of the learned Markov model to forecast future trends. 
And, the third step continues to monitor real-time data and 
make correction necessary for adapting to changes. These 
three steps are described in details in the following three 
subsections.  
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Figure 5. Learned Markov model for the time series T 

 
4.1 Identifying Current State  
 
In order to use the learned Markov model for forecasting, 
we initially need to identify the current state. This is done 
by monitoring the real-time data using a moving window. 
Let W be the duration of the window. We define W = X * 
Sw where, X is a percentage value that depends on data 
domain, and Sw is the shortest window size. As the result 
of our testing, we choose X to be 250% and Sw to be the 
duration of the shortest segment of the training data. After 
collecting real-time data for the required duration, we 
create autoregressive model for the observed data. Then, 
we find a state closest to this autoregressive model in the 
learned Markov model. The resulting state is considered as 
the current state.  
 
4.2 Forecasting Trends 
 
After the current state is found, we use the learned Markov 
model for forecasting trends. To make the forecast, we 
start at the current state. We use the autoregressive model 
(SAR) associated with the current state to generate the 
forecasted values. We continue to use this autoregressive 
model for the duration (SD) of the state. Then, form the 
current state, we select the highest probability path (am,n) 
and move to the next state. We use the autoregressive 
model (SAR) associated with this state to generate the 
forecasted values for the duration of this state. Then, we 
move to another next state and so on.  
 

 
Figure 6. Generalized Load Balancer 

 

4.3 Adapting to Changes 
 
Since the transition from one state to the next is based on 
probability, it is possible that we will make a wrong move 
even though we always choose the highest probable next 
state. To address this problem, we continue to monitor 
real-time data to see whether we made the correct forecast. 
We use the moving window (as described in Section 4.1) 
to capture the real-time data and generate an 
autoregressive model, which is then matched to the 
autoregressive model associated with the current state. If 
there is a match, we had made the right move. Otherwise, 
we re-indentify the current state and continue from there.  
 
 
5. Application Example and Test Results 
 
In this section, we provide an application example of using 
our strategy for learning and forecasting. We also show 
some test results. We use our strategy to learn form past 
system load data and then used the learned model to 
forecast future loads.  
 Figure 6 shows the general configuration of a load 
balancer, which directing a request made by an application 
or user to one of the systems in a homogeneous cluster of 
systems. A proper load balancing system can significantly 
increase the performance. If we can predict the load on 
each of the systems in the cluster, then we can use that 
information to redirect a request to the system that will 
have least amount of load in future. This redirection 
ensures the request is served by a system that will have 
least amount of load in the future and consequently 
resulting in faster response to the request. Discovering 
patterns in load can help us in predicting the load. A 
periodically monitored load trace of a system can be 
considered as a time series.  
 We used load trace data from [7] for testing our load 
balancer. These trace files contain Unix load taken at 1Hz 
resolution. We selected two traces taken from two 
different computers namely Themis and Sahara. These two 
systems were then considered to be a in a cluster which 
has to be load balanced. Our segmentation algorithm 
found 22 statistically significant change points in Themis 
load trace, which were then grouped into seven clusters. In 
sahara’s load trace, our segmentation algorithm found 28 
statistically significant change points, which were then 
group into nine clusters.  
 We compared our load balancer with other methods. 
The results of comparing with round robin and random 
methods are shown in Table 1. We also compared our 
prediction accuracy with related work in [8]. As [8] was 
only used for prediction and not for load balancing, we 
were only able to compare the RMS errors. The median 
error in our prediction was 30% better than the median 
error in [8].  
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6. Conclusion and Future Research 
 
In this paper, we described a complete process for learning 
and forecasting. For learning from past data, we extended 
a change-point detection method by introducing three 
additional factors, which allow the new method to be 
tuned for used in varies applications. We used 
autoregressive model to describe the detected segments 
and created a clustering method for grouping the 
segments. We defined each of the groups as a state in a 
Markov model and defined the duration of a state to be the 
average duration of all the segments in the state. We then 
created the transition function for the Markov model by 
tracing the progressing of the given time series. For using 
the learned model for forecasting, we used a moving 
window to monitor real-time data and indentified the 
current state. We then used the learned Markov model to 
make forecast. We also outlined a method for adapting to 
changes and for correcting possible error in the forecast. 
Then, we implemented and successfully tested our process 
for an application for load balancing on a parallel 
computing system.  
 Future research includes applying the described 
process for more applications. Other challenging research 
would be to extend the described process for multi-
dimensional time series data, such as two variable case, W 
= ((x0, y0), (x1, y1), (x2, y2), …) [4][3].  
 

Table 1 
Results of comparisons 

 
Method 

 
Our Method 

 
Random 

 
Round Robin 

% Correct 
Prediction  84% 49% 50% 
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