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中 文 摘 要 ： 本計劃的目的是利用分解合成多尺度法來達到將有缺漏資料

或未定資料的網頁點擊記錄轉成低維度的使用者偏好結構，

透過這個低維度的使用者偏好結構，我們可以對使用者的行

為做進一步的瞭解。我們可以將這樣的資料，透過分解合成

多尺度方法將資料降維，但是所花費的時間過長。因此，本

方法並不適用於即時的網路服務。 

 

我們發現透過亂數投影搭配分解合成多元尺度法可以快速地

達到我們期待的目標，並且結果不遜於原來的提案方法。透

過正交亂數投影搭配分解合成多元尺度法，更可以讓結果達

到精準的目的。對於大資料的網頁即時服務，我們提供了一

個快速分析使用者偏好的方法。 

中文關鍵詞： 多元尺度法，等距特徵法，亂數投影 

英 文 摘 要 ： The research purpose of this project is to develop a 

fast algorithm in Isomap nonlinear representation 

from the high dimensional data into the low 

dimensional space. Because there are many missing 

value or uncertain value in the data, we use the 

shortest path to fill the missing or uncertain value. 

After we fill the missing or uncertain value, we use 

split-and-combine multidimensional scaling (SCMDS) 

method to look for the low dimensional representation 

of the high dimensional data.    

 

We have tried the Isomap approach to make the MDS 

method feasible to the real time web service. 

However, the Isomap approach spends much time in 

process. Although it can represent the data with 

uncertain value into low dimensional space, but it is 

not useful in application. Fortunately, we found the 

better solution to make the MDS method feasible in 

the real time web service with uncertain value. That 

is the orthogonal random projection hybrid the SCMDS 

can make the MDS representation in real time. 

英文關鍵詞： MDS, Isomap, random projection 
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1. Preface 

 

This project is started in 2011/10/1. One undergraduate assistant is hired, and 

his name is Yeng-Hong Chen. He helped me to purchase our computer 

equipment, arrange experimental data and write some simple coding. Because 

the budget of the computer equipment was not fully supported by NSC, we 

upgrade the hard disk and RAM of my server only.  

 

This project, “The fast split-and-combine Isomap method”, is an important 

application in web server data analysis. In the real service, such data contains 

many uncertain values. We record all the hitting history of the user, and then 

we try to use these data to describe what kind of the user is. For example, 

there are many members in Yahoo. When the user looking many contains 

about cars in Yahoo, we assume that this user has potential to buy a new car in 

the future.  This is a direct and simple example, and the traditional statistic can 

find the answer. However, if the user look for a baby clothes, and the color of 

clothes are pink, red, and yellow, we can guess that the user has a baby girl. 

Such information is not retrieval from the traditional statistic. Thus we need 

further techniques to discover the embedded information. 

 

There are many data mining methods for information retrieval. The main 

challenges in data mining of web service are big data and uncertain data 

problem. In the challenge of big data, many data mining methods are not 

feasible in the large data. These methods often have to open a large memory in 

the computer. When the data is too large, it is fault to open the whole data in 



the memory. The other challenge of uncertain data is that the web contain not 

hit by the user is not considered no relation to the user. There are too many 

web contain in the server and most of them are not hit. If we set these contain 

hit value to zero and then apply recent data mining method to the data, the 

result usually strange.  

 

Hence, we need to have a data mining method that can deal both big data and 

uncertain value together at the same time. This project, “The fast split-and-

combine Isomap method”, is use the concept of Isomap to deal with the 

uncertain values, and at the same time we use split-and-combine technique to 

deal with the big data. This method is one of a multidimensional technique 

that presents high dimensional data into low dimensional such that the 

embedded data structure is prevented. Thus we can use the low dimensional 

presentation to mining the useful information in web service.   

 

2. Research purposes 

 

The research purpose of this project is to develop a fast algorithm in Isomap 

nonlinear representation from the high dimensional data into the low 

dimensional space. Because there are many missing value or uncertain value 

in the data, we use the shortest path to fill the missing or uncertain value. After 

we fill the missing or uncertain value, we use split-and-combine 

multidimensional scaling (SCMDS) method to look for the low dimensional 

representation of the high dimensional data.    

 

The data of web service is stored as a very huge sparse matrix. If the index of 

contain in the web is indexed by ti ∈ T , where T  is a set of term index, then 

the hit history for the user is recorded by the pair (ti,vi ) , where vi  is the times 

that the user view the ti  contain. For each user, the history is a set of the 

previous pairs.   

 

In general, these data is not stored as matrix type, because the matrix type 

format will take more memory space. So the data usually save in the database 



such that the IO will faster than reading from the whole data. The purpose of 

this project is to obtain the embedded structure from these none matrix type 

data.  

 

Before we star this project, we want to use the shortest path to fill the 

uncertain value in the proposal. However, when the data is huge, the 

processing spends too much time such that it is infeasible for web service 

application. When we apply the SCMDS to combine the representation in the 

low dimensional space, the problem is transformed to a high dimensional 

rotation question. It also spends too much times. To make this project can be 

done in linear time, we find that the best way is use the random projection 

approach to reduce the data dimension first. Then we apply the SCMDS in the 

reduced data to obtain the final result. 

 

3. Literature reviews 

 

For the length limit, we only show the literature review of the random 

projection and split-and-combine multidimensional scaling. 

 

Random projection is a method that project data into a subspace. If we follow 

the concept of principle component analysis, data project to the space of main 

components will preserve its structure. However, compute the main 

component will spend much time than the projection process. Random 

projection tries to use the random vector to form the basis of projection.  

 

The projection of random projection is very simple. Assume that the data is 

represented as matrix A ∈Mm,n (R)  and V ∈Mr,m (R) , where r <<m,n  and 

every element of V is randomly chosen from the normal distribution. Then 

A1 =VA  is the r-dimensional representation of A .  

 

In general, the random matrix V  is not orthogonal, The multiple VA  is not a 

projection. However, when the dimension m is large enough, the row vector of 
V is near a white noise vector. The properties of white noise is that the 



probability of two white noise random vector are parallel is zero. That is the 

normalized row vector of V makes V near the orthogonal matrix. 

	  
The split-and-combine multidimensional scaling is a fast algorithm to speed 

up the classical multidimensional scaling (MDS) method. If we have the pair-

wise distance of samples, we can use MDS technique to recover the coordinate 

of the samples such that the new pair-wise distance of samples derived from 

the new coordinate is similar to the original pair-wise distance. 

 

Because the computational cost of classical MDS is O(n3) , it is not feasible 

for n is large. The main concept of SCMDS is splitting the samples into 

several overlapping group first. For each group, we compute the CMDS to 

obtain the coordinate of the samples in the group. Because the split groups are 

overlapping, we can use the overlapping samples to combine two groups into 

one. 

 

If the number of the original samples is n and the dimension is p, the number 

of the overlapping samples must be greater than p. This criteria provide the 

SCMDS has the same performance as CMDS. Moreover, the computational 

cost of SCMDS is only O(p2n) . When the dimension p is must smaller than n, 

the computational cost of SCMDS is near linear.     

 

4. Methodology 

The speed of dump whole data from the database to disk is larger than the 

transmission from the database. If we can process some computation in the 

database instead of dumping whole data to the disk, then the computation is 

lighter.  

 

Assume the data stored in the database is by the sparse matrix form. The user 

is indexed by the register order. For each user, the hitting history is denoted by 

(ti,vj,i ) , where ti  is the term index and vj,i  is the number of hit count by j-th 

user. This form is just the sparse matrix representation and the sub-index j is 

respect to the j-th user. Define the set key(A[j]) by  



key(A[ j]) = {i | (ti,vi ) exists in the j − th user record } . 

 

Let the sparse matrix is A. The right multiple of Ax is 

 yj = vj,i * xi
i∈key(A[ j ])
∑ . 

That is we can compute each yj  in the data base by selecting the j-th user’s 

record. 

 

The left multiple is not trivial as right multiple, but the computational cost is 

the same. To compute xTA  , we open a zero vector y first, where yj  is the j-th 

element of y, 

yj = xiAi, j
i
∑ . 

Given a vector x, when we line by line scan the matrix, we update the 

component yj  by adding xiAi, j  if (ti,vi, j )  exists in the data base. 

 

Because there are many uncertain value in the user hitting history, we random 

generate some x to form the row vectors of V ∈Mr,m . Use the previous left 

multiple to the data to obtain the result of random projection. After the 

uncertain data is projected to the r-dimensional space, the data is without 

missing and uncertain value. Then we apply SCMDS to the reduced 

dimensional data to obtain the embedded structure.   

 

A modify version of random projection is that the random vector is modified 

by Gram-schmidt processing such that the random projection to be orthogonal 

projection. Using this modified random matrix to represent data into low 

dimensional space than apply SCMDS will obtain the better performance.  

 

5. Experimental results  

 

Here, we demonstrate three type experimental results, 



a. The random projection + SCMDS on small matrix compare with 

random orthogonal projection + SCMDS on small matrix. 

b. The random projection + SCMDS on sparse matrix compare with 

random orthogonal projection + SCMDS on sparse matrix. 

c. The orthogonal projection + SCMDS on web service simulation data 

 

In the first experiment, we use 400 samples in which every sample is a 200 

dimensional data. Figure 1(a) is the main structure of original data. Figure 

1(b) is the representation of CMDS. Because random projection + SCMDS 

contains the statistical process, the results are not always the same. We 

show the stable and unstable results at the same time. Figure 1(c) and (e) 

are the stable results w.r.t the data reduced to 10 and 20 dimension. Figure 

1(d) and (f) are the unstable results w.r.t the data reduced to 10 and 20 

dimensions. Figure 2 is the comparison between stable and unstable 

representation of data dimensions from 30 to 50.   

 

Figure 3 is the result of orthogonal random projection + SCMDS. Because 

the result is stable, we only show one figure in each dimension. Figure 4 is 

the error comparison between random projection + SCMDS and 

orthogonal random projection + SCMDS. We can see that the orthogonal 

random projection + SCMDS improves the result. In Figure 4, we apply 

the random projection + SCMDS and orthogonal random projection + 

SCMDS in the sparse matrix. The matrix size is 2000 by 1000. It is make 

sense that when the reduce dimension is lower the error is increasing. 

 

Figure 5 is the MDS result of orthogonal random projection + SCMDS of 

the simulation web data of 10400 samples. The x-axis is the information 

axis and the y-axis is the noise axis. The red spots are the users that has 

similar behavior and the blue spots are the users that has different 

behavior. 

 

   

 



 
Figure 1. Random projection + SCMDS in small matrix (I) 

 



 
Figure 2 Random projection + SCMDS in small matrix (II) 



 Figure 3. Orthogonal random projection + SCMDS 



 

Figure 4. The error comparison between random projection + 
SCMDS and orthogonal random projection + SCMDS	  



 
Figure 5. The simulation result of web hitting history with the similar users 

(red) and none similar users (blue) 

6. Conclusions 

 

The random projection + SCMDS can preserve the data structure even though 

the data contain the uncertain value. The orthogonal random projection + 

SCMDS performs well better than the random projection + SCMDS. This is 

the best method to present high dimensional data with uncertain value into low 

dimension. It is faster than the Isomap method and it is feasible in real time 

web service. 
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We have tried the Isomap approach to make the MDS method feasible to the real time 

web service. However, the Isomap approach spends much time in process. Although it 



can represent the data with uncertain value into low dimensional space, but it is not 

useful in application. Fortunately, we found the better solution to make the MDS 

method feasible in the real time web service with uncertain value. Hence, we have 

reached the goal of this project.  

 

This report shows a method to present the users in the web by the hitting history. The 

low dimensional MDS representation shows the information axis and noise axis. 

Users with similar behavior are located in the same region. With this embedded 

structure, we can predict the user’s behavior. The web service can provide the precise 

contain to the user in the future. This is very important for smart advertisement.  
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We have tried the Isomap approach to make the MDS method feasible to the real time 

web service. However, the Isomap approach spends much time in process. Although 

it can represent the data with uncertain value into low dimensional space, but 

it is not useful in application. Fortunately, we found the better solution to make 

the MDS method feasible in the real time web service with uncertain value. Hence, 

we have reached the goal of this project.  

 

This report shows a method to present the users in the web by the hitting history. 

The low dimensional MDS representation shows the information axis and noise axis. 

Users with similar behavior are located in the same region. With this embedded 

structure, we can predict the user’s behavior. The web service can provide the 

precise contain to the user in the future. This is very important for smart 

advertisement.  

 

 


