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Abstract 

PageRank is one of the principle ranking algorithms. This method is interpreted as a 

frequency of visit. As the number of web pages increasing dramatically, the time to finish 

updating takes longer. Alternatively, Monte Carlo method provides good estimation of 

the PageRank for relatively important pages after simulating random walks. The Monte 

Carlo score is calculated as the visited times to the particular page verses the total number 

of visited pages during the random walks. This estimation can be used as the initial vector 

for the Power Iteration. This process takes less iteration numbers than the original 

PageRank to converge. Then the time for the entire ranking procedure is reduced. Using 

Monte Carlo method together with the Power Iteration in web ranking is feasible. 
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1. Introduction 

This is now an age of information and technology explosion. The development of internet 

has changed the world since the 1980s. The number of web sites has increased to over 50 

billion in the past 30 years. How to find relevant and fresh information from the World 

Wide Web (WWW) has been the topic that interest people for years.  The invention of 

search engine made the web search possible. People can enjoy the convenience by 

querying the search engine to get information from the webs in less than a second. The 

most popular search engine nowadays is Google with a market share of 66% percent as 

December, 2014. The method Google used in ranking is PageRank [1] which was named 

after its found Larry Page and Sergey Brin in 1998. This method adopts the Markov chain 

concept [2] and the random walk model [3]. PageRank method ranks the pages according 

to the pages importance which is determined by the link structure of the web. However 

the updating is slow due to the Power Iteration [11] process on the huge web graph. Then 

how to accelerate the process is our motivation.  

The aim of this paper is to speed up PageRank. In this paper, we try to find an appropriate 

starting vector for the PageRank Power Iteration to decrease the Power Iteration numbers 

which eventually accelerate the ranking processing. The Monte Carlo method [9] is 

chosen to simulate a ranking vector by generating random walks through pages in the 

web graph. The simulated importance of a page is calculated as the visited times per page 

verses the total visited times to all the pages. Then such simulated importance vector is 

used as the start vector for PageRank Power Iteration. The result shows that using Monte 
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Carlo output as the initial vector will decrease the power iteration numbers till converges. 

The more pages chosen, the less iteration numbers took in Power Iteration. 

The paper is organized as follows. In section 2, we discuss some related background info. 

Section 3 is the theoretical analysis on applying Monte Carlo method in web ranking. In 

section 4, we discuss the implementation. Then in section 5, we do evaluations based on 

our dataset. Section 6 comes with the conclusion. In section 7, we talks about the future 

work. 

We aim to accelerate the ranking process by reducing the Power Iteration numbers 

through applying Monte Carlo simulation in PageRank. 

2. Literature review 

2.1  Link Structure Based Ranking Algorithms 

In the link structure ranking, the ranking of each page is pre-decided based on the 

importance. Page with high importance is ranked high. The importance of a page is 

reflected in the citation. If a page is cited from a large number of pages, it is often ranked 

more prominently [8]. 

The mostly used link structure based ranking algorithm is called PageRank adopted by 

Google. Another important algorithm is the HITS [12] by Bing. 
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2.1.1 Markov Chain 

A Markov Chain is described as a set of states S = {𝑠1, 𝑠2, … , 𝑠𝑟}. The Process will start 

in one of the states and then move successively from one state to another. 

 If the chain is currently in state𝑠𝑖 then it moves to state 𝑠𝑗 at the next step with a 

probability denoted by𝑃𝑖𝑗, and this probability does not depend upon which states the 

chain was in before the current state. 

The probabilities 𝑃𝑖𝑗 are called transition probabilities. An initial probability distribution, 

defined on S, specifies the starting state. Usually this is done by specifying a particular 

state as the starting state.  

2.1.2 Random Walk Model 

The random walks are assumed to be Markov chains. There are two types of random 

walks which are popular used. The first one is simple random walk with at each step it 

jumps from one state to another state following some probability distribution. Thus each 

state gets different probability to be visited. The second type is simple symmetric random 

walk. This is the scenario used in our research that from one state, it has the equal 

probability to jump to any other states in the following step.  

2.1.3 Power Iteration 

First, given a matrix A, it can produce a number λ and also a nonzero vector ν such that   

𝐴𝑣 = 𝜆𝑣 
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The Power Iteration is a recursive method based on the above eigenvalue algorithm. It 

starts with a vector 𝑣0 which can be an approximation to the dominant eigenvector or a 

random vector. Then   

𝑣𝑘+1 =
𝐴𝑣𝑘
||𝐴𝑣𝑘||

 

At each iteration, the vector 𝑣𝑘 is multiplied by A and normalized. After several steps, 𝑣𝑘 

will converge to the dominant eigenvector. Normally, we can define a threshold ε. 

When ‖𝑣𝑘+1 − 𝑣𝑘‖ < 휀, the vector is converged to its dominant eigenvector. The Power 

Iteration is the main idea in PageRank.  

2.1.4 PageRank 

PageRank is a method for rating the importance of web pages based on the link structure 

of the web.  The basic model is a Random Surfer Model which simply keeps clicking 

successive links at random. The modified model is based on the “random surfer” simply 

keeps clicking successive links at random, but periodically “gets bored” and jumps to a 

random page. The probability to jump to a random page is α. In PageRank, people define 

the value of α is 0.15. What Google used is this Modified Model. 

A is the n by n Adjacency matrix of the web graph. n is the number of pages in the 

dataset. 

 𝐴𝑖𝑗 = {
1, 𝑎 𝑙𝑖𝑛𝑘 𝑒𝑥𝑖𝑠𝑡𝑠 𝑓𝑟𝑜𝑚 𝑖 𝑡𝑜 𝑗
0, 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒𝑠
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There is a category of webpages that are not linking to the other pages that we called 

dangling nodes.  The dangling nodes do not affect the ranking of any other page directly. 

We can treat dangling nodes as a page pointing to all the other pages in the dataset. Thus 

when we want to jump from a dangling node to the next state, there is equal possibility to 

jump to any other pages. The transition matrix can be defined as the following: 

Given a n by n matrix P that  

𝑝𝑖𝑗 =

{
 
 

 
 
1

#𝑂𝑖
    𝑖𝑓 𝐴𝑖𝑗 = 1;

0        𝑖𝑓 𝐴𝑖𝑗 = 0;

1

𝑛
        𝑖𝑓 #𝑂𝑖 = 0

 

Where #𝑂𝑖 is the total out link number of page 𝑖. Keep the dangling nodes and set the 

transition probability as 
1

𝑛
 uniformly for dangling nodes. 

Google’s PageRank Transition Matrix  �̃� with random jump probability α is:  

�̃� = (1 − 𝛼)𝑃 + 𝛼
1

𝑛
𝐸   where  𝐸 = 𝟏𝑛×𝑛  

Given the transition matrix �̃�, we can calculate the dominant eigenvector based on the 

Power Iteration. Then each value in the vector is the final ranking score of the 

corresponded page.  

PageRank use an arbitrary vector 𝜋0 = (
1

𝑛
, …

1

𝑛
) as the starting vector and compute the 

PageRank vector 𝜋𝑖+1through the Power Iteration process until converge. Set 휀 as the 

convergence threshold.  
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The simple pseudo code is 

While 𝛿 > 휀{ 

 𝜋𝑖+1 = 𝜋𝑖�̃� 

 𝛿 = ‖𝜋𝑖+1 − 𝜋𝑖‖ } 

The converged 𝜋𝑖+1 is our final PageRank. 

2.2  Monte Carlo Method 

Monte Carlo method can be describe as any technique that using statistical sampling 

method to complete ideas which are difficult or not possible to finish by other 

mathematical methods. This method has been applied to different kinds of field already. 

As early as in the 17 centuries, scientists already used sampling method to calculate the 

event frequency to determine the probability. A famous experiment was the rolling dice 

problem. Like people can generate the number of each trail by rolling a dice several times. 

As the development in computer technics, fast computation made such simulation widely 

used. 

Monte Carlo method can be applied to our random walk model as long as we sample 

random walks starting from random pages. By calculating the visited times, we can 

simulate the importance for each page using the result from Monte Carlo method. 

The random walk is simulated as walking through the internet. Assume there were 

several links in one page A. By clicking a one of the links which points to B, we name it 

as a walk from Page A to Page B.  

This walk can be continued as we keep randomly clicking through the links. Once meet a 

dangling node, we treat it as a page linking to all the other pages that it will point to each 
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page with a probability of 1/n (n is the total number of web pages in the data set). Then 

we just randomly choose a page to visit. The random walk is only terminated when the 

user decides not to follow the links on the page and jumps to a random page. The jump 

probability, denote as 𝛼 . In PageRank, 𝛼 = 0.15. 

3. Apply Monte Carlo Method to PageRank 

In theoretical aspects, it has been proved that Monte Carlo method has a good estimation 

of PageRank for the important pages [5].  

As known, Google’s PageRank Transition matrix  �̃�  with the probability 𝛼 of jumping to 

random page is defined as: 

�̃� = (1 − 𝛼)𝑃 + 𝛼
1

𝑛
𝐸                                                                 (1) 

Let   𝜋  be the final PageRank vector, we know that  

𝜋�̃� = 𝜋                                                                (2) 

From the definition of PageRank, we have 

1− (𝛼)𝜋𝑃 + 𝛼
1

𝑛
𝜋𝐸 = 𝜋 

⇒ (1 − 𝛼)𝜋𝑃 +
𝛼

𝑛
𝟏1×𝑛 = 𝜋 

⇒ 𝜋[𝐼 − (1 − 𝛼)𝑃] =
𝛼

𝑛
𝟏𝑇 

⇒ 𝜋 =
𝛼

𝑛
𝟏𝑇[𝐼 − (1 − 𝛼)𝑃]−1 

⇒ 𝜋 =
𝛼

𝑛
1𝑇∑(1 − 𝛼)𝑘𝑃𝑘

∞

𝑘=0

 

⇒ 𝜋 =
𝛼

𝑛
1𝑇 ∑ ((1 − 𝛼)𝑃)𝑘                           ∞

𝑘=0                            (3) 
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According to the Markov Chain theorem and the definition of PageRank,      ((1 − 𝛼)𝑃)𝑘   

is a matrix of pair-wise transition probabilities after k steps continuous random walk 

according to transition matrix P.  

There are two ways to interpret equation (3): 

a) End-point random walk; 

b) Complete Path random walk. 

A Monte Carlo random walk starts from a randomly chosen page. At each step, the 

random walk terminates with probability 𝛼, and makes a transition according to matrix P 

with probability 1 − 𝛼.  

For each page, 𝜋𝑗 =
1

𝑛
∑ ∑ 𝛼[((1 − 𝛼)𝑃)𝑘]𝑖𝑗

∞
𝑘=0

𝑛
𝑖=1  , j = 1,… n. 

It can be interpreted as 𝜋𝑗 is determined as by the number of random walks that 

terminated at j. 

To approximate 𝜋𝑗, we can simulate N random walks in the web graph. After all random 

walks stopped, assume M of the N random walks were terminated at j, then 

𝜋𝑗 =
𝑀

𝑁
                                                                (4) 

The other interpretation is instead of taking into account only its end-point. We propose 

an estimator based on a complete path of the random walk. 

Then 𝜋𝑗 can be evaluated as the total number of visits to page j, divided by the total 

number of visited pages. 
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𝜋𝑗 =
𝑀𝑗

∑ 𝑀𝑗
𝑛
𝑗=1

                                                         (5) 

 Then, it is possible to use Monte Carlo method to simulate random walks to estimate the 

important page value [5]. However, in our research, we realize only estimating the 

ranking for important pages is not enough. Thus, instead of just using Monte Carlo 

simulation vector as the final ranking, we further apply this vector as the initial input 

vector for Power Iteration. Then the final converged vector would be the ranking for all 

the pages no matter it is important or not. 

4. Framework 

4.1 Hypothesis 

 

Figure 1 Variance at each Power Iteration 

After applying PageRank to our dataset which will be mentioned in section 5, we drew a 

figure for the change of the ranking vector in each iteration until convergence as the 

variance between the vectors calculated in each Power Iteration and the final converged 

ranking vector. From the above figure, it was obvious that the difference of the two 

vectors was decreasing as the number of iteration increased. 
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Based on this observation, we had the assumption that: 

When the starting vector 𝜋0 is more similar to the final PageRank vector 𝜋, fewer 

iterations are needed until converge. . 

In order to speed up PageRank, we may need to find an appropriate starting vector which 

is similar to 𝜋 to decrease iteration numbers. Then eventually accelerate the ranking 

processing. 

4.2 Implementation  

The idea is using Monte Carlo method to simulate an initial vector 𝜋0 for Power Iteration. 

Use 𝜋0 as the input for Power Iteration, then the final ranking vector is calculated 

afterwards. 

As mentioned in section2.2, there are several ways to simulate Monte Carlo random 

walks. It is classified into two categories as end-point method and complete path method.   

a. End-Point method 

Simulate 𝑁  runs of the random walk. 𝜋𝑗  represents the score of page j after the random 

walks.  𝜋𝑗 is calculated as a fraction of N random walks which end at page 𝑗. 𝐻𝑒𝑟𝑒 𝑗 =

1,… , 𝑛.  

b. Complete path method 

 𝜋𝑗 is calculated as the number of visits to page j divided by total number of page visited 

for the N random walks. 
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To simulate random walks, we can either randomly choose starting pages or do a cyclic 

start which means starting from each page in the dataset. 

The algorithm for a random start complete path Monte Carlo method is as below: 

 Algorithm:  

a) Initialize 𝜋0 = (0,… ,0)  

b) Repeat random walks starting at random chosen pages, save the visited times for 

each page during the random walk to 𝜋𝑗
0 ,for j = 1 ,…,n. 

a. Each random walk has a probability α to stop in every step. 

b. At each step, a random walk follows the transition matrix. 

c) 𝜋0 =
𝜋0

∑ 𝜋𝑗
0𝑛

𝑗=1

  

d) While  𝛿 > 휀{ 

  𝜋𝑖+1 = 𝜋𝑖�̃� 

  𝛿 = ‖𝜋𝑖+1 − 𝜋𝑖‖ } 

e) 𝜋𝑖+1 is the final ranking vector after convergence. Each element in the vector 

reflects the ranking of the page in the whole dataset. 

5. Evaluation 

The dataset in our search is called WebGraph [6][7] from the Laboratory for web 

algorithmic in Milan, Italy.  The dataset includes 1.06 million web pages. There are 

around 16 million links in this dataset. This dataset has a good size for testing. Also the 

web adjacency matrix of this dataset is given. We can manipulate data based on this 
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adjacency matrix. First, we calculated the PageRank value from the transition probability. 

Then we did the evaluations of Monte Carlo methods against PageRank. 

5.1 Distribution of Random Walk Steps  

A Monte Carlo random walk starts from a randomly chosen page. At each step, the 

random walk terminates with probability 𝛼, and makes a transition according to the 

transition matrix P with probability 1 − 𝛼. By such definition, each random walk length 

varies. 

Suppose a random walk stops at the kth step. Then for the k-1 steps, random walk follows 

transition matrix. At step k the random walk is terminated with the jump probability α. 

It is easy to figure that the Monte Carlo random walk follows the geometric distribution 

[10]. The probability that random walk stops at step k is  

Pr(X = k) = (1 − α)k−1 ∗ α 

 The expected value and variance of geometrically distributed random variables are as 

below:  

𝐸(𝑋) =
1

α
=

1

0.15
= 6.67 

𝑣𝑎𝑟(𝑋) =
1 − α

α2
=
1 − 0.15

0.0225
= 37.78 

 The total computation complexity is ∑ ki
n
i=1 . Here n is the total number of pages and kiis 

the number of steps in the random walk started from each page. 
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In table 1, we listed a bunch of random walk statistics based on different seeds numbers. 

The seeds are the pages randomly chosen as the starting pages for random walk. Here we 

listed three sizes. 1068k was the total number of the pages. Then 534k was half the size. 

Finally 106k was 1/10 of the entire dataset.  From the table 1, the average random walk 

step length was 5.67 and the variance was around 37.7, which followed the geometric 

distribution. As the number of random walks varied, the mean and variance of step 

lengths stayed stable. 

Seeds Number 
Random Walk Steps 

Mean Min Max Variance 

1068k 5.67 0 83 37.76 

534k 5.65 0 77 37.65 

106k 5.66 0 79 37.81 

Table 1 Random walk steps statistics 

 

If we used each page as the starting point of the random walk to simulate Monte Carlo 

exactly one time, in another word ran a cyclic start of Monte Carlo, the random walk 

steps fell in the below intervals: 

Steps 0~9 10~19 20~29 30~39 40~49 50~59 60~69 70~79 80~89 

Percentage 80% 15.9% 3.1% 0.6% 0.12% 0.02% 0.006% 0.0008% 0.00019% 

Table 2  Distribution of Random walk steps 

In table 2, about 80% random walks terminated in 10 steps. For the rest 20%, 15.9% can 

stop within 20 steps. For our 1 million number of pages dataset, only 300 random walks 

took more than 50 steps. Figure 2 showed the random walk distribution in a more 

intuitive way. 
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.      

Figure 2 Random walk Steps distribution 

 

5.2  Selection of Starting Pages 

5.2.1 Partial vs. Complete Selection 

From the section 4.2, there are 4 combinations of Monte Carlo methods: 

1. End-point with cyclic start; 

2. End-point with random start; 

3. Complete Path with cyclic start; 

4. Complete Path with random start. 

Table 3 showed the result when using different simulations for Monte Carlo Method.  

Monte Carlo Method 
Power Iteration number 

m=1 m=2 m=5 m=7 m=10 

 End-Point with cyclic start 6 5 3  3  3 

 End-Point with random start 6 5 3  3  3 

 Complete Path with cyclic start 2 2 2  2  1 

 Complete Path with random Start 3 2 2  2  2 

PageRank 18 
Table 3 Different Monte Carlo method iteration numbers 
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The number in the table3 represented the iteration number for Power Iteration to 

converge. The column of m was the number of times to repeat Monte Carlo method. For 

complete path cyclic start method, when m=10, meant starting random walk from each 

page exactly 10 times. For example, when m=1, after applying the Complete path cyclic 

start method, the process took 2 iterations to converge. In the contrast, the PageRank took 

18 iterations to converge without applying Monte Carlo simulation. Here in our test, the 

convergence threshold was 0.001. 

The data in table 3 demonstrated the assumption that if using the simulated vector by the 

Monte Carlo method as the initial vector for Power iteration, the corresponding iteration 

number dropped.  

This supported our initial assumption that if the initial vector was more similar to the 

final ranking vector the iteration number would decrease.  

Also, in table 3, we put the result for m =1 to m=10. When m increased from 1 to 10, the 

iteration number decreased from 6 to 3 for end-point method and from 2 to 1 for cyclic 

start method, which were not big improvements. This demonstrated the point that Monte 

Carlo method already achieved good result after the first iteration. From the above 

observation, we can get an idea that One Iteration of Monte Carlo is enough.   

However, if we run a cyclic start, which meant random walk started from each page in 

the dataset. The running time of Monte Carlo together with PageRank took much more 

time than just run PageRank itself.  
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 PageRank 
Cyclic Start Monte Carlo based ranking 

  Monte Carlo   Power Iteration Total 

Time 7.3s 112s 1.28s 113.28s 
Table 4 Monte Carlo based ranking time cost 

 

The time to run a cyclic start of Monte Carlo took 112s for our dataset. After that the 

power iteration took 1.28s to converge based on the simulated Monte Carlo vector. This 

time cost was much longer than the 7.3s as the PageRank time. Thus, in such case, even 

though a cyclic Monte Carlo simulation can reduce the Power iteration numbers, the total 

time cost still not acceptable.  A cyclic start Monte Carlo method cost too much time to 

finish one Iteration. It was not necessary to run random walk starting from every page. 

Then, it was the time to do the tradeoff by choosing partial the pages as the random walk 

starting page. Then the time for Monte Carlo simulation would drop in the meantime, the 

time for Power iteration would increase. We could find a balance that the entire 

processing time would be acceptable. So instead of randomly picking seeds, we could 

follow some rules. 

5.2.2 Probabilistic vs. Uniform Selection 

After deciding only to use partial seeds instead of the entire dataset, how to choose these 

pages was the next concern. 

As part of the Monte Carlo algorithm, random selection was the default method also the 

most straightforward one. By uniformly picking seeds, each page had the same 

opportunity to be selected. Then each page had its own ranking score after calculating the 

visited times verses the total visit times. 
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In the contrast, we knew that eventually each page would have its own score based on the 

final ranking as similar to the idea that page with higher ranking score was visited more.  

We named this method as probabilistic selection. Page with higher ranking score should 

be given more chance to be selected. In this assumption, the initial seeds would include 

more pages with higher rankings. We tested this method since there was an initial 

assumption that important pages dominated the whole convergence of the web page 

ranking. If the chance to visit the important pages increased during the random walk 

phase, the important pages would get higher scores. Then the final PageRank iteration 

may be reduced. 

To summarize, in our research, there were two options for partial seeds selection. One is 

uniform selection and the other one is probabilistic selection. The details for these two 

methods will be discussed in the next section. 

5.3  Time Comparison between Monte Carlo Method and PageRank 

Table 5 listed the processing times for the two methods mentioned above. It included 

experiments for different sizes of seeds. 
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Seeds # 

Monte 
Carlo 
Time 

Probabilistic Selection Uniform Selection 

Power Iteration Total 
time 

Power Iteration 
Total time 

# Time # Time 

0 0s 18 7.2s 7.2s 18 7.2s 7.2s 

3k 0.4s 17 6.6s 7s 17 7.1s 7.5s 

7k 0.82s 15 6.145s 6.97s 15 6.36s 7.18s 

10k 1.1s 15 6.4s 7.5s 13 5.28s 6.38s 

30k 2.9s 13 5.1s 8s 10 4.39s 7.29s 

50k 4.75s 12 4.83s 9.58s 9 3.59s 8.34s 

70k 6.5s 12 4.7s 11.2s 8 3.19s 9.69s 

500k 45s 11 4.45s 49.45s 4 1.7s 46.7s 

700k 64s 11 4.5s 68.5s 3 1.35s 65.35s 

900k 81s 11 4.5s 85.5s 3 1.35s 82.35s 

1060k 112s 11 4.8s 116.8s 3 1.87s 113.87s 

Table 5 Time comparisons 

In table 5, the first column was the seed number that picked as the random walk starting 

page. The second column was the time cost for Monte Carlo simulation. As the number 

of seeds increased, the Monte Carlo simulation time increased as well.  

The following columns were composed by the two methods mentioned above. Under 

each method, there were three columns that the first two are the power iteration numbers 

and time cost. The total time was the summation of the Monte Carlo simulation time 

together with the Power iteration time.   

When seed number = 0, the power iteration represented the PageRank iteration number 

and times. It meant in our dataset, the final ranking vector converged in 18 iterations and 

took 7.2s. 

The performance of the probabilistic method was not as good as expected shown by the 

results in the table 5. When the seed number was 1060k, the size of our dataset, the 
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probabilistic selection method took 11 power iterations before converge. In the contrast, 

the uniform selection only took 3 iterations.    

The reason for such bias result was by probabilistic selection, the pages selected would 

include more pages which have higher rankings in the dataset. Then after random walks, 

only a small part of the less important pages would be visited. Then the score after Monte 

Carlo iteration was not balanced. Possibly only important pages got scores. 

Other than probabilistic method, uniform selection had acceptable performance and easy 

to implement. In the following analysis, our result was based on the uniform selection. 

As discussed in section 5.2.1, a Complete Path with random start Monte Carlo simulation 

will cost much more time than just using PageRank to finish ranking. The Complete path 

cyclic start Monte Carlo method cost over 100s which was 10 times more than the 

PageRank processing time as 7.2s.  The PageRank itself took 18 iterations to converge. 

When the seed number was 70k, the power iteration converged in 8 iterations. The total 

time was 9.31s. In the contrast, as the seed number is 10k, the total time cost was 6.53s 

less than 7.2s and the power iteration took 13 iterations to converge.   

It is obvious that when seeds number was increasing, the corresponding Power Iteration 

number decreased. But the total processing time varied. We needed to find a balance to 

minimize the processing time. 

For the current dataset, there are only one million pages. If we use a much bigger dataset, 

the result may be different. 
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Figure 3Total time cost tendency 

 

In figure 3, the blue line represented the Monte Carlo simulation time cost. The green line 

was the corresponding power iteration time cost. The red line was the summation of the 

two which was the total time cost. The dash line is the PageRank time cost in our dataset.   

When the seed number was less than 35k, the total time is less than the PageRank time 

cost. So in this particular range, the Monte Carlo simulation method outperformed the 

traditional PageRank. 

The best performance was when seeds number was 10k, it only took 6.38s to finish the 

whole processing. It saved about 13% of the original PageRank time. 
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5.4  Parallelism of Monte Carlo Method  

Monte Carlo method is available for parallel operating. It is obvious that each random 

walk is independent. It is feasible to save the whole web graph in different processor.  

Each processer can handle the Monte Carlo simulation and keeps the update of the 

PageRank vector while not influencing each other.   If we can use Multi processing to 

handle Monte Carlo simulation, we can choose more seeds. Then the whole processing 

time would drop a lot. 

6. Conclusion 

We can see from our result that using Monte Carlo method to simulate the ranking for the 

important pages, then using this simulated result as an initial vector is feasible. First the 

simulated vector is close enough to the final output, since most important pages already 

got good ranking scores after the Monte Carlo simulation. To make a balance we may 

choose partial the pages as the seeds to do random walk. The iteration number of Power 

Iteration is still less than PageRank. 

7. Discussion and future work 

The above result is only based on the current dataset. The seeds chosen may vary for 

different datasets. How to effectively apply our idea to the entire web graph should be our 

next concern. We may use more datasets to testify our ideas. Next, Monte Carlo method 

is also used in personalized ranking. We may consider the possibility to combine our idea 

with the personalized ranking.   
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