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DYK that after 18 years we're still using PageRank (and
100s of other signals) in ranking?

Wanna know how it works?
infolab.stanford.edu/~backrub/googl|...
pic.twitter.com/3YJeNbXLml
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. PageRank: Traditional Method
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. PageRank: Traditional Method
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. PageRank: Traditional Method

31
10
K
<

o0

H—T=2d2Q =22 AU

24
=

=
10

cCoococo © o o o o
I - O O Al m—Aln O (@)
~O0 00 - HNO O O N
o000 —H o o o o
OSCHOHO O —lnN O —HlN O
Il Il
< T

(DA
0‘\0 -

MH, https.//icimnimsre kr/post/easyMath/837

q

SIA|
-

* A5t




. PageRank: Traditional Method
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. PageRank: Traditional Method
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. PageRank: Traditional Method
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. PageRank: Traditional Method
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Website 57| 3=0|(2000 ~ 2018) X @2 F715H= Website =

2,000,000,000 Il Websites

Total number of Websites

1,949,089,067

1000000 000 Websites online rg ht How Instagram Solved Its Justin Bieber Problem

500,000,000

0
2000 2002 2004 2006 2008 2010 2012 2014 2016 2018
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* https.//www.intemetlivestats.conmy/total-number-of-websites/
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o ZF HH™OM RHO| randomwalkS A|ZH RE HZE 7| 2%
» 0| [f PageRank score= Of2ff ZAF ZAI0F ZH0| ZAFEE 4= QS

X Fast Incremental and Personalized PageRank (2010)

Random walk segments(n=5, R=3 0| A|) PageRank Al &4
X, =1
Graph edges
Random walk #1. _ X, ZdEdugRss
Rendom walk £2. T, =
Randomyek £l nR / € Random Walk Z0|
BEHYO REHHEE

5 Y
v' m,: PageRank value for v node

v X, Total number of times that any of the stored
walk segmentsvisitv

v n: Total number of network nodes

v' e Transmission probability (&= 0| A{=0.2)




Incremental PageRank: == wu

< 7|FEl pathE Z{&-&5}0| PageRank scoreS 744!

Algorithm 1 Personalized PageRank Walk Using Walk
Segments
Input: Source node w, required length L of the walk
Output: A personalized PageRank walk P, for source
node w of length at least L

Start the walk at wi P (— [w]  X|LIZt HEES KESH= 27t
while length(P,) <-do

u ¢ last node in P,

Generate a uniformly random number 3 € [0, 1]

-
Random walk #3

X7 MMoz =0tz a2 1fB{ethen
=7| 8% =0r2 =8 Reset the walk to w: Py, < P, - append(w)
else o
if © has an unused walk seg[nent' Q ,temalmng in  7|& X|LP7FK| QU E HES
memory then 2M3E10 0| =

Add @ to the end of P,: P, + P, -append(Q)
Then, reset the walk to w: Py + P, - append(w)
else
if u was previously fetched then
Take a random edge (u,v) out of u
Add v to the end of Py: Pu + P, - append(v)
else
Do a fetch at v O| 2 ‘2| HE 2} randomwalk SEE 7N
end if
end if
end if
end while
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< 7|2 El pathE M=&-235}0] PageRank scoreS 744

. AZFH0| ZQHK| = %8, A0 A= node 15 AFBE:

Random walk segments

X, =1

Graph edges

Random walk #1

PageRank process

THIIEEL - v'Random walk #1:[1, 2, reset]
v'Randomwalk #2:[1, 2, 1, 3, 4, reset]
v Randomwalk#3:[1,2,1,3,4, 1,3, 5]

= PageRank Vector = [3/8,1/8,2/8,1/8,1/8]
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< 7|FEl pathE Z{&-&5}0| PageRank scoreS 744!
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S randomwalk 7| St M[AH =

AN 2
+ MZ2 edge?t MZICHR SM510] path et

Random walk segments(R=1, initial node=1)

Graph edges

Random walk #1

i v Random walk #1:[1, 2]
ﬁ
v'Randomwalk #2:[1, 2, 1, 3, 4]

v Randomwalk#4:[1,2,1,3,4, 1,3, 5,4, 1]

= PageRank Vector = [3/10, 1/10, 2/10, 2/10, 2/10]
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+ Incremental PageRank= Web 1 20ME H52 B&E

« Monte Carlo &&= 28610 APH S 7t}

* RandomwalkE S0 2t = 4 JH B L2 A+E T2 U5
* RageRank= #2| 2 20| CiS3H | L K| A7 & S0|H,

Monte Carlo &8-S K| 2F3H & Fast Incremental and Personalized PageRank (2010) L{- €& 7|8t =2 0| Ch

— Fast Incremental PageRank on Dynamic Networks (2019)
— Towards PageRank Update in a Streaming Graph by Incremental Random Walk (2022)







