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Social Graph
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“People you may know

— B IF & Friends of friends

similarity(userl,user2) =
friendsetl friendset2
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Strong ties

Community Detection
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- To weak ties: unsupervised
learning

flat clustering hierarchical clustering



Hierarchical agglomerative Clustering
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Hierarchical agglomerative clustering

Monotonic
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Method: Merge the nearest clusters until a
single cluster is left

Procedure HAC (N points, stop criterion)
{
(1) Initialize n points as n cluster centers;
(2) Iterate over centers until stop criterion is
satisfied:

a. Compute pair-wise similarity between
any two centers sim(c;,c;)

b. Find the nearest pair of centers

c. Merge the two centers

<l, ] >«—arg maxsim(c;, ;)
1)

(3) Output the hierarchical clusters.
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Pair-wise distances
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To weak ties
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To weak ties
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Home Recommend Stats Graph




TIETK IE S

o H it
o MK
o P RK




P = C




i <

TREFa9 JE
o FPATH
o PN AET. MM, %, BE, Wi
Z . r.=S" ak.nk
[ ] 1)
0.5 / \ KEH

0.4

% . |




/ e

1K
{5 B HS
EE‘U?’ MT :Hij‘:@z’ ‘@%‘J

« x= (0.1, 0.25, 0.61, 0.04) =nonuniform

» y= (0.23, 0.27, 0.23, 0.27) =uniform
H[X]=-2_ p(x)log p(x)

» H(x)=-0.1*logo.1-0.25*l0go.25-0.61*10g0.61-0.04*10g0.04=1.007
« H(y)=-0.23*logo.23-0.27*l0go.27-0.23*l0go.23-0.27*10g0.27=1.383
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Ranking VS Sampling

Ranking Sampling
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User access

* Access log
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Labeled
— 45 1] > I 2

Y| = | 47 | =) | assifier | =) | ci4%5I




— = =
Nailve Bayes
Bayes likelihood prior
=
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Conditional independent

P(C, | %15 %,) o p(X, %, | C, ) p(Cy)
g p(Xl | Ck) p(xz ‘Ck) p(Ck)
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p(rla,n,d)

_ p(r,a,n,d) Z p(r,a,i,n,d)

p(a,n,d) Zp(r a,i,n,d)
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p(a)=02
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d
: p(n, |a,)=0.003
p(fllai)=0-23 S /\ b5 p(n, [a,) =0.005
p(i,|a,)=0.05 [ 7~ HH
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p(rl | i21 nl) =01 p(dl | nZ) =0.4
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Factorization

p(a,1,n,r,d)
= p@)p|a)p(n|a)p(r|i)p(r|n)p(d|n)
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