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Similarity score for a node pair following a single meta-path

Path Count(PC) [Han Asonam11]
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Applications

1. Query by example

When user inputs example pairs of similar objects,
we could model the user’s preference and find

more pairs.
Input:< Barack Obama,

* Welle Obama>
e | ES100) | L
M E L L m1 :USPresident 2", pergopn Daschild™, USFirstLady,

select knowledge

_1
m2 :USPresident =™%% yspoiticalParty =™, USFirstLady,

Base %23 :USPresident 2929, Country M USFirstLady.
utput:

< George Bush, Laura Bush>
< Bill Clinton, Hillary Clinton>
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Existing work

Designed by experts [Han viLDB11]
Complex to analyze big data
Do not consider user-preference

Enumeration within a given length [cohen ECML'11]

Max length L is large, redundant (Curse of
dimension)

In Yago, L=3, 135 meta-paths . L=4, 2000 meta-paths
L is small, miss some important ones
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Problem Definition

Meta Paths Generation

Example ® Meta-paths J
node pairs
(B. Obama, M. Obama Meta Path USPresident 2515, persp TEEChE USFirstLady,
(B. Clinton, H. Clinton) - . e
Generatlon USPresident ——— USPoliticalParty ———— USFirstLady.
Knowledge Similarity
Base ! Function
(Yago) (Linear
Function)
Contributions
Consider the user’s preference: let user input example
pairs

Automatically generate meta paths without a max length:
heuristic search instead of enumeration



Meta-path Generation

Two Phase Method

Challenge: Each node has many class Iabels The number of

candidate meta paths grows exponentia

© Meta-paths
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Generating Meta-Paths

GreedyTree

A tree that greedily expands the node which has
the largest priority score

Priority Score : related to the correlation between
m and r
m is the meta path, ris the residual vector which

evaluates the gap between the truth and current
model

m-r
cos(m, 1) = g Yt O(u,v | IT) - r(u, %) Bl
[[ml[ X [[x] VL, 0u,v T2 x|r|




Generating Meta-Paths

S: Priority
Score

(u,v) | BPCRW
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Meta-path Generation

Phase 2: Node Class Generation

Why node classes are needed

A link only meta path may introduce some unrelated
result pairs.

7 lven o js less specific thalScientist =% CapitalCity

Solution 1: Lowest Common Ancestor(LCA)
Record the LCA in the node of GreedyTree
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Meta-path Generation

Solution 3: TFOF

= score(¢) = 5 tfis the frequency of label in
positive examples. of is the overall count in KB

tf (USPresident) =2 of (USPresident) =42
score(USPresident) = 1.23

= of can be pre-computed
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= score(¢) = 5 tfis the frequency of label in

positive examples. of is the overall count in KB

tf (USPresident) =2 of (USPresident) =42
score(USPresident) = 1.23

= of can be pre-computed

5:0.5

(1,1)
aa
(12,12)
(14,14)

O




Experiments

Dataset
DBLP (four areas)

(Database, Data Mining, Articial Intelligence
and Information Retrieval).
14376 papers, 14475 authors, 8920 topics, 20 venues.
Yago
A Knowledge Base derived from Wikipedia, WordNet and GeoNames.

CORE Facts: 2.1 million nodes, 8 million edges, 125 edge types, 0.36
million node types

Link-prediction evaluation

Select n pairs of certain relationships as example pairs
Randomly select another m pairs to predict the links



True Positive Rate

Experiments

Effectiveness

(a) Yago - citizenOf
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Baseline method: enumerating all meta-paths
within a given max length L.

L is small, low recall.
L is large, low precision.



True Positive Rate
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Case study- Yago citizenOf
Better than direct link(PCRW 1)
Better than best PCRW 2
Better than PCRW 3,4

(a) Yago - citizenOf

meta-path W
Person 22" City locatedin, Country 5477
Person =", Country 0.361
Person M University locatedin, Country 0.023
Person 2edln, City locatedin, Country 0.245
Person 27", City M} Event —2Ppenedin, Country (.198

False Positive Rate

5 most relevant meta-paths for citizenOf



Running Time (ms)

Experiments

Efficiency

(a) Yago - citizenOf (b) Yago - advisorOf (c) DBLP - authorOf
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Running time of FSPG

In Yago, 2 orders of magnitude better.

In DBLP, the running time is comparable to PCRW 5,
but the accuracy is much better.



Conclusion

We examined a novel problem of meta-paths
generation which is highly needed to analyze
and query KB.

We proposed the FSPG algorithm, and
developed GreedyTree to facilitate its
execution.
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Applications
1 3. Recommendation
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True Positive Rate

Association Rule mining compared with AMIE
(Luis, WWW’13)

advisorOf ivyLeagueAlumnus
1---------------- -----------
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meta-path AMIE does not consider the
Person Miuence ™ oo con hierarchy of node types.
Person 44 City 44", person Failed to distinguish Ivy League
Person ™A% University 2290200, b rson alumni from the alumni of any

Person —eIn, Country Mj;l—} Person other universities




Experiments

Class label selection

The TFOF method of
generating class
abels is better for
nigh precision querie

| CAis better than
TFOF for higher recal
rates.
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