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Outline  
ü Metapath based data mining

ü Metapath based similarity measure

p PathSim(VLDB2011), HeteSim(TKDE2014)

¢ Metapath based  recommendation

p SemRec(CIKM2015),  HeteRec(WSDM2014),  SimMF(KAIS2016),  
FMG(KDD2017)

¢ Automatic  generation  of  metapaths

p RelSim(SDM2016),  MP_ESE(TBD2018)

l Heterogeneous information network embedding

l Applications

l Conclusion and future work
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Similarity Measure

l Similarity  search  is  important  in  a  wide  range  of  
applications.

l The  key  of  similarity  search  is  similarity  measure    
which  evaluates  the  similarity  of  object  pairs.

l Similarity measure is also the base for downstream
tasks.

• Web  search • Product  recommendations
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How  to  Define  “Similarity”  in  HIN?

l However, similarity has different  semantic  meanings under
different metapaths in HIN

l Limitation  of  current  similarity/proximity  measures  defined  in  
networks

¢ Do  NOT  distinguish  different  types  of  objects  and  different  types  of  
links  in  the  network. E.g.,  P-­PageRank,  SimRank

Yizhou Sun, Jiawei Han, Xifeng Yan, Philip S. Yu, Tianyi Wu. PathSim: Meta Path-­Based Top-­k
Similarity Search in Heterogeneous Information Networks. VLDB, vol.4 pp. 992-­1003, 2011
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PathSim:  Similarity  in  Terms  of  “Peers”

l Path  count  and  Random  walk  (RW)

¢ Favor  highly  visible  objects  (objects  with  large  degrees)

l Pairwise  random  walk  (PRW)

¢ Favor  pure  objects  (objects  with  highly  skewed  scatterness in  their  
in-­links  or  out-­links)

l PathSim

¢ Favor  “peers”  (objects  with  similar  visibility  and  strong  connectivity  
under  the  given  meta  path)
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Definition  of  PathSim

l The similarity of two nodes x, y under a symmetric meta path
P

¢ Symmetric 𝑠 𝑥#,𝑥% = 𝑠(𝑥% ,𝑥#)

¢ Self-­Maximum 𝑠 𝑥#,𝑥% ∈ 0,1 , 𝑎𝑛𝑑	
  𝑠 𝑥# ,𝑥# = 1

¢ Balance  of  visibility 𝑠 𝑥#,𝑥% ≤ 1
233/2556 255/233

𝑀## is  the  number  of  path  instances  starting  from  i and  ending  with i
following   the  given  meta  path
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Effectiveness Experiments

Semantic  meanings  under  
different  meta  paths  

Case  Study  on  the  query  
“PKDD”    on  “DBIS  dataset”  
under  meta  path  CPAPC
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l Similarity  
search

Motivation of HeteSim

Measure  the  similarity  
between  same-­typed  objects

l Relevance  
search

Measure  the  relatedness  
between  different-­typed  objects  

l The  relatedness  
measure  on  different-­
typed  objects  is  also      

important.

l It  is  possible  in  heterogeneous  networks.

l Profile  extraction
ØResearcher-­related  objects

l Recommender  system
ØUsers-­products

Chuan Shi, Xiangnan Kong, Yue Huang, Philip S. Yu, Bin Wu. HeteSim: A General Framework for
Relevance Measure in Heterogeneous Networks. IEEE Transactions on Knowledge and Data
Engineering, 2014.
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Challenges

l Goal:
A symmetric measure

to evaluate the relevance
of arbitrary object pairs

Challenges

Ø Path-­constrained

Ø Symmetric

Solutions

ü Path-­based  measure

ü Path  decomposition
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Path-­based  Measure

l Given  a  meta path                                              ,  HeteSim between  s and  t
is

ØBasic  idea: Similar  objects  are  related  to  similar  objects
Ø Pair-­wise  random  walk  in  nature

lRRRP !" 21=
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Path  Decomposition

l Two  conditions
Even-­length Path:  meet  at  middle  type

Odd-­length Path:  meet  at  atomic  relation

l Decomposition  of  meta path
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Normalization  of  HeteSim

Before  Normalization

After  Normalization
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Comparison of Different Measures
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Experiment  Results  

l Data  Sets:

Ø ACM  dataset, DBLP  dataset, IMDB

l Case Study on Automatic  Profiling and Expert  Finding
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Applications

l Performances on Query and Clustering
Ø Rank  each  conference’s  related  authors  according  to  their    measure  
scores.  

Ø Calculate  the  AUC  score.  
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Outline  
ü Metapath based data mining

ü Metapath based similarity measure

p PathSim(VLDB2011), HeteSim(TKDE2014)

ü Metapath based recommendation

p SemRec(CIKM2015),  HeteRec(WSDM2014),  SimMF(KAIS2016),  
FMG(KDD2017)

¢ Automatic generation of metapaths

p RelSim(SDM2016),  MP_ESE(TBD2018)

l Heterogeneous information network embedding

l Applications

l Conclusion and future work
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Recommendation System

l Recommendation   system   (RS)

¢ Predict  the  “rating”  or  “preference”  a  user  would  give  to  an  item.

l RS has been widely used in E-­commerce and information
system.
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Collaborative Filtering

l Collaborative filtering is a basic recommendation paradigm

¢ Similar users have similar  behavior

¢ Find similar users for recommendation

¢ Matrix factorization is a popular CF method

l Disadvantages in collaborative filtering

¢ Cold start

¢ Sparsity
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Hybrid Recommendation

l Fusing more information for recommendation

¢ Social recommendation: integrate social relations

¢ Location based recommendation: integrate location relations

¢ Content based recommendation: integrate attribute information

Heterogeneous information network is a more general model
to fuse information
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Recommendation  in  HIN

l Organize  the  objects  and  relations in recommendation
system  as  a  heterogeneous   information  network.

l Advantages:

Ø Integrate  information  contained  in  recommendation  system  

Ø Meta  path embody  rich  semantic  information  

Chuan Shi,Zhiqiang Zhang, Ping Luo, Philip  S.  Yu, Yading Yue. Semantic  Path  based  Personalized  
Recommendation  on  Weighted  Heterogeneous  Information  Networks. CIKM 2015.  
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Recommendation with Meta Path

l Meta path based recommendation

No. Meta  
Path

Semantic  Meaning Recommendation  
Model

1 UU friends  of  the  target  user Social  recommendation

2 UGU users  in  the  same  group  of  the  target  user Member  recommendation

3 UMU users  who  view  the  same  movies  with  the  target  user Collaborative  
recommendation

4 UMTMU users  who  view  movies  having  the  same  types  with  that  of  the  target  user Content  recommendation

Challenges: Weight and Combination
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Weighted HIN

• Link-­constraint  Meta  Path  is  a  meta  path  based  on  a  certain  

constraint  on  link  attribute  values.

𝐴9
:;.=;𝐴1

:>.=>…
:@.=@ 𝐴A69(𝑎𝑏𝑏𝑟𝑒𝑣𝑖𝑎𝑡𝑒𝑑	
  𝑎𝑠	
  𝐴9 𝑣9 𝐴1 𝑣1 … 𝑣A 𝐴A69)

No. Link-­constrained
meta  path Semantic  Meaning

1 U(1)M(1)U Users  having  the  same  rating  score  1  on  some  movies  as  the  target  user

2 U(i)M(j)U  (i=j) Users  having  exactly  the  same  rating  on  some  movies  as  the  target  user

3 U(i)M(j)U  (|i-­j|<=1) users  who  view  movies  having  the  same  types  with  that  of  the  target  user

UMU  path
𝑆 𝑇𝑜𝑚,𝑀𝑎𝑟𝑟𝑦 = 𝑆 𝐵𝑜𝑏,𝑀𝑎𝑟𝑟𝑦

= 𝑆 𝑇𝑜𝑚,𝐵𝑜𝑏

U(i)M(j)U  (i=j) path
𝑆 𝐵𝑜𝑏,𝑇𝑜𝑚 > 𝑆 𝑇𝑜𝑚,𝑀𝑎𝑟𝑟𝑦

= 𝑆(𝐵𝑜𝑏,𝑀𝑎𝑟𝑟𝑦)
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SemRec

Similarity	
  Measure
• Find	
   similar	
  users.
• HeteSim [EDBT’12]
• PathSim [VLDB’11]
• PCRW	
  [KDD’10]

Rating	
  Prediction
• Predict	
  rating	
  score	
  along	
  single	
  path

Weighted	
  Learning
• Combine	
   rating	
  prediction	
   along	
  

each	
  path	
  with	
  weights.



24

Effectiveness Experiments
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Motivation of HeteRec

Diffuse  user  preferences  along  
different  meta-­paths  in  information  
networks  to  generate   latent  
features  for  users  and  items.

Different  types  of  relationships  
can  be  potentially  used  to  improve  
the  recommendation  quality.

Xiao  Yu, Xiang Ren, Yizhou Sun, Quanquan Gu. Personalized  Entity  Recommendation:  A  Heterogeneous  
Information  Network  Approach. WSDM 2014.  
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Global  Recommendation  Model

l Factorize  the  diffused  matrix  𝑅P(Q)	
  :

𝑅P(Q) is  the  diffused  user  preference  matrix  along  the  𝑞-­th meta-­path.

𝑈T(Q) and  𝑉V(Q) are  the  user  latent  feature  and  item  latent  feature  respectively.

l The  user  preference  diffusion  score  between  user  𝑖 and  
item  𝑗	
  along  metapath	
  	
  	
  	
  	
  ∶	
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Personalized  Recommendation  Model

l Personalized   recommendation  scores:  

Apply  k-­means  to  cluster  users  into  subgroups  𝐶

𝐶Z represents  user  clusters  related  to  target  user  𝑢#.

𝑠𝑖𝑚(·,·)	
  defines  the  cosine  similarity  between  the  center  of  cluster  𝐶Z and  𝑢# .  

l Bayesian  Ranking-­Based  Optimization:  

l Global  recommendation   scores:  
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Experiments
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Motivation of SimMF

l Social recommendation is an effective method to
alleviate data sparsity.

l Limitation of social recommendation

l Simple  similarity  information

l Simple regularization

Chuan Shi,Jian Liu, Fuzhen Zhuang, Philip  S.  Yu, Bin  Wu. Integrating  Heterogeneous  Information  via  Flexible  
Regularization  Framework  for  Recommendation. KAIS 2016.
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Path based Similarity

l Many meta  paths can be used  to  evaluate  the  
similarity  of  users  or  items.  

User similarity  can  be  evaluated  
via  
“User-­User”  (UU)  
“User-­Group-­User”  (UGU)
“User-­Movie-­User”  (UMU)
…….

Movies  similarity can  be  evaluated  
via  
“Movie-­User-­Movie”(MUM)
“Movie-­Actor-­Movie”(MAM)
“Movie-­Type-­Moive”(MTM)
……



31

Dual  Regularization  Framework  SimMF

l Adopt  the  similarity  of  users  and  items  as  regularization  
constraint  on  the  latent  factors  of  users  and  items.  
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Experiments
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Experiments
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Motivation of FMG

l Recommending strategies can be modeled by meta-­
paths.

l However, meta-­path fails to exploit some complex
semantics.

Huan Zhao,  Quanming Yao,  Jianda Li,  Yangqiu Song  and  Dik Lun Lee.  Meta-­Graph  Based  Recommendation  
Fusion  over  Heterogeneous  Information  Networks. KDD 2017

Network schema of Yelp

U1 and U2 write the reviews
which rate the same bus.
and mention same asp.

Meta-­graph can do it!
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Meta-­graph  based  RS

Commuting matrix

Assemble L meta-‐graphs 

Matrix  Factorization Factorization  Machine
+group  lasso(FMG)

“MF+FM”framework  
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Optimization  Framework  

l For  each  meta-­graph,  do  MF:

l Do  FM(rating  for  𝑥]):

l Objective  function:



37

Experiments
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Experiments
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Outline  
ü Metapath based data mining

ü Metapath based similarity measure

p Pathsim(VLDB2011), HeteSim(TKDE2014)

ü Metapath based recommendation

p SemRec(CIKM2015),  HeteRec(WSDM2014),  SimMF(KAIS2016),  
FMG(KDD2017)

ü Automatic generation of metapaths

p RelSim(SDM2016),  MP_ESE(TBD2018)

l Heterogeneous information network embedding

l Applications

l Conclusion and future work
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Schema-­rich HIN

<Subject,  Property,  Object> <Node,  Link,  Node>

l Previous work assume that metapaths can be easily given.
l It is not true for some complex HIN, e.g. KG
l Knowledge  Graph (KG) contains rich  knowledge  facts.

l Knowledge graph can be seen as a schema-­rich HIN
l Types  of  nodes  and  relations  are  huge  
l Network  schema are  complex
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Challenges

l Simple  HIN

l Schema-­rich HIN

Given simple
network schema

Find similar
authors working
together on the  
same  paper

Provides
meta pathsTask

Author-­Paper-­Author

Search

DBLP
network

Given complex
network schema

Find similar
person  serving  
the  same  party

Cannot
provides
meta pathsTask

?

Search

Knowledge  graph  
Yago

?
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Motivation of RelSim

l Relation  Similarity  Search
Ø User  provides  a  set  of  simple  examples
Ø Automatically  detect  the  the  latent  semantic  relation  (LSR)

Chenguang Wang, Yizhou Sun, Yanglei Song, Jiawei Han, Yangqiu Song, Lidan Wang, Ming Zhang. RelSim:
Relation Similarity Search in Schema-­Rich Heterogeneous InformationNetworks. SDM 2016.

Ø The similarity between
relation instances

Ø Latent  semantic  
relation  detection

ü A  meta-­path-­based  relation  
similarity  measure

ü Meta  path  generation
ü Meta  path  weights  optimization

Challenges Solutions
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RelSim

l Given  an  LSR                                ,  RelSim between  two  relation  
instances (r and r’)  is  defined  as

Semantic  overlap:  the  weighted  number  
of  overlapped  meta-­path  based  relations  
between  two  instances

Semantic broadness: the weighted number
of total meta-­path-­based relations satisfied
by two instances

l Intuition: two relation instances are more similar when
sharing more important (heavily weighted) meta-­paths

l Properties: Range, Symmetric, Self-­maximum

Meta-­Path  Candidates  
Generation

Meta-­Path  Weights  
Optimization

:
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RelSim

l Query-­based  meta-­path  generation  algorithm  (QMPG)
• Given user  query  Q,  generate meta paths connecting relation
instances.

• Combine these  meta-­paths  to construct a simple schema

l Optimization  model: Important”  meta-­paths  have  higher  
weights,  while  “unimportant”  ones  near  0

Hinge  loss  
function
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Experiment  Results  

l Data  Sets:

Ø Five  popular  relation  categories  in  Freebase

l Effectiveness:
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Experiment  Results  

l Case  study  of  query-­based  meta-­paths
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Entity  Set  Expansion  in  HIN

l Entity  set  expansion   (ESE)

¢ Expanding  a  small  set  into  a  more  complete  set

Can  we  do  ESE  in  knowledge  graph?
Yuyan Zheng, Chuan Shi, Xiaohuan Cao, Xiaoli Li, Bin Wu. A Meta Path based Method for Entity Set
Expansion in Knowledge Graph. TBD 2018.
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Basic idea of MP_ESE

l Challenges

¢ How to automatically generate meta paths

¢ How to determine their weights

l Basic idea
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MP_ESE

l Seed-­based  Meta  Path  Generation（SMPG）

¢ Greedy  tree that generate a relation sequence connecting more seeds with DFS.
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MP_ESE

l Predicting function

l Weight Learning

¢ Heuristic  method

¢ PU  learning  method

• The  seed  pairs  are positive  data,  others are unlabeled  data.

the  number  of  seed  pairs  
connected by the  meta  path
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Experimental Setting

l Yago dataset

¢ contain  35  relationships,  more  than1.3  million  entities  of  3455  
instance  classes.

l Six  tasks:

¢ Actor,  Software,  Movie,  Scientist,  Writer  and  Married_actor

Actor: actors of the movies directed by Steven Spielberg,
Software: softwares of the companies located in Mountain View of California,
Movies: movies whose director won National Film Award,
Scientist: scientists of the universities located in Cambridge of Massachusetts,
Writer: writers being graduated from the universities in New York,
Married_actor: won Emmy Award and their spouses are also actors)
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Effectiveness Experiments

actors  of  the  movies  directed  
by  Steven  Spielberg


