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1.1 Node Ranking 
1.1’ Link Prediction
1.2 Comm. Detection
1.3 Anomaly Detection
1.4 Propagation
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Part 1: 
Plain Graphs

Part 2: 
Complex Graphs
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• Part 2: Complex and Heterogeneous Graphs
– P 2.1: Factorization Methods 
– P 2.2: Heterogeneous Information Networks 
– P 3.3: Statistical Relational Learning 
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Complex Networks

What Plain Graphs Tools Capture Complex Networks
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Complex Network (Many Related Terms)
• Plain Graphs + Extra Information on?

– Nodes?
• Multi-typed Networks

– Edges?
• Multi-layer Networks
• Multi-dimensional Networks
• Multi-modal Networks

– Both?
• Attributed Networks
• Multiplex Networks
• Multi Relational Networks
• Heterogenous Information Networks
• Complex Networks

– ... 
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Common Bipartite Structure

Drug-Target Interactions Recommender Systems Image Captioning
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Complex Bipartite Network
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• Part 2: Complex and Heterogeneous Graphs
– P 2.1: Factorization Methods 

• P 2.1.1: Factorization Machines
• P 2.1.2: Tensor Methods

– P 2.2: Heterogeneous Information Networks 
– P 3.3: Statistical Relational Learning 
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Question:

• Q: How can we add extra information to 
a bipartite-graph for link predication / 
recommender systems?

• A: Factorization Machines is one way!



Bipartite Graph
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How to include additional data?
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How to include additional data?
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How to include additional data?
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One answer: Factorization Machines
1 One-hot encoding

2 Pairwise Interactions

3 Latent factor representation



Data Representation in FM
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Data Representation in FM

ECML/PKDD'22 S. Fakhraei and  C. Faloutsos 19

5 3 1 …

4 5

1 5

…

A

B

C

User 

…

one-hot encoding

one-hot encoding

ratings

M1

Movie
M2 M3 M4 …



Factorization Machines
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Factorization Machines
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ŷ (x) = w0 +
nX

i=1

wixi +
nX

i=1

nX

j=i+1

wijxixj

Global bias

Regression coefficient 
of i-th variable.

Linear Regression

y

<latexit sha1_base64="t5lWBlxnhPc8vatgOCKMO4kpbDU=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoN6KXjy2YGuhDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjto5TxbDFYhGrTkA1Ci6xZbgR2EkU0igQ+BCMb2f+wxMqzWN5byYJ+hEdSh5yRo2VmpN+ueJW3TnIKvFyUoEcjX75qzeIWRqhNExQrbuemxg/o8pwJnBa6qUaE8rGdIhdSyWNUPvZ/NApObPKgISxsiUNmau/JzIaaT2JAtsZUTPSy95M/M/rpia88jMuk9SgZItFYSqIicnsazLgCpkRE0soU9zeStiIKsqMzaZkQ/CWX14l7YuqV6teN2uV+k0eRxFO4BTOwYNLqMMdNKAFDBCe4RXenEfnxXl3PhatBSefOYY/cD5/AOudjQk=</latexit>

x1

<latexit sha1_base64="Zgso4r/5+qHuvA0cy8G5JHMuw8k=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEUG9FLx4r2g9oQ9lsN+3SzSbsTsQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4WV1bX1jeJmaWt7Z3evvH/QNHGqGW+wWMa6HVDDpVC8gQIlbyea0yiQvBWMbqZ+65FrI2L1gOOE+xEdKBEKRtFK9089r1euuFV3BrJMvJxUIEe9V/7q9mOWRlwhk9SYjucm6GdUo2CST0rd1PCEshEd8I6likbc+Nns1Ak5sUqfhLG2pZDM1N8TGY2MGUeB7YwoDs2iNxX/8zophpd+JlSSIldsvihMJcGYTP8mfaE5Qzm2hDIt7K2EDammDG06JRuCt/jyMmmeVb3z6tXdeaV2ncdRhCM4hlPw4AJqcAt1aACDATzDK7w50nlx3p2PeWvByWcO4Q+czx8PkI2s</latexit>

x2

<latexit sha1_base64="O76kjDC2rk5pOTxbQq6SNK3hW1I=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyGgHoLevEY0TwgWcLspDcZMju7zMyKIeQTvHhQxKtf5M2/cZLsQRMLGoqqbrq7gkRwbVz328mtrW9sbuW3Czu7e/sHxcOjpo5TxbDBYhGrdkA1Ci6xYbgR2E4U0igQ2ApGNzO/9YhK81g+mHGCfkQHkoecUWOl+6depVcsuWV3DrJKvIyUIEO9V/zq9mOWRigNE1Trjucmxp9QZTgTOC10U40JZSM6wI6lkkao/cn81Ck5s0qfhLGyJQ2Zq78nJjTSehwFtjOiZqiXvZn4n9dJTXjpT7hMUoOSLRaFqSAmJrO/SZ8rZEaMLaFMcXsrYUOqKDM2nYINwVt+eZU0K2WvWr66q5Zq11kceTiBUzgHDy6gBrdQhwYwGMAzvMKbI5wX5935WLTmnGzmGP7A+fwBERSNrQ==</latexit>

xn

<latexit sha1_base64="1JOXG1EknD2j+GrGYD4Z0pKgIDs=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEUG9FLx4r2g9oQ9lsJ+3SzSbsbsQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgorq2vrG8XN0tb2zu5eef+gqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLRzdRvPaLSPJYPZpygH9GB5CFn1Fjp/qkne+WKW3VnIMvEy0kFctR75a9uP2ZphNIwQbXueG5i/Iwqw5nASambakwoG9EBdiyVNELtZ7NTJ+TEKn0SxsqWNGSm/p7IaKT1OApsZ0TNUC96U/E/r5Oa8NLPuExSg5LNF4WpICYm079JnytkRowtoUxxeythQ6ooMzadkg3BW3x5mTTPqt559eruvFK7zuMowhEcwyl4cAE1uIU6NIDBAJ7hFd4c4bw4787HvLXg5DOH8AfO5w9sBI3p</latexit>

…
xi

<latexit sha1_base64="S1ONQ+D/8X7qDZzZps7zMIscg6E=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEUG9FLx4r2g9oQ9lsJ+3SzSbsbsQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgorq2vrG8XN0tb2zu5eef+gqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLRzdRvPaLSPJYPZpygH9GB5CFn1Fjp/qnHe+WKW3VnIMvEy0kFctR75a9uP2ZphNIwQbXueG5i/Iwqw5nASambakwoG9EBdiyVNELtZ7NTJ+TEKn0SxsqWNGSm/p7IaKT1OApsZ0TNUC96U/E/r5Oa8NLPuExSg5LNF4WpICYm079JnytkRowtoUxxeythQ6ooMzadkg3BW3x5mTTPqt559eruvFK7zuMowhEcwyl4cAE1uIU6NIDBAJ7hFd4c4bw4787HvLXg5DOH8AfO5w9kcI3k</latexit>

M1  M2  M3  M4 …A    B    C …

Deta
ils
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Factorization Machines

ŷ (x) = w0 +
nX

i=1

wixi +
nX

i=1

nX

j=i+1

wijxixj

Global bias

Regression coefficient 
of i-th variable.

Pairwise interactions 2

1 y

<latexit sha1_base64="t5lWBlxnhPc8vatgOCKMO4kpbDU=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoN6KXjy2YGuhDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjto5TxbDFYhGrTkA1Ci6xZbgR2EkU0igQ+BCMb2f+wxMqzWN5byYJ+hEdSh5yRo2VmpN+ueJW3TnIKvFyUoEcjX75qzeIWRqhNExQrbuemxg/o8pwJnBa6qUaE8rGdIhdSyWNUPvZ/NApObPKgISxsiUNmau/JzIaaT2JAtsZUTPSy95M/M/rpia88jMuk9SgZItFYSqIicnsazLgCpkRE0soU9zeStiIKsqMzaZkQ/CWX14l7YuqV6teN2uV+k0eRxFO4BTOwYNLqMMdNKAFDBCe4RXenEfnxXl3PhatBSefOYY/cD5/AOudjQk=</latexit>

x1

<latexit sha1_base64="Zgso4r/5+qHuvA0cy8G5JHMuw8k=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEUG9FLx4r2g9oQ9lsN+3SzSbsTsQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4WV1bX1jeJmaWt7Z3evvH/QNHGqGW+wWMa6HVDDpVC8gQIlbyea0yiQvBWMbqZ+65FrI2L1gOOE+xEdKBEKRtFK9089r1euuFV3BrJMvJxUIEe9V/7q9mOWRlwhk9SYjucm6GdUo2CST0rd1PCEshEd8I6likbc+Nns1Ak5sUqfhLG2pZDM1N8TGY2MGUeB7YwoDs2iNxX/8zophpd+JlSSIldsvihMJcGYTP8mfaE5Qzm2hDIt7K2EDammDG06JRuCt/jyMmmeVb3z6tXdeaV2ncdRhCM4hlPw4AJqcAt1aACDATzDK7w50nlx3p2PeWvByWcO4Q+czx8PkI2s</latexit>

x2

<latexit sha1_base64="O76kjDC2rk5pOTxbQq6SNK3hW1I=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyGgHoLevEY0TwgWcLspDcZMju7zMyKIeQTvHhQxKtf5M2/cZLsQRMLGoqqbrq7gkRwbVz328mtrW9sbuW3Czu7e/sHxcOjpo5TxbDBYhGrdkA1Ci6xYbgR2E4U0igQ2ApGNzO/9YhK81g+mHGCfkQHkoecUWOl+6depVcsuWV3DrJKvIyUIEO9V/zq9mOWRigNE1Trjucmxp9QZTgTOC10U40JZSM6wI6lkkao/cn81Ck5s0qfhLGyJQ2Zq78nJjTSehwFtjOiZqiXvZn4n9dJTXjpT7hMUoOSLRaFqSAmJrO/SZ8rZEaMLaFMcXsrYUOqKDM2nYINwVt+eZU0K2WvWr66q5Zq11kceTiBUzgHDy6gBrdQhwYwGMAzvMKbI5wX5935WLTmnGzmGP7A+fwBERSNrQ==</latexit>

xn

<latexit sha1_base64="1JOXG1EknD2j+GrGYD4Z0pKgIDs=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEUG9FLx4r2g9oQ9lsJ+3SzSbsbsQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgorq2vrG8XN0tb2zu5eef+gqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLRzdRvPaLSPJYPZpygH9GB5CFn1Fjp/qkne+WKW3VnIMvEy0kFctR75a9uP2ZphNIwQbXueG5i/Iwqw5nASambakwoG9EBdiyVNELtZ7NTJ+TEKn0SxsqWNGSm/p7IaKT1OApsZ0TNUC96U/E/r5Oa8NLPuExSg5LNF4WpICYm079JnytkRowtoUxxeythQ6ooMzadkg3BW3x5mTTPqt559eruvFK7zuMowhEcwyl4cAE1uIU6NIDBAJ7hFd4c4bw4787HvLXg5DOH8AfO5w9sBI3p</latexit>

…
xi

<latexit sha1_base64="S1ONQ+D/8X7qDZzZps7zMIscg6E=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEUG9FLx4r2g9oQ9lsJ+3SzSbsbsQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgorq2vrG8XN0tb2zu5eef+gqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLRzdRvPaLSPJYPZpygH9GB5CFn1Fjp/qnHe+WKW3VnIMvEy0kFctR75a9uP2ZphNIwQbXueG5i/Iwqw5nASambakwoG9EBdiyVNELtZ7NTJ+TEKn0SxsqWNGSm/p7IaKT1OApsZ0TNUC96U/E/r5Oa8NLPuExSg5LNF4WpICYm079JnytkRowtoUxxeythQ6ooMzadkg3BW3x5mTTPqt559eruvFK7zuMowhEcwyl4cAE1uIU6NIDBAJ7hFd4c4bw4787HvLXg5DOH8AfO5w9kcI3k</latexit>

M1  M2  M3  M4 …A    B    C …

Deta
ils
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Factorization Machines

ŷ (x) = w0 +
nX

i=1

wixi +
nX

i=1

nX

j=i+1

wijxixj

Global bias

Regression coefficient 
of i-th variable.

Pairwise interactions

Impractical 
to compute

2

1 y

<latexit sha1_base64="t5lWBlxnhPc8vatgOCKMO4kpbDU=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoN6KXjy2YGuhDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjto5TxbDFYhGrTkA1Ci6xZbgR2EkU0igQ+BCMb2f+wxMqzWN5byYJ+hEdSh5yRo2VmpN+ueJW3TnIKvFyUoEcjX75qzeIWRqhNExQrbuemxg/o8pwJnBa6qUaE8rGdIhdSyWNUPvZ/NApObPKgISxsiUNmau/JzIaaT2JAtsZUTPSy95M/M/rpia88jMuk9SgZItFYSqIicnsazLgCpkRE0soU9zeStiIKsqMzaZkQ/CWX14l7YuqV6teN2uV+k0eRxFO4BTOwYNLqMMdNKAFDBCe4RXenEfnxXl3PhatBSefOYY/cD5/AOudjQk=</latexit>

x1

<latexit sha1_base64="Zgso4r/5+qHuvA0cy8G5JHMuw8k=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEUG9FLx4r2g9oQ9lsN+3SzSbsTsQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4WV1bX1jeJmaWt7Z3evvH/QNHGqGW+wWMa6HVDDpVC8gQIlbyea0yiQvBWMbqZ+65FrI2L1gOOE+xEdKBEKRtFK9089r1euuFV3BrJMvJxUIEe9V/7q9mOWRlwhk9SYjucm6GdUo2CST0rd1PCEshEd8I6likbc+Nns1Ak5sUqfhLG2pZDM1N8TGY2MGUeB7YwoDs2iNxX/8zophpd+JlSSIldsvihMJcGYTP8mfaE5Qzm2hDIt7K2EDammDG06JRuCt/jyMmmeVb3z6tXdeaV2ncdRhCM4hlPw4AJqcAt1aACDATzDK7w50nlx3p2PeWvByWcO4Q+czx8PkI2s</latexit>

x2

<latexit sha1_base64="O76kjDC2rk5pOTxbQq6SNK3hW1I=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyGgHoLevEY0TwgWcLspDcZMju7zMyKIeQTvHhQxKtf5M2/cZLsQRMLGoqqbrq7gkRwbVz328mtrW9sbuW3Czu7e/sHxcOjpo5TxbDBYhGrdkA1Ci6xYbgR2E4U0igQ2ApGNzO/9YhK81g+mHGCfkQHkoecUWOl+6depVcsuWV3DrJKvIyUIEO9V/zq9mOWRigNE1Trjucmxp9QZTgTOC10U40JZSM6wI6lkkao/cn81Ck5s0qfhLGyJQ2Zq78nJjTSehwFtjOiZqiXvZn4n9dJTXjpT7hMUoOSLRaFqSAmJrO/SZ8rZEaMLaFMcXsrYUOqKDM2nYINwVt+eZU0K2WvWr66q5Zq11kceTiBUzgHDy6gBrdQhwYwGMAzvMKbI5wX5935WLTmnGzmGP7A+fwBERSNrQ==</latexit>

xn

<latexit sha1_base64="1JOXG1EknD2j+GrGYD4Z0pKgIDs=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEUG9FLx4r2g9oQ9lsJ+3SzSbsbsQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgorq2vrG8XN0tb2zu5eef+gqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLRzdRvPaLSPJYPZpygH9GB5CFn1Fjp/qkne+WKW3VnIMvEy0kFctR75a9uP2ZphNIwQbXueG5i/Iwqw5nASambakwoG9EBdiyVNELtZ7NTJ+TEKn0SxsqWNGSm/p7IaKT1OApsZ0TNUC96U/E/r5Oa8NLPuExSg5LNF4WpICYm079JnytkRowtoUxxeythQ6ooMzadkg3BW3x5mTTPqt559eruvFK7zuMowhEcwyl4cAE1uIU6NIDBAJ7hFd4c4bw4787HvLXg5DOH8AfO5w9sBI3p</latexit>

…
xi

<latexit sha1_base64="S1ONQ+D/8X7qDZzZps7zMIscg6E=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEUG9FLx4r2g9oQ9lsJ+3SzSbsbsQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgorq2vrG8XN0tb2zu5eef+gqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLRzdRvPaLSPJYPZpygH9GB5CFn1Fjp/qnHe+WKW3VnIMvEy0kFctR75a9uP2ZphNIwQbXueG5i/Iwqw5nASambakwoG9EBdiyVNELtZ7NTJ+TEKn0SxsqWNGSm/p7IaKT1OApsZ0TNUC96U/E/r5Oa8NLPuExSg5LNF4WpICYm079JnytkRowtoUxxeythQ6ooMzadkg3BW3x5mTTPqt559eruvFK7zuMowhEcwyl4cAE1uIU6NIDBAJ7hFd4c4bw4787HvLXg5DOH8AfO5w9kcI3k</latexit>

M1  M2  M3  M4 …A    B    C …

Deta
ils
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Factorization Machines

ŷ (x) = w0 +
nX

i=1

wixi +
nX

i=1

nX

j=i+1

wijxixj

Global bias

Regression coefficient 
of i-th variable.

Pairwise interactions

wij ⇡ ŵij =
⌦
vxi ,vxj

↵

Latent factor for 
each column

2

1
3

y

<latexit sha1_base64="t5lWBlxnhPc8vatgOCKMO4kpbDU=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoN6KXjy2YGuhDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjto5TxbDFYhGrTkA1Ci6xZbgR2EkU0igQ+BCMb2f+wxMqzWN5byYJ+hEdSh5yRo2VmpN+ueJW3TnIKvFyUoEcjX75qzeIWRqhNExQrbuemxg/o8pwJnBa6qUaE8rGdIhdSyWNUPvZ/NApObPKgISxsiUNmau/JzIaaT2JAtsZUTPSy95M/M/rpia88jMuk9SgZItFYSqIicnsazLgCpkRE0soU9zeStiIKsqMzaZkQ/CWX14l7YuqV6teN2uV+k0eRxFO4BTOwYNLqMMdNKAFDBCe4RXenEfnxXl3PhatBSefOYY/cD5/AOudjQk=</latexit>

x1

<latexit sha1_base64="Zgso4r/5+qHuvA0cy8G5JHMuw8k=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEUG9FLx4r2g9oQ9lsN+3SzSbsTsQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IJHCoOt+O4WV1bX1jeJmaWt7Z3evvH/QNHGqGW+wWMa6HVDDpVC8gQIlbyea0yiQvBWMbqZ+65FrI2L1gOOE+xEdKBEKRtFK9089r1euuFV3BrJMvJxUIEe9V/7q9mOWRlwhk9SYjucm6GdUo2CST0rd1PCEshEd8I6likbc+Nns1Ak5sUqfhLG2pZDM1N8TGY2MGUeB7YwoDs2iNxX/8zophpd+JlSSIldsvihMJcGYTP8mfaE5Qzm2hDIt7K2EDammDG06JRuCt/jyMmmeVb3z6tXdeaV2ncdRhCM4hlPw4AJqcAt1aACDATzDK7w50nlx3p2PeWvByWcO4Q+czx8PkI2s</latexit>

x2

<latexit sha1_base64="O76kjDC2rk5pOTxbQq6SNK3hW1I=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyGgHoLevEY0TwgWcLspDcZMju7zMyKIeQTvHhQxKtf5M2/cZLsQRMLGoqqbrq7gkRwbVz328mtrW9sbuW3Czu7e/sHxcOjpo5TxbDBYhGrdkA1Ci6xYbgR2E4U0igQ2ApGNzO/9YhK81g+mHGCfkQHkoecUWOl+6depVcsuWV3DrJKvIyUIEO9V/zq9mOWRigNE1Trjucmxp9QZTgTOC10U40JZSM6wI6lkkao/cn81Ck5s0qfhLGyJQ2Zq78nJjTSehwFtjOiZqiXvZn4n9dJTXjpT7hMUoOSLRaFqSAmJrO/SZ8rZEaMLaFMcXsrYUOqKDM2nYINwVt+eZU0K2WvWr66q5Zq11kceTiBUzgHDy6gBrdQhwYwGMAzvMKbI5wX5935WLTmnGzmGP7A+fwBERSNrQ==</latexit>

xn

<latexit sha1_base64="1JOXG1EknD2j+GrGYD4Z0pKgIDs=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEUG9FLx4r2g9oQ9lsJ+3SzSbsbsQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgorq2vrG8XN0tb2zu5eef+gqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLRzdRvPaLSPJYPZpygH9GB5CFn1Fjp/qkne+WKW3VnIMvEy0kFctR75a9uP2ZphNIwQbXueG5i/Iwqw5nASambakwoG9EBdiyVNELtZ7NTJ+TEKn0SxsqWNGSm/p7IaKT1OApsZ0TNUC96U/E/r5Oa8NLPuExSg5LNF4WpICYm079JnytkRowtoUxxeythQ6ooMzadkg3BW3x5mTTPqt559eruvFK7zuMowhEcwyl4cAE1uIU6NIDBAJ7hFd4c4bw4787HvLXg5DOH8AfO5w9sBI3p</latexit>

…
xi

<latexit sha1_base64="S1ONQ+D/8X7qDZzZps7zMIscg6E=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0lEUG9FLx4r2g9oQ9lsJ+3SzSbsbsQS+hO8eFDEq7/Im//GbZuDtj4YeLw3w8y8IBFcG9f9dgorq2vrG8XN0tb2zu5eef+gqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLRzdRvPaLSPJYPZpygH9GB5CFn1Fjp/qnHe+WKW3VnIMvEy0kFctR75a9uP2ZphNIwQbXueG5i/Iwqw5nASambakwoG9EBdiyVNELtZ7NTJ+TEKn0SxsqWNGSm/p7IaKT1OApsZ0TNUC96U/E/r5Oa8NLPuExSg5LNF4WpICYm079JnytkRowtoUxxeythQ6ooMzadkg3BW3x5mTTPqt559eruvFK7zuMowhEcwyl4cAE1uIU6NIDBAJ7hFd4c4bw4787HvLXg5DOH8AfO5w9kcI3k</latexit>

M1  M2  M3  M4 …A    B    C …

Deta
ils
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Factorization Machines

X y

1am 2am 3am 4am …
Time

ŷ = w0 +
nX

i=1

wixi +
nX

i=1

nX

j=i+1

⌦
vxi ,vxj

↵
xixj

min
X

E

(y � ŷ)2 + �1||wi||2 + �2||Vx||2

wij

Regression

M1 M2 M3 M4 …A    B    C …
User Movie

Deta
ils
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Data Representation in FM

§ Categorical Information (One-hot encoding)
e.g., User and item ID

• Set Information 
e.g., list of friends, other movies watched

• Continuous 
e.g., time, location, age X y

TimeM1 M2 M3 M4 …A    B    C …
User Movie

M1   M2   M3   M4 …
Other Movie ratedECML/PKDD'22 S. Fakhraei and  C. Faloutsos 27



Take Away

5 3 1 …

? 4 5

1 5

…

A

B

C

U
se

r 

…

25 F …

65

41 M

…

A

B

C

Age
Attributes

Gender
…

…

A

B

C

…

1 …

1 1

1

…

A B C …
User 

+ +

1 1 …

1

1

…

Action

Drama

Horror
…+

1 …

1 1 1

1 1

…

A1

A2

A3

…+

Ac
to

rs

Additional user data

G
en

re

Additional item data
U

se
r 

U
se

r 

Original Input

5 3 1 …

2 4 5

1 5

…

A

B

C

U
se

r 

…

Transformed Input

FM

Output

Movie
M1 M2 M3 M4 …

Movie
M1 M2 M3 M4 …

Movie
M1 M2 M3 M4 …

Movie
M1 M2 M3 M4 …

X y

TimeM1 M2 M3 M4 …A    B    C …
User Movie

M1   M2   M3   M4 …
Other Movie rated

GO
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Software Tools

– SageMaker Factorization Machines:
https://docs.aws.amazon.com/sagemaker/latest/
dg/fact-machines.html

– libFM: http://www.libfm.org/

ECML/PKDD'22 S. Fakhraei and  C. Faloutsos 29

https://docs.aws.amazon.com/sagemaker/latest/dg/fact-machines.html
http://www.libfm.org/
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ECML/PKDD'22 S. Fakhraei and  C. Faloutsos 30



Bird’s eye view
Tool

Task 1.
1 
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dd
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1.1 Node Ranking*

1.1’ Link Prediction
1.2 Comm. Detection
1.3 Anomaly Detection
1.4 Propagation

Part 1: 
Plain Graphs

Part 2: 
Complex Graphs

(* or Node Classification)
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• Part 2: Complex and Heterogeneous Graphs
– P 2.1: Factorization Methods 

• P 2.1.1: Factorization Machines
• P 2.1.2: Tensor Methods

– P 2.2: Heterogeneous Information Networks 
– P 3.3: Statistical Relational Learning 

ECML/PKDD'22

Bird’s eye view
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Question:

• Q: How can we add extra information to 
a graph and find communities?

• A: Tensors are one way!



Multi-relational network

ECML/PKDD'22 S. Fakhraei and  C. Faloutsos 34

ei

<latexit sha1_base64="aOyCWMHSRbQN6wjro/CZkSiyUZg=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoN6KXjxWtB/QhrLZTtqlm03Y3Qgl9Cd48aCIV3+RN/+N2zYHbX0w8Hhvhpl5QSK4Nq777RTW1jc2t4rbpZ3dvf2D8uFRS8epYthksYhVJ6AaBZfYNNwI7CQKaRQIbAfj25nffkKleSwfzSRBP6JDyUPOqLHSA/Z5v1xxq+4cZJV4OalAjka//NUbxCyNUBomqNZdz02Mn1FlOBM4LfVSjQllYzrErqWSRqj9bH7qlJxZZUDCWNmShszV3xMZjbSeRIHtjKgZ6WVvJv7ndVMTXvkZl0lqULLFojAVxMRk9jcZcIXMiIkllClubyVsRBVlxqZTsiF4yy+vktZF1atVr+9rlfpNHkcRTuAUzsGDS6jDHTSgCQyG8Ayv8OYI58V5dz4WrQUnnzmGP3A+fwBHfo3R</latexit>
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n: entities (e)
m: relations (r)

How to represent?

Company:
Amazon

City:
Seattle

Located-in 

Example: Knowledge Graph



Multi-relational network
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n: entities (e)
m: relations (r)

Located-in 

1

Tensor

Seattle

Amazon



Time-evolving networks
who – buys – what

S. Fakhraei and  C. Faloutsos 36ECML/PKDD'22

who – buys – what - when
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Tensor examples

• Q: What is a tensor?
• A: N-D generalization of matrix:

13 11 22 55 ...
5 4 6 7 ...

... ... ... ... ...

... ... ... ... ...

... ... ... ... ...

data mining classif. tree ...
John
Peter
Mary
Nick

...

KDD’17

ECML/PKDD'22 S. Fakhraei and  C. Faloutsos
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Tensor examples

• Q: What is a tensor?
• A: N-D generalization of matrix:

13 11 22 55 ...
5 4 6 7 ...

... ... ... ... ...

... ... ... ... ...

... ... ... ... ...

data mining classif. tree ...
John
Peter
Mary
Nick

...

KDD’18
KDD’19

KDD’17

ECML/PKDD'22 S. Fakhraei and  C. Faloutsos



Tensor factorization
• Recall: (SVD) matrix factorization: finds blocks

39

�u1 �ui

N 
users

M
products

‘meat-eaters’
‘steaks’

‘vegetarians’
‘plants’

‘kids’
‘cookies’

~ + +

ECML/PKDD'22 S. Fakhraei and  C. Faloutsos

Reminder (from SVD)



Tensor factorization

One Approach: PARAFAC decomposition

40

= + +subject

object
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politicians artists athletes
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Example Applications
• TA1: Phonecall
• TA2: Network traffic

ECML/PKDD'22 S. Fakhraei and  C. Faloutsos 41



• Anomalous communities in phone call data:
– European country, 4M clients, data over 2 weeks

S. Fakhraei and  C. Faloutsos 42ECML/PKDD'22

TA1: Anomaly detection in time-
evolving graphs

[PAKDD] “Com2: Fast Automatic Discovery of Temporal (Comet) Communities”, Miguel
Araujo, Spiros Papadimitriou, Stephan Günnemann, Christos Faloutsos, Prithwish Basu,
Ananthram Swami,Evangelos Papalexakis, Danai Koutra.



1 caller 5 receivers 4 days of activity
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• Anomalous communities in phone call data:
– European country, 4M clients, data over 2 weeks

TA1: Anomaly detection in time-
evolving graphs

PARAFAC

~200 calls to EACH receiver on EACH day!



1 caller 5 receivers 4 days of activity
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• Anomalous communities in phone call data:
– European country, 4M clients, data over 2 weeks

TA1: Anomaly detection in time-
evolving graphs

PARAFAC

~200 calls to EACH receiver on EACH day!

Godfather?



Example Applications
• TA1: Phonecall
• TA2: Network traffic
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LBNL Network Tra�c This dataset consists of (source, destination, port #)
triplets, where each value of the corresponding tensor is the number of packets
sent. The snapshot of the dataset we used, formed a 65170 � 65170 � 65327
tensor of 27269 non-zeros. We ran Algorithm 3 using s = 5 and r = 10 and we
were able to identify what appears to be a port-scanning attack: The component
shown in Fig. 9 contains only one source address (addr. 29571), contacting one
destination address (addr. 30483) using a wide range of near-consecutive ports
(while sending the same amount of packets to each port), a behaviour which
should certainly raise a flag to the network administrator, indicating a possible
port-scanning attack.

0 1 2 3 4 5 6 7

x 10
4

0

10

20

0 1 2 3 4 5 6 7

x 10
4

0

0.5

1

0 1 2 3 4 5 6 7

x 10
4

0

0.05

0.1

Src

Dst

Port Scaning AttackPort

Fig. 9. Anomaly on the Lbnl data: We have one source address (addr. 29571), con-
tacting one destination address (addr. 30483) using a wide range of near-consecutive
ports, possibly indicating a port scanning attack.

Facebook Wall posts This dataset 5 first appeared in [25]; the specific part
of the dataset we used consists of triplets of the form (Wall owner, Poster,
day), where the Poster created a post on the Wall owner’s Wall on the specified
timestamp. By choosing daily granularity, we formed a 63891 � 63890 � 1847
tensor, comprised of 737778 non-zero entries; subsequently, we ran Algorithm 3
using s = 100 and r = 10. In Figure 10 we present our most surprising findings:
On the left subfigure, we demonstrate what appears to be the Wall owner’s
birthday, since many posters posted on a single day on this person’s Wall; this
event may well be characterized as an ”anomaly”. On the right subfigure, we
demonstrate what ”normal” Facebook activity looks like.

NELL This dataset consists of triplets of the form (noun-phrase, noun-phrase,
context). which form a tensor with assorted modes of size 14545�14545�28818
and 76879419 non-zeros, and as values the number of occurrences of each triplet.
The context phrase may be just a verb or a whole sentence. After computing the
Parafac decomposition of the tensor using ParCube with s = 500, and r = 10
repetitions, we computed the noun-phrase similarity matrix AAT + BBT and

5 Download Facebook at http://socialnetworks.mpi-sws.org/data-wosn2009.
html

TA2: Anomaly detection in 
network traffic

S. Fakhraei and  C. Faloutsos 46

1 Source 1 Destination

ECML/PKDD'22

[ECML/PKDD] “ParCube: Sparse Parallelizable Tensor Decompositions”, 
Evangelos E. Papalexakis, Christos Faloutsos, Nikos Sidiropoulos

M
od

es

PARAFAC



Take Away
• Tensor analysis finds latent variables 

(e.g., market-segments)
– Deviations à Anomalies
– Link Prediction

• Extends SVD/factorization, to higher-modes

ECML/PKDD'22 S. Fakhraei and  C. Faloutsos 47
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Software Tools

– TensorLy: Tensor Learning in Python
http://tensorly.org/stable/index.html

– Tensor Toolbox for MATLAB 
http://www.tensortoolbox.org/

ECML/PKDD'22 S. Fakhraei and  C. Faloutsos 48

http://tensorly.org/stable/index.html
http://www.tensortoolbox.org/
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Part 1: 
Plain Graphs

Part 2: 
Complex Graphs



• Part 2: Complex and Heterogeneous Graphs
– P 2.1: Factorization Methods 
– P 2.2: Heterogeneous Information Networks 

• Metapaths
• PathSim

– P 3.3: Statistical Relational Learning 

S. Fakhraei and  C. Faloutsos 51ECML/PKDD'22

Bird’s eye view
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Question:
Q: How can we find node similarities in 
networks with extra information?



DBLP
computer science bibliography
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Question:
Q: In DBLP who are most similar to 
“Christos Faloutsos”? 



DBLP
computer science bibliography
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Question:
Q: In DBLP who are most similar to 
“Christos Faloutsos”? 

How to define?

A: PathSim and Meta-path 
is one way!



Heterogeneous Information Networks (HIN)

HIN Instance
Network Schema

(Meta-level description of HIN)

Venue Author

Paper

authorshipappear-in

citation

NetClus

PathSim

GenClus

VLDB

KDD

55



Heterogeneous Information Networks (HIN)

MetaPath (Meta-level description of paths)

HIN Instance
Network Schema

(Meta-level description of HIN)

Venue Author

Paper

authorshipappear-in

citation

NetClus

PathSim

GenClus

VLDB

KDD

Author Author

Paper

APA

Author Author

Paper

APVPA

Paper

Venue
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Author Author

Paper

APA

Author Author

Paper

APVPA

Paper

Venue

HIN Instance
Network Schema

(Meta-level description of HIN)

Venue Author

Paper

authorshipappear-in

citation

NetClus

PathSim

GenClus

VLDB

KDD

Heterogeneous Information Networks (HIN)

MetaPath (Meta-level description of paths)

APA 

Meaning:

Co-authors

Instances:

Sun-NetClus-Han
Sun-PathSim-Yu

APVPA

Meaning:

Similar interest colleagues

Instances:

Sun-PathSim-VLDB-PathSim-Han
Sun-PathSim-VLDB-GenClus-Aggarwal

Path Instance
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Implicit Meta-path Intuition 

MetaPath1

MetaPath2

=

=

ne
w

 e
dg

e

or
ig

in
al

 p
at

hs
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DBLP
computer science bibliography

ECML/PKDD'22 S. Fakhraei and  C. Faloutsos 59

Question:
Q: In DBLP who are most similar to 
“Christos Faloutsos”? 

How to define?

A: PathSim and Meta-path 
is one way!



PathSim

PathSim: Normalized path count between two 
nodes x, y following a meta-path P:

?x

<latexit sha1_base64="g3vERbzU3kfXibT9Kek4KMf3Qbg=">AAAB6HicbVDLSgNBEOyNrxhfUY9eBoPgKexKQL0FvXhMwDwgWcLspDcZMzu7zMyKIeQLvHhQxKuf5M2/cZLsQRMLGoqqbrq7gkRwbVz328mtrW9sbuW3Czu7e/sHxcOjpo5TxbDBYhGrdkA1Ci6xYbgR2E4U0igQ2ApGtzO/9YhK81jem3GCfkQHkoecUWOl+lOvWHLL7hxklXgZKUGGWq/41e3HLI1QGiao1h3PTYw/ocpwJnBa6KYaE8pGdIAdSyWNUPuT+aFTcmaVPgljZUsaMld/T0xopPU4CmxnRM1QL3sz8T+vk5rwyp9wmaQGJVssClNBTExmX5M+V8iMGFtCmeL2VsKGVFFmbDYFG4K3/PIqaV6UvUr5ul4pVW+yOPJwAqdwDh5cQhXuoAYNYIDwDK/w5jw4L86787FozTnZzDH8gfP5A+oZjQg=</latexit>

y

<latexit sha1_base64="t5lWBlxnhPc8vatgOCKMO4kpbDU=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoN6KXjy2YGuhDWWznbRrN5uwuxFK6C/w4kERr/4kb/4bt20O2vpg4PHeDDPzgkRwbVz32ymsrW9sbhW3Szu7e/sH5cOjto5TxbDFYhGrTkA1Ci6xZbgR2EkU0igQ+BCMb2f+wxMqzWN5byYJ+hEdSh5yRo2VmpN+ueJW3TnIKvFyUoEcjX75qzeIWRqhNExQrbuemxg/o8pwJnBa6qUaE8rGdIhdSyWNUPvZ/NApObPKgISxsiUNmau/JzIaaT2JAtsZUTPSy95M/M/rpia88jMuk9SgZItFYSqIicnsazLgCpkRE0soU9zeStiIKsqMzaZkQ/CWX14l7YuqV6teN2uV+k0eRxFO4BTOwYNLqMMdNKAFDBCe4RXenEfnxXl3PhatBSefOYY/cD5/AOudjQk=</latexit>

s(x, y)

<latexit sha1_base64="XGdCOd/NIBB/9FGigNOEeYxZHz4=">AAAB7XicbVBNSwMxEJ2tX7V+VT16CRahgpRdKai3ohePFewHtEvJptk2NpssSVYsS/+DFw+KePX/ePPfmLZ70NYHA4/3ZpiZF8ScaeO6305uZXVtfSO/Wdja3tndK+4fNLVMFKENIrlU7QBrypmgDcMMp+1YURwFnLaC0c3Ubz1SpZkU92YcUz/CA8FCRrCxUlOXn87Gp71iya24M6Bl4mWkBBnqveJXty9JElFhCMdadzw3Nn6KlWGE00mhm2gaYzLCA9qxVOCIaj+dXTtBJ1bpo1AqW8Kgmfp7IsWR1uMosJ0RNkO96E3F/7xOYsJLP2UiTgwVZL4oTDgyEk1fR32mKDF8bAkmitlbERlihYmxARVsCN7iy8ukeV7xqpWru2qpdp3FkYcjOIYyeHABNbiFOjSAwAM8wyu8OdJ5cd6dj3lrzslmDuEPnM8fywqOow==</latexit>

Number of paths between nodes following

Deta
ils

60



Different Meta-paths Give Different Semantics 

Co-authors

Similar interest colleagues

[VLDB] “Pathsim: Meta path-based top-k similarity search in heterogeneous 
information networks”, Sun, Y., Han, J., Yan, X., Yu, P. S., & Wu, T. 

DBLP
computer science bibliography Venue Author

Paper

authorshipappear-in

citation

Author Author

Paper

APA

Author Author

Paper

APVPA

Paper

Venue
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Meta-Path

• Similarity and Search: PathSim

• Link Prediction: PathPredict

• Clustering: PathSelClus

[Book] “Mining heterogeneous information networks: principles and methodologies”
Sun, Yizhou, and Jiawei Han

Author Author

Paper

APA

Author Author

Paper

APVPA

Paper

Venue
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Software Tools

– Hetnetpy: https://het.io/software/#hetnetpy
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https://het.io/software/
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Bird’s eye view
Tool

Task 1.
1 

PR
/H

IT
S

1.
1 

PP
R

1.
2 

M
E

T
IS

/
SV

D

1.
3 

O
dd

B
al

l+

1.
4 

B
P

2.
1 

FM

2.
1 

Te
ns

or

2.
2 

H
IN

2.
3 

SR
L

1.1 Node Ranking 
1.1’ Link Prediction
1.2 Comm. Detection
1.3 Anomaly Detection
1.4 Propagation
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Part 1: 
Plain Graphs

Part 2: 
Complex Graphs
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• Part 2: Complex and Heterogeneous Graphs
– P 2.1: Factorization Methods 
– P 2.2: Heterogeneous Information Networks 
– P 3.3: Statistical Relational Learning 

• P3.3.1: Node Labeling / Collective Classification
• P3.3.2: Link Prediction / Recommender Systems
• P3.3.3: Entity Resolution / Knowledge Graph 

Identification 

ECML/PKDD'22

Bird’s eye view
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Statistical Relational Learning

Dependencies 
& Structure 

Flattening

[Suitable for Most ML Algorithms]

Real Data Transformed Data



Complex Networks

?

? ?
?

? ?
?

vs.

1. Capture multi-relational nature Joint Inference

?? ?
?

vs.
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• Part 2: Complex and Heterogeneous Graphs
– P 2.1: Factorization Methods 
– P 2.2: Heterogeneous Information Networks 
– P 3.3: Statistical Relational Learning 

• P3.3.1: Node Labeling / Collective Classification
• P3.3.2: Link Prediction / Recommender Systems
• P3.3.3: Entity Resolution / Knowledge Graph 

Identification 
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Bird’s eye view
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Question:
Q: How can we propagate labels in networks 
with extra information?

A: Statistical Relational Learning is one way.
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SRL: Node Labeling [Collective Classification]

Tw
ee
ts
 

Cl
as
si
fi
er

Loves Cats? Loves Cats?

friendsx y

Tw
ee
ts
 

Cl
as
si
fi
er

How can we use the friendship relation 
to improve the predictions?
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SRL: Node Labeling [Collective Classification]

x y
Lo
ca
l

pr
ed
ic
to
r

Lo
ca
l

pr
ed
ic
to
r

label label

Link/
dependency
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SRL: Node Labeling [Collective Classification]

local-predictor(x,l) -> label(x,l)
label(x,l) & link(x,y) -> label(y,l)

Lo
ca
l

pr
ed
ic
to
r

Lo
ca
l

pr
ed
ic
to
r

label label

Link/
dependencyx y

SRL Answer:
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purchased(x, ”cat_food") -> loves(x, ”Cats")
tweeted(x, "#catslover") -> loves(x, ”Cats")

loves(x, ”Cats") & spouse(x,y) -> loves(y, ”Cats")
loves(x, ”Cats") & friend(x,y) -> loves(y, ”Cats")

pu
rc
ha
se
d

pu
rc
ha
se
d

spouse
tw
ee
te
d
friend

tw
ee
te
d

Loves 
Cats

SRL: Node Labeling [Collective Classification]

Loves 
Cats

Loves 
Cats
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0.9: purchased(x, ”cat_food") -> loves(x, ”Cats")
0.8: tweeted(x, "#catslover") -> loves(x, ”Cats")

0.85: loves(x, ”Cats") & spouse(x,y) -> loves(y, ”Cats")
0.7: loves(x, ”Cats") & friend(x,y) -> loves(y, ”Cats")

pu
rc
ha
se
d

pu
rc
ha
se
d

spouse
tw
ee
te
d
friend

tw
ee
te
d

Loves 
Cats

SRL: Node Labeling [Collective Classification]

Loves 
Cats

Loves 
Cats

Weig
hts:

•
Give

n by u
se

r o
r

•
Lea

rned
 fro

m data Soft-values
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SRL: Node Labeling [Collective Classification]

local-predictor(x,l) -> label(x,l)
label(x,l) & link(x,y) -> label(y,l)

Lo
ca
l

pr
ed
ic
to
r

Lo
ca
l

pr
ed
ic
to
r

label label

Link/
dependencyx y

SRL Answer:



Social Spammer Detection
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Social Spammer Detection
Report Abuse

Report Abuse

Report Abuse
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Social Spammer Detection

Task: 
1. How do we know who is telling the truth?

2. How do we know who is a spammer?

Report Abuse

Report Abuse

Report Abuse

? ?

tr
us
t

sp
am
me
r

Input Output
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SRL Answer
prior-trust(x) ->  trusted(x)

trusted(x) & reported(x,y) ->  spammer(y)

spammer(y) & reported(x,y) ->  trusted(x)
~spammer(y) & reported(x,y) -> ~trusted(x)

~spammer(x)

? ?

tr
us
t

sp
am
me
r

+
Output

Input

80



Statistical Relational Learning 
Frameworks

http://i.stanford.edu/hazy/felix/

https://alchemy.cs.washington.edu/Alchemy (MLN)

Felix (Tuffy)

https://psl.linqs.org/Probabilistic 
Soft Logic
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How using PSL looks like:

prior-trust(x) ->  trusted(x)

trusted(x) & reported(x,y) ->  spammer(y)

spammer(y) & reported(x,y) ->  trusted(x)
~spammer(y) & reported(x,y) -> ~trusted(x)

~spammer(x)

? ?

tr
us
t

sp
am
me
r

Templates

Data +

PSL

Input

Output

GO
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How using PSL looks like:

prior-trust(x) ->  trusted(x)

trusted(x) & reported(x,y) ->  spammer(y)

spammer(y) & reported(x,y) ->  trusted(x)
~spammer(y) & reported(x,y) -> ~trusted(x)

~spammer(x)

? ?

tr
us
t

sp
am
me
r

Templates

Data +

PSL

Input

Output

spammer(v1)

Reported(v2 ,v1)

trusted(v2) Reported(v3 ,v1)

trusted(v3)

Reported(v4 ,v5)

trusted(v4) spammer(v5)

Reported(v6 ,v1)

trusted(v6)
High High

High

High

Low Low

?

?

P (Y|X) =
1

Z(�)
exp

2

4�
mX

j=1

�j�j(Y,X)

3

5

Grounding & Inference

(under the hood)
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Desired PGM Model

Spammer(v1)

Reported(v2 ,v1)

trusted(v2) Reported(v3 ,v1)

trusted(v3)

Reported(v4 ,v5)

trusted(v4) Spammer(v5)

Reported(v6 ,v1)

trusted(v6)
High High

High

High

Low Low

Under the hood!
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Templates

Spammer(v1)

Reported(v2 ,v1)

trusted(v2) Reported(v3 ,v1)

trusted(v3)

Reported(v4 ,v5)

trusted(v4) Spammer(v5)

Reported(v6 ,v1)

trusted(v6)
High High

High

High

Low Low

Under the hood!
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Probabilistic Soft Logic (PSL): 
A templating language with first-order logic syntax 

Example PSL rule:
rbody rhead

w: trusted(x) & reported(x,y) -> spammer(y)

Under the hood!

ECML/PKDD'22 S. Fakhraei and  C. Faloutsos 86



Probabilistic Soft Logic (PSL): 
A templating language with first-order logic syntax 

Example PSL rule:
rbody rhead

0 ≤ Soft truth ≤ 1 p ˜̂ q = max(0, p+ q � 1)

p _̃ q = min(1, p+ q)

¬p = 1� p

w: trusted(x) & reported(x,y) -> spammer(y)

Under the hood!
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Probabilistic Soft Logic (PSL): 
A templating language with first-order logic syntax 

Example PSL rule:
rbody rhead

0 ≤ Soft truth ≤ 1

Ground

10.7 ?

p ˜̂ q = max(0, p+ q � 1)

p _̃ q = min(1, p+ q)

¬p = 1� p

w: trusted(x) & reported(x,y) -> spammer(y)

w: trusted(“alice”) & reported(“alice”,”bob”) -> spammer(“bob”)

Under the hood!
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reported(alice ,bob)

trusted(alice) spammer(bob)

0.7

1

?

Probabilistic Soft Logic (PSL): 
A templating language with first-order logic syntax 

Example PSL rule:
rbody rhead

0 ≤ Soft truth ≤ 1

Ground

10.7 ?

p ˜̂ q = max(0, p+ q � 1)

p _̃ q = min(1, p+ q)

¬p = 1� p

w: trusted(x) & reported(x,y) -> spammer(y)

w: trusted(“alice”) & reported(“alice”,”bob”) -> spammer(“bob”)

Under the hood!
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` = max {value(rbody)� value(rhead), 0}

distance to satisfaction 

reported(alice ,bob)

trusted(alice) spammer(bob)

0.7

1

?

Probabilistic Soft Logic (PSL): 
A templating language with first-order logic syntax 

Example PSL rule:
rbody rhead

0 ≤ Soft truth ≤ 1

Ground

10.7 ?

p ˜̂ q = max(0, p+ q � 1)

p _̃ q = min(1, p+ q)

¬p = 1� p

w: trusted(x) & reported(x,y) -> spammer(y)

w: trusted(“alice”) & reported(“alice”,”bob”) -> spammer(“bob”)

0 1
0

1

Lo
ss

Spammer(bob)
0.7

Under the hood!
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` = max {value(rbody)� value(rhead), 0}

distance to satisfaction 

P (Y|X) =
1

Z(�)
exp

2

4�
mX

j=1

�j�j(Y,X)

3

5

Evidence
Unknown variables

�j(Y,X) =
⇥
`j(Y,X)

⇤

reported(alice ,bob)

trusted(alice) spammer(bob)

0.7

1

?

Probabilistic Soft Logic (PSL): 
A templating language with first-order logic syntax 

Example PSL rule:
rbody rhead

0 ≤ Soft truth ≤ 1

Ground

10.7 ?

p ˜̂ q = max(0, p+ q � 1)

p _̃ q = min(1, p+ q)

¬p = 1� p

w: trusted(x) & reported(x,y) -> spammer(y)

w: trusted(“alice”) & reported(“alice”,”bob”) -> spammer(“bob”)

Under the hood!
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How using PSL looks like:

prior-trust(x) ->  trusted(x)

trusted(x) & reported(x,y) ->  spammer(y)

spammer(y) & reported(x,y) ->  trusted(x)
~spammer(y) & reported(x,y) -> ~trusted(x)

~spammer(x)

? ?

tr
us
t

sp
am
me
r

Templates

Data +

PSL

Input

Output

spammer(v1)

Reported(v2 ,v1)

trusted(v2) Reported(v3 ,v1)

trusted(v3)

Reported(v4 ,v5)

trusted(v4) spammer(v5)

Reported(v6 ,v1)

trusted(v6)
High High

High

High

Low Low

?

?

P (Y|X) =
1

Z(�)
exp

2

4�
mX

j=1

�j�j(Y,X)

3

5

Grounding & Inference

(under the hood)
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Social Spammer Detection

• Collective model:

Experiments AU-PR AU-ROC

Collective Classification 0.790 ± 0.005 0.788 ± 0.003 

prior-trust(x) ->  trusted(x)

trusted(x) & reported(x,y) ->  spammer(y)

spammer(y) & reported(x,y) ->  trusted(x)
~spammer(y) & reported(x,y) -> ~trusted(x)

~spammer(x)
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Node Classification

?

Joint Inference

?? ?
?

vs.
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Report Model

• Non-collective model (≃ weighted sum of the reports):

• Collective model:
prior-trust(x) ->  trusted(x)

trusted(x) & reported(x,y) ->  spammer(y)

spammer(y) & reported(x,y) ->  trusted(x)
~spammer(y) & reported(x,y) -> ~trusted(x)

~spammer(x)

prior-trust(x) & reported(x,y) ->  spammer(y)

~spammer(x)
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Classification Using Reports

Experiments AU-PR AU-ROC

Non-collective model 0.690 ± 0.003 0.624  ± 0.001 

Collective model 0.790 ± 0.005 0.788 ± 0.003 

[KDD]  “Collective Spammer Detection in Evolving Multi-Relational Social Networks”, 
Fakhraei, S., Foulds, J., Shashanka, M., & Getoor, L.
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• Part 2: Complex and Heterogeneous Graphs
– P 2.1: Factorization Methods 
– P 2.2: Heterogeneous Information Networks 
– P 3.3: Statistical Relational Learning 

• P3.3.1: Node Labeling / Collective Classification
• P3.3.2: Link Prediction / Recommender Systems
• P3.3.3: Entity Resolution / Knowledge Graph 

Identification 
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Bird’s eye view
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Question:

1. How can we use multiple similarities between nodes to 
infer link values?

2. How can we propagate link information?
3. How can we add additional model signals?



Link Inference Pattern

x

y

z

Si
mi
la
ri
ty

Lin
k?

link
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Link Inference Template

x

y

z

Si
mi
la
ri
ty

Lin
k?

link

w: link(x,y) & similar(y,z) -> link(x,z)
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Question:

1. How can we use multiple similarities between nodes to 
infer link values?

2. How can we propagate link information?
3. How can we add additional model signals?

?

?



Link Inference Model Characteristics 

• Joint inference of link values

• Support multiple relations

Similar(b, c)

Link(a,b) Link(a,c)

Similar(b, c)

Link(a,b) Link(a,c)

Similar(b, c)

a
b

c

a
b

c

Deta
ils
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Question:

1. How can we use multiple similarities between nodes to 
infer link values?

2. How can we propagate link information?
3. How can we add additional model signals??



Can we add additional signals?

x

y

z

Si
mi
la
ri
ty

Lin
k?

link

link(x,y) & similar(y,z) -> link(x,z)
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Can we add additional signals?

link(x,y) & similar(y,z) -> link(x,z)
additional-signal(x,y) -> link(x,y)

x

y

z

Si
mi
la
ri
ty

Lin
k?

link

additional 
Signal
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– Enforce sparsity 

Typical Additional Signals

a b ~rating(u,i)

Deta
ils
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– Enforce sparsity 

– Distribution statistics

Typical Additional Signals

µ

a b

a b

~rating(u,i)

mean-rating-user(u) -> rating(u,i)

Deta
ils
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– Enforce sparsity 

– Distribution statistics

– Predictions from other models

Typical Additional Signals

µ

a b

a b

a b

a b
a b

~rating(u,i)

mean-rating-user(u) -> rating(u,i)

FM-rating(u,i) -> rating(u,i)

Deta
ils
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Template for Recommender Systems

rating(u,i1) & similar-item(i1,i2) -> rating(u,i2)

sim
ila

r-i
tem

rating

Ra
ti

ng
? item-1

item-2
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rating(u,i1) & similar-item(i1,i2) -> rating(u,i2)
rating(u1,i) & similar-user(u1,u2) -> rating(u2,i)

sim
ila

r-i
tem

ratingsim
ila

r-u
ser

rating

Ra
ti

ng
?

Template for Recommender Systems

item-1

item-2
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Template for Recommender Systems

rating(u,i1) & similar-item(i1,i2) -> rating(u,i2)
rating(u1,i) & similar-user(u1,u2) -> rating(u2,i)

mean-rating-user(u) -> rating(u,i)

sim
ila

r-i
tem

ratingsim
ila

r-u
ser

rating

Ra
ti

ng
?

mean
rating

item-1

item-2
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Template for Recommender Systems

rating(u,i1) & similar-item(i1,i2) -> rating(u,i2)
rating(u1,i) & similar-user(u1,u2) -> rating(u2,i)

mean-rating-user(u) -> rating(u,i)
mean-rating-item(i) -> rating(u,i)

MF-rating(u,i) -> rating(u,i)

sim
ila

r-i
tem

ratingsim
ila

r-u
ser

rating

Ra
ti

ng
?

mean
rating MF

item-1

item-2
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Experimental Validation

[RecSys] “HyPER: A Flexible and Extensible Probabilistic Framework for Hybrid Recommender Systems”, 
Kouki, P., Fakhraei, S., Foulds, J., Eirinaki, M., & Getoor, LECML/PKDD'22 S. Fakhraei and  C. Faloutsos 113



• Part 2: Complex and Heterogeneous Graphs
– P 2.1: Factorization Methods 
– P 2.2: Heterogeneous Information Networks 
– P 3.3: Statistical Relational Learning 

• P3.3.1: Node Labeling / Collective Classification
• P3.3.2: Link Prediction / Recommender Systems
• P3.3.3: Entity Resolution / Knowledge Graph 

Identification 
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Bird’s eye view



Entity Resolution

similar-name(x,y) ->  same(x,y)
similar-links(x,y) ->  same(x,y)

same(x,y) &  same(y,z) ->  same(x,z)

John SmithSmith, John

same?x y

similar-name

similar-links
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Knowledge Graph Identification
How can we integrate 

noisy extracted facts into a knowledge graph?

Documents 
collection

Knowledge 
graph

• Perform collective classification, entity resolution, link prediction
• Enforce ontological constraints
• Integrate different knowledge source information 
• Combine them all!

We can:

+ + + 

graph
product

Ron 
Benson 

Luna 
Dong 

ECML/PKDD'22 S. Fakhraei and  C. Faloutsos 116



Knowledge Graph Identification
// Ontological relations

subsumes(l1,l2) &      label(e,l1) ->      label(e,l2)
exclusive(l1,l2) &      label(e,l1) ->     ~label(e,l2)

inverse(r1,r2) & relation(r1,e,o) -> relation(r2,o,e)
domain(r,l) &  relation(r,e,o) ->       label(e,l)
range(r,l) &  relation(r,e,o) ->       label(o,l)

// Entity resolution
same-entity(e1,e2) &      label(e1,l) ->      label(e2,l)
same-entity(e1,e2) & relation(r,e1,o) -> relation(r,e1,o)

// Integrating additional sources
label-nyt(e,l) ->       label(e,l)

label-youtube(e,l) ->       label(e,l)
relation-wikipedia(r,e,o) ->  relation(r,e,o)

// Sparsity
~relation(r,e,o)

~label(e,l)
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Experimental Validation
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NELL MusicBrainz FreeBase
AUC F1 AUC F1 AUC F1

MLN Ontology (Jiang, ICDM) 0.899 0.836
Additional sources 0.888 0.843 0.672 0.788 0.416 0.734
Entity resolution 0.809 0.804 0.797 0.831
Ontological relations 0.899 0.832 0.753 0.832 0.569 0.805
All of the above 0.904 0.854 0.901 0.919 0.724 0.840

[ISWC] “Knowledge graph identification”, 
Pujara, J., Miao, H., Getoor, L., & Cohen, W.
[AI Magazine] “Using semantics and statistics to turn data into knowledge”,
Pujara, J., Miao, H., Getoor, L., & Cohen, W. 



Software Tools

– PSL: Probabilistic soft logic
https://psl.linqs.org/

– Alchemy: Markov Logic Networks
https://alchemy.cs.washington.edu/
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