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Thank you! 
•  Prof. Marsha Chechic 

•  Prof. Vassos Hadzilacos 

•  Sara Burns 
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In loving memory 
•  Ken Sevcik 

•  Alberto Mendelzon 
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Great to be back: 
•  Ex-Teachers (Derek, Alan) 
•  Ex-office mates (Dave F.) 
•  Co-authors (Nick, Renee, Christina C.) 
•  Other friends  (Eugene) 
•  UMD/CMU connection (Sven, Suzanne, 

Marsha, Nick, Bianca, Angela, Ryan) 

[I’m sure I miss several – apologies - senility ] 
UofT, Nov. 4, 2014 (c) 2014, C. Faloutsos 4 
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Roadmap 

•  Introduction – Motivation 
– Why study (big) graphs? 

•  Part#1: Patterns in graphs 
•  Part#2: time-evolving graphs; tensors 
•  Part#3: Cascades and immunization 
•  Conclusions 

UofT, Nov. 4, 2014 
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Graphs - why should we care? 

UofT, Nov. 4, 2014 

~1B nodes (web sites) 
~6B edges (http links) 
‘YahooWeb graph’ 
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Graphs - why should we care? 

UofT, Nov. 4, 2014 

U Kang, Jay-Yoon Lee, Danai Koutra, and Christos 
Faloutsos. Net-Ray: Visualizing and Mining Billion-Scale 
Graphs PAKDD 2014, Tainan, Taiwan.  

~1B nodes (web sites) 
~6B edges (http links) 
‘YahooWeb graph’ 
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Graphs - why should we care? 

>$10B; ~1B users 

UofT, Nov. 4, 2014 



CMU SCS 

(c) 2014, C. Faloutsos 9 

Graphs - why should we care? 

Internet Map 
[lumeta.com] 

Food Web 
[Martinez ’91] 

UofT, Nov. 4, 2014 
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Graphs - why should we care? 
•  web-log (‘blog’) news propagation 
•  computer network security: email/IP traffic and 

anomaly detection 
•  Recommendation systems 
•  .... 

•  Many-to-many db relationship -> graph 

UofT, Nov. 4, 2014 
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Motivating problems 
•  P1: patterns? Fraud detection? 

•  P2: patterns in time-evolving graphs / 
tensors 

•  P3: cascades – whom to immunize? 

UofT, Nov. 4, 2014 (c) 2014, C. Faloutsos 11 

time 

destination 
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Roadmap 

•  Introduction – Motivation 
– Why study (big) graphs? 

•  Part#1: Patterns in graphs 
•  Part#2: time-evolving graphs; tensors 
•  Part#3: Cascades and immunization 
•  Conclusions 

UofT, Nov. 4, 2014 
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Part 1: 
Patterns, &  

fraud detection 
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Laws and patterns 
•  Q1: Are real graphs random? 

UofT, Nov. 4, 2014 
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Laws and patterns 
•  Q1: Are real graphs random? 
•  A1: NO!! 

– Diameter (‘6 degrees’; ‘Kevin Bacon’) 
–  in- and out- degree distributions 
–  other (surprising) patterns 

•  So, let’s look at the data 

UofT, Nov. 4, 2014 
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Solution# S.1 

•  Power law in the degree distribution [FFF, 
SIGCOMM99] 

log(rank) 

log(degree) 

internet domains 

att.com 

ibm.com 

UofT, Nov. 4, 2014 

CF 
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Solution# S.1 

•  Power law in the degree distribution [FFF, 
SIGCOMM99] 

log(rank) 

log(degree) 

-0.82 

internet domains 

att.com 

ibm.com 
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Solution# S.1 

•  Q: So what? 

log(rank) 

log(degree) 

-0.82 

internet domains 

att.com 

ibm.com 
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Solution# S.1 

•  Q: So what? 
•  A1: # of two-step-away pairs: 

log(rank) 

log(degree) 

-0.82 

internet domains 

att.com 

ibm.com 

UofT, Nov. 4, 2014 

= friends of friends (F.O.F.) 
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Solution# S.1 

•  Q: So what? 
•  A1: # of two-step-away pairs: 100^2 * N= 10 Trillion 

log(rank) 

log(degree) 

-0.82 

internet domains 

att.com 

ibm.com 

UofT, Nov. 4, 2014 

= friends of friends (F.O.F.) 
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Solution# S.1 

•  Q: So what? 
•  A1: # of two-step-away pairs: 100^2 * N= 10 Trillion 

log(rank) 

log(degree) 

-0.82 

internet domains 

att.com 

ibm.com 

UofT, Nov. 4, 2014 

= friends of friends (F.O.F.) 
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Solution# S.1 

•  Q: So what? 
•  A1: # of two-step-away pairs: O(d_max ^2) ~ 10M^2 

log(rank) 

log(degree) 

-0.82 

internet domains 

att.com 

ibm.com 

UofT, Nov. 4, 2014 

~0.8PB -> 
a data center(!) 

DCO @ CMU 

Gaussian trap 

= friends of friends (F.O.F.) 



CMU SCS 

(c) 2014, C. Faloutsos 23 

Solution# S.1 

•  Q: So what? 
•  A1: # of two-step-away pairs: O(d_max ^2) ~ 10M^2 

log(rank) 

log(degree) 

-0.82 

internet domains 

att.com 

ibm.com 

UofT, Nov. 4, 2014 

~0.8PB -> 
a data center(!) 

Gaussian trap 
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Observation – big-data: 
•  O(N2) algorithms are ~intractable  - N=1B 

•  N2 seconds = 31B years (>2x age of 
universe) 

UofT, Nov. 4, 2014 (c) 2014, C. Faloutsos 24 

1B 

1B 
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Solution# S.2: Eigen Exponent E 

•  A2: power law in the eigenvalues of the adjacency 
matrix (‘eig()’) 

E = -0.48 

Exponent = slope 

Eigenvalue 

Rank of decreasing eigenvalue 

May 2001 

UofT, Nov. 4, 2014 

A x = λ x 
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Roadmap 

•  Introduction – Motivation 
•  Part#1: Patterns in graphs 

– Patterns: Degree; Triangles 
– Anomaly/fraud detection 
– Graph understanding 

•  Part#2: time-evolving graphs; tensors 
•  Part#3: Cascades and immunization 
•  Conclusions 

UofT, Nov. 4, 2014 
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Solution# S.3: Triangle ‘Laws’ 

•  Real social networks have a lot of triangles  

UofT, Nov. 4, 2014 
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Solution# S.3: Triangle ‘Laws’ 

•  Real social networks have a lot of triangles 
–  Friends of friends are friends  

•  Any patterns? 
–  2x the friends, 2x the triangles ? 

UofT, Nov. 4, 2014 
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Triangle Law: #S.3  
[Tsourakakis ICDM 2008] 

SN Reuters 

Epinions X-axis: degree 
Y-axis: mean # triangles 
n friends -> ~n1.6 triangles 

UofT, Nov. 4, 2014 
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Triangle Law: Computations  
[Tsourakakis ICDM 2008] 

But: triangles are expensive to compute 
 (3-way join; several approx. algos) – O(dmax

2) 
Q: Can we do that quickly? 
A: 

details 

UofT, Nov. 4, 2014 
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Triangle Law: Computations  
[Tsourakakis ICDM 2008] 

But: triangles are expensive to compute 
 (3-way join; several approx. algos) – O(dmax

2) 
Q: Can we do that quickly? 
A: Yes! 

 #triangles = 1/6 Sum ( λi
3 ) 

      (and, because of skewness (S2) ,  
 we only need the top few eigenvalues! - O(E) 

UofT, Nov. 4, 2014 

A x = λ x 

details 
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Triangle counting for large graphs? 

Anomalous nodes in Twitter(~ 3 billion edges) 
[U Kang, Brendan Meeder, +, PAKDD’11] 

32 UofT, Nov. 4, 2014 32 (c) 2014, C. Faloutsos 

? ? 

? 
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Triangle counting for large graphs? 

Anomalous nodes in Twitter(~ 3 billion edges) 
[U Kang, Brendan Meeder, +, PAKDD’11] 

33 UofT, Nov. 4, 2014 33 (c) 2014, C. Faloutsos 
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Triangle counting for large graphs? 

Anomalous nodes in Twitter(~ 3 billion edges) 
[U Kang, Brendan Meeder, +, PAKDD’11] 

34 UofT, Nov. 4, 2014 34 (c) 2014, C. Faloutsos 
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Triangle counting for large graphs? 

Anomalous nodes in Twitter(~ 3 billion edges) 
[U Kang, Brendan Meeder, +, PAKDD’11] 

35 UofT, Nov. 4, 2014 35 (c) 2014, C. Faloutsos 
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MORE Graph Patterns 

UofT, Nov. 4, 2014 (c) 2014, C. Faloutsos 36 

✔ 
✔ 
✔ 

RTG: A Recursive Realistic Graph Generator using Random 
Typing Leman Akoglu and Christos Faloutsos. PKDD’09.  
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MORE Graph Patterns 

UofT, Nov. 4, 2014 (c) 2014, C. Faloutsos 37 

•  Mary McGlohon, Leman Akoglu, Christos 
Faloutsos. Statistical Properties of Social 
Networks. in "Social Network Data Analytics” (Ed.: 
Charu Aggarwal) 

•  Deepayan Chakrabarti and Christos Faloutsos, 
Graph Mining: Laws, Tools, and Case Studies Oct. 
2012, Morgan Claypool.  
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Roadmap 

•  Introduction – Motivation 
•  Part#1: Patterns in graphs 

– Patterns 
– Anomaly / fraud detection 
– Graph understanding 

•  Part#2: time-evolving graphs; tensors 
•  Part#3: Cascades and immunization 
•  Conclusions 

UofT, Nov. 4, 2014 
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Fraud 
•  Given 

– Who ‘likes’ what page, and 
when 

•  Find 
– Suspicious users and suspicious 

products 

UofT, Nov. 4, 2014 (c) 2014, C. Faloutsos 39 

CopyCatch: Stopping Group Attacks by Spotting 
Lockstep Behavior in Social Networks, Alex Beutel, 
Wanhong Xu, Venkatesan Guruswami, Christopher Palow, 
Christos Faloutsos WWW, 2013. 
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Fraud 
•  Given 

– Who ‘likes’ what page, and 
when 

•  Find 
– Suspicious users and suspicious 

products 

UofT, Nov. 4, 2014 (c) 2014, C. Faloutsos 40 

CopyCatch: Stopping Group Attacks by Spotting 
Lockstep Behavior in Social Networks, Alex Beutel, 
Wanhong Xu, Venkatesan Guruswami, Christopher Palow, 
Christos Faloutsos WWW, 2013. 

Users Pages
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Our intuition 
▪  Lockstep behavior: Same Likes, same time 

Graph Patterns and Lockstep 
Behavior 
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Our intuition 
▪  Lockstep behavior: Same Likes, same time 

Graph Patterns and Lockstep 
Behavior 
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Our intuition 
▪  Lockstep behavior: Same Likes, same time 

Graph Patterns and Lockstep 
Behavior 
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MapReduce Overview 
▪  Use Hadoop to search for 

many clusters in parallel: 

1.  Start with randomly seed 

2.  Update set of Pages and 
center Like times for 
each cluster 

3.  Repeat until convergence 

Users Pages
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40 Z

Likes 

UofT, Nov. 4, 2014 44 (c) 2014, C. Faloutsos 
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Deployment at Facebook 
▪  CopyCatch runs regularly (along with many other 

security mechanisms, and a large Site Integrity 
team) 

08/25 09/08 09/22 10/06 10/20 11/03 11/17 12/01

N
um

be
r 

of
 u

se
rs

 c
au

gh
t

Date of CopyCatch run

3 months of CopyCatch @ Facebook 

#users 
caught 

time UofT, Nov. 4, 2014 45 (c) 2014, C. Faloutsos 
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Deployment at Facebook 

23%

58%

5%
9%

5%

Fake Accounts
Malicious Browser Extensions
OS Malware
Credential Stealing
Social Engineering

Manually labeled 22 randomly selected  
clusters from February 2013 

Most clusters (77%) come from  
real but compromised users 

Fake acct 

UofT, Nov. 4, 2014 46 (c) 2014, C. Faloutsos 
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Roadmap 

•  Introduction – Motivation 
•  Part#1: Patterns in graphs 

– Patterns 
– Anomaly / fraud detection 
– Graph understanding 

•  Part#2: time-evolving graphs; tensors 
•  Part#3: Cascades and immunization 
•  Conclusions 

UofT, Nov. 4, 2014 
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Wikipedia - editors 

UofT, Nov. 4, 2014 (c) 2014, C. Faloutsos 48 

•  Nodes: editors 
•  Edge A->B: ‘A’ changed ‘B’ Any pattern? 
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VoG:Summarizing and Understanding Large 
Graphs 

Danai Koutra,  
U Kang,  
Jilles Vreeken,  
Christos Faloutsos. 

SDM 2014, Philadelphia, PA, April 2014. 

UofT, Nov. 4, 2014 (c) 2014, C. Faloutsos 49 

Code: www.cs.cmu.edu/~dkoutra/CODE/vog.tar 
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Wiki Controversial Article 

(c) 2014, C. Faloutsos 50 

     Stars:  
       admins,  

       bots, 
       heavy users 

Bipartite cores: edit wars 

Kiev vs. Kyiv vandals vs. admins 

Danai Koutra (CMU) 50 
UofT, Nov. 4, 2014 
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Brain Connectivity  
Graph Clustering 

51 

•  114 brain graphs 
– Nodes: 70 cortical regions 
– Edges: connections 

•  Attributes: gender, IQ, age… 

(c) 2014, C. Faloutsos 51 Danai Koutra (CMU) 51 Danai Koutra (CMU) Danai Koutra (CMU) 51 
UofT, Nov. 4, 2014 
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Brain Connectivity  
Graph Clustering 

52 

t-test p-value = 
0.0057 

(c) 2014, C. Faloutsos 52 Danai Koutra (CMU) Danai Koutra (CMU) 52 
UofT, Nov. 4, 2014 
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Brain Connectivity  
Graph Clustering 

53 (c) 2014, C. Faloutsos 53 Danai Koutra (CMU) Danai Koutra (CMU) 53 

High Creativity  
Brain 

Low Creativity  
Brain 

UofT, Nov. 4, 2014 
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VoG: Summarizing Graphs using 

Rich Vocabularies 
Main Ideas: 
(1) Use `vocabulary' of subgraph types 

(2) Minimum Description Length (MDL)  and 
above vocabulary, to summarize graph 

…

UofT, Nov. 4, 2014 54 (c) 2014, C. Faloutsos 
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Summary of Part#1 
•  *many* patterns in real graphs 

– Power-laws everywhere 
– Gaussian trap 

•  Avg << Max 

UofT, Nov. 4, 2014 (c) 2014, C. Faloutsos 55 
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Roadmap 

•  Introduction – Motivation 
•  Part#1: Patterns in graphs 
•  Part#2: time-evolving graphs; tensors 

– P2.1: time-evolving graphs 
– P2.2: with side information (‘coupled’ M.T.F.) 
– Speed 

•  Part#3: Cascades and immunization 
•  Conclusions 

UofT, Nov. 4, 2014 
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Part 2: 
Time evolving  

graphs; tensors 
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Graphs over time -> tensors! 
•  Problem #2.1: 

– Given who calls whom, and when 
– Find patterns / anomalies 

UofT, Nov. 4, 2014 (c) 2014, C. Faloutsos 58 

smith 
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Graphs over time -> tensors! 
•  Problem #2.1: 

– Given who calls whom, and when 
– Find patterns / anomalies 

UofT, Nov. 4, 2014 (c) 2014, C. Faloutsos 59 
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Graphs over time -> tensors! 
•  Problem #2.1: 

– Given who calls whom, and when 
– Find patterns / anomalies 

UofT, Nov. 4, 2014 (c) 2014, C. Faloutsos 60 

Mon 
Tue 
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Graphs over time -> tensors! 
•  Problem #2.1: 

– Given who calls whom, and when 
– Find patterns / anomalies 

UofT, Nov. 4, 2014 (c) 2014, C. Faloutsos 61 
callee 

caller 
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Graphs over time -> tensors! 
•  Problem #2.1’: 

– Given author-keyword-date 
– Find patterns / anomalies 

UofT, Nov. 4, 2014 (c) 2014, C. Faloutsos 62 
keyword 

author 

MANY more settings, 
with >2 ‘modes’ 
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Graphs over time -> tensors! 
•  Problem #2.1’’: 

– Given subject – verb – object facts 
– Find patterns / anomalies 

UofT, Nov. 4, 2014 (c) 2014, C. Faloutsos 63 
object 

subject 

MANY more settings, 
with >2 ‘modes’ 
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Graphs over time -> tensors! 
•  Problem #2.1’’’: 

– Given <triplets> 
– Find patterns / anomalies 

UofT, Nov. 4, 2014 (c) 2014, C. Faloutsos 64 
mode2 

mode1 

MANY more settings, 
with >2 ‘modes’ 
(and 4, 5, etc modes) 
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Graphs & side info 
•  Problem #2.2: coupled (eg., side info) 

– Given subject – verb – object facts 
•  And voxel-activity for each subject-word 

– Find patterns / anomalies 

UofT, Nov. 4, 2014 (c) 2014, C. Faloutsos 65 
object 

subject 

fMRI voxel activity 
`apple tastes sweet’ 



CMU SCS 

Graphs & side info 
•  Problem #2.2: coupled (eg., side info) 

– Given subject – verb – object facts 
•  And voxel-activity for each subject-word 

– Find patterns / anomalies 

UofT, Nov. 4, 2014 (c) 2014, C. Faloutsos 66 
‘sweet’ 

‘apple’ 

fMRI voxel activity 
`apple tastes sweet’ 

‘apple’ 
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Roadmap 

•  Introduction – Motivation 
•  Part#1: Patterns in graphs 
•  Part#2: time-evolving graphs; tensors 

– P2.1: time-evolving graphs 
– P2.2: with side information (‘coupled’ M.T.F.) 
– Speed 

•  Part#3: Cascades and immunization 
•  Conclusions 

UofT, Nov. 4, 2014 
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Answer to both: tensor 

factorization 
•  Recall: (SVD) matrix factorization: finds 

blocks 

UofT, Nov. 4, 2014 (c) 2014, C. Faloutsos 68 

N  
users 

M 
products 

‘meat-eaters’ 
‘steaks’ 

‘vegetarians’ 
‘plants’ 

‘kids’ 
‘cookies’ 

~ + + 
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Answer to both: tensor 

factorization 
•  PARAFAC decomposition 

UofT, Nov. 4, 2014 (c) 2014, C. Faloutsos 69 

= + + subject 

object 

politicians artists athletes 
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Answer: tensor factorization 
•  PARAFAC decomposition 
•  Results for who-calls-whom-when 

–  4M x 15 days 

UofT, Nov. 4, 2014 (c) 2014, C. Faloutsos 70 

= + + caller 

callee 

?? ?? ?? 
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Anomaly detection in time-

evolving graphs 

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

~200 calls to EACH receiver on EACH day! 

1 caller 5 receivers 4 days of activity 

UofT, Nov. 4, 2014 71 (c) 2014, C. Faloutsos 

= 
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Anomaly detection in time-

evolving graphs 

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

~200 calls to EACH receiver on EACH day! 

1 caller 5 receivers 4 days of activity 

UofT, Nov. 4, 2014 72 (c) 2014, C. Faloutsos 

= 
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Anomaly detection in time-

evolving graphs 

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

~200 calls to EACH receiver on EACH day! 
UofT, Nov. 4, 2014 73 (c) 2014, C. Faloutsos 

= 

Miguel Araujo, Spiros Papadimitriou, Stephan Günnemann, 
Christos Faloutsos, Prithwish Basu, Ananthram Swami, 
 Evangelos Papalexakis, Danai Koutra.  Com2: Fast 
Automatic Discovery of Temporal (Comet) Communities. 
PAKDD 2014, Tainan, Taiwan. 
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Roadmap 

•  Introduction – Motivation 
•  Part#1: Patterns in graphs 
•  Part#2: time-evolving graphs; tensors 

– P2.1: Discoveries @ phonecall network 
– P2.2: Discoveries in  neuro-semantics 
– Speed 

•  Part#3: Cascades and immunization 
•  Conclusions 

UofT, Nov. 4, 2014 
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Coupled Matrix-Tensor Factorization 

(CMTF) 

Y X 

a1 aF 

b1 bF 

c1 cF 

a1 aF 

d1 dF 

UofT, Nov. 4, 2014 75 (c) 2014, C. Faloutsos 

+ 

+ 
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Neuro-semantics 

!"
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!

To fully specify a model within this com-
putational modeling framework, one must first
define a set of intermediate semantic features
f1(w) f2(w)…fn(w) to be extracted from the text
corpus. In this paper, each intermediate semantic
feature is defined in terms of the co-occurrence
statistics of the input stimulus word w with a
particular other word (e.g., “taste”) or set of words
(e.g., “taste,” “tastes,” or “tasted”) within the text
corpus. The model is trained by the application of
multiple regression to these features fi(w) and the
observed fMRI images, so as to obtain maximum-
likelihood estimates for the model parameters cvi
(26). Once trained, the computational model can be
evaluated by giving it words outside the training
set and comparing its predicted fMRI images for
these words with observed fMRI data.

This computational modeling framework is
based on two key theoretical assumptions. First, it
assumes the semantic features that distinguish the
meanings of arbitrary concrete nouns are reflected

in the statistics of their use within a very large text
corpus. This assumption is drawn from the field of
computational linguistics, where statistical word
distributions are frequently used to approximate
the meaning of documents and words (14–17).
Second, it assumes that the brain activity observed
when thinking about any concrete noun can be
derived as a weighted linear sum of contributions
from each of its semantic features. Although the
correctness of this linearity assumption is debat-
able, it is consistent with the widespread use of
linear models in fMRI analysis (27) and with the
assumption that fMRI activation often reflects a
linear superposition of contributions from different
sources. Our theoretical framework does not take a
position on whether the neural activation encoding
meaning is localized in particular cortical re-
gions. Instead, it considers all cortical voxels and
allows the training data to determine which loca-
tions are systematically modulated by which as-
pects of word meanings.

Results. We evaluated this computational mod-
el using fMRI data from nine healthy, college-age
participants who viewed 60 different word-picture
pairs presented six times each. Anatomically de-
fined regions of interest were automatically labeled
according to the methodology in (28). The 60 ran-
domly ordered stimuli included five items from
each of 12 semantic categories (animals, body parts,
buildings, building parts, clothing, furniture, insects,
kitchen items, tools, vegetables, vehicles, and other
man-made items). A representative fMRI image for
each stimulus was created by computing the mean
fMRI response over its six presentations, and the
mean of all 60 of these representative images was
then subtracted from each [for details, see (26)].

To instantiate our modeling framework, we first
chose a set of intermediate semantic features. To be
effective, the intermediate semantic features must
simultaneously encode thewide variety of semantic
content of the input stimulus words and factor the
observed fMRI activation intomore primitive com-
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Fig. 2. Predicting fMRI images
for given stimulus words. (A)
Forming a prediction for par-
ticipant P1 for the stimulus
word “celery” after training on
58 other words. Learned cvi co-
efficients for 3 of the 25 se-
mantic features (“eat,” “taste,”
and “fill”) are depicted by the
voxel colors in the three images
at the top of the panel. The co-
occurrence value for each of these features for the stimulus word “celery” is
shown to the left of their respective images [e.g., the value for “eat (celery)” is
0.84]. The predicted activation for the stimulus word [shown at the bottom of
(A)] is a linear combination of the 25 semantic fMRI signatures, weighted by
their co-occurrence values. This figure shows just one horizontal slice [z =

–12 mm in Montreal Neurological Institute (MNI) space] of the predicted
three-dimensional image. (B) Predicted and observed fMRI images for
“celery” and “airplane” after training that uses 58 other words. The two long
red and blue vertical streaks near the top (posterior region) of the predicted
and observed images are the left and right fusiform gyri.
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Fig. 3. Locations of
most accurately pre-
dicted voxels. Surface
(A) and glass brain (B)
rendering of the correla-
tion between predicted
and actual voxel activa-
tions for words outside
the training set for par-

ticipant P5. These panels show clusters containing at least 10 contiguous voxels, each of whose
predicted-actual correlation is at least 0.28. These voxel clusters are distributed throughout the
cortex and located in the left and right occipital and parietal lobes; left and right fusiform,
postcentral, and middle frontal gyri; left inferior frontal gyrus; medial frontal gyrus; and anterior
cingulate. (C) Surface rendering of the predicted-actual correlation averaged over all nine
participants. This panel represents clusters containing at least 10 contiguous voxels, each with
average correlation of at least 0.14.
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To fully specify a model within this com-
putational modeling framework, one must first
define a set of intermediate semantic features
f1(w) f2(w)…fn(w) to be extracted from the text
corpus. In this paper, each intermediate semantic
feature is defined in terms of the co-occurrence
statistics of the input stimulus word w with a
particular other word (e.g., “taste”) or set of words
(e.g., “taste,” “tastes,” or “tasted”) within the text
corpus. The model is trained by the application of
multiple regression to these features fi(w) and the
observed fMRI images, so as to obtain maximum-
likelihood estimates for the model parameters cvi
(26). Once trained, the computational model can be
evaluated by giving it words outside the training
set and comparing its predicted fMRI images for
these words with observed fMRI data.

This computational modeling framework is
based on two key theoretical assumptions. First, it
assumes the semantic features that distinguish the
meanings of arbitrary concrete nouns are reflected

in the statistics of their use within a very large text
corpus. This assumption is drawn from the field of
computational linguistics, where statistical word
distributions are frequently used to approximate
the meaning of documents and words (14–17).
Second, it assumes that the brain activity observed
when thinking about any concrete noun can be
derived as a weighted linear sum of contributions
from each of its semantic features. Although the
correctness of this linearity assumption is debat-
able, it is consistent with the widespread use of
linear models in fMRI analysis (27) and with the
assumption that fMRI activation often reflects a
linear superposition of contributions from different
sources. Our theoretical framework does not take a
position on whether the neural activation encoding
meaning is localized in particular cortical re-
gions. Instead, it considers all cortical voxels and
allows the training data to determine which loca-
tions are systematically modulated by which as-
pects of word meanings.

Results. We evaluated this computational mod-
el using fMRI data from nine healthy, college-age
participants who viewed 60 different word-picture
pairs presented six times each. Anatomically de-
fined regions of interest were automatically labeled
according to the methodology in (28). The 60 ran-
domly ordered stimuli included five items from
each of 12 semantic categories (animals, body parts,
buildings, building parts, clothing, furniture, insects,
kitchen items, tools, vegetables, vehicles, and other
man-made items). A representative fMRI image for
each stimulus was created by computing the mean
fMRI response over its six presentations, and the
mean of all 60 of these representative images was
then subtracted from each [for details, see (26)].

To instantiate our modeling framework, we first
chose a set of intermediate semantic features. To be
effective, the intermediate semantic features must
simultaneously encode thewide variety of semantic
content of the input stimulus words and factor the
observed fMRI activation intomore primitive com-
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Fig. 2. Predicting fMRI images
for given stimulus words. (A)
Forming a prediction for par-
ticipant P1 for the stimulus
word “celery” after training on
58 other words. Learned cvi co-
efficients for 3 of the 25 se-
mantic features (“eat,” “taste,”
and “fill”) are depicted by the
voxel colors in the three images
at the top of the panel. The co-
occurrence value for each of these features for the stimulus word “celery” is
shown to the left of their respective images [e.g., the value for “eat (celery)” is
0.84]. The predicted activation for the stimulus word [shown at the bottom of
(A)] is a linear combination of the 25 semantic fMRI signatures, weighted by
their co-occurrence values. This figure shows just one horizontal slice [z =

–12 mm in Montreal Neurological Institute (MNI) space] of the predicted
three-dimensional image. (B) Predicted and observed fMRI images for
“celery” and “airplane” after training that uses 58 other words. The two long
red and blue vertical streaks near the top (posterior region) of the predicted
and observed images are the left and right fusiform gyri.
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Fig. 3. Locations of
most accurately pre-
dicted voxels. Surface
(A) and glass brain (B)
rendering of the correla-
tion between predicted
and actual voxel activa-
tions for words outside
the training set for par-

ticipant P5. These panels show clusters containing at least 10 contiguous voxels, each of whose
predicted-actual correlation is at least 0.28. These voxel clusters are distributed throughout the
cortex and located in the left and right occipital and parietal lobes; left and right fusiform,
postcentral, and middle frontal gyri; left inferior frontal gyrus; medial frontal gyrus; and anterior
cingulate. (C) Surface rendering of the predicted-actual correlation averaged over all nine
participants. This panel represents clusters containing at least 10 contiguous voxels, each with
average correlation of at least 0.14.
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•  Brain Scan Data* 

•  9 persons 
•  60 nouns 

•  Questions 
•  218 questions 
•  ‘is it alive?’, ‘can 

you eat it?’ 

To fully specify a model within this com-
putational modeling framework, one must first
define a set of intermediate semantic features
f1(w) f2(w)…fn(w) to be extracted from the text
corpus. In this paper, each intermediate semantic
feature is defined in terms of the co-occurrence
statistics of the input stimulus word w with a
particular other word (e.g., “taste”) or set of words
(e.g., “taste,” “tastes,” or “tasted”) within the text
corpus. The model is trained by the application of
multiple regression to these features fi(w) and the
observed fMRI images, so as to obtain maximum-
likelihood estimates for the model parameters cvi
(26). Once trained, the computational model can be
evaluated by giving it words outside the training
set and comparing its predicted fMRI images for
these words with observed fMRI data.

This computational modeling framework is
based on two key theoretical assumptions. First, it
assumes the semantic features that distinguish the
meanings of arbitrary concrete nouns are reflected

in the statistics of their use within a very large text
corpus. This assumption is drawn from the field of
computational linguistics, where statistical word
distributions are frequently used to approximate
the meaning of documents and words (14–17).
Second, it assumes that the brain activity observed
when thinking about any concrete noun can be
derived as a weighted linear sum of contributions
from each of its semantic features. Although the
correctness of this linearity assumption is debat-
able, it is consistent with the widespread use of
linear models in fMRI analysis (27) and with the
assumption that fMRI activation often reflects a
linear superposition of contributions from different
sources. Our theoretical framework does not take a
position on whether the neural activation encoding
meaning is localized in particular cortical re-
gions. Instead, it considers all cortical voxels and
allows the training data to determine which loca-
tions are systematically modulated by which as-
pects of word meanings.

Results. We evaluated this computational mod-
el using fMRI data from nine healthy, college-age
participants who viewed 60 different word-picture
pairs presented six times each. Anatomically de-
fined regions of interest were automatically labeled
according to the methodology in (28). The 60 ran-
domly ordered stimuli included five items from
each of 12 semantic categories (animals, body parts,
buildings, building parts, clothing, furniture, insects,
kitchen items, tools, vegetables, vehicles, and other
man-made items). A representative fMRI image for
each stimulus was created by computing the mean
fMRI response over its six presentations, and the
mean of all 60 of these representative images was
then subtracted from each [for details, see (26)].

To instantiate our modeling framework, we first
chose a set of intermediate semantic features. To be
effective, the intermediate semantic features must
simultaneously encode thewide variety of semantic
content of the input stimulus words and factor the
observed fMRI activation intomore primitive com-
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Fig. 2. Predicting fMRI images
for given stimulus words. (A)
Forming a prediction for par-
ticipant P1 for the stimulus
word “celery” after training on
58 other words. Learned cvi co-
efficients for 3 of the 25 se-
mantic features (“eat,” “taste,”
and “fill”) are depicted by the
voxel colors in the three images
at the top of the panel. The co-
occurrence value for each of these features for the stimulus word “celery” is
shown to the left of their respective images [e.g., the value for “eat (celery)” is
0.84]. The predicted activation for the stimulus word [shown at the bottom of
(A)] is a linear combination of the 25 semantic fMRI signatures, weighted by
their co-occurrence values. This figure shows just one horizontal slice [z =

–12 mm in Montreal Neurological Institute (MNI) space] of the predicted
three-dimensional image. (B) Predicted and observed fMRI images for
“celery” and “airplane” after training that uses 58 other words. The two long
red and blue vertical streaks near the top (posterior region) of the predicted
and observed images are the left and right fusiform gyri.
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Fig. 3. Locations of
most accurately pre-
dicted voxels. Surface
(A) and glass brain (B)
rendering of the correla-
tion between predicted
and actual voxel activa-
tions for words outside
the training set for par-

ticipant P5. These panels show clusters containing at least 10 contiguous voxels, each of whose
predicted-actual correlation is at least 0.28. These voxel clusters are distributed throughout the
cortex and located in the left and right occipital and parietal lobes; left and right fusiform,
postcentral, and middle frontal gyri; left inferior frontal gyrus; medial frontal gyrus; and anterior
cingulate. (C) Surface rendering of the predicted-actual correlation averaged over all nine
participants. This panel represents clusters containing at least 10 contiguous voxels, each with
average correlation of at least 0.14.
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To fully specify a model within this com-
putational modeling framework, one must first
define a set of intermediate semantic features
f1(w) f2(w)…fn(w) to be extracted from the text
corpus. In this paper, each intermediate semantic
feature is defined in terms of the co-occurrence
statistics of the input stimulus word w with a
particular other word (e.g., “taste”) or set of words
(e.g., “taste,” “tastes,” or “tasted”) within the text
corpus. The model is trained by the application of
multiple regression to these features fi(w) and the
observed fMRI images, so as to obtain maximum-
likelihood estimates for the model parameters cvi
(26). Once trained, the computational model can be
evaluated by giving it words outside the training
set and comparing its predicted fMRI images for
these words with observed fMRI data.

This computational modeling framework is
based on two key theoretical assumptions. First, it
assumes the semantic features that distinguish the
meanings of arbitrary concrete nouns are reflected

in the statistics of their use within a very large text
corpus. This assumption is drawn from the field of
computational linguistics, where statistical word
distributions are frequently used to approximate
the meaning of documents and words (14–17).
Second, it assumes that the brain activity observed
when thinking about any concrete noun can be
derived as a weighted linear sum of contributions
from each of its semantic features. Although the
correctness of this linearity assumption is debat-
able, it is consistent with the widespread use of
linear models in fMRI analysis (27) and with the
assumption that fMRI activation often reflects a
linear superposition of contributions from different
sources. Our theoretical framework does not take a
position on whether the neural activation encoding
meaning is localized in particular cortical re-
gions. Instead, it considers all cortical voxels and
allows the training data to determine which loca-
tions are systematically modulated by which as-
pects of word meanings.

Results. We evaluated this computational mod-
el using fMRI data from nine healthy, college-age
participants who viewed 60 different word-picture
pairs presented six times each. Anatomically de-
fined regions of interest were automatically labeled
according to the methodology in (28). The 60 ran-
domly ordered stimuli included five items from
each of 12 semantic categories (animals, body parts,
buildings, building parts, clothing, furniture, insects,
kitchen items, tools, vegetables, vehicles, and other
man-made items). A representative fMRI image for
each stimulus was created by computing the mean
fMRI response over its six presentations, and the
mean of all 60 of these representative images was
then subtracted from each [for details, see (26)].

To instantiate our modeling framework, we first
chose a set of intermediate semantic features. To be
effective, the intermediate semantic features must
simultaneously encode thewide variety of semantic
content of the input stimulus words and factor the
observed fMRI activation intomore primitive com-
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Fig. 2. Predicting fMRI images
for given stimulus words. (A)
Forming a prediction for par-
ticipant P1 for the stimulus
word “celery” after training on
58 other words. Learned cvi co-
efficients for 3 of the 25 se-
mantic features (“eat,” “taste,”
and “fill”) are depicted by the
voxel colors in the three images
at the top of the panel. The co-
occurrence value for each of these features for the stimulus word “celery” is
shown to the left of their respective images [e.g., the value for “eat (celery)” is
0.84]. The predicted activation for the stimulus word [shown at the bottom of
(A)] is a linear combination of the 25 semantic fMRI signatures, weighted by
their co-occurrence values. This figure shows just one horizontal slice [z =

–12 mm in Montreal Neurological Institute (MNI) space] of the predicted
three-dimensional image. (B) Predicted and observed fMRI images for
“celery” and “airplane” after training that uses 58 other words. The two long
red and blue vertical streaks near the top (posterior region) of the predicted
and observed images are the left and right fusiform gyri.
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Fig. 3. Locations of
most accurately pre-
dicted voxels. Surface
(A) and glass brain (B)
rendering of the correla-
tion between predicted
and actual voxel activa-
tions for words outside
the training set for par-

ticipant P5. These panels show clusters containing at least 10 contiguous voxels, each of whose
predicted-actual correlation is at least 0.28. These voxel clusters are distributed throughout the
cortex and located in the left and right occipital and parietal lobes; left and right fusiform,
postcentral, and middle frontal gyri; left inferior frontal gyrus; medial frontal gyrus; and anterior
cingulate. (C) Surface rendering of the predicted-actual correlation averaged over all nine
participants. This panel represents clusters containing at least 10 contiguous voxels, each with
average correlation of at least 0.14.
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To fully specify a model within this com-
putational modeling framework, one must first
define a set of intermediate semantic features
f1(w) f2(w)…fn(w) to be extracted from the text
corpus. In this paper, each intermediate semantic
feature is defined in terms of the co-occurrence
statistics of the input stimulus word w with a
particular other word (e.g., “taste”) or set of words
(e.g., “taste,” “tastes,” or “tasted”) within the text
corpus. The model is trained by the application of
multiple regression to these features fi(w) and the
observed fMRI images, so as to obtain maximum-
likelihood estimates for the model parameters cvi
(26). Once trained, the computational model can be
evaluated by giving it words outside the training
set and comparing its predicted fMRI images for
these words with observed fMRI data.

This computational modeling framework is
based on two key theoretical assumptions. First, it
assumes the semantic features that distinguish the
meanings of arbitrary concrete nouns are reflected

in the statistics of their use within a very large text
corpus. This assumption is drawn from the field of
computational linguistics, where statistical word
distributions are frequently used to approximate
the meaning of documents and words (14–17).
Second, it assumes that the brain activity observed
when thinking about any concrete noun can be
derived as a weighted linear sum of contributions
from each of its semantic features. Although the
correctness of this linearity assumption is debat-
able, it is consistent with the widespread use of
linear models in fMRI analysis (27) and with the
assumption that fMRI activation often reflects a
linear superposition of contributions from different
sources. Our theoretical framework does not take a
position on whether the neural activation encoding
meaning is localized in particular cortical re-
gions. Instead, it considers all cortical voxels and
allows the training data to determine which loca-
tions are systematically modulated by which as-
pects of word meanings.

Results. We evaluated this computational mod-
el using fMRI data from nine healthy, college-age
participants who viewed 60 different word-picture
pairs presented six times each. Anatomically de-
fined regions of interest were automatically labeled
according to the methodology in (28). The 60 ran-
domly ordered stimuli included five items from
each of 12 semantic categories (animals, body parts,
buildings, building parts, clothing, furniture, insects,
kitchen items, tools, vegetables, vehicles, and other
man-made items). A representative fMRI image for
each stimulus was created by computing the mean
fMRI response over its six presentations, and the
mean of all 60 of these representative images was
then subtracted from each [for details, see (26)].

To instantiate our modeling framework, we first
chose a set of intermediate semantic features. To be
effective, the intermediate semantic features must
simultaneously encode thewide variety of semantic
content of the input stimulus words and factor the
observed fMRI activation intomore primitive com-
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Fig. 2. Predicting fMRI images
for given stimulus words. (A)
Forming a prediction for par-
ticipant P1 for the stimulus
word “celery” after training on
58 other words. Learned cvi co-
efficients for 3 of the 25 se-
mantic features (“eat,” “taste,”
and “fill”) are depicted by the
voxel colors in the three images
at the top of the panel. The co-
occurrence value for each of these features for the stimulus word “celery” is
shown to the left of their respective images [e.g., the value for “eat (celery)” is
0.84]. The predicted activation for the stimulus word [shown at the bottom of
(A)] is a linear combination of the 25 semantic fMRI signatures, weighted by
their co-occurrence values. This figure shows just one horizontal slice [z =

–12 mm in Montreal Neurological Institute (MNI) space] of the predicted
three-dimensional image. (B) Predicted and observed fMRI images for
“celery” and “airplane” after training that uses 58 other words. The two long
red and blue vertical streaks near the top (posterior region) of the predicted
and observed images are the left and right fusiform gyri.
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Fig. 3. Locations of
most accurately pre-
dicted voxels. Surface
(A) and glass brain (B)
rendering of the correla-
tion between predicted
and actual voxel activa-
tions for words outside
the training set for par-

ticipant P5. These panels show clusters containing at least 10 contiguous voxels, each of whose
predicted-actual correlation is at least 0.28. These voxel clusters are distributed throughout the
cortex and located in the left and right occipital and parietal lobes; left and right fusiform,
postcentral, and middle frontal gyri; left inferior frontal gyrus; medial frontal gyrus; and anterior
cingulate. (C) Surface rendering of the predicted-actual correlation averaged over all nine
participants. This panel represents clusters containing at least 10 contiguous voxels, each with
average correlation of at least 0.14.
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To fully specify a model within this com-
putational modeling framework, one must first
define a set of intermediate semantic features
f1(w) f2(w)…fn(w) to be extracted from the text
corpus. In this paper, each intermediate semantic
feature is defined in terms of the co-occurrence
statistics of the input stimulus word w with a
particular other word (e.g., “taste”) or set of words
(e.g., “taste,” “tastes,” or “tasted”) within the text
corpus. The model is trained by the application of
multiple regression to these features fi(w) and the
observed fMRI images, so as to obtain maximum-
likelihood estimates for the model parameters cvi
(26). Once trained, the computational model can be
evaluated by giving it words outside the training
set and comparing its predicted fMRI images for
these words with observed fMRI data.

This computational modeling framework is
based on two key theoretical assumptions. First, it
assumes the semantic features that distinguish the
meanings of arbitrary concrete nouns are reflected

in the statistics of their use within a very large text
corpus. This assumption is drawn from the field of
computational linguistics, where statistical word
distributions are frequently used to approximate
the meaning of documents and words (14–17).
Second, it assumes that the brain activity observed
when thinking about any concrete noun can be
derived as a weighted linear sum of contributions
from each of its semantic features. Although the
correctness of this linearity assumption is debat-
able, it is consistent with the widespread use of
linear models in fMRI analysis (27) and with the
assumption that fMRI activation often reflects a
linear superposition of contributions from different
sources. Our theoretical framework does not take a
position on whether the neural activation encoding
meaning is localized in particular cortical re-
gions. Instead, it considers all cortical voxels and
allows the training data to determine which loca-
tions are systematically modulated by which as-
pects of word meanings.

Results. We evaluated this computational mod-
el using fMRI data from nine healthy, college-age
participants who viewed 60 different word-picture
pairs presented six times each. Anatomically de-
fined regions of interest were automatically labeled
according to the methodology in (28). The 60 ran-
domly ordered stimuli included five items from
each of 12 semantic categories (animals, body parts,
buildings, building parts, clothing, furniture, insects,
kitchen items, tools, vegetables, vehicles, and other
man-made items). A representative fMRI image for
each stimulus was created by computing the mean
fMRI response over its six presentations, and the
mean of all 60 of these representative images was
then subtracted from each [for details, see (26)].

To instantiate our modeling framework, we first
chose a set of intermediate semantic features. To be
effective, the intermediate semantic features must
simultaneously encode thewide variety of semantic
content of the input stimulus words and factor the
observed fMRI activation intomore primitive com-
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+ 0.35 + 0.32

“eat” “taste” “fill”

Fig. 2. Predicting fMRI images
for given stimulus words. (A)
Forming a prediction for par-
ticipant P1 for the stimulus
word “celery” after training on
58 other words. Learned cvi co-
efficients for 3 of the 25 se-
mantic features (“eat,” “taste,”
and “fill”) are depicted by the
voxel colors in the three images
at the top of the panel. The co-
occurrence value for each of these features for the stimulus word “celery” is
shown to the left of their respective images [e.g., the value for “eat (celery)” is
0.84]. The predicted activation for the stimulus word [shown at the bottom of
(A)] is a linear combination of the 25 semantic fMRI signatures, weighted by
their co-occurrence values. This figure shows just one horizontal slice [z =

–12 mm in Montreal Neurological Institute (MNI) space] of the predicted
three-dimensional image. (B) Predicted and observed fMRI images for
“celery” and “airplane” after training that uses 58 other words. The two long
red and blue vertical streaks near the top (posterior region) of the predicted
and observed images are the left and right fusiform gyri.

A

B

C

M
ean over

participants

P
articipant P

5

Fig. 3. Locations of
most accurately pre-
dicted voxels. Surface
(A) and glass brain (B)
rendering of the correla-
tion between predicted
and actual voxel activa-
tions for words outside
the training set for par-

ticipant P5. These panels show clusters containing at least 10 contiguous voxels, each of whose
predicted-actual correlation is at least 0.28. These voxel clusters are distributed throughout the
cortex and located in the left and right occipital and parietal lobes; left and right fusiform,
postcentral, and middle frontal gyri; left inferior frontal gyrus; medial frontal gyrus; and anterior
cingulate. (C) Surface rendering of the predicted-actual correlation averaged over all nine
participants. This panel represents clusters containing at least 10 contiguous voxels, each with
average correlation of at least 0.14.
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To fully specify a model within this com-
putational modeling framework, one must first
define a set of intermediate semantic features
f1(w) f2(w)…fn(w) to be extracted from the text
corpus. In this paper, each intermediate semantic
feature is defined in terms of the co-occurrence
statistics of the input stimulus word w with a
particular other word (e.g., “taste”) or set of words
(e.g., “taste,” “tastes,” or “tasted”) within the text
corpus. The model is trained by the application of
multiple regression to these features fi(w) and the
observed fMRI images, so as to obtain maximum-
likelihood estimates for the model parameters cvi
(26). Once trained, the computational model can be
evaluated by giving it words outside the training
set and comparing its predicted fMRI images for
these words with observed fMRI data.

This computational modeling framework is
based on two key theoretical assumptions. First, it
assumes the semantic features that distinguish the
meanings of arbitrary concrete nouns are reflected

in the statistics of their use within a very large text
corpus. This assumption is drawn from the field of
computational linguistics, where statistical word
distributions are frequently used to approximate
the meaning of documents and words (14–17).
Second, it assumes that the brain activity observed
when thinking about any concrete noun can be
derived as a weighted linear sum of contributions
from each of its semantic features. Although the
correctness of this linearity assumption is debat-
able, it is consistent with the widespread use of
linear models in fMRI analysis (27) and with the
assumption that fMRI activation often reflects a
linear superposition of contributions from different
sources. Our theoretical framework does not take a
position on whether the neural activation encoding
meaning is localized in particular cortical re-
gions. Instead, it considers all cortical voxels and
allows the training data to determine which loca-
tions are systematically modulated by which as-
pects of word meanings.

Results. We evaluated this computational mod-
el using fMRI data from nine healthy, college-age
participants who viewed 60 different word-picture
pairs presented six times each. Anatomically de-
fined regions of interest were automatically labeled
according to the methodology in (28). The 60 ran-
domly ordered stimuli included five items from
each of 12 semantic categories (animals, body parts,
buildings, building parts, clothing, furniture, insects,
kitchen items, tools, vegetables, vehicles, and other
man-made items). A representative fMRI image for
each stimulus was created by computing the mean
fMRI response over its six presentations, and the
mean of all 60 of these representative images was
then subtracted from each [for details, see (26)].

To instantiate our modeling framework, we first
chose a set of intermediate semantic features. To be
effective, the intermediate semantic features must
simultaneously encode thewide variety of semantic
content of the input stimulus words and factor the
observed fMRI activation intomore primitive com-
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Fig. 2. Predicting fMRI images
for given stimulus words. (A)
Forming a prediction for par-
ticipant P1 for the stimulus
word “celery” after training on
58 other words. Learned cvi co-
efficients for 3 of the 25 se-
mantic features (“eat,” “taste,”
and “fill”) are depicted by the
voxel colors in the three images
at the top of the panel. The co-
occurrence value for each of these features for the stimulus word “celery” is
shown to the left of their respective images [e.g., the value for “eat (celery)” is
0.84]. The predicted activation for the stimulus word [shown at the bottom of
(A)] is a linear combination of the 25 semantic fMRI signatures, weighted by
their co-occurrence values. This figure shows just one horizontal slice [z =

–12 mm in Montreal Neurological Institute (MNI) space] of the predicted
three-dimensional image. (B) Predicted and observed fMRI images for
“celery” and “airplane” after training that uses 58 other words. The two long
red and blue vertical streaks near the top (posterior region) of the predicted
and observed images are the left and right fusiform gyri.

A
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C

M
ean over
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P
articipant P

5

Fig. 3. Locations of
most accurately pre-
dicted voxels. Surface
(A) and glass brain (B)
rendering of the correla-
tion between predicted
and actual voxel activa-
tions for words outside
the training set for par-

ticipant P5. These panels show clusters containing at least 10 contiguous voxels, each of whose
predicted-actual correlation is at least 0.28. These voxel clusters are distributed throughout the
cortex and located in the left and right occipital and parietal lobes; left and right fusiform,
postcentral, and middle frontal gyri; left inferior frontal gyrus; medial frontal gyrus; and anterior
cingulate. (C) Surface rendering of the predicted-actual correlation averaged over all nine
participants. This panel represents clusters containing at least 10 contiguous voxels, each with
average correlation of at least 0.14.
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To fully specify a model within this com-
putational modeling framework, one must first
define a set of intermediate semantic features
f1(w) f2(w)…fn(w) to be extracted from the text
corpus. In this paper, each intermediate semantic
feature is defined in terms of the co-occurrence
statistics of the input stimulus word w with a
particular other word (e.g., “taste”) or set of words
(e.g., “taste,” “tastes,” or “tasted”) within the text
corpus. The model is trained by the application of
multiple regression to these features fi(w) and the
observed fMRI images, so as to obtain maximum-
likelihood estimates for the model parameters cvi
(26). Once trained, the computational model can be
evaluated by giving it words outside the training
set and comparing its predicted fMRI images for
these words with observed fMRI data.

This computational modeling framework is
based on two key theoretical assumptions. First, it
assumes the semantic features that distinguish the
meanings of arbitrary concrete nouns are reflected

in the statistics of their use within a very large text
corpus. This assumption is drawn from the field of
computational linguistics, where statistical word
distributions are frequently used to approximate
the meaning of documents and words (14–17).
Second, it assumes that the brain activity observed
when thinking about any concrete noun can be
derived as a weighted linear sum of contributions
from each of its semantic features. Although the
correctness of this linearity assumption is debat-
able, it is consistent with the widespread use of
linear models in fMRI analysis (27) and with the
assumption that fMRI activation often reflects a
linear superposition of contributions from different
sources. Our theoretical framework does not take a
position on whether the neural activation encoding
meaning is localized in particular cortical re-
gions. Instead, it considers all cortical voxels and
allows the training data to determine which loca-
tions are systematically modulated by which as-
pects of word meanings.

Results. We evaluated this computational mod-
el using fMRI data from nine healthy, college-age
participants who viewed 60 different word-picture
pairs presented six times each. Anatomically de-
fined regions of interest were automatically labeled
according to the methodology in (28). The 60 ran-
domly ordered stimuli included five items from
each of 12 semantic categories (animals, body parts,
buildings, building parts, clothing, furniture, insects,
kitchen items, tools, vegetables, vehicles, and other
man-made items). A representative fMRI image for
each stimulus was created by computing the mean
fMRI response over its six presentations, and the
mean of all 60 of these representative images was
then subtracted from each [for details, see (26)].

To instantiate our modeling framework, we first
chose a set of intermediate semantic features. To be
effective, the intermediate semantic features must
simultaneously encode thewide variety of semantic
content of the input stimulus words and factor the
observed fMRI activation intomore primitive com-
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Fig. 2. Predicting fMRI images
for given stimulus words. (A)
Forming a prediction for par-
ticipant P1 for the stimulus
word “celery” after training on
58 other words. Learned cvi co-
efficients for 3 of the 25 se-
mantic features (“eat,” “taste,”
and “fill”) are depicted by the
voxel colors in the three images
at the top of the panel. The co-
occurrence value for each of these features for the stimulus word “celery” is
shown to the left of their respective images [e.g., the value for “eat (celery)” is
0.84]. The predicted activation for the stimulus word [shown at the bottom of
(A)] is a linear combination of the 25 semantic fMRI signatures, weighted by
their co-occurrence values. This figure shows just one horizontal slice [z =

–12 mm in Montreal Neurological Institute (MNI) space] of the predicted
three-dimensional image. (B) Predicted and observed fMRI images for
“celery” and “airplane” after training that uses 58 other words. The two long
red and blue vertical streaks near the top (posterior region) of the predicted
and observed images are the left and right fusiform gyri.
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dicted voxels. Surface
(A) and glass brain (B)
rendering of the correla-
tion between predicted
and actual voxel activa-
tions for words outside
the training set for par-

ticipant P5. These panels show clusters containing at least 10 contiguous voxels, each of whose
predicted-actual correlation is at least 0.28. These voxel clusters are distributed throughout the
cortex and located in the left and right occipital and parietal lobes; left and right fusiform,
postcentral, and middle frontal gyri; left inferior frontal gyrus; medial frontal gyrus; and anterior
cingulate. (C) Surface rendering of the predicted-actual correlation averaged over all nine
participants. This panel represents clusters containing at least 10 contiguous voxels, each with
average correlation of at least 0.14.
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To fully specify a model within this com-
putational modeling framework, one must first
define a set of intermediate semantic features
f1(w) f2(w)…fn(w) to be extracted from the text
corpus. In this paper, each intermediate semantic
feature is defined in terms of the co-occurrence
statistics of the input stimulus word w with a
particular other word (e.g., “taste”) or set of words
(e.g., “taste,” “tastes,” or “tasted”) within the text
corpus. The model is trained by the application of
multiple regression to these features fi(w) and the
observed fMRI images, so as to obtain maximum-
likelihood estimates for the model parameters cvi
(26). Once trained, the computational model can be
evaluated by giving it words outside the training
set and comparing its predicted fMRI images for
these words with observed fMRI data.

This computational modeling framework is
based on two key theoretical assumptions. First, it
assumes the semantic features that distinguish the
meanings of arbitrary concrete nouns are reflected

in the statistics of their use within a very large text
corpus. This assumption is drawn from the field of
computational linguistics, where statistical word
distributions are frequently used to approximate
the meaning of documents and words (14–17).
Second, it assumes that the brain activity observed
when thinking about any concrete noun can be
derived as a weighted linear sum of contributions
from each of its semantic features. Although the
correctness of this linearity assumption is debat-
able, it is consistent with the widespread use of
linear models in fMRI analysis (27) and with the
assumption that fMRI activation often reflects a
linear superposition of contributions from different
sources. Our theoretical framework does not take a
position on whether the neural activation encoding
meaning is localized in particular cortical re-
gions. Instead, it considers all cortical voxels and
allows the training data to determine which loca-
tions are systematically modulated by which as-
pects of word meanings.

Results. We evaluated this computational mod-
el using fMRI data from nine healthy, college-age
participants who viewed 60 different word-picture
pairs presented six times each. Anatomically de-
fined regions of interest were automatically labeled
according to the methodology in (28). The 60 ran-
domly ordered stimuli included five items from
each of 12 semantic categories (animals, body parts,
buildings, building parts, clothing, furniture, insects,
kitchen items, tools, vegetables, vehicles, and other
man-made items). A representative fMRI image for
each stimulus was created by computing the mean
fMRI response over its six presentations, and the
mean of all 60 of these representative images was
then subtracted from each [for details, see (26)].

To instantiate our modeling framework, we first
chose a set of intermediate semantic features. To be
effective, the intermediate semantic features must
simultaneously encode thewide variety of semantic
content of the input stimulus words and factor the
observed fMRI activation intomore primitive com-
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Fig. 2. Predicting fMRI images
for given stimulus words. (A)
Forming a prediction for par-
ticipant P1 for the stimulus
word “celery” after training on
58 other words. Learned cvi co-
efficients for 3 of the 25 se-
mantic features (“eat,” “taste,”
and “fill”) are depicted by the
voxel colors in the three images
at the top of the panel. The co-
occurrence value for each of these features for the stimulus word “celery” is
shown to the left of their respective images [e.g., the value for “eat (celery)” is
0.84]. The predicted activation for the stimulus word [shown at the bottom of
(A)] is a linear combination of the 25 semantic fMRI signatures, weighted by
their co-occurrence values. This figure shows just one horizontal slice [z =

–12 mm in Montreal Neurological Institute (MNI) space] of the predicted
three-dimensional image. (B) Predicted and observed fMRI images for
“celery” and “airplane” after training that uses 58 other words. The two long
red and blue vertical streaks near the top (posterior region) of the predicted
and observed images are the left and right fusiform gyri.
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Fig. 3. Locations of
most accurately pre-
dicted voxels. Surface
(A) and glass brain (B)
rendering of the correla-
tion between predicted
and actual voxel activa-
tions for words outside
the training set for par-

ticipant P5. These panels show clusters containing at least 10 contiguous voxels, each of whose
predicted-actual correlation is at least 0.28. These voxel clusters are distributed throughout the
cortex and located in the left and right occipital and parietal lobes; left and right fusiform,
postcentral, and middle frontal gyri; left inferior frontal gyrus; medial frontal gyrus; and anterior
cingulate. (C) Surface rendering of the predicted-actual correlation averaged over all nine
participants. This panel represents clusters containing at least 10 contiguous voxels, each with
average correlation of at least 0.14.
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Figure 4: Turbo-SMT finds meaningful groups of words, questions, and brain regions that are (both negatively
and positively) correlated, as obtained using Turbo-SMT. For instance, Group 3 refers to small items that can
be held in one hand,such as a tomato or a glass, and the activation pattern is very different from the one of
Group 1, which mostly refers to insects, such as bee or beetle. Additionally, Group 3 shows high activation in the
premotor cortex which is associated with the concepts of that group.

v1 and v2 which were withheld from the training data,
the leave-two-out scheme measures prediction accuracy
by the ability to choose which of the observed brain
images corresponds to which of the two words. After
mean-centering the vectors, this classification decision
is made according to the following rule:

�v1 − v̂1�2 + �v2 − v̂2�2 < �v1 − v̂2�2 + �v2 − v̂1�2

Although our approach is not designed to make predic-
tions, preliminary results are very encouraging: Using
only F=2 components, for the noun pair closet/watch
we obtained mean accuracy of about 0.82 for 5 out of the
9 human subjects. Similarly, for the pair knife/beetle,
we achieved accuracy of about 0.8 for a somewhat dif-
ferent group of 5 subjects. For the rest of the human
subjects, the accuracy is considerably lower, however, it
may be the case that brain activity predictability varies
between subjects, a fact that requires further investiga-
tion.

5 Experiments

We implemented Turbo-SMT in Matlab. Our imple-
mentation of the code is publicly available.5 For the par-
allelization of the algorithm, we used Matlab’s Parallel
Computing Toolbox. For tensor manipulation, we used

5http://www.cs.cmu.edu/~epapalex/src/turbo_smt.zip

the Tensor Toolbox for Matlab [7] which is optimized
especially for sparse tensors (but works very well for
dense ones too). We use the ALS and the CMTF-OPT
[5] algorithms as baselines, i.e. we compare Turbo-
SMT when using one of those algorithms as their core
CMTF implementation, against the plain execution of
those algorithms. We implemented our version of the
ALS algorithm, and we used the CMTF Toobox6 im-
plementation of CMTF-OPT. We use CMTF-OPT for
higher ranks, since that particular algorithm is more
accurate than ALS, and is the state of the art. All ex-
periments were carried out on a machine with 4 Intel
Xeon E74850 2.00GHz, and 512Gb of RAM. Whenever
we conducted multiple iterations of an experiment (due
to the randomized nature of Turbo-SMT), we report
error-bars along the plots. For all the following experi-
ments we used either portions of the BrainQ dataset,
or the whole dataset.

5.1 Speedup As we have already discussed in the In-
troduction and shown in Fig. 1, Turbo-SMT achieves
a speedup of 50-200 on the BrainQ dataset; For all
cases, the approximation cost is either same as the base-
lines, or is larger by a small factor, indicating that
Turbo-SMT is both fast and accurate. Key facts that

6http://www.models.life.ku.dk/joda/CMTF_Toolbox
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Figure 4: Turbo-SMT finds meaningful groups of words, questions, and brain regions that are (both negatively
and positively) correlated, as obtained using Turbo-SMT. For instance, Group 3 refers to small items that can
be held in one hand,such as a tomato or a glass, and the activation pattern is very different from the one of
Group 1, which mostly refers to insects, such as bee or beetle. Additionally, Group 3 shows high activation in the
premotor cortex which is associated with the concepts of that group.

v1 and v2 which were withheld from the training data,
the leave-two-out scheme measures prediction accuracy
by the ability to choose which of the observed brain
images corresponds to which of the two words. After
mean-centering the vectors, this classification decision
is made according to the following rule:

�v1 − v̂1�2 + �v2 − v̂2�2 < �v1 − v̂2�2 + �v2 − v̂1�2

Although our approach is not designed to make predic-
tions, preliminary results are very encouraging: Using
only F=2 components, for the noun pair closet/watch
we obtained mean accuracy of about 0.82 for 5 out of the
9 human subjects. Similarly, for the pair knife/beetle,
we achieved accuracy of about 0.8 for a somewhat dif-
ferent group of 5 subjects. For the rest of the human
subjects, the accuracy is considerably lower, however, it
may be the case that brain activity predictability varies
between subjects, a fact that requires further investiga-
tion.

5 Experiments

We implemented Turbo-SMT in Matlab. Our imple-
mentation of the code is publicly available.5 For the par-
allelization of the algorithm, we used Matlab’s Parallel
Computing Toolbox. For tensor manipulation, we used

5http://www.cs.cmu.edu/~epapalex/src/turbo_smt.zip

the Tensor Toolbox for Matlab [7] which is optimized
especially for sparse tensors (but works very well for
dense ones too). We use the ALS and the CMTF-OPT
[5] algorithms as baselines, i.e. we compare Turbo-
SMT when using one of those algorithms as their core
CMTF implementation, against the plain execution of
those algorithms. We implemented our version of the
ALS algorithm, and we used the CMTF Toobox6 im-
plementation of CMTF-OPT. We use CMTF-OPT for
higher ranks, since that particular algorithm is more
accurate than ALS, and is the state of the art. All ex-
periments were carried out on a machine with 4 Intel
Xeon E74850 2.00GHz, and 512Gb of RAM. Whenever
we conducted multiple iterations of an experiment (due
to the randomized nature of Turbo-SMT), we report
error-bars along the plots. For all the following experi-
ments we used either portions of the BrainQ dataset,
or the whole dataset.

5.1 Speedup As we have already discussed in the In-
troduction and shown in Fig. 1, Turbo-SMT achieves
a speedup of 50-200 on the BrainQ dataset; For all
cases, the approximation cost is either same as the base-
lines, or is larger by a small factor, indicating that
Turbo-SMT is both fast and accurate. Key facts that

6http://www.models.life.ku.dk/joda/CMTF_Toolbox
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Figure 4: Turbo-SMT finds meaningful groups of words, questions, and brain regions that are (both negatively
and positively) correlated, as obtained using Turbo-SMT. For instance, Group 3 refers to small items that can
be held in one hand,such as a tomato or a glass, and the activation pattern is very different from the one of
Group 1, which mostly refers to insects, such as bee or beetle. Additionally, Group 3 shows high activation in the
premotor cortex which is associated with the concepts of that group.

v1 and v2 which were withheld from the training data,
the leave-two-out scheme measures prediction accuracy
by the ability to choose which of the observed brain
images corresponds to which of the two words. After
mean-centering the vectors, this classification decision
is made according to the following rule:

�v1 − v̂1�2 + �v2 − v̂2�2 < �v1 − v̂2�2 + �v2 − v̂1�2

Although our approach is not designed to make predic-
tions, preliminary results are very encouraging: Using
only F=2 components, for the noun pair closet/watch
we obtained mean accuracy of about 0.82 for 5 out of the
9 human subjects. Similarly, for the pair knife/beetle,
we achieved accuracy of about 0.8 for a somewhat dif-
ferent group of 5 subjects. For the rest of the human
subjects, the accuracy is considerably lower, however, it
may be the case that brain activity predictability varies
between subjects, a fact that requires further investiga-
tion.

5 Experiments

We implemented Turbo-SMT in Matlab. Our imple-
mentation of the code is publicly available.5 For the par-
allelization of the algorithm, we used Matlab’s Parallel
Computing Toolbox. For tensor manipulation, we used

5http://www.cs.cmu.edu/~epapalex/src/turbo_smt.zip

the Tensor Toolbox for Matlab [7] which is optimized
especially for sparse tensors (but works very well for
dense ones too). We use the ALS and the CMTF-OPT
[5] algorithms as baselines, i.e. we compare Turbo-
SMT when using one of those algorithms as their core
CMTF implementation, against the plain execution of
those algorithms. We implemented our version of the
ALS algorithm, and we used the CMTF Toobox6 im-
plementation of CMTF-OPT. We use CMTF-OPT for
higher ranks, since that particular algorithm is more
accurate than ALS, and is the state of the art. All ex-
periments were carried out on a machine with 4 Intel
Xeon E74850 2.00GHz, and 512Gb of RAM. Whenever
we conducted multiple iterations of an experiment (due
to the randomized nature of Turbo-SMT), we report
error-bars along the plots. For all the following experi-
ments we used either portions of the BrainQ dataset,
or the whole dataset.

5.1 Speedup As we have already discussed in the In-
troduction and shown in Fig. 1, Turbo-SMT achieves
a speedup of 50-200 on the BrainQ dataset; For all
cases, the approximation cost is either same as the base-
lines, or is larger by a small factor, indicating that
Turbo-SMT is both fast and accurate. Key facts that

6http://www.models.life.ku.dk/joda/CMTF_Toolbox
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Figure 1: Turbo-SMT is up to 200x faster, for com-
parable accuracy. Relative execution time vs relative
cost (lower is better), for various settings (see Sec. 3.
Turbo-SMT boosting either ALS or CMTF-OPT [5])
(i.e. the baselines) vs. plain execution of the baselines
(on a single core), on the BrainQ dataset (see Section
4.). For more details, see Section 5.

Disclaimer: An earlier version of this work was up-
loaded on Arxiv.org [16] for quick dissemination thereof
and early feedback. However, the Arxiv.org version has
not been officially published in any conference proceed-
ings or journal, and has evolved into this present work.

2 Preliminaries

Symbol Description
CMTF Coupled Matrix-Tensor Factorization

ALS Alternating Least Squares

CMTF-OPT Algorithm introduced in [5]

x,x,X,X scalar, vector, matrix, tensor (respectively)

�A�F Frobenius norm of A.

(i) as superscript Indicates the i-th iteration

Ai
1, a

i
1 series of matrices or vectors, indexed by i.

I Set of indices.

x(I) Spanning indices I of x.
nucleus a biased random sample of the data tensor.

Table 1: Table of symbols

2.1 Introduction to Tensors Matrices record
dyadic properties, like “people recommending prod-
ucts”. Tensors are the n-mode generalizations, cap-
turing 3- and higher-way relationships. For example
“subject-verb-object” relationships, such as the ones
recorded by the Read the Web - NELL project [1] (and

X

≈

voxels

words

persons

a1

b1

c1
+

Concept1

a2

b2

c2
+

Concept2

aR

bR
cR

Concept R

. . . +

Figure 2: PARAFAC decomposition of a three-way tensor
of a brain activity tensor as sum of F outer products
(rank-one tensors), reminiscent of the rank-F singular value
decomposition of a matrix. Each component corresponds to
a latent concept of, e.g. ”insects”, ”tools” and so on, a set
of brain regions that are most active for that particular set
of words, as well as groups of persons.

have been recently used in this context [9] [15]) naturally
lead to a 3-mode tensor. In this work, our working ex-
ample of a tensor has three modes. The first mode con-
tains a number of nouns; the second mode corresponds
to the brain activity, as recorded by an fMRI machine;
and the third mode identifies the human subject corre-
sponding to a particular brain activity measurement.

In [15], the authors introduced a scalable and
parallelizable tensor decomposition which uses mode
sampling. In this work, we focus on a more general and
expressive framework, that of Coupled Matrix-Tensor
Factorizations.

2.2 Coupled Matrix-Tensor Factorization Of-
tentimes, two tensors, or a matrix and a tensor, may
have one mode in common; consider the example that
we mentioned earlier, where we have a word by brain
activity by human subject tensor, we also have a se-
mantic matrix that provides additional information for
the same set of words. In this case, we say that the
matrix and the tensor are coupled in the ’word’ mode.

X

voxels

words

persons

Y1

questions

words

Figure 3: Coupled Matrix - Tensor example: Tensors often
share one or more modes (with thick, wavy line): X is the
brain activity tensor and Y is the semantic matrix. As the
wavy line indicates, these two datasets are coupled in the
’word’ dimension.

In this work we focus on three mode tensors,
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Figure 1: Turbo-SMT is up to 200x faster, for com-
parable accuracy. Relative execution time vs relative
cost (lower is better), for various settings (see Sec. 3.
Turbo-SMT boosting either ALS or CMTF-OPT [5])
(i.e. the baselines) vs. plain execution of the baselines
(on a single core), on the BrainQ dataset (see Section
4.). For more details, see Section 5.

Disclaimer: An earlier version of this work was up-
loaded on Arxiv.org [16] for quick dissemination thereof
and early feedback. However, the Arxiv.org version has
not been officially published in any conference proceed-
ings or journal, and has evolved into this present work.

2 Preliminaries

Symbol Description
CMTF Coupled Matrix-Tensor Factorization

ALS Alternating Least Squares

CMTF-OPT Algorithm introduced in [5]

x,x,X,X scalar, vector, matrix, tensor (respectively)

�A�F Frobenius norm of A.

(i) as superscript Indicates the i-th iteration

Ai
1, a

i
1 series of matrices or vectors, indexed by i.

I Set of indices.

x(I) Spanning indices I of x.
nucleus a biased random sample of the data tensor.

Table 1: Table of symbols

2.1 Introduction to Tensors Matrices record
dyadic properties, like “people recommending prod-
ucts”. Tensors are the n-mode generalizations, cap-
turing 3- and higher-way relationships. For example
“subject-verb-object” relationships, such as the ones
recorded by the Read the Web - NELL project [1] (and
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Figure 2: PARAFAC decomposition of a three-way tensor
of a brain activity tensor as sum of F outer products
(rank-one tensors), reminiscent of the rank-F singular value
decomposition of a matrix. Each component corresponds to
a latent concept of, e.g. ”insects”, ”tools” and so on, a set
of brain regions that are most active for that particular set
of words, as well as groups of persons.

have been recently used in this context [9] [15]) naturally
lead to a 3-mode tensor. In this work, our working ex-
ample of a tensor has three modes. The first mode con-
tains a number of nouns; the second mode corresponds
to the brain activity, as recorded by an fMRI machine;
and the third mode identifies the human subject corre-
sponding to a particular brain activity measurement.

In [15], the authors introduced a scalable and
parallelizable tensor decomposition which uses mode
sampling. In this work, we focus on a more general and
expressive framework, that of Coupled Matrix-Tensor
Factorizations.

2.2 Coupled Matrix-Tensor Factorization Of-
tentimes, two tensors, or a matrix and a tensor, may
have one mode in common; consider the example that
we mentioned earlier, where we have a word by brain
activity by human subject tensor, we also have a se-
mantic matrix that provides additional information for
the same set of words. In this case, we say that the
matrix and the tensor are coupled in the ’word’ mode.
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Figure 3: Coupled Matrix - Tensor example: Tensors often
share one or more modes (with thick, wavy line): X is the
brain activity tensor and Y is the semantic matrix. As the
wavy line indicates, these two datasets are coupled in the
’word’ dimension.

In this work we focus on three mode tensors,
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Figure 1: Turbo-SMT is up to 200x faster, for com-
parable accuracy. Relative execution time vs relative
cost (lower is better), for various settings (see Sec. 3.
Turbo-SMT boosting either ALS or CMTF-OPT [5])
(i.e. the baselines) vs. plain execution of the baselines
(on a single core), on the BrainQ dataset (see Section
4.). For more details, see Section 5.

Disclaimer: An earlier version of this work was up-
loaded on Arxiv.org [16] for quick dissemination thereof
and early feedback. However, the Arxiv.org version has
not been officially published in any conference proceed-
ings or journal, and has evolved into this present work.

2 Preliminaries

Symbol Description
CMTF Coupled Matrix-Tensor Factorization

ALS Alternating Least Squares

CMTF-OPT Algorithm introduced in [5]

x,x,X,X scalar, vector, matrix, tensor (respectively)

�A�F Frobenius norm of A.

(i) as superscript Indicates the i-th iteration

Ai
1, a

i
1 series of matrices or vectors, indexed by i.

I Set of indices.

x(I) Spanning indices I of x.
nucleus a biased random sample of the data tensor.

Table 1: Table of symbols

2.1 Introduction to Tensors Matrices record
dyadic properties, like “people recommending prod-
ucts”. Tensors are the n-mode generalizations, cap-
turing 3- and higher-way relationships. For example
“subject-verb-object” relationships, such as the ones
recorded by the Read the Web - NELL project [1] (and

X

≈

voxels

words

persons

a1

b1

c1
+

Concept1

a2

b2

c2
+

Concept2

aR

bR
cR

Concept R

. . . +

Figure 2: PARAFAC decomposition of a three-way tensor
of a brain activity tensor as sum of F outer products
(rank-one tensors), reminiscent of the rank-F singular value
decomposition of a matrix. Each component corresponds to
a latent concept of, e.g. ”insects”, ”tools” and so on, a set
of brain regions that are most active for that particular set
of words, as well as groups of persons.

have been recently used in this context [9] [15]) naturally
lead to a 3-mode tensor. In this work, our working ex-
ample of a tensor has three modes. The first mode con-
tains a number of nouns; the second mode corresponds
to the brain activity, as recorded by an fMRI machine;
and the third mode identifies the human subject corre-
sponding to a particular brain activity measurement.

In [15], the authors introduced a scalable and
parallelizable tensor decomposition which uses mode
sampling. In this work, we focus on a more general and
expressive framework, that of Coupled Matrix-Tensor
Factorizations.

2.2 Coupled Matrix-Tensor Factorization Of-
tentimes, two tensors, or a matrix and a tensor, may
have one mode in common; consider the example that
we mentioned earlier, where we have a word by brain
activity by human subject tensor, we also have a se-
mantic matrix that provides additional information for
the same set of words. In this case, we say that the
matrix and the tensor are coupled in the ’word’ mode.

X

voxels

words

persons

Y1

questions

words

Figure 3: Coupled Matrix - Tensor example: Tensors often
share one or more modes (with thick, wavy line): X is the
brain activity tensor and Y is the semantic matrix. As the
wavy line indicates, these two datasets are coupled in the
’word’ dimension.

In this work we focus on three mode tensors,
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200x faster 
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Relative run time Ideal 

Relative 
cost 

baseline 
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Q2: spilling to the disk? 

Reminder: tensor (eg., Subject-verb-object) 
144M non-zeros  

NELL (Never Ending 
Language Learner) 

@CMU  
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A2: GigaTensor 

Reminder: tensor (eg., Subject-verb-object) 
26M x 48M x 26M, 144M non-zeros  

NELL (Never Ending 
Language Learner)

@CMU  
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U Kang, Evangelos E. Papalexakis, Abhay Harpale, Christos 
Faloutsos, GigaTensor: Scaling Tensor Analysis Up By 100 
Times - Algorithms and Discoveries, KDD’12 
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A2: GigaTensor 

•  GigaTensor solves 100x larger problem 

Number of  
nonzero 
= I / 50	


(J)	


(I)	


(K)	


GigaTensor 

Out of 
Memory 

100x 
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Part 2: Conclusions 

•  Time-evolving / heterogeneous graphs -> 
tensors 

•  PARAFAC finds patterns 
•  Turbo-SMT; GigaTensor -> fast & scalable 
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Group1 Group 2 Group 4Group 3

beetle can it cause you pain?
pants do you see it daily?
bee is it conscious?

beetle can it cause you pain?
pants do you see it daily?
bee is it conscious?

Nouns Questions Nouns Questions

Nouns Questions
beetle can it cause you pain?

Nouns Questions Nouns Questions

Nouns Questions
beetle can it cause you pain?

Nouns Questions Nouns Questions

Nouns Questions
beetle can it cause you pain?

Nouns Questions Nouns Questions

Nouns Questions
beetle can it cause you pain?bear does it grow?

cow is it alive?
coat was it ever alive?

bear does it grow?
cow is it alive?
coat was it ever alive?

glass can you pick it up?
tomato can you hold it in one hand?
bell is it smaller than a golfball?’

glass can you pick it up?
tomato can you hold it in one hand?
bell is it smaller than a golfball?’

bed does it use electricity?
house can you sit on it?
car does it cast a shadow?

bed does it use electricity?
house can you sit on it?
car does it cast a shadow?

Figure 4: Turbo-SMT finds meaningful groups of words, questions, and brain regions that are (both negatively
and positively) correlated, as obtained using Turbo-SMT. For instance, Group 3 refers to small items that can
be held in one hand,such as a tomato or a glass, and the activation pattern is very different from the one of
Group 1, which mostly refers to insects, such as bee or beetle. Additionally, Group 3 shows high activation in the
premotor cortex which is associated with the concepts of that group.

v1 and v2 which were withheld from the training data,
the leave-two-out scheme measures prediction accuracy
by the ability to choose which of the observed brain
images corresponds to which of the two words. After
mean-centering the vectors, this classification decision
is made according to the following rule:

�v1 − v̂1�2 + �v2 − v̂2�2 < �v1 − v̂2�2 + �v2 − v̂1�2

Although our approach is not designed to make predic-
tions, preliminary results are very encouraging: Using
only F=2 components, for the noun pair closet/watch
we obtained mean accuracy of about 0.82 for 5 out of the
9 human subjects. Similarly, for the pair knife/beetle,
we achieved accuracy of about 0.8 for a somewhat dif-
ferent group of 5 subjects. For the rest of the human
subjects, the accuracy is considerably lower, however, it
may be the case that brain activity predictability varies
between subjects, a fact that requires further investiga-
tion.

5 Experiments

We implemented Turbo-SMT in Matlab. Our imple-
mentation of the code is publicly available.5 For the par-
allelization of the algorithm, we used Matlab’s Parallel
Computing Toolbox. For tensor manipulation, we used

5http://www.cs.cmu.edu/~epapalex/src/turbo_smt.zip

the Tensor Toolbox for Matlab [7] which is optimized
especially for sparse tensors (but works very well for
dense ones too). We use the ALS and the CMTF-OPT
[5] algorithms as baselines, i.e. we compare Turbo-
SMT when using one of those algorithms as their core
CMTF implementation, against the plain execution of
those algorithms. We implemented our version of the
ALS algorithm, and we used the CMTF Toobox6 im-
plementation of CMTF-OPT. We use CMTF-OPT for
higher ranks, since that particular algorithm is more
accurate than ALS, and is the state of the art. All ex-
periments were carried out on a machine with 4 Intel
Xeon E74850 2.00GHz, and 512Gb of RAM. Whenever
we conducted multiple iterations of an experiment (due
to the randomized nature of Turbo-SMT), we report
error-bars along the plots. For all the following experi-
ments we used either portions of the BrainQ dataset,
or the whole dataset.

5.1 Speedup As we have already discussed in the In-
troduction and shown in Fig. 1, Turbo-SMT achieves
a speedup of 50-200 on the BrainQ dataset; For all
cases, the approximation cost is either same as the base-
lines, or is larger by a small factor, indicating that
Turbo-SMT is both fast and accurate. Key facts that

6http://www.models.life.ku.dk/joda/CMTF_Toolbox

= 
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Roadmap 

•  Introduction – Motivation 
•  Part#1: Patterns in graphs 
•  Part#2: time-evolving graphs; tensors 
•  Part#3: Cascades and immunization 
•  Future directions 
•  Conclusions 
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Why do we care? 
•  Information Diffusion 
•  Viral Marketing 
•  Epidemiology and Public Health 
•  Cyber Security 
•  Human mobility  
•  Games and Virtual Worlds  
•  Ecology 
•  ........ 
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Roadmap 

•  A case for cross-disciplinarity 
•  Introduction – Motivation 
•  Part#1: Patterns in graphs 
•  Part#2: Cascade analysis 

–  (Fractional) Immunization 
– Epidemic thresholds 

•  Conclusions 
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Fractional Immunization of Networks 
B. Aditya Prakash,  
                             Lada Adamic,  
Theodore Iwashyna (M.D.),  
                         Hanghang Tong,  
Christos Faloutsos 
SDM 2013, Austin, TX  

(c) 2014, C. Faloutsos 95 UofT, Nov. 4, 2014 



CMU SCS 

Whom to immunize? 
•  Dynamical Processes over networks 

• 	
  Each	
  circle	
  is	
  a	
  hospital	
  
• 	
  ~3,000	
  hospitals	
  
• 	
  More	
  than	
  30,000	
  pa4ents	
  
transferred	
  	
  	
  

[US-­‐MEDICARE	
  
NETWORK	
  2005]	
  

Problem:	
  Given	
  k	
  units	
  of	
  
disinfectant,	
  whom	
  to	
  immunize?	
  

(c) 2014, C. Faloutsos 96 UofT, Nov. 4, 2014 



CMU SCS 

Whom to immunize? 

CURRENT	
  PRACTICE	
   OUR	
  METHOD	
  

[US-­‐MEDICARE	
  
NETWORK	
  2005]	
  

~6x 
fewer! 
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Hospital-acquired inf. : 99K+ lives, $5B+ per year 
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Fractional Asymmetric Immunization 

Hospital	
   Another	
  
Hospital	
  

Drug-­‐resistant	
  Bacteria	
  
(like	
  XDR-­‐TB)	
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30% 
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Fractional Asymmetric Immunization 

Hospital	
   Another	
  
Hospital	
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Fractional Asymmetric Immunization 

Hospital	
   Another	
  
Hospital	
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Fractional Asymmetric Immunization 

Hospital	
   Another	
  
Hospital	
  

Problem:	
  	
  
Given	
  k	
  units	
  of	
  disinfectant,	
  	
  
distribute	
  them	
  	
  
to	
  maximize	
  hospitals	
  saved	
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Fractional Asymmetric Immunization 

Hospital	
   Another	
  
Hospital	
  

Problem:	
  	
  
Given	
  k	
  units	
  of	
  disinfectant,	
  	
  
distribute	
  them	
  	
  
to	
  maximize	
  hospitals	
  saved	
  @	
  365	
  days	
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Experiments  

K = 120 

be?er	
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# epochs 

# infected 
uniform 

SMART-ALLOC 
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What is the ‘silver bullet’? 
A: Try to decrease connectivity of graph 

Q: how to measure connectivity? 
– Avg degree? Max degree? 
– Std degree / avg degree ? 
– Diameter? 
– Modularity? 
–  ‘Conductance’ (~min cut size)? 
– Some combination of above? 
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14	
  
secs	
  

>	
  
30,000x	
  
speed-­‐
up!	
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What is the ‘silver bullet’? 
A: Try to decrease connectivity of graph 

Q: how to measure connectivity? 
A: first eigenvalue of adjacency matrix 

Q1: why?? 
(Q2: dfn & intuition of eigenvalue ? ) 
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Why eigenvalue? 
A1: ‘G2’ theorem and ‘eigen-drop’: 

•  For (almost) any type of virus 
•  For any network 
•  -> no epidemic, if small-enough first 

eigenvalue  (λ1 ) of adjacency matrix 

•  Heuristic: for immunization, try to min λ1 

•  The smaller λ1, the closer to extinction. 
UofT, Nov. 4, 2014 (c) 2014, C. Faloutsos 106 

Threshold Conditions for Arbitrary Cascade Models on 
Arbitrary Networks, B. Aditya Prakash, Deepayan 
Chakrabarti, Michalis Faloutsos, Nicholas Valler, 
Christos Faloutsos, ICDM 2011, Vancouver, Canada 
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Why eigenvalue? 
A1: ‘G2’ theorem and ‘eigen-drop’: 

•  For (almost) any type of virus 
•  For any network 
•  -> no epidemic, if small-enough first 

eigenvalue  (λ1 ) of adjacency matrix 

•  Heuristic: for immunization, try to min λ1 

•  The smaller λ1, the closer to extinction. 
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Threshold Conditions for Arbitrary Cascade 
Models on Arbitrary Networks  
B. Aditya Prakash, Deepayan Chakrabarti, 
Michalis Faloutsos, Nicholas Valler, 
Christos Faloutsos 
IEEE ICDM 2011, Vancouver 

 extended version, in arxiv 
http://arxiv.org/abs/1004.0060 

G2 theorem 

~10 pages proof 
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Our thresholds for some models 
•  s = effective strength 
•  s < 1 : below threshold 
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Models Effective Strength 
(s) 

Threshold (tipping 
point) 

SIS, SIR, SIRS, 
SEIR s = λ .    

                s = 1  
SIV, SEIV s = λ .    

(H.I.V.) 
s = λ .    
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Our thresholds for some models 
•  s = effective strength 
•  s < 1 : below threshold 
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Models Effective Strength 
(s) 

Threshold (tipping 
point) 

SIS, SIR, SIRS, 
SEIR s = λ .    

                s = 1  
SIV, SEIV s = λ .    

(H.I.V.) 
s = λ .    

No 
immunity 

Temp. 
immunity 

w/ 
incubation 
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Roadmap 

•  Introduction – Motivation 
•  Part#1: Patterns in graphs 
•  Part#2: Cascade analysis 

–  (Fractional) Immunization 
–  intuition behind λ1 

•  Conclusions 
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Intuition for λ 

“Official” definitions: 
•  Let A be the adjacency 

matrix. Then λ is the root 
with the largest magnitude of 
the characteristic polynomial 
of A [det(A – λI)]. 

•  Also:  A x = λ x 

Neither gives much intuition! 

“Un-official” Intuition  
•  For ‘homogeneous’ 

graphs, λ == degree 

•  λ ~ avg degree 
–  done right, for skewed 

degree distributions 

(c) 2014, C. Faloutsos 112 UofT, Nov. 4, 2014 
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Largest Eigenvalue (λ) 

λ	
  ≈	
  2	
   λ	
  =	
  	
  	
  N	
   λ	
  =	
  N-­‐1	
  

N	
  =	
  1000	
  nodes	
  
λ	
  ≈	
  2	
   λ=	
  31.67	
   λ=	
  999	
  

be`er	
  connec4vity	
  	
  	
  	
  	
  	
  	
  	
  	
  higher	
  λ	
   �
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Examples: Simulations – SIR (mumps)  
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(a) Infection profile                 (b) “Take-off” plot 
PORTLAND	
  graph:	
  syntheGc	
  populaGon,	
  	
  

31	
  million	
  links,	
  6	
  million	
  nodes	
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Examples: Simulations – SIRS 

(pertusis)  
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 (a) Infection profile                 (b) “Take-off” plot 
PORTLAND	
  graph:	
  syntheGc	
  populaGon,	
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Part3: Immunization - conclusion 
In (almost any) immunization setting, 
•  Allocate resources, such that to 
•  Minimize λ1 

•  (regardless of virus specifics) 

•  Conversely, in a market penetration setting 
– Allocate resources to 
– Maximize  λ1 
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Roadmap 

•  Introduction – Motivation 
– Why study (big) graphs? 

•  Part#1: Patterns in graphs 
•  Part#2: time-evolving graphs; tensors 
•  Part#3: Cascades and immunization 
•  Future directions 
•  Conclusions 
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What? 
•  You see a word (“apple”) 
•  You try to answer a question (“Is it edible?”) 
•  How do different parts of your brain 

communicate ? (‘Functional Connectivity’) 

(c) 2014, C. Faloutsos 
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Why? 
•  Understand the human brain 
•  Detect learning disorders at an early age 
•  Build better robots 
•  … 

(c) 2014, C. Faloutsos 
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Bird’s Eye (Over)View 
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“apple”	
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equation in its matrix form:

Y� −
�
A B

� �Y
S

�

There are a few distinct ways of formulating the optimization
problem of finding A,B. In the next lines we show two of the
most insightful ones:

• Least Squares (LS):
The most straightforward approach is to express the problem
as a Least Squares optimization:

min
A,B

�Y� −
�
A B

� �Y
S

�
�2F

and solve for
�
A B

�
by (pseudo)inverting

�
Y
S

�
.

• Canonical Correlation Analysis (CCA): In CCA, we are
solving for the same objective function as in LS, with the
additional constraint that the rank of

�
A B

�
has to be equal

to r (and typically r is much smaller than the dimensions of
the matrix we are solving for, i.e. we are forcing the solution
to be low rank). Similar to the LS case, here we minimize
the sum of squared errors, however, the solution here is low
rank, as opposed to the LS solution which is (with very high
probability) full rank.

However intuitive, the formulation of MODEL0 turns out to be
rather ineffective in capturing the temporal dynamics of the recorded
brain activity. As an example of its failure to model brain activity
successfully, Fig. 2 shows the real and predicted (using LS and
CCA) brain activity for a particular voxel (results by LS and CCA
are similar to the one in Fig. 2 for all voxels). By minimizing
the sum of squared errors, both algorithms that solve for MODEL0

resort to a simple line that increases very slowly over time, thus
having a minimal squared error, given linearity assumptions.

Real and predicted MEG brain activity
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Figure 2: Comparison of true brain activity and brain activity gen-
erated using the LS, and CCA solutions to MODEL0. Clearly,
MODEL0 is not able to capture the trends of the brain activity,
and to the end of minimizing the squared error, produces an almost
straight line that dissects the real brain activity waveform.

3.2 Proposed approach: GeBM
Formulating the problem as MODEL0 is not able to meet the re-

quirements for our desired solution. However, we have not ex-
hausted the space of possible formulations that live within our set
of simplifying assumptions. In this section, we describe GEBM,
our proposed approach which, under the assumptions that we have
already made in Section 2, is able to meet our requirements remark-
ably well.

In order to come up with a more accurate model, it is useful to
look more carefully at the actual system that we are attempting to

Symbol Definition
n number of hidden neuron-regions
m number of voxels we observe (306)
s number of input signals (40 questions)
T time-ticks of each experiment (340 ticks, of 5msec each)
x(t) vector of neuron activities at time t
y(t) vector of voxel activities at time t
s(t) vector of input-sensor activities at time t
A[n×n] connectivity matrix between neurons (or neuron regions)
C[m×n] summarization matrix (neurons to voxels)
B[n×s] perception matrix (sensors to neurons)
Av connectivity matrix between voxels
REAL real part of a complex number
IMAG imaginary part of a complex number
A† Moore-Penrose Pseudoinverse of A

Table 1: Table of symbols

model. In particular, the brain activity vector y that we observe is
simply the collection of values recorded by the m sensors, placed
on a person’s scalp.

In MODEL0, we attempt to model the dynamics of the sensor
measurements directly. However, by doing so, we are directing our
attention to an observable proxy of the process that we are trying
to estimate (i.e. the functional connectivity). Instead, it is more
beneficial to model the direct outcome of that process. Ideally, we
would like to capture the dynamics of the internal state of the per-
son’s brain, which, in turn, cause the effect that we are measuring
with our MEG sensors.

Let us assume that there are n hidden (hyper)regions of the brain,
which interact with each other, causing the activity that we observe
in y. We denote the vector of the hidden brain activity as x of
size n × 1. Then, by using the same idea as in MODEL0, we may
formulate the temporal evolution of the hidden brain activity as:

x(t+ 1) = A[n×n] × x(t) + B[n×s] × s(t)

Having introduced the above equation, we are one step closer to
modelling the underlying, hidden process whose outcome we ob-
serve. However, an issue that we have yet to address is the fact that
x is not observed and we have no means of measuring it. We pro-
pose to resolve this issue by modelling the measurement procedure
itself, i.e. model the transformation of a hidden brain activity vec-
tor to its observed counterpart. We assume that this transformation
is linear, thus we are able to write

y(t) = C[m×n]x(t)

Putting everything together, we end up with the following set of
equations, which constitute our proposed model GEBM:

x(t+ 1) = A[n×n] × x(t) + B[n×s] × s(t)

y(t) = C[m×n] × x(t)

Additionally, we require the hidden functional connectivity ma-
trix A to be sparse because, intuitively, not all (hidden) regions of
the brain interact directly with each other. Thus, given the above
formulation of GEBM, we seek to obtain a matrix A sparse enough,
while obeying the dynamics dictated by model. Sparsity is key in
providing more insightful and easy to interpret functional connec-
tivity matrices, since an exact zero on the connectivity matrix ex-
plicitly states that there is no direct interaction between neurons; on
the contrary, a very small value in the matrix (if the matrix is not
sparse) is ambiguous and could imply either that the interaction is
negligible and thus could be ignored, or that there indeed is a link
with very small weight between the two neurons.

The key ideas behind GEBM are:

“knife”	

“Can it hurt you?” (y/n)	
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Figure 4: Turbo-SMT finds meaningful groups of words, questions, and brain regions that are (both negatively
and positively) correlated, as obtained using Turbo-SMT. For instance, Group 3 refers to small items that can
be held in one hand,such as a tomato or a glass, and the activation pattern is very different from the one of
Group 1, which mostly refers to insects, such as bee or beetle. Additionally, Group 3 shows high activation in the
premotor cortex which is associated with the concepts of that group.

v1 and v2 which were withheld from the training data,
the leave-two-out scheme measures prediction accuracy
by the ability to choose which of the observed brain
images corresponds to which of the two words. After
mean-centering the vectors, this classification decision
is made according to the following rule:

�v1 − v̂1�2 + �v2 − v̂2�2 < �v1 − v̂2�2 + �v2 − v̂1�2

Although our approach is not designed to make predic-
tions, preliminary results are very encouraging: Using
only F=2 components, for the noun pair closet/watch
we obtained mean accuracy of about 0.82 for 5 out of the
9 human subjects. Similarly, for the pair knife/beetle,
we achieved accuracy of about 0.8 for a somewhat dif-
ferent group of 5 subjects. For the rest of the human
subjects, the accuracy is considerably lower, however, it
may be the case that brain activity predictability varies
between subjects, a fact that requires further investiga-
tion.

5 Experiments

We implemented Turbo-SMT in Matlab. Our imple-
mentation of the code is publicly available.5 For the par-
allelization of the algorithm, we used Matlab’s Parallel
Computing Toolbox. For tensor manipulation, we used

5http://www.cs.cmu.edu/~epapalex/src/turbo_smt.zip

the Tensor Toolbox for Matlab [7] which is optimized
especially for sparse tensors (but works very well for
dense ones too). We use the ALS and the CMTF-OPT
[5] algorithms as baselines, i.e. we compare Turbo-
SMT when using one of those algorithms as their core
CMTF implementation, against the plain execution of
those algorithms. We implemented our version of the
ALS algorithm, and we used the CMTF Toobox6 im-
plementation of CMTF-OPT. We use CMTF-OPT for
higher ranks, since that particular algorithm is more
accurate than ALS, and is the state of the art. All ex-
periments were carried out on a machine with 4 Intel
Xeon E74850 2.00GHz, and 512Gb of RAM. Whenever
we conducted multiple iterations of an experiment (due
to the randomized nature of Turbo-SMT), we report
error-bars along the plots. For all the following experi-
ments we used either portions of the BrainQ dataset,
or the whole dataset.

5.1 Speedup As we have already discussed in the In-
troduction and shown in Fig. 1, Turbo-SMT achieves
a speedup of 50-200 on the BrainQ dataset; For all
cases, the approximation cost is either same as the base-
lines, or is larger by a small factor, indicating that
Turbo-SMT is both fast and accurate. Key facts that

6http://www.models.life.ku.dk/joda/CMTF_Toolbox
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Figure 4: Turbo-SMT finds meaningful groups of words, questions, and brain regions that are (both negatively
and positively) correlated, as obtained using Turbo-SMT. For instance, Group 3 refers to small items that can
be held in one hand,such as a tomato or a glass, and the activation pattern is very different from the one of
Group 1, which mostly refers to insects, such as bee or beetle. Additionally, Group 3 shows high activation in the
premotor cortex which is associated with the concepts of that group.

v1 and v2 which were withheld from the training data,
the leave-two-out scheme measures prediction accuracy
by the ability to choose which of the observed brain
images corresponds to which of the two words. After
mean-centering the vectors, this classification decision
is made according to the following rule:

�v1 − v̂1�2 + �v2 − v̂2�2 < �v1 − v̂2�2 + �v2 − v̂1�2

Although our approach is not designed to make predic-
tions, preliminary results are very encouraging: Using
only F=2 components, for the noun pair closet/watch
we obtained mean accuracy of about 0.82 for 5 out of the
9 human subjects. Similarly, for the pair knife/beetle,
we achieved accuracy of about 0.8 for a somewhat dif-
ferent group of 5 subjects. For the rest of the human
subjects, the accuracy is considerably lower, however, it
may be the case that brain activity predictability varies
between subjects, a fact that requires further investiga-
tion.

5 Experiments

We implemented Turbo-SMT in Matlab. Our imple-
mentation of the code is publicly available.5 For the par-
allelization of the algorithm, we used Matlab’s Parallel
Computing Toolbox. For tensor manipulation, we used

5http://www.cs.cmu.edu/~epapalex/src/turbo_smt.zip

the Tensor Toolbox for Matlab [7] which is optimized
especially for sparse tensors (but works very well for
dense ones too). We use the ALS and the CMTF-OPT
[5] algorithms as baselines, i.e. we compare Turbo-
SMT when using one of those algorithms as their core
CMTF implementation, against the plain execution of
those algorithms. We implemented our version of the
ALS algorithm, and we used the CMTF Toobox6 im-
plementation of CMTF-OPT. We use CMTF-OPT for
higher ranks, since that particular algorithm is more
accurate than ALS, and is the state of the art. All ex-
periments were carried out on a machine with 4 Intel
Xeon E74850 2.00GHz, and 512Gb of RAM. Whenever
we conducted multiple iterations of an experiment (due
to the randomized nature of Turbo-SMT), we report
error-bars along the plots. For all the following experi-
ments we used either portions of the BrainQ dataset,
or the whole dataset.

5.1 Speedup As we have already discussed in the In-
troduction and shown in Fig. 1, Turbo-SMT achieves
a speedup of 50-200 on the BrainQ dataset; For all
cases, the approximation cost is either same as the base-
lines, or is larger by a small factor, indicating that
Turbo-SMT is both fast and accurate. Key facts that

6http://www.models.life.ku.dk/joda/CMTF_Toolbox
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Figure 4: Turbo-SMT finds meaningful groups of words, questions, and brain regions that are (both negatively
and positively) correlated, as obtained using Turbo-SMT. For instance, Group 3 refers to small items that can
be held in one hand,such as a tomato or a glass, and the activation pattern is very different from the one of
Group 1, which mostly refers to insects, such as bee or beetle. Additionally, Group 3 shows high activation in the
premotor cortex which is associated with the concepts of that group.

v1 and v2 which were withheld from the training data,
the leave-two-out scheme measures prediction accuracy
by the ability to choose which of the observed brain
images corresponds to which of the two words. After
mean-centering the vectors, this classification decision
is made according to the following rule:

�v1 − v̂1�2 + �v2 − v̂2�2 < �v1 − v̂2�2 + �v2 − v̂1�2

Although our approach is not designed to make predic-
tions, preliminary results are very encouraging: Using
only F=2 components, for the noun pair closet/watch
we obtained mean accuracy of about 0.82 for 5 out of the
9 human subjects. Similarly, for the pair knife/beetle,
we achieved accuracy of about 0.8 for a somewhat dif-
ferent group of 5 subjects. For the rest of the human
subjects, the accuracy is considerably lower, however, it
may be the case that brain activity predictability varies
between subjects, a fact that requires further investiga-
tion.

5 Experiments

We implemented Turbo-SMT in Matlab. Our imple-
mentation of the code is publicly available.5 For the par-
allelization of the algorithm, we used Matlab’s Parallel
Computing Toolbox. For tensor manipulation, we used

5http://www.cs.cmu.edu/~epapalex/src/turbo_smt.zip

the Tensor Toolbox for Matlab [7] which is optimized
especially for sparse tensors (but works very well for
dense ones too). We use the ALS and the CMTF-OPT
[5] algorithms as baselines, i.e. we compare Turbo-
SMT when using one of those algorithms as their core
CMTF implementation, against the plain execution of
those algorithms. We implemented our version of the
ALS algorithm, and we used the CMTF Toobox6 im-
plementation of CMTF-OPT. We use CMTF-OPT for
higher ranks, since that particular algorithm is more
accurate than ALS, and is the state of the art. All ex-
periments were carried out on a machine with 4 Intel
Xeon E74850 2.00GHz, and 512Gb of RAM. Whenever
we conducted multiple iterations of an experiment (due
to the randomized nature of Turbo-SMT), we report
error-bars along the plots. For all the following experi-
ments we used either portions of the BrainQ dataset,
or the whole dataset.

5.1 Speedup As we have already discussed in the In-
troduction and shown in Fig. 1, Turbo-SMT achieves
a speedup of 50-200 on the BrainQ dataset; For all
cases, the approximation cost is either same as the base-
lines, or is larger by a small factor, indicating that
Turbo-SMT is both fast and accurate. Key facts that

6http://www.models.life.ku.dk/joda/CMTF_Toolbox
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