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Roadmap 

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

•  Part#1: Patterns in graphs 
•  Part#2: time-evolving graphs; tensors 
•  Conclusions 
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Graphs - why should we care? 

ICML'16 

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

>$10B; ~1B users 
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Graphs - why should we care? 

Internet Map 
[lumeta.com] 

Food Web 
[Martinez ’91] 
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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 

ICML'16 
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Motivating problems 
•  P1: patterns? Fraud detection? 

•  P2: patterns in time-evolving graphs / 
tensors 
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Motivating problems 
•  P1: patterns? Fraud detection? 

•  P2: patterns in time-evolving graphs / 
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Motivating problems 
•  P1: patterns? Fraud detection? 

•  P2: patterns in time-evolving graphs / 
tensors 
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time 

destination 

Patterns            anomalies* 

* Robust Random Cut Forest Based Anomaly Detection 
on Streams Sudipto Guha, Nina Mishra , Gourav Roy, 
Okke Schrijvers, ICML’16 



CMU SCS 

(c) 2016, C. Faloutsos 11 

Roadmap 

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

•  Part#1: Patterns & fraud detection 
•  Part#2: time-evolving graphs; tensors 
•  Conclusions 

ICML'16 
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Part 1: 
Patterns, &  

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

ICML'16 
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Solution# S.1 
•  Power law in the degree distribution [Faloutsos x 3 

SIGCOMM99] 

log(rank) 

log(degree) 

internet domains 

att.com 

ibm.com 
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Solution# S.1 
•  Power law in the degree distribution [Faloutsos x 3 

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 

ICML'16 

= 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 

ICML'16 

= 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 

ICML'16 

~0.8PB -> 
a data center(!) 

DCO @ CMU 

Gaussian trap 

= 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 

ICML'16 

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

•  N2 seconds = 31B years 
•  1,000 machines 
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Observation – big-data: 
•  O(N2) algorithms are ~intractable  - N=1B 

•  N2 seconds = 31B years 
•  1M machines 
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Observation – big-data: 
•  O(N2) algorithms are ~intractable  - N=1B 

•  N2 seconds = 31B years 
•  10B machines ~ $10Trillion 
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Observation – big-data: 
•  O(N2) algorithms are ~intractable  - N=1B 

•  N2 seconds = 31B years 
•  10B machines ~ $10Trillion 
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1B 

3 
And parallelism might not help 
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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 

ICML'16 

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 
•  Conclusions 

ICML'16 
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Solution# S.3: Triangle ‘Laws’ 

•  Real social networks have a lot of triangles  

ICML'16 
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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 ? 

ICML'16 
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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 

ICML'16 
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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 

ICML'16 
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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) 

ICML'16 

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] 

35 ICML'16 35 (c) 2016, C. Faloutsos 
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Triangle counting for large graphs? 

Anomalous nodes in Twitter(~ 3 billion edges) 
[U Kang, Brendan Meeder, +, PAKDD’11] 
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Triangle counting for large graphs? 

Anomalous nodes in Twitter(~ 3 billion edges) 
[U Kang, Brendan Meeder, +, PAKDD’11] 
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Triangle counting for large graphs? 

Anomalous nodes in Twitter(~ 3 billion edges) 
[U Kang, Brendan Meeder, +, PAKDD’11] 
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Triangle counting for large graphs? 

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

ICML'16 (c) 2016, C. Faloutsos 40 

✔ 
✔ 
✔ 

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

http://www.cs.cmu.edu/~christos/TALKS/16-06-19-ICML/ 
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Roadmap 

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

– Patterns 
– Anomaly / fraud detection 

•  CopyCatch 
•  Spectral methods (‘fBox’) 
•  Belief Propagation 

•  Part#2: time-evolving graphs; tensors 
•  Conclusions 
ICML'16 

Patterns            anomalies 
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Fraud 
•  Given 

– Who ‘likes’ what page, and 
when 

•  Find 
– Suspicious users and suspicious 

products 

ICML'16 (c) 2016, C. Faloutsos 43 

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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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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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 

Users Pages

A

B

C

D

E

1

2

3

4

40 Z

Pages

U
s
e
rs

 0

 10

 20

 30

 40

 50

 60

 70

 80

 90

T
im

e

B CD A E

Reordered Pages

 4

 3
 2
 1

R
e
o
rd

e
re

d
 U

s
e
rs

 0

 10

 20

 30

 40

 50

 60

 70

 80

 90

T
im

e

Suspicious Lockstep Behavior 
Likes 

ICML'16 47 (c) 2016, C. Faloutsos 



CMU SCS 

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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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
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au

gh
t

Date of CopyCatch run

3 months of CopyCatch @ Facebook 

#users 
caught 

time ICML'16 49 (c) 2016, 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 

Fake acct 
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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 

ICML'16 51 (c) 2016, C. Faloutsos 
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Roadmap 

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

– Patterns 
– Anomaly / fraud detection 

•  CopyCatch 
•  Spectral methods (‘fBox’) 
•  Belief Propagation 

•  Part#2: time-evolving graphs; tensors 
•  Conclusions 
ICML'16 
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Problem: Social Network Link Fraud 

ICML'16 

Target: find “stealthy” attackers missed by other algorithms 

Clique 

Bipartite 
core 

41.7M nodes 
1.5B edges 
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Problem: Social Network Link Fraud 

ICML'16 

Neil Shah, Alex Beutel, Brian Gallagher and Christos 
Faloutsos. Spotting Suspicious Link Behavior with fBox: An 
Adversarial Perspective. ICDM 2014, Shenzhen, China.  

Target: find “stealthy” attackers missed by other algorithms 

Takeaway: use reconstruction error 
between true/latent representation! 
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Roadmap 

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

– Patterns 
– Anomaly / fraud detection 

•  CopyCatch 
•  Spectral methods (‘fBox’, suspiciousness) 
•  Belief Propagation 

•  Part#2: time-evolving graphs; tensors 
•  Conclusions 
ICML'16 
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Suspicious Patterns in Event Data 
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A General Suspiciousness Metric for Dense Blocks in 
Multimodal Data, Meng Jiang, Alex Beutel, Peng Cui, Bryan 
Hooi, Shiqiang Yang, and Christos Faloutsos, ICDM, 2015.  

2-modes 

n-modes 

? 

? 
? 
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Suspicious Patterns in Event Data 
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Which is more suspicious? 
20,000 Users 
Retweeting same 20 tweets 
       6 times each 
All in 10 hours 

225 Users 
Retweeting same 1 tweet 
        15 times each 
All in 3 hours 
All from 2 IP addresses 

vs. 

ICDM 2015 

Answer: volume * DKL(p|| pbackground) 
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Suspicious Patterns in Event Data 
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A General Suspiciousness Metric for Dense Blocks
in Multimodal Data

Anonymous
Anonymous
Anonymous

Anonymous
Anonymous
Anonymous

Anonymous
Anonymous
Anonymous

Anonymous
Anonymous
Anonymous

Abstract—Which seems more suspicious: 5,000 tweets from
200 users on 5 IP addresses, or 10,000 tweets from 500 users
on 500 IP addresses but all with the same hashtag and all in
10 minutes? The literature has many methods that try to find
dense blocks in matrices, and, recently, tensors, but no method
gives a principled way to score the suspiciouness of dense blocks
with different numbers of modes and rank them to draw human
attention accordingly. Dense blocks are worth inspecting, typically
indicating fraud, emerging trends, or some other noteworthy
deviation from the usual. Our main contribution is that we show
how to unify these methods and how to give a principled answer to
questions like the above. Specifically, (a) we give a list of axioms
that any metric of suspicousness should satisfy; (b) we propose an
intuitive, principled metric that satisfies the axioms, and is fast to
compute; (c) we propose CROSSSPOT, an algorithm to spot dense
regions, and sort them in importance (“suspiciousness”) order.
Finally, we apply CROSSSPOT to real data, where it improves
the F1 score over previous techniques by 68% and finds retweet-
boosting and hashtag-hijacking in social datasets spanning 0.3

billion posts.

I. INTRODUCTION

Imagine your job at Twitter is to detect when fraudsters
are trying to manipulate the most popular tweets for a given
trending topic. Given time pressure, which is more worthy of
your investigation: 2,000 Twitter users, all retweeting the same
20 tweets, 4 to 6 times each; or 225 Twitter users, retweeting
the same 1 tweet, 10 to 15 times each? Now, what if the latter
batch of activity happened within 3 hours, while the former
spanned 10 hours? What if all 225 users of the latter group
used the same 2 IP addresses?

Figure 1 shows an example of these patterns from Tencent
Weibo, one of the largest microblogging platforms in China;
our method CROSSSPOT detected a block of 225 users, using
2 IP addresses (“blue circle” and “red cross”), retweeting the
same tweet 27K times, within 200 minutes. Further, manual
inspection shows that several of these users get activated every
5 minutes. This type of lockstep behavior is suspicious (say,
due to automated scripts), and it leads to dense blocks, as
in Figure 1. These blocks may span several modes (user-id,
timestamp, hashtag, etc.). Although our main motivation is
fraud detection in a Twitter-like setting, our proposed approach
is suitable for numerous other settings, like distributed-denial-
of-service (DDoS) attacks, link fraud, click fraud, even health-
insurance fraud, as we discuss next.

Thus, the core question we ask in this paper is: what is
the right way to compare the severity/suspiciousness/surprise
of two dense blocks, that span 2 or more modes? Informally,
the problem is:

200 Minutes
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Fig. 1. Density in multiple modes is suspicious. Left: A dense block of 225
users on Tencent Weibo (Chinese Twitter) retweeting one tweet 27,313 times
from 2 IP addresses over 200 minutes. Right: magnification of a subset of this
block. l and : indicate the two IP addresses used. Notice how synchronized
the behavior is, across several modes (IP-address, user-id, timestamp).

Informal Problem 1 (Suspiciousness score) Given a K-
mode dataset (tensor) X , with counts of events (that are
non-negative integer values), and two subtensors Y

1

and Y
2

,
which is more suspicious and worthy of further investigation?

Why multimodal data (tensor): Graphs and social networks
have attracted huge interest - and they are perfectly modeled as
K=2 mode datasets, that is, matrices. With K=2 modes we can
model Twitter’s “who-follows-whom” network [1][2], Face-
book’s “who-friends-whom” and “who-Likes-what” graphs
[3], eBay’s “who-buys-from-whom” graph [4], financial ac-
tivities of “who-trades-what-stocks”, and scientific relations
of “who-cites-whom.” Several high-impact datasets make use
of higher mode relations. With K=3 modes, we can consider
how all of the above graphs change over time or what words
are used in product reviews on eBay or Amazon. With K=4
modes, we can analyze network traces for intrusion detection
and distributed denial of service (DDoS) attacks by looking
for patterns in the source IP, destination IP, destination port,
and timestamp [5][6]. Health-insurance fraud detection is
another example, with (patient-id, doctor-id, prescription-id,
timestamp) where corrupt doctors prescribe fake, expensive
medicine to senile or corrupt patients [7][8].

Why are dense regions worth inspecting: Dense regions
are surprising in all of the examples above. Past work has
repeatedly found that dense regions in these tensors correspond
to suspicious, lockstep behavior: Purchased Page Likes on
Facebook result in a few users “Liking” the same “Pages”
always at the same time (when the order for the Page Likes is
placed) [3]. Spammers paid to write deceptively high (or low)
reviews for restaurants or hotels will reuse the same accounts
and often even the same text [9][10]. Zombie followers, botnets
who are set up to build social links, will inflate the number
of followers to make their customers seem more popular
than they actually are [1][11]. This high-density outcome has
a reason: Spammers have constrained resources (users, IP

Retweeting: “Galaxy Note Dream Project:  
Happy Happy Life Traveling the World” 
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Fig. 3. Finding dense blocks: CROSSSPOT outperforms baselines in finding
3-mode blocks, and directly method improves the recall on top of HOSVD.

• SVD has small recall but high precision. However, the
SVD can hardy catch small, sparse injected blocks such
as 30⇥30 submatrices of mass 16 and 32, even though
they are denser than the background. Higher decomposi-
tion rank brings higher classification accuracy.

Finding dense high-order blocks in multimodal data: We
generate random tensor data with parameters as (1) the number
of modes k=3, (2) the size of data N

1

=1,000, N
2

=1,000
and N

3

=1,000 and (3) the mass of data C=10,000. We
inject b=6 blocks of k0=3 modes into the random data, so,
I = {1, 2, 3}. Each block has size 30⇥30⇥30 and mass
c2{16, 32, 64, 128, 256, 512}. The task is again to classify the
tensor entries into suspicious and normal classes. Figure 3(a)
reports the performances of CROSSSPOT and baselines. We
observe that in order to find all the six 3-mode injected blocks,
our proposed CROSSSPOT has better performance in precision
and recall than baselines. The best F1 score CROSSSPOT gives
is 0.891, which is 46.0% higher than the F1 score given by
the best of HOSVD (0.610). If we use the results of HOSVD
as seeds to CROSSSPOT, the best F1 score of CROSSSPOT
reaches 0.979. Figure 3(b) gives the recall value of every
injected block. We observe that CROSSSPOT improves the
recall over HOSVD, especially on slightly sparser blocks.

Finding dense low-order blocks in multimodal data: We
generate random tensor data with parameters as (1) the number
of modes k=3, (2) the size of data N

1

=1,000, N
2

=1,000 and
N

3

=1,000 and (3) the mass of data C=10,000. We inject b=4
blocks into the random data:

• Block #1: The number of modes is k0
1

=3 and I
1

={1,2,3}.
The size is 30⇥30⇥30 and the block’s mass is c

1

=512.
• Block #2: The number of modes is k0

2

=2 and I
2

={1,2}.
The size is 30⇥30⇥1,000 and the block’s mass is c

2

=512.
• Block #3: k0

3

=2, I
3

={1,3}; 30⇥1,000⇥30 of c
3

=512.
• Block #4: k0

4

=2, I
4

={2,3}; 1,000⇥30⇥30 of c
4

=512.

Note, blocks 2-4 are dense in only 2 modes and random in the
third mode. Table V report the classification performances of
CROSSSPOT and baselines. We show the overall evaluations
(precision, recall and F1 score) and recall value of every block.
We observe that CROSSSPOT has 100% recall in catching the
3-mode block #1, while the baselines have 85-95% recall.
More impressively, CROSSSPOT successfully catches the 2-
mode blocks, where HOSVD has difficulty and low recall.
The F1 score of overall evaluation is as large as 0.972 with
68.8% improvement.

Testing robustness of the random seed number: We test how
the performance of our CROSSSPOT improves when we use
more seed blocks in the low-order block detection experiments.

(a) Robustness (b) Convergence

Fig. 4. CROSSSPOT is robust to the number of random seeds. In detecting
the 4 low-order blocks, when we use 41 seeds, the best F1 score has reported
the final result of as many as 1,000 seeds. CROSSSPOT converges very fast:
the average number of iterations is 2.87.

TABLE VI. BIG DENSE BLOCKS WITH TOP METRIC VALUES
DISCOVERED IN THE RETWEETING DATASET.

# User⇥tweet⇥IP⇥minute Mass c Suspiciousness

CROSSSPOT
1 14⇥1⇥2⇥1,114 41,396 1,239,865
2 225⇥1⇥2⇥200 27,313 777,781
3 8⇥2⇥4⇥1,872 17,701 491,323

HOSVD
1 24⇥6⇥11⇥439 3,582 131,113
2 18⇥4⇥5⇥223 1,942 74,087
3 14⇥2⇥1⇥265 9,061 381,211

Figure 4(a) shows the best F1 score for different numbers of
random seeds. We find that when we use 41 random seeds, the
best F1 score is close to the results when we use as many as
1,000 random seeds. Thus, once we exceed a moderate number
of random seeds, the performance is fairly robust to the number
of random seeds.

Efficiency analysis: CROSSSPOT can be parallelized into
multiple machines to search dense blocks with different sets
of random seeds. The time cost of every iteration is linear
in the number of non-zero entries in the multimodal data
as we have discussed in Section V. Figure 4(b) reports the
counts of iterations in the procedure of 1000 random seeds.
We observe that usually CROSSSPOT takes 2 or 3 iterations to
finish the local search. Each iteration takes only 5.6 seconds.
Tensor decompositions such as HOSVD and PARAFAC used
in MAF often take more time. On the same machine, HOSVD
methods of rank r=5, 10 and 20 take 280, 1750, 34,510
seconds respectively. From Table V and Figure 4(a), even
without parallelization, we know that CROSSSPOT takes only
230 seconds to have the best F1 score 0.972, while HOSVD
needs more time (280 seconds if r=5) to have a much smaller
F1 score 0.324.

D. Retweeting Boosting

Table VI shows big, dense block patterns of Tencent
Weibo retweeting dataset. CROSSSPOT reports blocks of high
mass and high density. For example, we spot that 14 users
retweet the same content for 41,396 times on 2 IP addresses
in 19 hours. Their coordinated, suspicious behaviors result
in a few tweets that seem extremely popular. We observe
that CROSSSPOT catches more suspicious (bigger and denser)
blocks than HOSVD does: HOSVD evaluates the number of
retweets per user, item, IP, or minute, but does not consider
the block’s density, mass nor the background.

Table VII shows an example of retweeting boosting from
the big, dense 225⇥1⇥2⇥200 block reported by our proposed
CROSSSPOT. A group of users (e.g., A, B, C) retweet the
same message “Galaxy note dream project: Happy happy life
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Problem definition 
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Bryan Hooi, Hyun Ah Song, et al, “Matrices, Compression, 
Learning Curves: Formulation, and the GroupNTeach 
Algorithms”, PAKDD 2016 

•  Given a large binary matrix of facts of 
(object, property) pairs 

•  Find groupings of the facts and the order of 
transmission 

•  To optimize ‘student effort’ (-> incremental 
learning curve, ‘ALOC’) 
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Details: 

Given a large binary matrix of objects and properties, 
re-order rows and columns, 

G1. Metric for better encoding of matrix for student 
learning? 
G2. How do we construct language to describe it? 
G3. How do we optimize this metric? 
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E-bay Fraud detection - NetProbe 
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Popular press 

And less desirable attention: 
•  E-mail from ‘Belgium police’ (‘copy of 

your code?’) 
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Given: Graph; &          
   few labeled nodes 
Find: labels of rest 
(assuming network 
effects) 
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Are they related? 
•  RWR (Random Walk with Restarts)   

–  google’s pageRank (‘if my friends are 
important, I’m important, too’) 

•  SSL (Semi-supervised learning)  
– minimize the differences among neighbors 

•  BP (Belief propagation)  
–  send messages to neighbors, on what you 

believe about them 
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–  google’s pageRank (‘if my friends are 
important, I’m important, too’) 

•  SSL (Semi-supervised learning)  
– minimize the differences among neighbors 
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believe about them 
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Method Matrix Unknown known 
RWR [I  –    c    AD-1]	 ×	 x	 =	 (1-c)y	
SSL [I  + a(D  -   A)] 	 ×	 x	 =	 y	

FABP [I  + a   D  - c’A] 	 ×	 bh	 =	 φh	

0  1  0 
1  0  1 
0  1  0 

 ? 
 0 
 1 
 1 

1 
    1 
       1 

d1 
 d2  

      d3 
final 
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beliefs 

prior 
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FABP is linear on the number of edges. 
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Summary of Part#1 
•  *many* patterns in real graphs 

– Power-laws everywhere 
– Gaussian trap 

•  Avg << Max 

– Long (and growing) list of tools for anomaly/
fraud detection 

ICML'16 (c) 2016, C. Faloutsos 90 

Patterns            anomalies 



CMU SCS 

(c) 2016, C. Faloutsos 91 

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] 

•  Conclusions 

ICML'16 



CMU SCS 

ICML'16 (c) 2016, C. Faloutsos 92 

Part 2: 
Time evolving  

graphs; tensors 



CMU SCS 

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

– Given who calls whom, and when 
– Find patterns / anomalies 
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– Given who calls whom, and when 
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Graphs over time -> tensors! 
•  Problem #2.1: 

– Given who calls whom, and when 
– Find patterns / anomalies 
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Graphs over time -> tensors! 
•  Problem #2.1’: 

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

subject 

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

– Given <triplets> 
– Find patterns / anomalies 
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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 
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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 

ICML'16 (c) 2016, C. Faloutsos 101 
‘sweet’ 

‘apple’ 

fMRI voxel activity 
`apple tastes sweet’ 

‘apple’ 

SKIP 



CMU SCS 

(c) 2016, C. Faloutsos 102 

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] 

•  Conclusions 

ICML'16 



CMU SCS 
Answer to both: tensor 

factorization 
•  Recall: (SVD) matrix factorization: finds 

blocks 
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Answer to both: tensor 

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

–  4M x 15 days 
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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 
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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 

ICML'16 107 (c) 2016, C. Faloutsos 

= 



CMU SCS 
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! 
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(CMTF) 

Y X 

a1 aF 

b1 bF 

c1 cF 

a1 aF 

d1 dF 

ICML'16 110 (c) 2016, C. Faloutsos 

+ 

+ 

SKIP 



CMU SCS 

Neuro-semantics 

13�

�

3.�Additional�Figures�and�legends��

 

Figure�S1.�Presentation�and�set�of�exemplars�used�in�the�experiment. Participants were 
presented 60 distinct word-picture pairs describing common concrete nouns.  These consisted of 
5 exemplars from each of 12 categories, as shown above.  A slow event-related paradigm was 
employed, in which the stimulus was presented for 3s, followed by a 7s fixation period during 
which an X was presented in the center of the screen.  Images were presented as white lines and 
characters on a dark background, but are inverted here to improve readability.  The entire set of 
60 exemplars was presented six times, randomly permuting the sequence on each presentation. 

 

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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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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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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Figure�S1.�Presentation�and�set�of�exemplars�used�in�the�experiment. Participants were 
presented 60 distinct word-picture pairs describing common concrete nouns.  These consisted of 
5 exemplars from each of 12 categories, as shown above.  A slow event-related paradigm was 
employed, in which the stimulus was presented for 3s, followed by a 7s fixation period during 
which an X was presented in the center of the screen.  Images were presented as white lines and 
characters on a dark background, but are inverted here to improve readability.  The entire set of 
60 exemplars was presented six times, randomly permuting the sequence on each presentation. 
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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

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.
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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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Figure�S1.�Presentation�and�set�of�exemplars�used�in�the�experiment. Participants were 
presented 60 distinct word-picture pairs describing common concrete nouns.  These consisted of 
5 exemplars from each of 12 categories, as shown above.  A slow event-related paradigm was 
employed, in which the stimulus was presented for 3s, followed by a 7s fixation period during 
which an X was presented in the center of the screen.  Images were presented as white lines and 
characters on a dark background, but are inverted here to improve readability.  The entire set of 
60 exemplars was presented six times, randomly permuting the sequence on each presentation. 
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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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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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beetle can it cause you pain?bear does it grow?
cow is it alive?
coat was it ever alive?
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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 di↵erent 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.

v
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and v

2

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:

kv1 � v̂1k2 + kv2 � v̂2k2 < kv1 � v̂2k2 + kv2 � v̂1k2

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

5
http://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

6
http://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 di↵erent 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.
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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:

kv1 � v̂1k2 + kv2 � v̂2k2 < kv1 � v̂2k2 + kv2 � v̂1k2

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
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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
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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 di↵erent 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.

v

1

and v

2

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:

kv1 � v̂1k2 + kv2 � v̂2k2 < kv1 � v̂2k2 + kv2 � v̂1k2

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

5
http://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

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

Evangelos Papalexakis, Tom Mitchell, Nicholas Sidiropoulos,  
Christos Faloutsos, Partha Pratim Talukdar, Brian Murphy, 
Turbo-SMT: Accelerating Coupled Sparse Matrix-Tensor  
Factorizations by 200x, SDM 2014 

Small items -> 
Premotor cortex 

SKIP 



CMU SCS 

Part 2: Conclusions 

•  Time-evolving / heterogeneous graphs -> 
tensors 

•  PARAFAC finds patterns 
•  (GigaTensor/HaTen2 -> fast & scalable) 
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Roadmap 

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

•  Part#1: Patterns in graphs 
•  Part#2: time-evolving graphs; tensors 
•  Acknowledgements and Conclusions 
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CONCLUSION#1 – Big data 
•  Patterns          Anomalies 

•  Large datasets reveal patterns/outliers that 
are invisible otherwise 
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CONCLUSION#2 – tensors 

•  powerful tool 
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