
• The existence of distinct behavioral groups (~hundreds)– each 
group has unique group eigen-behavior

• Skewed group size distribution – the largest 10 groups account 
for more than 30% of population on campus. Power-law 
distributed group sizes.

• Most groups can be described by a list of locations with a clear 
ordering of importance

• Wireless devices and infrastructures are ubiquitous and have wider 
impact than mere advances in technology on our lives

• Portable personal wireless devices provide an opportunity for the 
study of human behavior

• We leverage WLAN traces to discover distinct behavioral groups 
(in terms of mobility)
–USC WLAN trace[2] (2006 spring, 94 days, 5000 users)
–Dartmouth WLAN trace[3] (2004 spring, 61 days, 6582 users) 
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1. Introduction 3. Preliminaries: Representing User Associations 

• Use a normalized association vector to represent 
summary of user mobility in each day

• Elements in the vectors quantify the relative 
importance of a location to the user

• Location preference is one of the distinguishing 
feature of social groups

• Association matrix keeps long-run behavior of a user
2. The TRACE framework

4. Comparing Similarity between Users’ Association Matrices

5. Interpretation of Behavioral Groups 

• Average Minimum Vector Distance (AMVD) 
–For each association vector (row) of user i, find the closest vector of 
user j and take average of |ajd’ - aid | over all days d

–Intuition: for every daily association vector of i, if there is a similar 
association vector for j, then (i,j) have similar behavior

• Drawback: expensive to compute              and exchange. 
Includes noises.

• Require meaningful summary for the association matrix
–Asso. matrices: multi-modal row vectors, but low dimensionality
–Summary vector Y that captures the most variation in row vectors Xi’s

–Singular Value Decomposition (SVD) provides the desired property

• Eigen-behaviors: The vectors that describe the maximum 
remaining power in the association matrix 

with quantifiable importance
• Eigen-behavior Distance calculates similarity of users by 

weighted inner products of eigen-behaviors.
–

• Benefit: Reduced computation                        and noises
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6. Potential Usage and Future Direction

• Profile-casting[4] - Fast evaluation of similarity between 
nodes facilitates de-centralized packet forwarding decisions 
targeted at specific groups

• Better mobility model (with group size distribution and 
vectors describing their mobility preferences)

• Establishing norm of mobility characteristics of users
–Abnormality detection, targeted advertisement

• The TRACE framework could be applied to different 
representations (e.g. encounter vector)

This work is supported by NSF CAREER Award 0134650 and partially completed when the authors 
were with University of Southern California.
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Contribution: Application of unsupervised learning techniques 
(clustering) with carefully selected features to identify groups

⎥
⎥
⎥
⎥
⎥
⎥

⎦

⎤

⎢
⎢
⎢
⎢
⎢
⎢

⎣

⎡

ntt

ji

n

xx

x
x

xxx

,1,

,

1,2

,12,11,1

LLL

MOM

MM

MO

LL (library, 1:30PM-2:30PM)

(office, 10AM-12PM)

(class, 6PM-8PM)

)( 22dNO

∑∑
==

⋅=
d

i
i

d

i
i XYXYSIG

1
1

1

)(

2  )(max arg  ,max arg
1

1

'

11
1 ≥∀⋅−=⋅= ∑

−

===
kuuXuXuuXu

k

i
ii

u
k

u

∑=
=

)(

1
22 XRank

i ikkw σσ

)( 22 cNNdO +

0

0 .2

0 .4

0 .6

0 .8

1

0 0 .2 0 .4 0 .6 0 .8 1

In ter-g ro u p
In tra -g ro u p

D istan ce  be tw een  u se rs

CD
F

A M V D

E ig en -beh av io r
d is tan ce

0

0 .2

0 .4

0 .6

0 .8

1

0 0 .2 0 .4 0 .6 0 .8 1

In ter-g rou p
In tra-g rou p

D istance  b e tw een  u sers

CD
F

A M V D E ig en -b eh av io r
d is tan ce

Significance score of 
top eigen-behavior for USC Dartmouth

Its own group 0.779 0.727

Other groups 0.005 0.004

User group size rank

Gr
ou

p s
ize

1

10

100

1000

1 10 100 1000

Dartmouth
540*x^-0 .67
USC
500*x^-0.75

• We also observe groups 
visiting multiple locations 
with similar importance – 
taking the majority or 
average of association 
vectors from a user is not 
sufficient
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