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Build Intelligence from the Physical World

Xing Xie
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Mar. 3,2011



Context Awaraness

@ A key concept itbicomp deal with linking changes in the
environment physical worlgl with computing systems
@ Acquisition of context
@ Abstraction and understanding of context
@ Application behavior based on the recognized context

@ Buildintelligenceaboutphysical worldn computing systems
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Context and Sensors

@ Sensor: alevicethat measures @hysicalquantity
and converts it into aignalwhich can be read by an
observer or by amstrumert (from Wiki)

(¢

Device time

@ Device location
@ GPS, Wk, celitower, Bluetooth

@ Device movement
@ Accelerometer, gyroscope
@ Digitalcompass
@ Environment
@ Microphone
@ Camera, ambient light sensor
@ Proximitysensor
@ Barometer, imidity sensgrthermometer



http://en.wikipedia.org/wiki/File:Accelerometer.png

@ The coming era of cloud computing brings new opportunities to
this long studied research area

@ By accumulating and aggregating context from multiple users,

multiple devices, and over a long period, we can obtaiiective
social intelligencérom them
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Make the Cloud Inteligent
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/-Layer Architecture

Cloud —
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Security Layer: privacy, trust, identity, policy, permission
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Storage layer: indexing, distributed system, data integrity
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Communication layer: data acquisition, network, protocol
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Data layer: activity, trajectory, multimedia, profile
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Physical layer: time, location, movement, environment

)

Virtual
World

v

| Physical

World



L ocation: the Most Important Context Data

@ GPS will be installed on 40+% phones by 2011 worldwide
@ Location based service (LBS) will becanigBbusiness by 2013
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Projects In MSR Asia

@ Geolife Building Social Networks Using Human Location Histon
(WWW2010/2009, AAAI 2010, SIGMOD 2010)

@ Mining GeoTagged Photofr Travel Recommendation (ACM
MM 2010/2009)

@ T-Drive Driving Directions Based on Taxi Traces (ACM GIS
2010/2009
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GPS Devices and Users

@ 165users,Apr.2007 ~Aug. 2009

_ —nC Microsoft emplyees

" age<=22 " 22<age<=2t ® Employees of other compani
m 26<=age<2¢ age>=30 = Government staf

B Colleage student

18%

9%




A Free LargeScale GPS Dataset

@ { KINBR |G Y& K2YS LI 3IS 06aSINOK F2NJ a- Ay:
@ http:// research.microsoft.com/enis/downloads/b16d359a1164-469e-9fd4-
daa38f2b2el3/default.aspx
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GPS Log Processing

@ GPS trajectories* | stay region r
Latitude, Longitude, Arrival Timestamp GRS trgectory asta:\y point s @
pi: 39.975, 116.331,  9/9/2009 17:54 b1
P2 39.978, 116.308,  9/9/2009 18:08 ;’> ' |:> e.@
é P 7
Pc: 39.992, 116.333, 9/12/2009 13:56 i m

\ J |
f f f

)

Raw GPS points Stay points Stay regions
/_»’// /_»’//
AStand for a gespot where a user AStand for a gesegion that
has stayed for a while we may recommend
APreserve the sequence and vicinity info ADiscover the meaningful locations

*In GPS logs, we have some user comments associated with the trajectories.



’ .
Collaborative Activity and Location
Recommendation

@ LocationRecommendation
@ Question:l want to find nice food, where should | go?
@ ActivityRecommendation
@ Question:l will visit the downtown, what can | do there?
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St ay Regi on:

m Vincent 20099148 15:25 § sz X Em

pib :
IRBAT/AEEE, AERRETSITRE 3 ‘[}7

1, EXEH |
{5 o3

X
oUser Vincent: We took |a tour bungvQ QQ?? see ar ot

along the forbidden citly moat /é¥ _.&
Tourism A3

o @ _ Vincent | +1
Activity: tourism >
Activities Descriptions Alex
Food and Drink Dinning/drinking at restaurants/bars, etc.
Shopping Supermarkets, department stores, etc. %0
Movie and Shows Movie/shows in theaters and exhibition in
museums, ete.
Sports and Exercise Doing exercises at stadiums, parks, etc.
Tourism and Amusement | Tourism, amusement park, etc.




Tourism. Q,\‘&O
Vincent
Alex
0

Location recommendation for Vincent
Tourism:
Forbidden City >

Activity recommendation for Vincent
Forbidden City:
Tourism > Exhibition > Shopping

—

Bi rdos

Tourism

Vincent

Shopping
Nest >
Exhibition

Tourism

4

Unfortunately, in practice, the tensor is usually sparse!




Our FirstSolution \WWW 2010)

Tourism Exhibition Shopping @
-
Forbidden City | O ? ? D User not explicitly modeled!
1. b20 YZ2RStAY3d Sl-AK
Birdds Restl ? history
2. = asum compression of our tensor
Zhongguancun 1 ? 6 Y,
@ \/
Features Activities Activities
O ) o
— — <
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Our SecondSolution

@ Regularized Tensor and Matrix Decomposition
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Location Feature Extraction

@ Location features: Points of Interests (POISs)

AT A St ay
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THIDF (Term-Frequency Inverse Document Frequency):

. ;¢ |{([,}|
tf-idf; p = —=— . log -
J-idfi ¥ oy i Ug{{d, :ted;}
Example:

Assume in 10 locations, 8 have restaurants (less
distinguishing), while 2 have banks and 4 have shops:
tf-idf(restaurant) = (3/5)*log(10/8) = 0.13
tf-idf(bank) = (1/5)*log(10/2) = 0.32
tf-idf(shop) = (1/5)*log(10/4) = 0.18

Regi on:

U

[restaurant, bank, shop] = [3, 1, 1]

o

shoppifi mall e g%z, E - TRIDF style normalization*: feature = [0.13, 0.32, 0.18]

o

039.

restaurant bank

Forbidden City

Zhongguancun

(O}

Location-Feature Matrix

é

0.13

0.32

980,
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Activity Correlation Extraction

@ How possible for one activity to happen, if another activity happens?
@ Automatically mined from the Web, potentially useful when #(act) is large

Web Images Videgs Shopping, News UEa MSN |  Hotmail N .
- e L1 --___§ | 0O Tourism and Amu
[ and
""""""" JEECEEE OFood and Drir
ALL RESULTS ALL RESULTS a
Amusement Park | ScreenScape Networks @
RELATED SEARCHES Food & Drink: General Purpose; Healthcare; Hospitality ... Rushing Waters Am : —
Food and Beverage Park. Rushing Waters Amusement Park _.. Tourism operators are benefiting frc Correlatlon - h(116M)’
ScreenScape ... i i i
i i kGt where h is a normalization func.
Most mined correlations are reasonabl e. E X
0.6 0.6
05 Shopping
0.5 Shopping
0.4 0.4
: : Food
TOU(/sm-Shopp/ng 03— 0.3 -
more likely to happen 0.2
0.2 SportS Movie ' Food Sports
together than o 01
Tourism-Sports ' . .
6E-16 6E-16
-0.1 -0.1

Web search (from Bing) Human design (average on 8 subjects)



Optimization

@ Minimize the object functiot(X, Y, Z, U)
@ Gradient descent
Xip1 = Xy —yVx, Yiq1 = Yy —Vy, 4y = 7 — vV z, Ut+1 =U; —vVy

where VyL = - AV (ZxY)+ X [(Z12) © (YTY)]
+ ML X + M(XYT — E)YY 4+ A5 X,
VyL=—-APNZ+X)+Y [(ZT7) o (XTX)]
+ (YU — O)U + M(XY! — )X + \5Y,
VzL=—-ADY X))+ Z[(YTY)o (XTX)]
+\LpZ + A\sZ,
VoLl =X YU =YY + AU,

@ Complexity: O (X (mnr+ n? + 1))
@ T Is #ieration), m Is #(user), n is #(location), r is #(activity)



Expenments
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Geolifedata set

13K GPS trajectories, 140K km long
530 comments

After clustering, #(loc) = 168; #(user) = 164, #(act) dd&c #€g9 = 14
The usetfloc-act tensor has 1.04% of the entries with values

@ Evaluation
@ Ranking over the holdut test dataset

@ Metrics:
@ Root Mean Square Error (RMSE)
@ Normalized discounted cumulative gamDCG




Baseline Category |

@ Tensor> Independent matricegHerlockeret al. 1999]
@ Baseline 1: UCF (useased CF)

@ CF on each usdonc matrix + TofN similar users for weighted average

@ Baseline 2: LCF (locatioased CF)

@ CF on each leact matrix + TofN similar locations for weighted average

@ Baseline 3: ACF (activased CF)
@ CF on each leact matrix + TofN similar activities for weighted average

X

—1ec g ¥ Loc LCF Y/ Lo %

User
User
9




@ Tensotbased CF

\

Baseline Category i

@ Baseline 4: ULA (unifying udec-act CF)\ang et al. 2006

@ TopN, similar users, topN, similarf 2 ,@0Q8. a A YAt I NJ | OG Q
@ Similarities from additional matrices + Small cube for weayletrage

@ Baseline 5: HOSVD (high order S\&yineonidiet al. 2008]

X
Y Lo / Nt locfea
— NU
A user-user
2]
> o . N
act-act
ULA

I

I

l

I

[

L

@ Singular value decomposition with matrix unfolding
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1
I

I
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I

HOSVD




Comparnson with Baselines

@ WSLI2ZNISR+3WR& YSI Y

RMSE nDCGy e nDCGg ¢
UCF 0.027 4+ 0.006 0.297 £ 0.024 0.807 4 0.007
LCF 0.009 £ 0.000 0.532 £ 0.021 0.614 £ 0.019
ACF 0.022 £ 0.005 0.408 £ 0.012 0.785 £ 0.006
ULA 0.015 4 0.003 0.291 £+ 0.022 0.799 4+ 0.012
HOSVD 0.006 4 0.001 0.390 £+ 0.021 0.913 £ 0.004
UCLAF | 0.006 £ 0.001 0.599 £ 0.036 | 0.959 £+ 0.009

User

[Wang et al. 2006]
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[Herlocker et al. 1999]

[Symeonidis et al. 2008]



N
N =
Locations

Users

@ Current u§ercentric solution

Locations

(v

Activities

Companson with Our First Solution

Users

Locations
Activities

r—

SN

-

L.ocations
Locations

|
| &=
|

@ Previous generic solution

Activities

=

Activities

Performance

Current Previous

Solution Solution

0.006 0.041
RMSE +0.001 +0.006

0.576 0.552
NDCRe +0.043 +0.027

0.931 0.885
DCG | 10.000 +0.019

A

Activities

-




Impacts of the Model Parameters

@ Some observations
@ Using additional info (i.e5 > 0) is better than not (i.es = 0)
@ Not very sensitive to most parameters
@ Model is robust + Contribution from additional info is limited

@ As< increasesnDCdor loc recommendation greatly decreases
@ Maybe because the lefeature matrix is noisy in extracting the POls

0.7

0.6

0.5¢

[ aea
0.4

n 00th

03} |.on

A
0.2} | o Ay

0.1} L ) ) ) ) )
-1 0 10e-3 10e-2 10e-1 1 10e+1

(a) Impact of A;’s to location recommend.

@ Not directly related to act, so no similar observation for

act recommendation

0.98 T 1
0.97r (Db e {
0.96f §0.95 {,___}___‘{
0.95
o %% 1 2 3 4 5 B
8 0.94 k
c - § 0.8 '
0.93
g
L § 0.6 — '3 |
0.91 c
0.9 : : : : - . 0.4 . - ! .
-1 0 10e-3 10e-2 10e-1 1 10e+1 10e+2 0 1 2 ;’: “ 5 6
(b) Impact of A;’s to activity recommend. (¢) Impact of the low dimension A



"Collaborative Activity and Location
Recommendation

@ We showed how to mine knowledge from GPS data to
answer

@ If | want to do something, where should | go?
@ If | will visit some place, what can | do there?

@ We evaluated our system on a large GPS dataset
@ 19% improvement on location recommendation
@ 22% Improvement on activity recommendation
over the simple memorpased CF baseline (i.e. UCF, LCF, AC
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: Preliminary | IEommunity-Contributed Multimedial :_ Graph Modeling ﬂ|
gl I

7] [ _f== I
: 2 Location : : Landscapes and |
£ [Identification [ |1 [_Representative Views | 2 :
e l | ! S |
£ |17 ™ "Scene-View Generati T s e i o 3|
o T cene-View Generation | |:_ Arriongscensl =
| ® | Photo Harvest | |  Generating | Generate Scene b | =

|Generating yl | ! 5 |

| g | | Scenes | Textual Clustering [ 11 P fadmarierile | | B |
7 || W= == =1 2,
lg | | Generating + I I:. Within scene | 3 |
| S i Near-Duplicated |

) | | Views ear-buplica | [
: o Photo Database K — Visual Clustering —i—r) PhotoRank | I

I

Tourism
Recommendation




View Generation by Visual Clustering

Beijing
/fsmghufa\kyﬁ(ers/)\\ \Norbldden/
Citv )
Discard Near-Duplicated Visual

Clustering in View Generation

i Umvmsm'-‘nm-.

Discard

Merge Threshold t
View 4 Discard Threshold M
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Mining Landmarks by Graph Modeling

HITS like process is conducted in Author and Scene | ayers, and affects the PhotoRank iteratively

Author Node | ayer owns Hub weight asin HITS

Author
Node

1 \ |
SceneNode: | ' / \
//

Photo Link

(Content & context associations)



Expenmental Results
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BlogUsers Top Ranked Landmarks at Worldwide Scale by Landridr®

1. SummerPalacgBeijing) 2.Sydney Opera House (Sydne3)Louvre Museum (Paris}. Tiananmen (Beijing)
Asian 5.Tokyo Tower (Tokypp.Universal studios (L.A7F.Oriental Pearl (Shangha8.Tower of London (London.
Empire State Building (New YarkD. Statue of Liberty (New York)

1. Sydney Opera House (Sydned/)Louvre Museum (Paris3.London Museum (London}t. SummerPalace
European (Beljing) 5.Tower of London (London®.Empire State Building (New YqrKR)Statue of Liberty (New Yorkg.
Oriental Pearl (Shanghaf.Tokyo Tower (Tokyp)0.Universal studios (L.A.)

1. Statue of Liberty (New Yorld. Universal studios (L.A.3.Sydney Opera House (Sydned)Empire State
American Building (New Yorkpb.Louvre Museum (Parish.Space Needle (Seattlej. SummerPalacgBeijing) 8.Cn
Tower (Toronto)9. Tokyo Tower (Tokyp)l0.Oriental Pearl (Shanghai)




Mining Tnp Knowledge from Geo-tagged Photos

@ TracelLJS 2 LJ Sf@é gedthigyddihoto collections

@ Photo trip patterns:
@ Sequence of visited cities and durations of stay
@ Typical description of trips represented by tags

@ Classify photo trip patterns based on their trip themes

1 day 2 days
[ Milano }- -------- >[ Venice }- --------
HDuomo AGondola A eaning

A aScala ASan Marco Tower



Photo Tnp Pattem Mining: Segmentation

@ Detect changes of trips based on captured time gaps, distance
=<, and tags

Eiffel Tower, Notre
Dame, Louvre,

Sagraddamilia

Picasso

club, beer,
friends,

honeymoon,
wedding,
Honolulu, bay

UG e L . - -
Barcelona > : E




Photo Tnp Pattem Mining: Classification

@ Classify photo trips into categories by SVMs
@ Landmark/Nature/Gourmet/Event/Business/Local
@ Features: tags and locations

Tlme




2 - ik
Tnp Pattem Mining for Tnp dasses

@ Apply TAS (Temporary Annotated Sequence) mining
algorithm
@ Input: Set of trips extracted from all users

@ Qutput: Frequent trip patterns, e.g., a set of visited cities and
typical transition times.




Tnp Semantic ldentification

Sky LouvreNotre-Dame Paasso
London EyeSummerDuomo2007 Concert
Sforza Castl§Vedding

Trip semantics



Tnp Semantic ldentification

@ Detect descriptive tags for each trip pattern

@ TF/IDF based method
@ Tag frequency, inverse tag frequency
@ User frequency

@ Consider geographical scale of tags to exclude
locally/globally common tags
eaaK2LXyY 3Ff20lffte O02YY2Y
@d. SA2AY3IAZTE G. WeY f20FfFf e
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2



Evaluation

@ Collected 5.7 million getagged photos and conducted
evaluation

@ 72% precision and 85% recall for segmentation detectio

@ 79% accuracy for trip classification
@ Tags are most dominant feature
@ Combination of tags and locations performed best
@ Locations can compensate photos without tags



Trip class

Trip pattern Trip semantics

Landmark

Nature

Gourmet

Event

Business

Local

{Paradise, Las Vegas} casinos, VMA, Bellagio, The Strip, WYNN

{SydneyRandwick blue sky, barbed wire, inner, bay, Manly

{CamberwellMelbourne} cookie, spoon, rice, Colonial hotel, DJ

mountain biking, WW, Wednesdays at

{Washington D.C, Arlington} Wakefield, mountain bike race, racing

{Jersey City, New York, Jers comedians, MSN, live.com, Steve Kelley,
City} Yahoo

{Boston, Cambridge} ants, mall, hospital, highway, living room
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Background

@ Shortest path and Fastest path (speed constrnts)

> JAURMN
S Jackson Pl

S Weller St

@ Reaitime traffic analysis

= 10th Ave S

@ Methods
@ Road sensors
@ Visualbased (camera) % %:D
@ Floating car data Y %
® hLiSy OKFttSyasay O288N: %
o

@ Have not been integrated into routing

‘ parking

WOOWDO (O

>
Traffic light | | | | Human factor




Background

@ What a drive really needsdpeo Traffic Estimation

é\
ol es A 7
“'\ \\e“Q (Speed) ~ %,
N Yop
\ 7
S a Driving

Directions
@ Finding driving directior >Traffic analysis

Physical | |
Routes Traffic flows Drivers



@ A big city with traffic problem usually has many taxis
@ Beljing has 70,000+ taxis with a GPS sensor
@ Send (gegosition, time) to a management center




Human Intelligence Traffic patterns



