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With the increasing popularity of mobile devices and mobile networks, people can
get a soaring amount of information, anywhere, anytime. How to solve the problem of
the current information overload and provide personalized recommendation services is
an important research topic. This thesis exploits the check-ins of Facebook Open Graph
to design a mobile restaurant recommender system, which is based on collaborative
filtering. The system summarizes the group preferences from individual users check-in
in order to provide group recommendation services. Furthermore, the system considers
social graph and contextual information to enhance the recommendation quality. These
contextual information includes location, distance, age, sex index, time of day, weekday;,
month, number of companion and type of companion. In this thesis, we also proposed a
method to evaluate the impact of location and distance context.

Our experimental data is collected from the 69 volunteers in Facebook, which
includes the 8264 check-ins. These check-ins are contributed by 3928 users in 2691
different restaurants from 2010/8/15 to 2012/4/30. The experimental results reveal that
the accuracy of our system can be increased by approximately 38% while suggest
restaurants within the area of 3-5 km radius, compared to popularity-based

recommendation. It means that the proposed system can provide better



recommendations than popularity-based recommendations, if the user asks for a

restaurant suggestion in a larger area.

Keywords: Recommender System, Restaurant Recommender, Group Recommendation,

Collaborative Filtering, Social Graph, Context-awareness, Mobile Device
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~F A BT * Facebook B 2z B (Open Graph) =+ F L (Check-ins)
LR ER R - BARIEE LA T MBI RIS ¥ RA2 B (Social
Graph) £ {35 7 31 (Contextual Information ) # = 4 & &8 - &7 & > AR 5 A

By et o
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2.1 H¥8 R & (Context-aware)

2

1994 # Schilit f- Theimer[2] i context-aware computing & =t % ! iz B 535 > &

.

TP &Y

Context-aware computing is the ability of a mobile user’s applications to discover and
react to changes in the environment they are situated in.

FLAY —‘r*{ R e > BB R At R T AN A aER e g

8 o Dey[3]# BT - B LW DT

A system is context-aware if it uses context to provide relevant information and/or

service to the user, where relevancy depends on the user’s task.

Woerndl = Schlichter[4] B 248 & % so@ P FE % & i8 pia;'i ~ % (User Profile)

25 F 3 (Contextual Information) » 4e % 2.1 :



User profile Context
Rather static and somewhat longer lasting | Highly dynamic and transient
Stored in user profile Not stored permanently
Implicitly observed or explicitly provided | Observed only, never manually entered
by user by user
Example: user preferences or interests Example: current location and time

* 2.1?%’**3ffpja§¢fiﬁht Fa

7 ob o Schilit 5 4 @ % BB (AL~ ALR) s B A(CEE KA~ 2 indr)s s

o

B (75~ @iz B B RkHEFS
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22 itd FE B %F

AR ABAEEAL LB B BE i+ he s 0 &4 % Graph API -

2.2.1 # 2 @ (Social Graph)

2007 # Fachook f8 conference © > iz i :@'4s i@ * 2% Facebook = 5> m & 2 ;

@ B ek 2 B 23R Ad Philippe Bouzaglou 3 # fevs @ 5 G ket ¢ 0 3%

q./l: BX

TR B - P - B R R5] -
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Bl 2.1 4 42 B

2.2.2 B-*xH (Open Graph)

Facebook # /2 " A X B A R BT R * B2 A 2 it > a2 T LR
A 2 [ B 4[5] o

] 3 s AR5 4 g 0w #s 1F (action) frde i (object) & A @i * F
B e blde  REaE T A28 F a0 4 2 L& Es (action) - ELESA (object); R

et ARG a4 2 AR (action) - x 2 4 (object) s &kt 4250 A

43 % % %A (action) — > &3 (object) 4@ 2.2 :



USER ACTION OBJECT

COOK

B 2238 83 E %E

B TR P F AT A AR de e o e 2 A v E (E4h 39 > Facebook
Ex - pF b el g A S RET - PILRARE R B4
el F R K BB L R AR TRAE LR Y F o

3 i ¥ Facebook[6] -

2.2.3 -+ (Checkin)

F 5 ALFE g > b)4e @ Facebook ~ Twitter ~ Google+¥2 Foursquare » w37 i¢ *
—"ﬁéﬁ%? LRI IS S e ) A SR L Rl
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2.2.4 Graph API

Graph APl 5 3.7 — B f§ 8 ~ — 3k e Facebook A+ < Bl 2 AB] (View) > - &
ABFPHE (PHAe AP SR ST Efof e ) foi P2 iy (blde
PR s A% B e B RE) [8]

BARRY B 2 M- S ID BEFT UD R - B R

- https://graph.facebook.com/ID » &4 & 4 i < & 71D £_106522332718569 - *f

" iE Ry e https://graph.facebook.com/106522332718569 B~ ¥ iz i 47 it » 4ok 2.2

"id™: "106522332718569",

"name": "\u53f0\u7063\u5927\usb78",

"picture":
"http://external.ak.fbcdn.net/safe_image.php?d=AQDf6wGxms-FZM6-&w=100&h=3
00&url=http\u00253A\u00252F\u00252Fupload.wikimedia.org\u00252Fwikipedia\u0
0252Fzh\u00252Fa\u00252Fa4\u00252FNational_Taiwan_University logo.jpg&fallba
ck=hub_education&prefix=s",

"link":
"http://www.facebook.com/pages/\u0025E5\u00258F\u0025B0\u0025E7\u002581\u00
25A3\u0025E5\u0025A4\u0025A7\u0025E5\u0025AD\u0025B8/106522332718569",

"likes™: 19473,

"category": "University",

"is_published": true,

"is_community_page": true,

"description™; ...

% 2.2 % _Graph APl P~i8end B+ 82 - 12

% 1§ Graph APl 24 i v 138 TR 42 B W N B % H 224 2 end fade (v 0 2

FBA AL ERDIT M 4of 2.3



Bl 2.3 4542 Bl B ]

23 #EFE

"ERFRRD EL 2 P B ERApdES LAY 0 R A PR R AT
2o o Bilde D Netflix F 3 #cg %% % > Amazon ! 7 #ip § »~ 2 # > Del.icio.us
P AR R IOR > AL AP EE - - T A B seibF 5
FRn B mErR - PR FTE RGP F R RGBT RS

AR IOE B LD ARy R T AAL g e E 2 - o

B fa A TR ke B U EBITERIR Y F R w iy
FTRAIER (Bldr 2B F 28T ) SR AE (Hldr: BASEE) =4
B dE o

- BEFORE AN FEIRIREP TR EF S F L A IRERT >
&4 : Amazon ~ eBay f- YouTube % > ¢ * iﬁﬁt{é# TR~ > FHAPTE
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FEE 3 2L ma‘a'_}f%‘,ﬁ Foo AT A RE 2T 0 I #H_):‘%k,ﬁ Lo CATF WA
F =N

@H

L AR R > R AR RAER 2 T BT R A Al R Y4 FE o

- BRESHE LD Z RIS ES S e B R FFRDE L B A
Frig # prﬁyiwmfg“:‘“]&#‘r%ﬁ—‘ﬂ BREFEZKE FL 8K e] § s —‘ﬁ
Fao bldoims SR MHTE S BRI EL TR Y 5 iz g
AR R ER T F R RERE A FTREAED FEY FEL R
FRGECE MR TR R LY RNt R S (R

JB R E T E 2T M A 515 kiR (Collaborative Filtering) ~ 23 p %
(Content-based ) #2;8 & ;* (Hybrid Approaches) » 37 &k #— - 4 %5 » T3P

BEHBRRE TR k- B H|F o

23.1 ¥k i8m# (Collaborative Filtering Approaches)

P2 A kAP AR EREZ2 - o 8 ok EF- A FEA
P P FIE AP R AT - 3 o R G E IR A RF N B N BT
VR AL- B AR EGE o

Goldberg % 3+ Tapestry[9] & & & & * 14 Ip 8 g2 0% 5o 3% 5 5L v v A P35
Ao ¥ ER E*é,\miifi,;’]‘ﬁf Lo T QL FM G B AR #* o Konstan & 4
% 3 e Grouplens[10] ) B * A FTH & b o ’ﬁfﬁééé—"ﬁ@;‘za—,ﬁ BdFETE N F
R HgEPN R B fREg RS EEET ABEP ST A B
Tapestry & & fr — i & St i g > Grouplens & i« SuenaT i i@ ig i 41505 00 2 7 o
Tapestry # ¢ #-IF 38 B an®a 44 5 A2k > Grouplens R ¢ ¥ 38 p &7 i@ * £ 17
U= s oA

Bl ipiE 7 A G oA A e s ( Memory-based )fe £ 3t 127 ( Model-based )

/ﬁﬁ PESN é"‘/\) Féxm/ﬁﬂ = ’fqiﬁi kI "'T}i @,{’J‘-A} £I38 1@“—????5?'] Y
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U={upuy, ,un}s &% FHE I ={iy,ip ., in}a B0 F & on, L&Y F Ut
ER O aRES > F L d H USRI P TR R e gz 52 (1]
predict(u,i) = %Zu'eu Tyl (2.1)
predict(u,i) = k Xyrey sim(u,u’) X1 (2.2)
predict(u,i) =1, + k Xyrey sim(u,u’) X (ryr; —7yr) (2.3)
KZ e %3 > 8 ¥k =1/Yyeylsim(uu)| -
Foleiipid @ 430 ufeu's B FAp iR sim(uu) ¥ et i R R R 2

7 Distance-based :

1

sim(u,u’) = (24)
1+J2ieluu,(ru,i_ru"i)2
~ Correlation-based :
Xi ,(rul E)(T i r_u’)
sim(u,u') = “u (2.5)
leel ,(rui__) ZLEI I(ru’L _)2
~ Cosine-based :
% rulr !
sim(u,u") = “u (2.6)
\/ZLEI ,(Tul) JZLEI ,(ru’l)
Hd L 8gd @ % Fufru' S pi=a B p f & o
BRI R ERE G T BB L REMT RN T ERR

FAELRE S R IEER R R RPTEFIREEN F AR o

BRI iR e RL 0 B F 3R 5 RAL > Blde  doie $EATR P KR fE
L Ao EATE D B R Y F 20 ks 1AL (Cold Start) 5 & iz 4k sd
SEAR PN FRAEF DR RS A R T L i AL
(Sparsity ) & - p &3 § g # FoOF AR 2T 3% & 14 B 32 ( Scalability )
oo F)pt g e Bk SRR ANIE P AR AR PR e B R E [12] 0 A P BB AP AR

Rk AR 2 L ke

10



2.3.2 F¥p %2 (Content-based Approaches)

Boin A B AL iR o FOFR 83 TR EIER Y ERIA P D
i oom LB RY F e GERAIEP P FH R FL W R
EF g P AP FAdEE RTINS IR G 47 ST R
%‘Q”HF\ w4 ’fq"’ffiﬁ Pzl 2 it (Profile) & iuv rub giié —?_1’4«1:‘71? A
Fel v ejpiuk > gk # % KBS OOED o

MR BTN FRF T BBV OORILATR ¥ K HATH P L fahs B
5 7 g R IR ﬁ’ LML) S R SRR B ATIE P o2 TR P o L S LR
HUE P VLS ERE Y RN EED A RN L P RRESEED o

AP F2L TR LT AR RN blhe FHEMTE (B2 § 22

BR) BIGEEY AT A X F T A ]

2.3.3 ;R &2 (Hybrid Approaches)

FofERE S A F - LR SRRSO FREEE AREET R
Gtk o NPHLZ SR EE oA P RERY LR AHE FATEIANR FERE

Wiz g e LR X T 0 G002 RAART B E iRl k Sude 2 AT T E o

—

Bz fApI B Eufr s A g R A4 B S 0 Ry

o

BEFEAL S I FEREL M e &R T4 B[13, 14] -
M ot Bk SeY S x AN F 2 e Fab[15] o T E_ig HRE ERr i

Fipiz AL 0 R FARWARMR T RPN F R A AFTHRFLAD 0 B

VU R AR EE X R EA R dﬁ;ﬁg v VIR EE R 'gﬁajﬁ_é

& Ap 0 enIg B oo
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234 BEFB2ZERBRE

gL B T ARG S AR Y - AR F o - AR

FHRTFBFR HT AR FHIA D A AP~ R I E R AL

”‘,T% B0 AR
7, Vu#i%/ﬁﬁléﬁléiii‘@éﬁﬁﬁu& » IR m TF 7&—32 A ﬁ;f‘}%]@ Eﬁc},%(’ﬁ N

2 R X EHFBE v Adomavicius[16]# 417 - Bipg F Lan 2 o H O B H

aﬁgﬁﬂaﬁ&’4#{ﬁ%&ﬁ%ﬁfﬁﬁﬁ?9’%ﬁ‘*5ﬁ“%$%

%L EE PRI E L Sedk < > F)pt Adomavicius

il
a2 FRaSE o L0 BB o B PERR

R AR 2R 2 A G I YR Y F BT §

EFHRCR F RREFRT &7 o Rl D - Chen[L7]He36 & 6 £ 142
¥ LHIEP o Ft @ 2 * Correlation-base #p 2 BRI 2L 2L EHP i n

X oy THp R EE

Yueu(Tuix=T) Tuiy=Ti) (2.7)

JZueU(Tu,i,x"r_i)z Yue U(ru,i,y -77)?

simg(x,y,i) =

e UEGHEXToyHAR i7=rh* 5 F & -

,L
.__4

Chen i B3k # B R 38 LRI > 10 dopt — KA BB S LR T 1

B Y AR Bl Dy, AR U R XD T R e 0 Ry (R
’«L@té T : C N ’fg_@ m’-r—/w\ :
Ru,i,c =k ZxEC Zgzlru,i,x X Simt(c' X, i)

AYKEZREFS o pREEIFRY PE AR teBiniza

FOE o RIS R wA BT R 3 S TS
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24 FEERRE LR

EFFEFEARFEEHRRD ELTZ > A PT USERAEE 3PN 0 7
AR ke B S £ & o 7 k48 -Nguyen and Ricci[18] & 7 #48 & & Sk 1 7
Critique-based = ;= & # i * FT £ ¥ (Long-term) fe#F 2 #p ¥ ( Session-specific)
A R F L F A EIR R

B F R EN FELFRE AR A G TLR > AP RT BTl

B8 4% & { 47 PR4%;Sadeh & 4 [19]sMyCampus % &3F 5 F 8B R (7 #7 JR1% o

TR R S R X PP S 7 e e 3k o Huang[20] 3%
S A EE S W RS S EORE S TR RN S A T 2

EPRUEErE SN SR R S R
R oo B BIRAAEY - B E R ehi 45 0 Park £ A [21]@ % BN gk
(Bayesian Network ) # % = i= ¢ #* ﬁ il T+ K a4 4772 (Analytical

Hierarchy Process ) % %0,

13



- BABRBLLEHBE R AR RS THREREFEL RSB
LenigdE o m Y g M F AR Bk, R F R e
Parm FRE P FRFIFRABEST > AFIERE LR Ay 4
Bk e
*P 3 P A 41 * Facebook B <[] (Open Graph) ==+ 34 (Check-ins)
FERERRI - BRARAE LN RREMAEIRE > Y RAIREFET
AR ST
WA T IE A BT TR BT R e B Ra SR
BFIFE Y RA9E S B blde D Huang[20]/ * 2 F -~ #udgdic 4y b g o
gl > Flpt s & AR Y & f % kb e |5 2P R 536 Graph API IR e
AR FH I RS BB Y T T AR Fl & 0 d 3t Graph AP 3% i ey
FRL o AHYEE - - FHFD AP T RV DT FE- KPR o
RENPERRROTREFIZEFR
® Location (I)
® Distance (d)
® Age(a): {13~110%}
® Sex Index (s): {0~1}
® Time of Day (td): {00: 00~23: 59}
® \Weekday (W): {Sun, Mon, Tue, Wed, Thu, Fri, Sat}

® Month (m): {Jan, Reb, Mar, Apr, May, Jun, Jul, Aug, Sep, Oct, Now, Dec}

14



® Number of Companion (nc): {1~50*}
® Type of Companion (tc):
{Alone, Friend, Classmate, Colleague, Family, Lover}
® Companions (CS)
AP EF R B RZET TR AN REERY AT EY RALL
BEFg A F fAZEREFE I i AREFRTA > U2 & g

i A B R F DRI REERTR

31 FRA

Definition 1 Contextual Information and Social Graph

B i o iEsri- Bt =(,dastd,wmnctc)yfe- BE &
CS = {csy,...,csp}> # # n E_Companions s#ic & > CS € U - context:c » t i
BEA A IRt FREAGREETF PR~ 2t
Definition 2 Data Set
BB ART IBTHE AUERYH R RTiF U ={u, LR E R
Lo Y nARY F Al P={p, .., p} LR REE 2P MR ol
C = {Curprer -+ Cuipjek) Bt + B £ 2 ¢ 0<i<=nfr0<j<=me rating(c)
BB E g A oA B A S FRE LT3 REFTFAE L A AL g o
B dF3mAa B2 M AT X BETEAS B3R A EA I E- UL REEA

EF T % A s R o

15



32 R EHR

Definition 3 Context-aware and Social Graph based Prediction

NEBREE PR Y X U R r B SR SRR H —‘gé”a‘ﬁi p X
Bp € Peifyd# 354 o i iA Iin F it ¥ K Frk AR R B
Definition 4 Recommendation Process

SN B E PR uARE R TR Y R TR Fap € PAIRRI b
%

17 ’ 1 l]} /, vLa ;’;’1

- B RIRIE R BAFITA R R S % S n ok Rd E

~

A B R FERAMA AERER S F RS RE R K

33 i &

RIRRPHR ARDI R AIFATRL T TR RMAE R AA
FEO AR 4G R TR S ERE . T e BT AL

AERFTAILEERT o

3.3.1 k SuZE g TR KO

z‘—-l
IF
N
|+~
P
&
)

Tk s 7 Graph APLE i * ¥ 45 en% o R

H TR 0 4o W31
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Retrieval Module
Facebook < Request < Request Mobile
L IN Data —— LN .
Graph API |__Data /—" . Data V/ Devices
transformation

Recommendation
Module

A Context-aware and Social Graph hascﬁcﬂmlram Recommender System

[

- o - )

user_relationships user checkin page
¢ uid frg=—p= ¢ uid -:.’3—| ¢ checkin_id = | § pageid
friend_ids name — author_uid name
classmate_ids binthday_date page_id MJ categories
colleague_ids X app_d ype
family_ids significant_other_id post_id latitude
lover_ids family_ids latitude longitude
email longitude
employer_ids timestamp
school ids tagged_uids
message

L | | y

Bl 3.1 ke g 5 10

% LT E AR P R % Facebook tRELE » {8 ok sidew Graph API g duAt
LR M R R A TAREEE R R TR 0 ke 7= B0
fFERE ¢ LRy SRR BE AR 0 T TR R e L 8 SR
oo™ k-t a4 58 23R A Tk 4 (Global Positioning System) # IP -

#+ (Internet Protocol Address ) % T i=$tjtr» p 2 ¢ * ﬁ T E o

E AR AR AR T OMEELY P RETTREAIRIER %R T

PR A B R KA RN AL F AR ESE RIESE
Graph API : Facebook % i§ # #ci fx ## 45 (Representational State Transfer) & & # <

3 R B FAOF ol FF R blho 1 4G DB AERE S A TG B

@%‘g\%'g?%’r’{;go
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FH B S & 22 Graph APl chid Ui A% > 4o 3.2 ¢

Mobile Recommender Facebook
Devices System Graph API
| _ | T
= 1. Login =
M 2. Redirect
3. GET OAypth Dialog R
I =
B 4. 302 Redirect includihg code parameter
- I
5. GET recommender system callback URL B
6.GET/oauth/authorize N
’ 7. Access token
8. GET/object?acess_token=...
P 9. Data (API response)
10. Request a recommendation
11. The suggested restaurant list
T T T

Bl 3.2 4 %l 2 iE4e

332 MAMEFERTRE

ﬁ%ﬁ%ﬂ’%*ﬁﬁﬁﬁﬁﬂgb’aiﬂx@%g&#44%ﬁw
oA (¥ thid PR Ry P i S ) BN @A ik R P
P ABRE R T R  AP A SEA R ES s PR e

Ay ma R e .

e

Btk Bh LB ALY S R RIEALY RRF i FH

?\%&m%-ﬁiglb ’ﬁ,\ﬁg_ﬁfﬁ’:—» e 7EL_J-' 7 %% _&éi.;z Ké/ﬁmliﬁ%ﬁa—gﬂl& ,

e L—Eﬁz—if:}\ AR g]?lr—g—ﬁ ?—F\%rﬁ ;/fg_g .
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TR FPAIREFRTRSOLE NPT LR R REREE
2B AR R ARSI AR R R F L RE RS o T

SR U AN U Rp S A

Yicecy v rel(t,context(c))xrating(c)

sum(u,p,t) = X maxcec,, rel(t, context(c)) (3.1)

Ycecy,, rel(t,context(c))
He G, Tt FuHBERpei+ & &5 32557 R PH R § R0
TR AR F DB PR R RIS ST EL A MM O RF IR A
AP BB THFRTIEY B M BREE  BR M R B e
AT 5| £ T -

RIS BAp AR EZ L S AN 2425260 40T

1

sim(u,u’,t) = (3.2)
1+JZPEpuu,(sum(u,p,t)—sum(u’,p,t))2
im( ') Zpepuu, sum(u,p,t)Xsum(ur,p,t) (33)
sim(u,u’,t) = .
szepuu, sum(up,t)?xTpep, , Sumip,t)?
Ypep , sum(up,t)xsum(us,p,t)
sim(u,u’,t) = AT (3.4)

(Epep g HM@DL?X [Spep,,, sum(ip.0?
B P B Fufcu' s kit Bk B ESAPTURIA FHRAAE
PoABRY FOPRAT R §F AR

B fe AV e B AR A AR 20 3 AR50 2.2

predict(CS,p,t) = k Yyecs Xwrey Sim(u, u', t) X sum(u',p, t) (3.5)

B CSAGRHLFEREE  k=1/Yuecs Dweylsimu', t)] 3 2P+ 124 5
B RERZ AR TR EY B RERLIFPIRITITA T G ATA
B o

VAR A CAHF IR reh e s o F R B s f-o Bty BELECS
He ce# 7 9B =R >4~ % 5 Location(l) ~ Distance(d) ~ Age(a) ~ Sex Index(s) ~ Time

of Day(td) - Weekday(w) ~Month(m) ~Number of Companion(nc) = Type of Companion
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() @ CSAIF B & o hthe FIT s Adr it A gffRhra et
rtl R RFgra =g > rCSAAGFRFRr_pEEesss kg o
FOARBEIIR Y FFRERE > &A1Y SR SRR S EERT & iz E
B RERAST TORIBENRT R BN F R EL R AR S s
353 TERBHEITA T A > RSP N FEE R RAELR Y X o FE 2 1w

Bk 2 g R I i AR ¢

Algorithm 1 recommendation

Input: P, the set of all restaurant
u, the user
r, the user’s request
Output: M, the suggested restaurant list
M <{}
forall p P do
if distance(p, r.t.I) <r.t.d then
M&M U {p}
end if
end for
rCS <rCS U u
I &summarize_context(r)
forallp eMdo
rating < predict(r.CS, p, r.t)
assign_rating(p, rating)

end for
sort_by_rating(M)
M &M[1:n]
return M

20



Algorithm 2 summarize_context

Input: r, the user’s request
Output: r, the summary context
rt.a <avg_age(r.CS)
rt.s < sex_index(r.CS)
n < count(r.CS)
if n =1 then

r.t.tc < Alone
else

R < {Friend : 0, Classmate : 0, Colleague : 0, Family : 0, Lover : 0}

for all csl €r.CS do

for all cs2 er.CS do
if (csl !=cs2) then
rel < relationship(csl, cs2)
assign_point(R, rel)
end if
end for

end for

r.t.tc < relationship_of max(R)
end if
returnr

333 MABEFRFTAVR

(AR e Pl EAR B EFBE T A Fadp e 50 iR ELs ¢
BB FALLRIE B T2 B angp i > Vi % Fog 82 02 (Heuristic
Approach) 2 Bl € 7 AL B2 8 T2 B adp B o 80 #7183 egp B 1448
TE-BA0D 1 e NP N LR R R Y S BRI IES o
Location(l)£2 Distance(d):#-#* ** & i £ B> Fl i X P& 1953 LY oiE d
BEHEN R oo TR FREFAMERE > HT ARl 2 tfer et'sh

A0 BE AR B e T
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Age (a) : A B3R T3oE M p M R g Bodilic 0 £ B AR o dp M RAR I Thiieh
F R SRS SR S

1, ifta=t.a

, (3.6)
Coef,PsEa~t0) " otherwise

rel,(t,t") = {

Sex Index (s) + #¢ Rk 12 W] dp HhA0Ap B 12 Rdp oo fie > £ R AR o AP R ZAR IS T
Boeh R RO R DI eh il e BoiF o

1, ift.s=t's

g (3.7)
Coef, PSS~ - ptherwise

rely(t,t') = {

Time of Day (td) = # iRk v F e B 12 S dp e fic » 2 R AR S Ap B 2ARTS > %
Hesh T TR B

1, if t 10 .

rel(t,t') = {Coeftdtime_difference(t.td,t'.td) (3.8)

, otherwise

Weekday (W) @ — ki » BB ¥ A L T p AF R A - B GREAFET F
Fn T g MR > TRl E E R B T R Y B e

1, if isWeekend(t.w) = isWeekend(t'.w)

(39)
Coef,,, otherwise

rel.(t,t") = {

Month (m) © 24K 7 = ? i endp B2 g o e £ B A%< o AR PAR S > Thdic
R VS AT B T ERTOR S B o

1, iftm=t'.m

relm(t, t,) = {Coefmmonth_difference(t.m,t’.m) ( 3.10 )

, otherwise

Number of Companion (nc) : # B3k I & 4 Beedp B 42 Edp oo £ B A%< > 4p

MEAR I Tl R R B Tl TR el
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1, ift.nc=t'.nc

S (3.11)
Coef, St~ otherwise

Tdnc(t; t’) = {
Type of Companion (tc) : * % & F|3 b chle 2557 @ 8 3 f ok &8> 9100 2
AR GEH I LR LA 2 B i BT 0 ded 3.0 e Gilieed M HU
B engope Beig oo

rel..(t,t") = TC_RelevanceMatrix[t.tc][t". tc] (3.12)

Alone(a) Friend(p) Classmate(y) Colleague(d) Family(s) Lover(C)

Friend Coefaﬁ Jk Coefﬁy Coefﬂs Coefﬁ‘€ Coefﬁq

Colleague Coef s Coefw G"ffys 1 Coef,, Coeflg(

Lover Coefag. Coefﬁg. b Coefy{ | Coef&. Coefgg. 1

# 3.1 TC_RelevanceMatrix

A B RERE A e tfon a2 A MR S 2N gk
rel(t,t") = [Iperrels(t,t) (3.13)

where F = {a, s, td,w,m,nc, tc}

FORPFT23WHOM e 120 1 Rh L AL - BHE o A

BRAEAR R F R 3 R Atk R B

Ex



Algorithm 3 time_difference

Input: t1, time of the check-in
t2, time of the user's request

Output: td, time difference
tl < abs(tl - t2)
if (t1 > 12) then

tde24-1t1
end if
return td

Algorithm 4 month_difference

Input:  m1, month of the check-in
m2, month of the user's request

Output: md, month difference
ml < abs(ml - m2)
if (m1>6) then

md < 12 - ml
end if
return md
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Z #4834 (Cloud Computing) 45 s — a3t B &b 5 £ 1F 5 IRF% > T 4%
@ P s R4 (Heterogeneous) Ak cni spdedef o 23" B R T AP
t£[22]
O Grildrritit * F LATA e A AGK G i 4 o
® RFENMNGITELRGMEIHLIRGAPIS G - o VLY R

* 2>t REST 7 # APIs

® SAMFMIATFL ST DB A QgL FES A
® AAFEEW2ARXT FFURTPATESS- 8> a2 A FE AT g PR
PRAEE & P o

® LSEMPEIFLFFRBEfEGEEE S fofl® R4 A BT AN F B L
- BRMPIREBEBDY - B o

® SRR XiIFTRELA KA ETIAAK G EF AL AR
R (Gt B 5 A T R ) BEL PR R (R FAFES
TRk f S s ) Jl Faend e (0 fREF R G 10%

3 20%i% * 5 ) o
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Sk

FTABH LT LT ZTE2 Ry S BE Y B L L EAY

Yo La R
FHE BRI B (RF ) - B AR (Fine-grained) t ehF
TR EATR TR ARG R R R o
MARAE S f R RRIRIRG e - REEITE E R e

F R4 o d N TR N R TF2FTRES > RRF IR TR

LA g WAL % };mlpq ﬁ%f'vrﬁ-‘ﬁ?l’t#iﬂg_rﬁ‘gﬂ °

LS Y L ERRE S L3 A Y C S R

BH PR3+ (Software asa Service) : BT G Z = X E T B T B0AE

Ao F PR G A R I RMAAK G N EFT L

¥

AREFIEE R DT AR R R RRGET LR o Blde
Google Apps f+ Yahoo #& % | #k o

% 5 ¥R (Platformasa Service) : g & B2 pT sk * x> H e 3
FRARSBNFIRERE S FHALERPIRE > B BN RFF7 I RZ
BT L VBRBEfeE Tl Pl o 7S A Y & F AR e e R ek
A > A BT LZIRGENE AT RBREY 2N F RARAE T EERS
FhoERY H72F & L6 ¢ IL e 4o - Google App Engine {- Microsoft
Windows Azure -

R A3 % T PR3* (Infrastructure as a Service) @ < & & (12 = PRIFHCA) - B
FREFHET CnHEPE Bl PR LT FEFfoeR - AAHX
WAPRAR R R F ST ! R R TR R X RTE
b (Image) w2 @ e i et B > 2 f A8 RAITE S

el * 425¢ o bl4e @ Amazon EC2 - IBM Blue Cloud -
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*im= ¢ ASP.NET MVC 4 Developer Preview & C# B & ks s> 730 % 7

Windows Azure Platform £2 SQLAzure (At Z #5228 ~ ¥ 3F B %< A eh SQL P PR

ZLZ ,iﬁihﬁﬂi

FE AR AER R R IMELS L T RETRGAIBEE E
FRPGBEAEMRE T Fag s A2 FAGEORRAES S S RE LA
FAREEERES BiE > kAR AcR 41

plRERHEY A BECRMRY FEEE S LS BRI TR
ok g RaE ko k SL g ek e Graph API B~ 18 A S G it i 'ﬂ'fr'}lﬁ e
FOR Y /I RRFEN 7+ FHEALE ) A 347 fergl* =0 v 5 JSON
B FH o BEE A S UAFIFRER &5 B Bsse (Threading) 3 fo#73
Pl FHRMEFTRE § FHERTASG RS T FHRE (RIRET
WAER ) §ARIPAILAT 2 TR HTHEE o Tkl e o

AREREY > AR REUIERARAFTHNEY BAT L RPE R
How psoni > TRFHE? RE A FRAAIBEFRTR > R 2 &
3.32 AT I A5 > R BRSO BE TR T AT > R * FER P HE R
Rt P hiRiiss > S A 2 - B FFRIREITAER SN RE T E 0 R

Ay A

=
+

B T bk e

F_‘.

Hu kT
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Input:
The user’s request with context

v

Call Graph API for user and all companions’ data

I L.,

Call Graph API for [ Web service returns
friends’ data L data in JSON format
Web service returns Decode JSON and
data in JSON format | insert/update ———
| N — processed data \
I into DB :
Decode JSON and :
insert/update [ _ _ _ _ _ |
processed data 1
into DB :
1

DB

More friends’

data available s

Preprocessing

A

T
1
: Retrieval Module
T
1
1
1

Use location and distance
parameter to filter -=d
restaurant from DB

A

Use the user’s request to
summarize context and S
social graph from DB

A

Predict user and all companions' rating for each restaurant in the context info and social graph
Suecs Durey Sim(u, u', t) X sum(u’, p, t)
Yuecs Zu'iu|5im(uj w, )|

predict(CS,p,t) =

sim(u,u’, t) =

1+ [Yper,, (sum(u,p,t) — sum(u',p, t))?

Yeecy, Tel(t, context(c)) x rating(c)
Yicecy,, Tel(t, context(c))

v

Generate a list of
restaurants sorted by
predicted rating with size n

Sto .
Recommendation Module

Bl 4.1 s oA
28

sum(u,p,t) =

X Maxcec,, rel(t, context(c))




43 #* F @

A ki % F 45 g2 Google Map i 3 > H 3% i JavaScript API 3 B & # &

£ BFaE e PR ; AR+ JavaScript £ jQuery 1

TS
W™

AHs B e oo T AJAX e JSON @ﬁ"] i R AR TR "F}f

EIBEDEF AR 0 R GEEHTE T LY BERRE A
B E LR wARM FI o @V BT R g Y s p S Rl ik
WL VEARERIES R S EIRERS A RRS LR

7
ey ma g RR v R RER ARl 42> Bl 43 {cFl 4.4

EEREBENEE?

2012 - TasteLens

Bl 42 @& * Web /i & i+ Bl{-F 5 % FE B
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2012 - Tastelens

Bl 4.3 & * Web 4 6 34t & end ]

Carrier = 8:56 PM

B 4.4 i * Mobile 4 & 9% B
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R ET.EL

JE xSk ¥ % % ) g3 (cross-validation ) B #E 30 B W B JE a0 B4

Sarwar % 4 [23]#& * & B E F L RO FHERBFSBIREFE L0 A MR

&

WAL R < AT+ F a2 b Kb B B4 - Movielens e ok 374 20 =& 12
L @R 943 R 4 1682 8L R0 10 g im0 142 Fingerhut €
BARA P b ko ¢ § 6502 % ¢ phF 23554 464 507045 L
Bro X% 5B B B RPHAER 2w 8 FLEE o KA 40— B
TR hn g o 2R RESFRRET LT R BAED 0 A LR
R E IR B S B FIREFE RV EMA LRRE
Ee ] FEL

EARH&Y O ABRERT X AHEFEY FRERE RO Y k8

Mt AR > TR AR G R A BAARE o

51 T s

R %P hF A d 69 ¢ Facebook i * v‘ﬁ#&f;’é’»{’{%?\ciﬁi&t‘ s SAE R(RN
4 5 B) o e B 3] 2010/8/25 & 2012/4/30 m#—% AL £ 51452~ %53

5.1 e 5.2 45 it 0 0B FH B e
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B &

A 25184

g NE S 37305

BHZ R+ ¥ Ak 3928

¥R R+ % E 8264
% bl fFlahi B EA L kg

JEE "‘i?‘

#H X gL (7 /%) T 13309/ 11763

8264 / 74283

25072 / 25184

11861/ 25184
D RA D «*i o 60.83% 15319/ 25184
BRAT+ s Sty Reant F 67.81% 5604 / 8264

B¥ ot w8+ g ¥ X 69.27% 272173928

b2 pleh i g Fale v F




Clejel e

P

=i

¥OHE fagt+ eni v 22,99
& &g

@ Fr @k R 033 0 0.93 10 0 n=25184
i #c

BHR Ryt enie r 221 2 1.48 12 1 n=3928
E R B+ ik

% B+ % Rttt 1.05 1 0.29 10 1 n=8264
+ = #e
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%5@F4rﬂkiiliﬂ 23.55

ZRim+ k2 A ) 276
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n=8264
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+
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R EAUE 2 A e )
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sl sl
- ¥
* *
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1400 100,000,000
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€ 600 ’
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Bl 5.2 53t B Bk R+ T

PEHREFFIEZ TG bl

® 1R ¥ k365 * FFT Rk I 5 A BSZRIF L)
dod 5.1

® FT7BAGGLBPEHARIF R AR 1RLER S 9y

Pl ek * BRI PERIERE Y DR F DR R S

=

MO(F A RBRAERY LB FE ) ok B2

® <MochirtBERmET B SHAE TR AR S
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LRl TG 504 @ % o AT A OTIREEE N 24 0 F B A T ORE Rt
+ 034> Top+iE 033 F A F RERT SR 935 T HAER
Frd A TR Rt 25 0 Tt B 2 7 & R & Rt ik

Ting 340 TioEE N 24 Kk 0 L KR 404 53

® Mo BbtEd ATt E S ¥R PPRERS P EAREPFFLR
BE o FELL2REREE PP ELLBATRELE S F TR

Fo LA EIg o AR R S A 10 B0 5 A S ek R T

FARfTE L ’#Bﬁ‘zé’ﬁié?—‘ﬁﬁé 1+ EE A > 4oB 520

_ﬁ;}gg L —«.} «§= Lo _:k tﬁ:g&}gﬁm m:;EKE_ 5 I-LAF.K‘@"_F 3928 {7 (% ‘lfj-%&&jf
+enig ¥ K A ) fr 2691 71 (R BB AR F RBEAIAER B

v
total entries

# B e a2 R % 0.00078 -
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bk psd > RRApNARREE I OB T - B R AR R K AP
ﬁ?uﬂﬂxﬂ& AABWFSEDPNARPIERE S WAETH 332 Ay =
fAp R BRI > RE XL AN 32 2 4258 3340 4250 34

EHARCRRIEE 2w o NPT LA F Y G E G E R g S
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APTUFRGERSIEK LIS LB REOFRC GEI0 FRD
NG BRI PR SRS E T AR AT T RSt o AP R
LOOCV ( Leave-one-out cross-validation) &yt B 5 £ F 34 & ¢ 3= & fa4p 0 & B

Bl o bW 54 HEERY 0 AP EBERETAL ;T HVRTAL B

32T N B B
W iEL m,m,.:;i’z °

User check-in

User request with context

4

Cy Ry €3 Ry C3 Ry

Validation data Training data

It take a user request
with context as input
and provide a top-N
list of restaurants
sorted by predicted
rating.

Recommender

The goal is to look
N Vs N g ~. 1into the validation
Evaluation ! L Evaluation Evaluation | data and match
N ~ — - N " restaurant with the
E 3 y po— top-N list.

Finally, calculate the
ratio of hit data size to
the training data size.

Bl 5.4 k%< ¢ * LOOCV 5% % 6 2
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A0 02 B )R % SRR 4 % 4o 5.5

30%
25%
< 20%
Py
@ 15%
5
(@]
2 10%
5%
0% : . "
Distance-based Correlation-based Cosine-based
m 10 Candidates 15.24% 15.24% 15.24%
m 20 Candidates 20.50% 20.50% 20.50%
@ 30 Candidates 24.62% 24.62% 24.62%
Bl 5.5 _fﬁ#ﬁllll}izﬂ /Z‘—Li'igﬁﬁ)i
ApT gz AR RRIEE TS AR ST AR - R0 &

{ﬂéw“ﬁ@”ﬁﬁ?1%%F#*ﬁ*%&k%’ﬁﬁwz;#ﬂW§ﬁﬁﬁ
¢ Distance-based » ¥ 8 ¥ U BB AR DAFIE > fodg B AP gt > F
B0 BT ¥ R o

BORRERIIR Y F AR 0 g AT R AR S RCERT & iR
BBy A A w5 et B R B s 10 5 20 4r 30 Fudi iE A B 0 BEY S8
5 500 0% 123440522 > RSk foit i B | g
S & RleR hfiie o &R (R B BEA R e % R 4o 5.6 e

& 5.7 :
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90%
80%

70% ‘\\\

60% \\

50% \\

40% \\~
0% >~

20% \‘\\~

10% <*i—-‘—_—«\

0% —

0 km 0.5 km 1km 2 km 3km 4 km 5km Unlimited
e=¢==10 candidates | 85.59% | 55.14% | 38.15% | 25.13% | 19.03% | 16.89% | 15.24% 3.18%
=== 20 candidates | 85.59% | 69.73% | 50.79% | 35.36% | 26.88% | 23.07% | 20.50% 4.82%
e 30 candidates | 85.59% | 75.99% | 59.67% | 42.45% | 32.48% | 28.28% | 24.62% 5.70%

Accuracy (%)

B 5.6 %44 ¥ & i S licnt jEd S oz WA

80%
70% \
60%
S 50%
>
2 40% ~
8 \
o 30%
<
20%
— —
10%
0,
0% 0.5 km 1km 2 km 3km 4 km 5km
e=¢=m 10 candidates 43.14% 30.98% 20.54% 15.15% 13.15% 12.13%
e=l== 20 candidates 57.90% 39.13% 28.93% 20.86% 17.75% 15.98%
w30 candidates 67.01% 48.34% 34.26% 25.42% 21.73% 18.22%

Bl 5.7 @44 =% Bprdt Sl R Sl W B (G EHRE T | g 282 & ik o

fiw)
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RoRG*NT ERFEH P HERRALE S LRI TV ER

R Pl R 0§ EFIER S HC i E E RS 0 @ hH e

5 PERF$333° 0 MR E A Rl A LOOCV

PE A R H0F B 0 SRR F bR Rl TR R e )

S H4 21 B AECE EAAAKE > AP EESE B AR G dek BHE 0
ERAHBLFRARNEFE LSRG (R RFEERAFTIHD ) 4ok &
BAL PR AR FRAR D RFRE -

d 2 LOOCV & 5 Ir il 2 chps AR RER AP 5 % 0 24 10 A i 4Fdy 72 2
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Coefficient Classmate-Family
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Coef, Coef Coef, Coef,, Coef Coef .
1 1 0.1 0.4 1 1
Alone Friend | Classmate | Colleague | Family Lover
Alone 1 1 0.8 1 1 0
Friend 1 1 1 0 1 0
Classmate 0.8 1 1 0 1 0
Colleague 1 0 0 1 1 0
Family 1 1 1 1 0
Lover 0 0 0 0 1
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B * FAP 00 R <30 A X ERP LI P (9 58 176%) w5 wmiRlE o

4o 55
Average Position T-Test (P Value)
Round 1: Non-contextual information | 25.29 1
Round 2: Time of Day 22.02 0.11
Round 3: Weekday 24.98 0.89
Round 4: Type of Companion 24.18 0.62
Round 5: All 21.22 0.04
# 55 & 8 MR R PER
4o 5.5 4757 0 g BB BE SR g g frecik o e B T-Test 2 P Value 47 ¢

Round1 £ 7% % ; 2 g APE-HF gori HHEE PE2ERPLamp I+ %
7B F ezt o T-Test 22 PValue 329 H % & % -k # (Significant Level ) -

Bofs o AP A wRA L Sande e 2 i 10 ~ 20 {= 30 7iFiE £ B0 SEAE
SHCF L 500 2% ~152+34405 28 > s Ao A F e g ik
FrE At R RIBARE) 7 FREF R TH RS E R EERE
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80%

70%
;\5‘ 60%
< 50%
8 40%
3 30%
< 20%
10%
0%
500 m 1km 2 km 3 km 4 km 5km
m 10 candidates (Random) 47.92% 30.55% 17.72% 13.42% 10.95% 9.28%
m 10 candidates (Popularity) 55.52% 37.64% 24.19% 15.40% 13.68% 12.27%
@10 candidates (CF) 55.14% 38.15% 25.13% 19.03% 16.89% 15.24%
m 10 candidates (Context-CF) 55.21% 38.17% 25.14% 19.26% 16.96% 15.43%
@20 candidates (Random) 62.06% 43.25% 26.63% 19.24% 16.08% 13.87%
@20 candidates (Popularity) 69.71% 51.24% 34.36% 24.67% 18.68% 16.93%
@20 candidates (CF) 69.73% 50.79% 35.36% 26.88% 23.07% 20.50%
@20 candidates (Context-CF) 69.74% 50.84% 35.37% 27.00% 23.27% 20.76%
D30 candidates (Random) 69.87% 50.85% 33.74% 24.39% 20.37% 17.32%
@30 candidates (Popularity) 75.73% 59.42% 41.31% 31.25% 25.65% 20.03%
@30 candidates (CF) 75.99% 59.67% 42.45% 32.48% 28.28% 24.62%
030 candidates (Context-CF) | 75.99% 59.68% 42.51% 32.68% 28.32% 24.77%

B 5.9 & 3 Fppa Sodc K ER AR

80%

70%

< 60%

< 50%

S 40%

3 30%

< 20%

10%

0%

500 m 1km 2km 3km 4km 5 km

10 candidates (Random) 31.46% 21.41% 12.07% 8.90% 6.59% 5.63%
B 10 candidates (Popularity) 43.79% 30.37% 19.46% 11.11% 9.60% 8.89%
@10 candidates (CF) 43.14% 30.98% 20.54% 15.15% 13.15% 12.13%
10 candidates (Context-CF) | 43.27% 31.00% 20.56% 15.40% 13.21% 12.34%
@20 candidates (Random) 40.83% 27.72% 18.23% 11.90% 9.84% 8.56%
@20 candidates (Popularity) 57.87% 39.80% 27.70% 18.26% 12.81% 12.00%
@20 candidates (CF) 57.90% 39.13% 28.93% 20.86% 17.75% 15.98%
m20 candidates (Context-CF) |  57.93% 39.20% 28.95% 21.00% 17.98% 16.28%
@30 candidates (Random) 50.11% 33.43% 22.80% 15.55% 12.31% 9.65%
m30 candidates (Popularity) 66.31% 47.92% 32.75% 23.93% 18.61% 12.82%
@30 candidates (CF) 67.01% 48.34% 34.26% 25.42% 21.73% 18.22%
030 candidates (Context-CF) |  67.01% 48.36% 34.34% 25.66% 21.79% 18.40%
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Growth rate (%)

0.00%
-5.00%

500 m 1km 2 km 3 km 4 km 5 km

=—¢—10 candidates| -1.20% 2.08% 5.66% 38.66% 37.59% 38.80%
=20 candidates| 33.74% -1.49% 4.51% 15.01% 40.30% 35.66%
=230 candidates| 1.05% 0.92% 4.83% 7.24% 17.11% 43.46%
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B e R Bl g ok s 7 F 18 3] Windows Azure Platform b ok 3Ll # g i
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