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Users Relationship Strength Prediction Based on Spatio-temporal Context Co-occurrence ABSTRACT

Users Relationship Strength Prediction Based on

Spatio-temporal Context Co-occurrence

Abstract

Recently, users relationship strength prediction based on spatio-temporal data has be-
come a hot topic for many researchers. Previous researches had mainly focused on context-
aware or spatio-temporal co-occurrence, and the time context is seldom considered. This
paper proposes a novel transformation idea that artfully merge spatiotemporal context and
spatiotemporal co-occurrence together from multiple views, and further improves the pre-
diction accuracy. Our work is mainly from three aspects. First, we propose multi-view
relationship strength prediction based on spatiotemporal context co-occurrence. Second, we
propose relationship strength prediction method based on view fusion. Third, an application
solution for predicting user relationship strength is given. We use the SNAP open source
dataset Brightkite and Gowalla as our experiments, and we split the dataset into training set,

validation set and testing set. The main contributions of our work are listed as follows:

(1) The multi-view context co-occurrence method is presented in this paper, which artfully
transforms the relationship between users in spatiotemporal data into the synonymous
word relationship in Natural Language Processing domain, which artfully realize the
fusion between context and co-occurrence. And this method also considers the time
context information. Our method firstly generates spatiotemporal context sequences
from multiple views, and then use tool in the NLP domain to extract user context
co-occurrence feature based on multi-views. The feature represents users’ check-in
time co-occurrence, space co-occurrence, time context and space context. Finally, we
use machine learning techniques to predict the relationship strength based on multiple
views. Experiments show that the recall of the best Day-Location view in multi-views
1s 10% higher than for the Brightkite dataset under the same precision, 8% higher for
the Gowalla dataset than the EBM method.

(2) In this paper, we propose feature fusion (FF) based on context co-occurrence feature

according to the characteristics of feature level. The FF method is based on the com-

III



ABSTRACT Users Relationship Strength Prediction Based on Spatio-temporal Context Co-occurrence

3)

plementarity of two view feature, merge the two sets of feature, and then use machine
learning techniques to train and predict the strength of the relationship. At the same
time, this paper also gives a multi-view Decision Fusion (DF) method. Experiments
show that the FF method improves 3.6% in AUC on the Brightkite dataset and 4.3%
in AUC on the Gowalla dataset compared to the best day-Location view proposed in
this paper. The FF method increases the AUC by 1.4% on the Brightkite dataset, and
1.6% on the Gowalla dataset compared to the DF method. Moreover, the FF method
is 6.1% higher on the Brightkite dataset and 2.4% higher on the Gowalla dataset than

the current best method SCI.

This paper proposes an application framework for predicting the strength of social
network relationships. The framework includes the following modules: The data stor-
age and management module contains three sub-modules (data structure, data storage
and data visualization); The data modeling module mainly modularizes the two fusion
methods (FF and DF); The model evaluation module performs a comprehensive eval-
uation of performance of the forecasting method, and gives the LIFT, ROC and PR
curve. Finally, the output the strongest user relationship strength pairs in descending

sort.

Keywords: Users Relationship Strength, Spatio-temporal Data, Context Sequence, Context

Co-occurrence Feature

Written by Caixu Xu
Supervised by JianFeng Yan
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RALAIR] 7 B PR A P T REAT A 4

21.1 #HE@EEERAE

i [7] % (Word Embedding) fENLPE, & 55 - EEZ I, ERZ AR
S R A B . 8 H ] ) B AT PR R R 7%, — /2 One-Hot
Representation#® 78 /572, 3 —Fh&Distributed Representation# 78 /5 2%

One-Hot Representation & i E WL ) % 7R 75 1%, IXFh 75 3408 £y — AR
T [ B 200, XA ] B 4 B AR R RS, ) 4R B R R B AE N0, R —
NYEEERE T, ZRAME TR AR T BT X 287U “UR
RAANO0000100..], “Fw” KRA0100000 .0 IXFhJ7 V8 5 K FH i B
17 A4, WAt S8 W B — M FID, bl Erg6) 5 iE a4, 2wl
R (RBEMNOFF GRS ), W R E AR SCI A%, FHashR 25 BN 20 B — 1w 5
FATLL T . BRI, X PR T A M AR AR T B (1)) B 4 S B )
T R KT O () AR RN A AL, IRA TR R s HAETE X
JE T35 1R 2 A (A DA R

£ 4 1\]One-Hot Representation X {17 £F 54k, ANELEAEATE S E. Distributed

10
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Representation % 7% T L 8 4 One-Hot Representationffl — S64i 55, 4% SCHRBUKHE ) 77
i o R 0 PR PR SO B B2 7 A Distributed Representation i 77 2%, 3T
MR 2 T AR A R, BB AT A=k TR R, B
THAN AT FRAIE T 2 G (AR PV Bl 7RI B A T2 TR
o5 A R, TR 7 1 e R B A R M AR RS0, LR L
525 FRRR 2 18 (56 AT AR, TR P e o RS, KT R A AR
PAET 0 LA FOR B A0 L RS, T 7E 0 B o 4 O 2 5 98 {5 . Begio:
22145200144 H 428 [ 45 5 25 B8 (Neural Network Language ModeD), 1242
YR IT A S STV B R ORI, R VR T s R B8 4% 4 A o (L

P=PyiA & (Word Embedding ).
212 F@EH LR

V] R) & AR R — AN EE B T H R word2vec, word2vecsE — B R BRI R #0424
T S AT ) i RCSE B word2vec AL [ Y i B AR AY 123-2417) 531 24 Continuous Bag-of-
Wordst% ! FISkip-gram% 84, 55 i [7] 5§ % T-CBOW A Skip-gram PR /M B 84 43 5 45 H P4
ENELE, ‘©A14) 7 & % T Hierarchical Softmax [ HE 42 AINegative Sampling [t #E 48 (251,
FEIX BLIRANTEE AT Skip-gram 7Y, AR AL (1) H Ak oR £ 21 1E AR S5V i) e 271 1)
HAreRE, R AsS J732:3% ] Skip-gram % 2 [ Hierarchical Softmax fHEZE,

Skip-Gramf& ! EE A& =2 MNE. B EMEEE, 78 O 210 11w, 1
AIEE TN, T B X Conteat(w;) Blw;_o,w; 1,041,040 CILE2-1)0 X T2 Skip-
gram PR, HACAHY B Ar ek 200 40 A 2-1.

Obj = Z logP(Context(w)|w) (2-1)

welC
P]2-245 1 Skip-gram 4% 74 ffHierarchical SoftmaxfEZEsLH, BEIE=Z: WANE.

B E 2. N PAFEAR (w, Context(w)) B, X1 = 2 43 i a1 B2 16 i 0 .

11
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INPUT PROJECTION OUTPUT
w(t-2)
% wit-1)
w(t) —>
x w(t+1)
w(t+2)

2-1 Skip-gram#& &Y

(1) fiAJZ (Input Layer): W& ZETAEA R H0 1w 3 1 Bo(w) € R™;

(2) #F )7 (Projection Layer): 7EIXHURMESEREY, Ho(w)iEHv(w).

(3) #rth)Z (Output Layer): % tH BT R — AR =3O, &2 LUERL o B 1y ) 24
45 i, A B AR R B R AR 24 A AU A4 3 Huffman 4 261, AT A
| FHierarcical Softmax{ R 54 | Bfill. 7£1X #RHuffmanf¥f 1, 45 SAAS
HOENAS, RZ i w80 H o2 E2-2H iR (i 25 50, JFH 145 3 H
AN — 1A O R 2-20R 1R 25 1D

Input Layer Projection Layer Output Layer

V(w) Viw)

—>

2-2  Skip-gram#®&!Hierarchical Softmax SZE}

Hierarchical Softmax &word2vec ™ F T2 51| 25 & i — o g F AR, 1F B AR

12



BT bR SCIRI I P 0GR R T FoE MR T SORI R T T
PEIEZAT, BRNBEEETY RSN ZER T LB, RAIER# IR
R ) ) B BRI N . % R B Huffmant A7 0 AN 4 s, R e X R ]
D IR w, 22-17&word2veclf)skip-gram ¥ % [ Hierarchical Softmax 3 A SZHL ) 55

AT LHRORE

£ 2-1 word2vecEEFESENX

i £TEX
p” MR 5 R ot BT 5 B
g By th & 4 K
b | P S, SRR, i R 215004

WwiHuffmanifd, € M-S, dY RoREfepe T
dydy ,....djts € {01} | 25 S0 R Gt (KR s A Rigwtith ). X B2 32 Huffman ¥ (1) /¢ 45
RN, A8 R0,

ow gw_gu Bt PR P ORI IR, 0p FoR B Aep thi) A AEH T4
10250005 lw—1 JO N PR )

X} FHierarchical Softmax#E 22, © %01/ & 2 A7 tdw, 75 Z X L4 F7W i B F
Y Context(w)H )18 AT WM, H A5 & ERN2-1, 2 R2-110 ¢ 8 & 256 14 ML % R
Hp(Contert(w)w) FHiE, IAEXN A2-1HP(Context(w)|w) HATHE :

P(Context(w)|w) = H p(ulw) (2-2)

ueContext(w))

b= I p(u|w) AT 4% K& Hierarchical Softmax FBAH B A

"
plulw) = [ [ p(d]o(w), 67 ) (2-3)
j=2

Hb, o(z) BREC #2280 28 Hh i B B0 BRI 3l 2 —sigmoid bR 2, H BRI 2L
FENA: o(x) = H% X, AR o(v(w) 0y ,)5E X7 FHuffmanB £7 5

WEE LR, W1 — o(v(w) "0}y, )5E XN BlHuffman 22744 45 fURER, T &
Zp(dylo(w), 04 )) AT ASUE i 7K 2-4-



BOE AN LN SO I T B B SOREUR I 5k R SR L

p(dlv(w), 05 1) = [o(v(w) 05 )] - [1 = o(v(w) "0} )] (2-4)

B AaR2-4RANAK2-3, HIEEIFERAR2-IRANAA2-2, BEEGIFEHIA
A2-24R M 20210 AR BN AL 18] 7T 15 31 e 06 BUBUA H A bR 2- 111 B AR Rk 50
(BpA2-5):

Obj=> log ] H w) gL )Y 1 = o (v(w) )Y

wel ueContext(w) j=2

-y > zOgH w) O L= o (o(w) O]

weC ueContext(w)

— Z Z Z{ (1 —dj) - loglo(v(w )TH}L_l)] +dj - log[1 — U(U(w)Te}L—l)]}

weC ueContext(w) j=2

(2-5)

Z i, A 02-55 & word2vec T. F ) Skip-gram 4% Y Hierarchical Softmax#HE %2 ) H
bRERE 2RI SR AL 75 2 BE LR B b TR L AT AR A, B
ST T T s 1) A A7 1 T DU R AT B R 280, X BLIRATI O T TR R A S O 0, K
A F2-SFRFEF A (1 — d¥) - loglo(v(w) 701 )] + d¥ - log[l — o (v(w) 0% )]} 1
NObj(w,u, j), BIRA2-6:

Obj(w,u, j) = (1= dj) - loglo(v(w) "0;_y)] + dj - log[l — o(v(w) " 07,)]  (2-6)

I, FATFE R A HOb) (w, u, )% To(w) Moy KB E. £1X BRATE

SEHHELOb (w, u, )X T-00 | HIBRE

14



He A B SOREUR I 5k R0 EE R AN LN SRR T i

P = G (L ) Togio00) 5]+ Toglt = o(0()) "0}

= (L —dj) - [1 = o(v(w) " 07_))] - v(w) — dj - o(v(w) " 07_,) - v(w)

J

={(1—=dj) - [1 = o(v(w)"07_,)] = dj - o (v(w) "0 1)} - v(w)

J

= [1— & — o(u(w) 6] - (w)

(2-7)
FiTeL, 0y B EEEr & sUR] 508 22 5(2-8:
0 =0 +n-[1—df —o(v(w) )] v(w) (2-8)

H1T0bj (w, u, §) o 12 Ko (w) FIY_ R FRC R, Bt ARAT W 7] BLR % 5 it
HHOb) (w,u, j) RKFo(w) I E

00bj (w, u, j)

(e = L —olo(w) )] 05 (2-9)

J

FITBL, o(w) #2220 5 8 2 :2-10:

v(w) = v(w) + 17 2[1 —d! —o(v(w) "L ,)] - 01 (2-10)

FIETUFEAR (w, Context(w)) %5 Hi Skip-gramAs 284 [ AL B 1 5687 (1 DA AR -

&L 1: Word2veclt]Skip-gram#% 7 ff]Hierarchical Softmax#HE 42
for eachou € Context(w) do
e =
for j =2 (t0) [* do
l: g = a(v(w)TQ;‘_l)
20 g=n(l—dj—q)
3re=e+gbi,

4: 0% = 0% | + gv(w)

| v(w) =v(w)+e
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2.2 XGBoost4y 22

XGBoost (Extreme Gradient Boosting) 2V K B A% 3 47 1 v 3K B 48 Al 2% >
(Ensemble Learning) BOH TR, HIERl2K) ZHATHZ TR, AW AR S
FEXT T 32, XGBoostH e S £ 2 LA RNER TR . B DUARTT B e A28 ]

EM 32, SR G/ AXGBoost i 3 J HSEH
221 BEHEMHH

XGBoostH 1) [B] IS A & — Fj e ik 1 23 R B A A%, 5325 B 3 A (Classification And
Regression Tree) PR L% 2% > Uk b N ) B HAHE R B E 2 —, JF BRI 48
FI IR AT 27 21 7570 CARTRE AT AR T 73 2K v @t ml AFH - B S 1) R, — o
1A B B BB T, R R R O A AR AR 1 HLBE NS A 2 B B AR A IR )
G, XGBoostfs &Y i fd I 3 (ICARTH 2 — X, i E ARSI REE 4L, MRS
RITR, AW AR 0] — 70 =, ‘JEEM T4 SR ENZREA S, W,
CARTH 143 P AP S BI85 5 AEM 45 A 145 1. CARTAM I AE i —Fh
R A B R, LR RN T S R, A K TR SR SRID3 R B ah
(Information Gain) 1E 4 & I ZRAe 91 5 & 20 B (R bR ot B2, AN XS HE - &5 sk AT
7%, XGBoostf5 84 HCARTH [ 73 2R 1 — Mo (¥ v R0 BR K 7 2R 8 S ot (8
FFREAT 45 S 23 2129,

X HLES [] R R SR T B 2 88 R T 1) T 2% B A IE I AL R B0 0 T
k. XGBoost/ZBoosting {4 R 7 20 21, BIEE R p) i)l Zk2 BLE B 07 30 OF — B
WA T /T — R DR A X B B b — R A T SN 481 1) T 45 SR Rl
SRR 1 B SEAE Dy W5 UK BB Loss (i, ) 1)e gi R SIFEAS (R 451 2K b
B Loss(y;, g VEG I — WS, GLRAETZE TR 45 R 00— w3 2 A1 (R 7
W M, GrNHHIA TS S B — T 2 (RUA 7 W, 2 M5 hyoN ikt
A R Loss(y;, g ) TEG T I Bl 3, H 924002 3B 45 s 0 B f 2 22
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SE 2 1T SO 5 R O B BRI R LR SO H
A CBRZE W2 A1), Hp o J R4 336 45 5 (0 =il 3 2 A CRIAS 3 W Ry 2 D 5
My E SCRIIE TR AL, XA SEOE N 1 P IR R iU

B3k 2 [\ TR o0 SR NE 42
Input : Bt VERA O TNE 9 L M B0 &5 S AR SE & D
Output: RHERT

B — T RS T

Gain = 0;
G=LossfEy" b 2 FI 45 FUFEA— B i 3 A0,
H=LossfEy" "4k 2 HiI 45 RUFEA B fl 3 A5
for £k =1tomdo

GL = 0, HL = 0;

for j € sorted(% 77 F kAN AEGY P A A A ) do
g; = LosstEg' ™ hba FEAR I —Fr i F;
hj = LosstEg ™ Aba , FEAH Z B i3
GL:GL+gj, HL:HL+hj;

GR:G-GL, HR:H-HL;

score = max(score, 1|

G% G% G2 ]

Tox T Hatx — Hin =)

for each d € D do
if di# 2 vt T4 & &4 then
L T.isLeaf = True;

else

T.isLeaf = False;

W T.samplestZ 8 score it BAFAERE A FIMEKS D 73 BB AR Dy, Do
P.left.samples = dy;

P.right.samples = ds;

T.add({P.left, P.right});

return 7'

XGBoostSE I 1 — A 50 B2 K HE 1 25 k5 4k 70 BRI A 45 i 384T R R S
HIUE AT PUE BRI e (A 32-110. SIS SOy: (1) B e M7 45 A&
grs () A A R IR (3D JERES Sy (4 B M R R RIAR
tr GZZHENN0; ZAE BB U215 R IR ST Do X T PR HW 70 1) S B

W AR2- 1T ERBIRR SR, FE2B I 1 00 RS AR 7 2.

1[ G1 Gy (GL+Gg)
2'H, + A Hp+ X Hp+Hp+ A

Gain = | —~ (2-11)

17
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2.2.2 XGBoost/7

XGBoostit: KB IAT (K13 5 AL AR 5% 2J 5005, 1 ABEAR H DOR R 3RAS 2 11
i, ERM A ER AT IE =7, R EA NS ER 7R 8] L
FAT AR A A R 1k 5 S0 A

FEARZ FEFRIH b, ] iKaggle B 1298 LL3E, AR £ 1% Tk FIXGBoostfE N
AT AR 2 3T 3% S BUAS AR 4T A R St.  fEKDDCup 2015 EL 3, FT1044 13k F 4 ARk
FAXGBoost/E M At AT 43 285 enF B AR 1) 50 243047 T Ak, FF 3 Boosting#if (1)
Gy BLGE AT B A N S8 30 2 MR 2 R AT, 515345 HIXGBoosth: AR Il 211 72,
St F 25 sEn M REARmAERFAE R SE: D = {(2,4:)}(ID| = n,z; € R™,y; € R), I8
KA E R Eok g B g5 1 (AX2-12), Hi 2 a2kEEs (RICARTH .

K
§=> felw:), freF (2-12)
k=1

B % 3: XGBoostIE A 2 12
Input : JIZREED
Output: M F
1 fork=1to K do
2 R E DRIk — VRS RSB RAR BT, M B R 20 R
L3355 /L 45 2R
3 (1) M (BTSR[] 59 2R AE N IX m AR MIZE HE — N e i kAT 70 24
(2) BT T B AN 19 R
5 Return £ it F

2.3 ZWMAIE ETRICHIFHETN G A

KA E e W EER S E X R 5 70 0 A T4 MiLocation-Time (R
7% [H]- I (] 40 #f ) A Time-Location CH [A]-2% [A] R A7) 4 HY B S0 3k R AE F5000 (1)
J5¥%,  HTime-Location#i M #2405 IS [A] 4 B2 () AN [F], - A 32 73 il 32 i Day-Location.

18
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Hour-LocationflMinute-Location =~ T/ B4, N AFAT D AHEENE T BT
AR AR B SCIR IR AR B BRI A3 SR A 2 ST S5 . E2-38 08 T 2 A0 fA
A 25 SRR AR 00 v e A

ZMALTXFF

|
' A
: Time-Location i

|
|

| WAL TR R
: Time-Location | | O
| Location-Time [Day-Location| [Hour-Location] [Minute-Location il

| MM KR |

< < < <

|Location—Time View " Day-Location View "Hour—Location View || Minute-Location View|

2-3 ZIMARTE ETRICHILA TN 75 5%

#=22 BEAEFSEX

TE ‘ TN EMR ‘ P EFR

u user id P FRiR

U {u1, ug, us,...} all different user id set ANFEH A PRRES

t check-in timestamp FH 7 25 21 ) 1] 8k

l (longitude, latitude), location identification FH P25 31 4

N RME
c {u, t, I}, user check-in information ﬁﬁ JUERS A I T3 2
C {c1, ca, c3, ...} all check-in data set Fﬁﬁﬁﬁ)ﬂ RN ES
325 B ) %

C, {e1, ¢ay ..y Cp }, all ¢ at the same time period Z*HHHTIEH R B A AR

=
Cie elements in C, rank according nearest distance | JCZREC, %5 E B HEF
T 2 N -
(Sequence {C}, C%, .., CN}elements rank according b B RIS HE S 6 51

time order
TEAH ) 7 3 25 2] (1) B0 8 46
A

C {e1, ¢, ..., ¢ }, all ¢ at the same location

=
Cigt elements in C; rank according time order TLEAEC, IR [A) I AR

(Sequence {C}, C?, ..., CM} elements rank according n- e B B B HE R 5 1
! earest distance

> {u1, ug, us, ...}, a sequence with s.patlotempo- F2 F T S B (S ]
ral context co-occurrence information

FATE Je 3 A S5 P w3 AT 5 25 € e AERR2-2M, A SCH B3k rh A
MBS E S, A Hu € U RSN He € CRiREANH P 215

19



B AU BT SCORII TN vk BT B SCHRER A P OG AR T
i, BAERNEHEH {u, ¢, R — A P e R AL B IR E R TR 2 2E B,
AN P uiB N 2 2 B e Oy = {c1, o, c3, ..., cp RN BT 25 B B0 76 A1 [
I T A ) SR s Craa 28 FT AT AEC, HP I E i 12 25 30 7 B 1) BE B 5 R R 0 14T 1 7
JEHIFF; Cfeamence — (L C2,C3, ..., CN YRR 76 2 B O 181U HE P I 18 e 9715
Cy = {c1,¢2, 3, ey O} R ITE FEAH [F) L RIS B B 08l BRI FECH I
B 1R 8 B IR S8 S5 IS HEFE IR B 81 CPermenee = {CF, 03, C3, .., CM YRR TG
RO 2 MR 25 B A7 B R R B e R R N B AT HE R S R A oo AL H P AR R
W BRSO, ORI i I s B SO S RIS B DL BT S Z AR AE N AE G
BESM (O =N (G = (O] = ||, DI A EE A SRR

231 ZHE-EAA LT LI

IXATHEIA 1 anar AR 46 ) 28 B Hs mh i s A a)- I T AR 1 B R SRR A, I TR
AR B (AR, A3 AE Bl 2 B B 22k R A IR, JF IZ TR SO
FI PSR E T SCORBURAE, S5 Ja AR IZAFIE AL A 2EAT 5C R 9 A 33

BE 4: 73 H)-1)E] BRSO

Input : C

Output: ¢

Define ¢ = &;

crerence — Sort Location By Distance(C);
for all C; in C°7"“"* do

L Cigr = SortT@me(Cl)

for all cin (g, do
| ®.append(c.userid);

A Ui A W N

7 return O;

% [8)- 8] (Location-Time) £ T3 F5Y: %% [8]-I 8] b~ S0 514 lad B A 5
ahza . vt Sort Location By Distance PR HUR AR5 25 27 B i 89 5 Jod 7 ) AT HF
FHEPE A RO, O e e sh G 2R I BE B S R AR I R e 85— AN B AR
e RENLILFE— D AR E N — M EAR R A N AR E B ) — A

20



FE TS R SOOI O R T HoE SN BRSO N T %
PR RIS =AM B AR IR 25 BAT— P b R AL B Rl 1 — P AR IR AL
BAEAHAALE, RO, B (M — )N AR R E Ol B9 R P AR R s
ENBEMAAH PR RMLE. BT EEE R 4B R, FrilSortTimers B2 K IR
SRR SRR AR IS T8 BEAT e AR e BER4IR (B A2 b AP b DR 2 A 1 2
[B]-IN (8] N SO 81 @. A BE2-4PR, VR A FIGIE A B BE B AR, LA R EE T
B I R A BATT T A8 ) s R 2 2 T A B A AR R At B A7 L O
PEAE A3 AT 5 R 2k T A B ORI Jpe S Ma]-INf 18] R SO A 32 1 s B 3k
Bl RIS 857 R R AT BT SR R A ] 1) B | T SO M

! \ \/

.'."3'.'.“,..3,..3"
Time 1 Time 2 Time 3

(A) H i 23 28 2 4

¥
100y 200y . LY

subsentenc subsenten subsenten subsentei

(B) ZE[A)-H ] 7R SO 5

B 2-4 ZZIACEM P, WA RACRAE, WA IE T SO REORER R, T EI(A)RRE
IEY SRV s S o o] L R e I N 5 D e e N VA e 2 PR S 0D i el T B T N
g, BIFTA P AR R RO B 28 2 A LR S0 3

ETSCHIAFE: ACH B SOEIURIEA F TG Tk, IR AR 6 1
ER SRS IR AR e BRATTES WA Fword2vee TR A 3R i) R S0 51 42
BRSO AR, T Howord2veci # FAETE R GX B[ 15 BHE % AT LA 1 #iA]
HIF A1) AR E SCRE, BATIC TR R B X Z 8 0 ReE . % T AR
KEEME RN, I e 4 10 25 18], B A ] 30T DL dE € O =22 8] o iy — A
B Y, A TR MIERIE S 52 Ja, T s [a) o B AT A DL TR SCHR i) 1 B 1) 0 %
SEARH ML B2, P S AR AR R R R AR SO RR A B R SRR A AT
2% ]I TR AL A B R SCRR B R BOR P R SCHRBURRALE (BContext Co-occurrence

Feature ).
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B BRI R RSO i SE 2 1T SO 5 R O
HAifdh, 255€—A BRI = {uy, ug, ug, ua, ..., ur}s ZFFIBEHI 25 EF
SO CRAEE I, BATHT B AR e KA T B0 Hot % 2-13:

Obj = Z logP(Context(uy)|uy)

ued

- Z[ Z log Py |ut)]

t=1 j=—k

(2-13)

Koo FAIh A iE, Context(u) WM Fu LR, kR ETCHEEAK
KNe WAEIA I =k BRI SEAELS 58 u RPRES B I gy XS BB, SMEIRIE T BT
SCFP AN BT IR, 1 s (R R 3 B AT 3RS, R P SRIR P AN R 22 2
12 B Ew, Moy, EAT AR url 22310 “HRA” M “qh” ™, e
SE FH P FR 10, R O0 T IE G T w, FRO B2 7T 58 SO -

exp(w; vuj)

>l eap(w] vy,)

HrpUdk LN O s o ANFE R P ARIL, SRR AL 5 g2 R R BEALES R
B, R TSR 2R M Y B i A% 8 A S U] 231, A P B BT SO SRR, (FE
H AR1E 5 AL B AR iR A 8D RES A I B, 3R] R R, I A 1 R A SR BT Y
BN SE B EATIAE R A R

(2-14)

pluslu;) =

FEZEA)-I AL A 1% B R SO IR 3 T 7 s BRI, AR i ] 7R 3¢
AL E BN

DEBFEIISTN: ASUEFEXGBoostr KAAENF I8 BAH bRl
P BT SCRBURFIE R R AL, M P IRFE AL S AR o RE N 5 & 2
JURN ¢ A XA Y, EDH A P BAE R A BEEN THPBE AR K&,
JIT CARF AL 2H 5 o R R 5 R AR50 I A7 5 ) T SO T, AR X 8/ PR X S #L D ]
RAEBUE AT ASCHA P B SORBUREA S IIZR 5 ElZRaE 3 4%, JFRIIk
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SEF 5 bR SRR 5% R B WU bR SO BN
uf oy R AE MG EHAT T, 7 3Ra Mttty (Bl A2-12) 2 R ARRELN
MG 93, A SO T B AR REVR Al 0077 (0Ks a0 1 (K0 FH P 50 A0 P AR 3% B e ke

232 BE-ZEMAA LT IR

A /8)-Z8/8 (Time-Location) ETRICFFF: 1% [A]-7 8] L N 305 51 A9
WA RES TG e BT EE B — 455 8, FrblSortTimeByGranularityif
HOR P Quick Sort R 3 HE 7 AR 8 I 1] 388 1) 256 J5 I 380 47 HE 95 72 A R S O eaeene,
i 18] 22 $0rml DIOKS 5 B R NI RT2> B CBI24R, 1h, 1/60R). 5 IO e 1
TG 3 HLC,HR 1 70 3R 4 R B B 5 R R U R AT HE . O oG 3R ) I B S I R
WA IR W R 2 B TE AL B bR R, B AL B — A bR AL B AR N — AN
By G0, B R A AR R E R — A bR R B AR R K
BERHE, B (n — 1) P PR IRAL B Sl i H P bR R AL B 4R E 9 e H
PR A B WE2-5B)FTR, % 5L IR [BE R R E B SO e, itk B
N 3O A NS [ B0 0L B 4 42 T B R SR B[R] B g A TR B R SCOR g A
B TR R, FRATR 4 i [a] 6L i UM, 4k 225 i 8] &I 4) JyDay-Location.

Hour-LocationflMinute-LocationJF# 51

L 5: W (a]-=3[a]_E R SOF A
Input : C
Output: ¢
1 Define ® = o;
cFemence — SortTime ByGranularity(C, 7);
for all C, in C7°7"“"* do
L Cigq = SortLocation By Distance(C});

for all cin Cyg,; do
| ®.append(c.userid);

A Ui A W N

return &;

2

Day-Location L. F L/ 7). I [APRfE S Hri BNk (BI24h), WiE2-5, HA
IR B — R 2B — NI R B A — R 28 NI TR B AR =R K

23



BOE AN LN SO I T FET I A BRSO P 5% FR T
BERHE, SNSRI N K. AR RN 3 C, 1R 70 3R 14 0 8 o R B I AT HE
PR D9 NATT25 21 Ji 393 1k - SR g 190, B an e AATTAE A H I (a8, P b A A4
R Eo BAER|S5E3E,  fr PlDay-Location b T SCHLA & —FRe RSB A, 1T A
ATV 2 ) ) BAE 2 UK 9 BRAL Y, B BADay-Location b R SCF FIHE 7 A1 3 F
Witk I HIRIN 57 R ICBL, Fepa i Ta) bR SO R AL & R SCHIE R

Hour-Location £ T L 3 : B4~ E piid #2 5 Day-Location b R 3C 7 41 (1 3 2
Ao, (H I AR E 5 i B /N (RILAD, AR LK FDay-Location [ F 37 41
M5, 3K 7= A R AR 2 (I R) B, fHL R 7 A I [R) R 7 AR TE T A
Hour-Location _b "~ SCF5 14 #238 BE  IN [) S AT 2B R SCHIME B

Minute-Location £ F U 7 BEAN AL B 75 28 20 T-Hour-Location |~ 3T 41,
(BB IRDRLE 2 8 5 B N2 %h, M T Hour-Location | R SCF AT &, X8 E
ERRER 22 (RN () B, ELR AEREAN I TR) e b = AR SR 0 77 41l bR SO A 4 5
IFIRISEE, O HA e 2= B RS0 mfE B

4 '
“ 3 e 2
! 4 ! ' (/
Time 1 Time 2 Time 3

(A) JHP I 22 25 21 Bt

¥
1288 2100 Moy pnuty

(B) BJfa]-Z= (8] _EF S

B 2-5 AR, MBAMARME, WEARLETEFORNRERE R T EIA)RRE
JEE s, A RO TR A, A ER T P AEA RO BAE R 1 EI(B)R AR a)- 2 8] | R S0
5, BRI A FH P A [ AR I ] 38 2 (1 _E R 3231l

ETSCHIAFAE: AR TR -2 8] BT SO SR A [RIRE EE I [a] AL BUAAS [F) R
FEIF 2 1R 3 I Tal- 22 8] bR SO BURFAE ) A BRC5 T - T bR SO BRI ) A2
FRITIEAR TR, #8525 Wb A H word2vece T B A L3 () B SCRP 81 R B L R S 3L
FFAE (R Context Co-occurrence Feature). 741 o i B AT AHABL B SCHI = bR iR i 1) &=
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SEF 5 bR SRR 5% R B WU bR SO BN
AR GEIE AR N, I E] -2 (AR A s - R A A A G R AR AR, (R R
NREUEEP SR Brete o0 = - o L1 B L1 A3/ 158 (7 Y A= /U &/ 55 L ol
A e 2 18] B SC, i T2 8] B SCHBURF AR RAL I (A LB, S5 22 1) bR SO
B RN TR] B R 3Ce

DRFHFSISTM: 1] 23 [RIHL A 0 73 28 2 B0 B 5 4 18- () LA 11 70 S
SR BEAAE. R BTS RLE B R SCR IR IE A S R AR o, SRS R o R
FEUZRE LR EAT 52 2 22 315 (17 SEEAE M 4R b fy i H (R D9 P 5% & i
BE, BeZoR P o0 20 44 5 FEAE ey HE

24 SKI§
241 FBHBEEARBEALE

AR ST 06K B H s A e T A S g B s 4 (Brightkite 4 MGowalla%l
#i5) 51, Brightkite & 48 & — N T A0 B WA AT WM 2% IR 55 R IR S5, P AT BARE
BATE R, o EMATMALE S B, Brightkite 345 55 6 4558,228 44 i /' 7200844 H
F20104E 10 H 2 18] K A= 194,491,143 5% 25 2 B4 A1 7 8] 19214,078 5% A 52 B 4% 5%
R, oo P B O K N N373,164KB, P A S BE B O & I B
KN N4472KB.  Gowallath f& — /> & T~ A7 B 1) 4158 W9 2% ik 55 B2 FH, - H 172009 4
5 5% [ 18 5 i 0 N B9 B YT RS, R AR O A% B oK g AR AT B st BE A7
H. 20114EFacebook ¥ Gowallalit 1, GowallafE k43 H <N . Gowalla i g
$%196,59144 FH J7 £E20094F2 7 22010410 H 2 8] & A 116,442,890 5% % 31| % 45 A1 FH
6] 950,327 % #1224 06 R B, Horh T 7 2 80 45 K/ A9385,397KB, 7 4k
AE DR B B K /N 921,601KB.

Brightkite 5452 45 1 Gowalla i S 1 B0 45 HUR AR I 1Y, S AT 55 B4 4 e
B PRI A, Hhs 5 8. 782 2B S v B — A P R ME— 9 AR
Wubr &, Hrdh sifE5 B AL ELR, SR EIRP TR =T0H< ut, >,
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E}

o AN BRSO N T % B B SOREUR I 5k R SR L
Hrphl 24 BERRIR . R2-310 G Bl o P R 2R R G e F P R i 1)
2S5 (A5 BLAE T ] B RE B TRl eRAKIL, I 072 Al 4 R 145 J20d 5 P 22 20 Ar
BRI RAKIL

*2-3 RPERHEERS

P FR IR () 25 BB 7] (c) 2353 ai-g

58186 2008-12-03T21:09:14Z -105.317215  39.633321
58186 2008-11-30T22:30:12Z  39.633321  -105.317215
58187 2008-08-14T21:23:55Z  41.257924 -95.938081
58187 2008-08-14T07:09:38Z  41.257924 -95.938081
58190 2009-04-08T07:01:28Z  46.421389 15.869722

*2-4 RAPER RS

AP R R w) PR R(ue)  #R%E

0 1 True
0 2 True
0 123 False
0 3 True
0 121 True
4 123 False
4 0 False
3 4 False

FER PR BB ET, FELRT HFELZTRAMHEANH . S EE %
PR 25 Sl AR S48 11 S0, S A DU Y2 A P ) O VR A BN AS P
BB (DA (I RFE: G)ICRFEMA TR EFEARE. A TX BAEH X
RREAAR VB A7 10 f R A SR AR 080 o R SR SRR, R A B B R 4t
EREE] CHTERREHENED, BRIEFEGIIMER A P EAAFER R, FTRAR] LA AR
FOREGSEAF R (K80 H 45 T IEREI I BOH . A SOR P 0 S0 gl A Bl — A =
T < uy, ug, label >, labelbRZEFRICE NN - EHAAER R R2-4Z M )5 HdE
e FH P R BN BIREB. A SCHRT0%,20%F010% 1 L AT 5K 4373 Kl 43 FH P 5% 0] B o
NN AR,
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He A B SOREUR I 5k R0 EE R AN LN SRR T i

242 SFIBRIRE

AT RS2 B 35 AT LR IR S5 8 |, CPUMY 5 Mlntel(R) Xeon(R) CPU X5690@

3.47GHz, 24+%, 128G ¥

Mk 55 2% () B 1 & 55 £CentOS, L [HIAC & T Python 3.6, A% SC A% FH ¥ £ 4fs 35
DL &5 46 Ak 1 2 AF fiff FEMySql b, % BO88 (10 F504b B2, KR AE T2 #% 5 T-Python.  HH
T XBoosthfBoosting Treefil 7 AL I AT LAIFAT, FrAZ A WAL W IE BIFAT HUAT LA RS
5> R CPU B YA,

243 EBER

ARSI FIEAGRAS T I S BN SCE B A R R TR SR A ARSI R
SESHTWIRLEE 73 3l R /DIERI 8 (RI24R, 1h, 1/60R), TERIESH, SR =FhE
RU IS []-2% (8] BN SO, ASIR] kL B AN [ AR I 2 B R S 53, a5
VRAMEES, AR DU 442 B DA SR A A AN R R B BT SIS B 21

Word2Vec L HAZ L 1 skip-gram#E 42, ZAEAE) H AR R H2- 15 A7V B AR iR
#1350, FrAIRA 1% B skip-gramME4E. K A5 Skip-gramME SR 57109 P (u;|u ) i
)52 24 2 SURCIE LR, BT BAA 202- 1419 T 5 A2 JE 5 FE R /9. HE Z8skip-gram X}
FFull Softmax— 4~ & 2L 1) % 18 /&Hierarchical Softmax, J& & K KM &% 7 it
Hlog P (w;|u, ) H B [8] 52 0% B2 CR 232U X 80 BT, A 3R AT 2% FH Skip-Gram#iE
ZEf{J Hierarchical Softmax /7 % 1227 SR 2L b N AL BURHE. X T word2vecfy — 2L
WRHFEREL, 157 [ go(w) K/ DNsize® B oN200, #HshE O RE N0 HIA
A2-13HEFME R E N10), ¥ 21EnR0.01, HESHERE NEIN, A3k H Skip-
gramHE 42 [ Hierarchical Softmax J5i%. 7E LB A MIURSERE) R U8 2E 3 58
ZJa, ERTUERSH P B SCRER . BT DO A, AT BRI DU MR A B
SCHLIURFAE,  ASTH2004E 1) R SO BURFESR RAE AN .

AN PUAS RAEA R FE FE L SCHL A B AL A 20 DI SR DU b o 2K 8% FEA
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B BRI R RSOk LTI 5 E R SCHIAG P 36 R B
SIS, BATIEFEXGBoost 7> R A M, ANl B SCORBURFIE R
fite 5 RERH KRR XA, PR R AEXS BAL B R AR BB & 2w, 48
Ja PRS2 A VR 9 B2 (R N e S TR ) B B P 50 AR B (KA O AR
TXGBoost BT — L E B S H R B B RTINS Ji B gbtree; T i
PG A0 IR e R P B R34 2 B BONO. 1 H b R 0 B Hybinary:logistics 154K
B B ON1000; He S8t B VBRI AR DU P S8 Y AR A0 20 Sl DI 2 D i 2K Y
K17y 28, GnEE2-30R, BtJE M52 >0 SE i 2 A0 0 AR A S8 B3Ok R 9

Bl Location-Time. Day-Location. Hour-Location fIMinute-Location JUFhE 8 111545

244 AR AE

AR Ay 2 msim it sE VAN FE AR RS B % (Precision). 3 [A] &
(Recall) SR VEAN AT R 14 e, K f 2 A0 4 o] R 0 78 00 9 0 — 49 84T 55 PR Al vp N
FH 08391, R P2k B, nT DAAS B0 2-5 ) 4Fh R 5

®2-5 “HRIEMHERREEME

TG O
1E1] gyl
il True Positive | False Negative
(FLIEB) (A B)
False Positive | True Negative
1
B ) | s

WRHEFR2-5, 7 PLEARE LK% (Precision) Fl1#[A[Z (Recall). fR#E L _EH)
3, Precision /s Bt 1 FM H R ) IEREG] A B IE B9 IEREE BT S RS bl (R A K 2-15),
Recall s Bt | 3 1E i) IE R A 4 el o ok i) iE AR ) b CRIA 3X2-16).

TP

Precision = ———— 2-15
recision TP+ FP ( )
TP
= ——— 2-16
Reca TP L FN ( )
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T2 OB P R SR T B BN L F SO Bk

PRI 22 /& — /N PP Ak 70 SR AR PERE (108 F i br 2 —, A0S PAPrecision 9B AL bR
RecallDAZ\ AL FR. PRIHZR oR 1 4155 AN 6] B8 ) Precision FRecal .2 [A] (AL, i1 2k
N 5 T AR K AR 2 T 5 [ Precision flIRecall, 58 & [ Precisionft 2% AR B EBI,
i fRecalfR % AR (B F4l.  HHIL AT L, PrecisionflRecallix # 4™ 5 b 1) {H K,
FRATHE H 0 bR SO I 7 VR R L

245 EBERGHHMH

FR1: ER2-6Z2 7V AAE MR, 75 EdE4E I, Day-Locationfil
B e 34 I e = AN A 1 M B8 Minute-Location i /i 1 M BB % 2, & 1IK
T Hour-Locationf1Day-Location 4 /¥ i fP£BE:  Location-Time#t /i 7E Brightkite 2 4f
£ 2R MHour-Locationti /i 2= A 2, 11 fEGowallaZit 4 % _FLocation-Time #4 ff
I T Hour-Locationf fff. Location-Time#} fi 7EBrightkite%k #5 £4£ A2 @ PERC 2, 1M
fEGowallaZl#z 5 AR AR E

1.0 —‘Location-T‘ime View il 1.0 = |ocation-Time View |
=== Day-Location View === Day-Location View
0.9+ === Hour-Location View [ 0.9t === Hour-Location View |]
0.8 = Minute-Location View | | 0.8l = Minute-Location View | |
0.7 0.7¢
B 0.6 © 0.6/
() ()
x 0.5 o 0.5
0.4t 0.4t
0.3+ 0.3t
0.2+ \ \ 0.21
0.3 ‘ ‘ ‘ 0.3 ‘ ‘ ‘ ‘ ‘
.5 0.6 0.7 0.8 0.9 1.0 .5 0.6 0.7 0.8 0.9 1.0
Precision Precision
(a) BrightkiteJPR #H 2% (b) GowallaHJPR #hi 2k

Bl 2-6 A LTI G ERPRIZ

4 #1: Day-Locationf i /& — F 45 Bk i Time-Location i 1, LA A B 5 47
SRR R N IETIP A o TN & Sl LTI i vl 6 53 7 1 ol " P NG W R D K e 2
25 B B AR M N i B B0 B R 49 DURH KL B i) Day-Location#i i 78 P4 4™ £ 4fs 55 Lt
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P AT R S Tk TR R SCIEBL P 5% R B
H &P A Time-Locationtl f T 4. Location-Timetl f i #1& T 5847 B L HL. FIEAE
bR SC AT B SE I IE] R SC, B N Brightkite ¥ 5547 B 1 R S 5 gAY E, B
DATE A A 1) M RE 7E Brightkite £ 48 AN R AW AR €, 1 7EGowalla%i 4fs 42 17 & i
B FE AR Ra, T LATE % A0 AR 1A g A T B0 AR 5. Hour-Location . £ Jifi 412 38 F£ 19
I TE) S LA 2% B R SC, JRIURLE A DL g BT, FEAR 2 a R R E H I,
{EBrightkite FlGowallaZ{t#i 42 80K — M. PRl Jy 5 T 000 B 4158 W 2% i Bl M i 4,
EAMinute-Locationft: 24 §f 4f 4 b L 34 & P> Time-Location ML A BUR 2%, RE 1L
WA LE AT B ERCRE S, A A A 1 SR A SR B L S B R
SEEAL A 0T TR ) & S0 55 e 2 ) A s 8 A i

gER2: ER2 IR T A TTEFR A AL FIEEBMEL . 7 Brightkite 20 ¥
££ I+, Day-Locationf{l fi 7£ #H [ [¥JPrecision FRecall (kEBMZH. v 1) &% 51 42 51 £910%;
fEGowallaZi#54E I, Day-Locationf /] 7£ #H [F] [ Precision F Recall ELEBM & i i =1 12

H1£18%. Location-Time XL i £ P> Eidl £ _EIERESI K TEBMELE,

1.0 == | ocation-Time View 1.0t == | ocation-Time View |{
=== Day-Location View === Day-Location View
0.9 —— EBM Method 0.9 —— EBM Method
0.8 0.8}
0.7 _ 0.7
©o0.6 Co0.6
Q Q
x 0.5 o 0.5
0.4+ 0.4+
0.3 0.3
0.2 0.2
00506 07 08 09 10 0506 07 08 09 10
Precision Precision
(a) BrightkiteJPR #H 2% (b) GowallaHJPR #hi 2k

& 2-7 KAXHITFEMEBM T ARIRTEE

43#72: Location-TimetL fiffi 2 1 922 BILIL, FONEIREM EM L, Bl
EZAAKPEREE TEBM&ATL, (2R v 1ol B3I, R A 8
HHAREACR 2R Yf . Day-Locationtl R GF b filiiA 1 F - FIATEZ 20470, JF HizJs
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FET I 2 E T SB35 2 5 B SN RSO Ty i
EANEE TR, W HEHIREERME E SRR BT %M TR
B EE i T EBM&A L.

2.5 AKENGE

KEEHENDTAABRIEER, RNARTREERERTR: RENDR
T XGBoost 1 [0l I 73 8 ) e A J B8 K 3 A, [l 51N T XGBoosthi Y ;1555
Sl T A SCHE 2 WA R SCIEBURRAE (R IR v s I 2 AN W A PR R I LA,
GEHT T AR S A AN [F R AR S BT T4 R i SEBMANE LR, AL

[fJDay-Location{ fi /£ Brightkite fl GowallaZi( #5533 I EBM &%,
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HE R TR R A RPN T B B SOREUR I 5k R SR L

EF=F ETUAMESHTNGE

FE55 B I 2 LA I A B R SCHREL i, RS A R AR R AR (1
2 R SCRIN IR B A BTN FERAE, R AT BN
SCAEPUFHE LA 5% (Feature Fusion) A3 T 2 40 v i & (17775 (Decision
Fusion). % @l (RRE BE LE 2N B — WA I VAR Bt — 23T, i TARFIEZ 8] 1
HAME, BT B R SCORIURHERNE 1T (FF) HEEET 2400 v ml & 10 U7 i
(DF) RURET

3.1 EFBTE E TGS ERE A T

AT E e/ R AR GRS AR R SRR TR 2 B T 2 1 1 B IR A A
I Jo HE TR SRR s B R T 2 b R SO IR R R & 1) TV

31.1 HiEREELS

MRAE RS X RAIAE, BATA] CURE R & 0 D BE mh &, RRIE R & AT P S 2%
R O, SRFAESR A A, AT DORRAE AT A & R NEZ R & w2 R AL 2 T A it
B KRB RHE AT RS 5 20 4 U2, KRR Rl R b A IR G, B
FEUNE3- 1. B 5, MJRUREHE T SR IBCRAE A AR B AS B Rk PRJF FHARFIERY
A ARRAESEAR ;S Ja Al & RFEEAT HLas 2 200 RRIE S RSk i B B A R,
RIE, AR & i KPR BESS T PRS0 HT 7 ZE HAFAIEAS e

225 ]I B RE A B AE2.3. 175, = ()= I 8] b R SO LR AR I 1y s r B LI A
[7] o7 B f5 L I 1) | SCHCBUNMS, B 2 [ B B b R SOOI 2. T 7] -2 1] AL A
HIFE2.3.27% 0, I Ia)- 1) b R SO AE A 217 I (B SR 3 A (R (el A & T
SCHCBUAT 8] e B R SCAE R BORIX A BRI 2 O EAN S, B BLEAT
R X 2 EAM A RFAE EAT o
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He A B SOREUR I 5k R0 EE HoE R TR ERE PN T

5 5 5

| BefEsRE | |

3-1 4HERRE
312 AFPE3 6 EAHE

I} 7]-25 [A] 40 A HH 43 yDay-Location. Hour-LocationflMinute-Locationtl . Day-
Location} i £ % Hour-Location f1Minute-Locationtil £ Ff & 1iF (1115 2., $ ¥ 4 (1 Fe
i 1 A A5 DUHELRE R 0 R A B B 0L 24 BT #4E 20 A Day-Locationthl /1 #4381
DAOR D9 KL BE (0 L TR — R v A B e B I R SR R SR ) B R S
HAE R, SHEE, &RAME T LT A A REE, Day-Location i
IR IR T ONATZE B A, b AATTEE AR e R) IR R E), A gi A
14 KM FAER BRI %, IEF VXA, BT PADay-Locationtl f ) 14 & &

FHour-Locationf1Minute-Location ¥ £ 114 §&.

2.0 T T T T T
144—— Gowalla Dataset | ... .

1.8 ; ; ;
> >
Qq6f 8‘ 12
o o
+— +J
C 14 c
i L 10
c 12 c
o o
= S sl
© 10} ©
g g
3 0.8 - 6

0.6 |

L L L L L L L L L L L L
Mon Tues Wed Thur Fri Sat Sun Mon Iz\‘llon Tues Wed Thur Fri Sat Sun Mon
Week Week
(a) Brightkite$ 354 17 B & (b) GowallaZ ¥z 5 HIAL & 15

3-2 fUEKSH BT

U E3-2ff 7, {EBrightktie ¥ 3 55 MGowalla$it i 5 &, 7 B4 TAF H £HR
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HE R TR R A RPN T FET I A BRSO P 5% FR T
S K] AR O A 0 A e RO NERES, it DLRER - 6 53 22 A0 P A B e
e B 5 2 NATHE s e i BRI, (7 BBl Tt. B E AT N, S5
AL ERZI T e RN AZAT ORI, Fr LA BUhs BRI PR K3
MNATEE SN I, AR SCRFAE B & (0 77325 38 A 1 I (]2 18] A A 1 I Day-Location ¥4
iR

313 A FETFTXEA4FIERESG T X

B TRFAE L BRI n3-3r7m. A SCE e M EALAA - (Location-Time At
ff1 M Time-Location L 1) 73l # i H1 = £ SCFP 81, e A Time-Location L 1 A 3 i
W Day-Location®L /i1, AL M A& HE PN IARIEAE B, [FIRHZAL AR /7 55
Z A IVE. PR ST A AL 2 B SR IR 7 R SCHRBUARRAE, (A N Location-
Time#)l # FDay-Location ¥ i B R ALAE B EAME, Fr BLIRATRE X P9 4 B AN 0 Rp AL
BEAT RS, TR R A AL A S P 2R B R RS B Sm BATR P
BN SCORHURAIE A H SR 9 IR RS A\ 21X GBoosthR R AT 5 5] AT

9 9 \/

0” o zAu
L A ARV Y
g | i [A]3EE 2 I a]IEk 3

JF IR A5 B Hth

[ 4 b
LAJLIOW L SO MY 2008 208 YU SN

4

IYs “00
TH TH e TR PR T3
Location-Time I~ 3 /73] Time-Location N 3741
Location-Time I X H:HURHE ‘ ‘ Time-Location b R SCILHURRE |

I e e

& 3-3 E T LETXHIMBFEMRE
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He A B SOREUR I 5k R0 EE HoE R TR ERE PN T

32 ETZUARRMETN

ARTE e/ R K R SR RGN R s PR JE 2 RS R R R T 2 LA
RIS R T

321 RERZR#E

DRI R RS R AL IR B &5 R AT B A, AR R SEILER A R
L REH SR A RERE S, I HR R TS RERAR, XA S R
ZE IR VRS LI LE B S5 R T v DR SRR BE A R S A0 T A [R 2R A 45
B HAERWANF LR A RREE B H— NN RINE B RN, i idE 2
Mhmh g, HEAT RO, ANITERAS LA 45

R A IR A B REAT H s o iy RP AR SR ICRIARFAE R 1B 3-452 Do il
BN, BRARYE B R IR R AL, 285 AR RF AR 70 391 R 3 9 5 H Ao
A, R BRI P SR BUR AR R R 9 T 45 R AT R, PR RN S R B AT Aok

R & ) 25 2R

HR s
EETINETE
KRN

R E B A

& 3-4 RERELE

322 AT E5AMARFERLEGT K

BT R AL G T IR IR EE I U B 3-5 7. AR SO S 2 LA R S AR A I 1 S
BERK ETXFA: RGN A FI 2 B SCEIE B0 BRSO s R I AR

35



HE R TR R A RPN T B B SOREUR I 5k R SR L

i R SCIRBURFIE s 335 3 1 2 AL 20 0l BRSO BURFE YN 2R AL I 3547 5% 2 o
FERITIIN ;- 5 X 2 LA A5 20 EAT R 519 B 2R (KT 7 SR AR

( 1)
COOOOOOO T
C LM TR J N

¥ i

C  zwmbrotagE ) | )

\ 4

¢ LA KR )
\ 4
C L f e e )

3-5 BETZMAREKME

55 RN 2 A A TR SO 77 vk T LR A DY o 28 A 1 OC R R AT 43
(BLocation-TimefS %3« Day-Location 54> Hour-Location 134} F1Minute-Location 3
50, AT BBV R SO T T 2 ARG T AT AR
GO —FhE B A, BR0E S AN [R AR A (15 R, [ I A e e e e —
RAEAE RIA e REERE BAR AT L BT g A 5 3- 1715

RelationshipStrength = Z Scoreg, - W(d;) (3-1)

deD
HpDREZM dZZ MBI, W(d)R B A A B BE,
Scoreq & . — MK PR R BIEZAR >, W(dy) RS EE BT R U5 3
BB LU AW (d)):
Val AUC; — Val _AUC\n,

Y 2
W) = o Ao —vaavc,. T ° (3-2)

HAVal AUC,, .72 2 N A WIESE FAUCTH K18, Val AUC,,;, 7% 2 A
A 4E FAUC f/ME, o2 £ /NRE (B 4n0.01), SR 5@ B (d) )3 — 1k
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ST 3 R SCIEBLI R R B B TP R F T
2V (d;)e B S5 R IEAAScoreq, MAAW (d;)i8 id 28 :3- 17 5 H R &I H 7 R R
J¥ Relationship, FRER Z 5045 3 LLRE Fe B HEFe o

A Z R R RS RIS AEE 8, (HReRdeW AR, AX3-24 T EZ I
HZ5 SRS E 2 BT B AR A IR A, TR PR T R S B N T R R A S A E
PEAE FRATTHD R 5 SRS SE I R

3.3 =CIg

ARSI A 58— 8 SR 20 2.4 1 I AL BT 5 I DORE BT B s SR, AR T
PR Rl 15 SRS 20 T3 HEAT DA

331 FERERE

BT = E T XHIFEMER G E: R B —SEEN SR E
WE. word2vecZH W E N WENE MM R/DBE N0, 18] A& 1R/ % E 5200
CRIA P R SO BURHAE A & 1K /), 22 21 R % E 0,01, HE 2 8UH & 8 B
ke 43 1% TLocation-Time flDay-LocationiX 7 4™ #8 f # BX b N SC L BUERAE, SR )G
W X P AR AE BEAT b Ae EH BEREAS P B G400 1 17 &, R R 0 I ) R 4
# AE XGBoostiE B (¥ 41 No  XGBoostfs 1 /7 7F — Lo # Z ) S 4 2T S 80k
H Hgbtree; W I iR KR FEBE 93: RIS ST R E N0 H bR R B E
Jbinary:logistic; AR E 20000k, H'ESHE NI

ETZMARKMENTGE: 700 AU A R ECE T SO BURFE, AR
B B fyword2vec 2 15 B 15 B TR A il & (1 7 vE 2 AR R FF)e - FRATT AT LA SR B Y Fof
KAV R SC IS AE, k& Location-Time4#/iF. Day-Location$#/F. Hour-
LocationF1iE A Minute-Locationf1i. - 73 71 3 31X DY A S AL RF AL 3E 1T X GBoost 73 2K
HI N ZRe XGBoosth 1Y i) 2 HUkt 8k AR BB B 10007k, A 2 HORHE T I =
BRSO IURHAE R A T VE S BB B R B AT BLAE ISR AR B IR D R A
[FIRR A B AL,  I R T (B /36 UE 4. 1 i 5 Val AUC,  PU/NFIL£A B Val AUCY
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HE R TR R A RPN T B B SOREUR I 5k R SR L

9 /&&: Location-Timef{ i 740.7406; Day-Locationf} i 40.8493; Hour-Locationf}\ fi
280.7479; Minute-Location f 40.6581, A& J5 3 T A AX3-2 11 5 A0 AL,
HrhoB B N0.01, PUANHLMA AR HI08; 0.2274, 0.5203, 0.2471410.0052, fr)a
HRYE A H3- 1T B H & B H R R R T

3.3.2 iEARAE

FEARTINET, B THE ZELRM o RIS ZE (Precision) M4
[ % (Recall) RIFMAEEAILIAP, & 5] N T AUC(Area Under ROC Curve)K B IF 4
T 7150 . TENE5AUCZ /T, FATELAH R IEFZE (False Positive Rate,

FPR) FIE.1EZE% (True Positive Rate, TPR), P FPRFAITPRH]E XUl

TP
TPR= 75 7N G-
P
FPR= —— 4
R FP+TN S

ROCHI & — AN RE F HIEZ R (TPR) FRIERZF (FPR) ML X R,
K FPRIEJyREAAAR. TPRIEJIM AR, AT LU — 4EF [ th 2% HROC, % T-ROCIHH
2, WnRTN ARG, A ROCHT Ze ik in /2 b M. (HiE, ROCHHZ 2 — >
L, TR MR IRERE. AUCH ZROCH £ ~ 1A 1K/, AUCH]
(B R, TR 7™ AR [ 1 g AR P AUCTHT DL i b LA BE AL R A 3R, BT DAAR SCR
FIAUC (Area Under Curve) SRIPAGIRAL L7 IR,

333 SBRERZ 554

FER1: EB-62 I 7 WM ElA SR EE A DU AN A 43 ) AE Brightkite FlGowalla
B e L. £ T Z2MAMDFFEANA LT 7 H e WA~
. kRS AR, DEFESCR B TR — 28— M, M
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i Precision |NRecall¥? & T Location-Timef{ fi. Day-Location #f fi. Hour-Locationf}!
fH AMinute-LocationflL fi. H A&, DF7EBrightkite#{ 44 I 24 Precision 0.7 Recalli#

it 5 4F (\1Day-LocationflL fi5%; 1 GowallaZi ¥z £E I *iPrecision 40. 7} Recalliff i Day-

Locationf}. f14.8%.
1.0 — Loc‘ation—Time ‘ J 1.0+ — Loc‘ation-Time ‘ J
=== Day-Location === Day-Location
0.9+ Hour-Location | 0.9t Hour-Location |

= Minute-Location == Minute-Location

0.8 0.8 |— oF
— FF
_07 \ _ 07}
506 © 0.6/
(0] (0]
x 0.5 o 0.5
0.4 0.4
0.3 0.3
0.2} 0.2
0506 07 08 09 10 0506 07 08 09 10
Precision Precision
(a) Brightkite[\JPR £k (b) Gowalla[fJPR [ £

3-6 RAARERS B—IAT AL BRIPRETL

AL FEARSCHDF A, DU A RO 2 S 2 T 2R, I EL
T AP FIFL S i s LS s B R SOUE R, A 303256 A 5 i %0 i 24 i
BRI AL T2 BGE, S2U 45 BUIESE T DF 572 68 S 1 P47 1 52— LA
A

£55R2:  [K3-0[IN 2 T FFIVAEP N R R 7 e A A, A
it TDFJ7i%k. FkHs, FFJ7ik7EBrightkite ¥4 8 _F 24 Precision 0.7 Recallitd it
If fiDay-Locationt}l f16.9%; FF{EGowalla%{{ 4 £ I *4Precision N0.7H} Recalliff i £
I f)Day-Locationt} f16.5%. FFJji%{EBrightkite i £ [ *4Precision 40.7H} Recall##

I DF71:1.9%; FF /711 Gowallaidi£E | 2 Precision 0. 71 Recal i i DF J57%:1.7%.

SrAf2: HETRRERRGE R U5VE (FF) A 3 T sk SR A& 1 5 7% (DF).

FFJ7 % % % A K FHour-Locationf}, f§ #1Minute-Locationf}, fi. [Xl ADay-Location#;
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FoE ERTAURRNE TN T BT B R SCIRI I P 0GR R T

H 42 P9 M Time-Location i /1 (1) R AEAE B, HOHE 1) B 14 18 19 Day-Location i
R LA B 19 0 Aa, 5 b [F) B Day-Location % #7245 21 19 & 83 15 2. H
T Day-Location-5Location-Timeft f 4 fiE 1 H #b 14, X H 2% B 45 i) 8] 3L BlHour-

Locationfl!Minute-Location st {iE (521, 52 EFF 7 ¥2: 14 §E 43 71 7F Brightkite Ml GowallaZf
YiRgk L5 T DF VAR RE,  [RIELE R T eI A.

S5R3: K314 TFR A, DEIEAIL B 8 — M I AUCHL i1 k. DFJY
L T R LA IAUCH 35 B4,  DFJ7 3 Lt B 8 I Day-Location ¥t £ [ AUCHH
7 Brightkite ¥4l 45 B4R 512.2%, £ Gowalla i 45 F B3 12.7%. {FBrightkite 54/
£5 I, FFJ7i%ttDay-Location 5 7AAUCIH 2 513.6%, FFJ7i2: LLDFJ7 1% [ AUCHH 242
11.4%; fEGowallaZ#ig % b, FFJji3:ttDay-Location /7 :AUCIH #2 514.3%, FFJji3:

EEDF 5 v AUCH 4 5 1.6%.
#x3-1 MESHEWAMAUCEER

] RS | Brightkite Ht#li 55 | Gowalla%i#fi 4t |
Location-Timef} f 0.730691 0.778668
Day-Location@”uﬁ 0.829309 0.806326
Hour-Locationf} ff 0.747866 0.761170

Minute-Location#{ ff] 0.635823 0.644667
FF 0.865329 0.849248
DF 0.851635 0.833099

S i3 DEJ7 iR YA 45 0 il A, DU Al 2 2 R 1 OF BB AR
A RUCR, DFEJT VL 5 — M A A 2. FRJG i AR 4 b & 47 79 41 fiDay-
LocationflLocation-Time ¥l f FRFAERS £, HEATALA, DRUMHRRAER EAMAE, 8]y
TR TR LB A R, EFF VA DE T .

45 R4: K3-7% 8 TFFJ7 % MIDFJT % SEBMAL V% 1)t 8. DFJ5 % 5FFJ5
¥ TEBM& VL. Bk, 7EBrightkite$ 4 48 E *4Precision N0.7f, DFi#

ITEBMH 1£9.3%, FFEITEBM&H 7%11.2%; {EGowalla% 4% 4 I 24 Precision 0.7,

DF#EITEBM % 1%:8.4%, FFEIIEBMEE10.1%.
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40



F T A BRSO P 5% FR T

p=i

TR RS RIS

%

1.0}, — F 1.0
0.9 - — DF | 0.9
’ — EBM ’
0.8 \\ 0.8/
0.7 \ 0.7}

©0.6 \ © 0.6

Q \ Q

x 0.5 \ o 0.5]
0.4 \\ 0.4
0.3 \ | 0.3
0.2 \ 0.2
0506 07 08 09 10 0506 07 08 09 10

Precision
(b) GowallaftJPR it £

Precision
(a) Brightkite(/JPR il £
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5 e [RI 485 7 B P 25 B AR X — e, TMEBMZE RS I 18] (K SL BRI A7 B . Py
DL SR SCER HE B R L D7 05 T EBMUT V5

ZER5: 3-8t T FF L 5SCUT ik MHIPGT )y 1% 1. HrhSCUy %2 H Al
BIFHIJTE, PGTIERIN HRE 7/ NBIER. 43 Jm BRI 3 I H.45 6 I 1a) R 3R SR v H]
JIRFRE . FENEEM A EIE L LY FPGT k. Ml EEEFF %S H
AT B U ISCLT 4,  {EBrightkite3( 45 45 I, FFJ7 VA EAUCH: bn L L SCIT 1£6.1%:;
TEGowalla#i 5 I, FFJ7iEfEAUCH AR Ll Id SCIT%2.4%.
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SR A X S IEIURF LSS S AL a7 S BARITI A 7 A A2 K AR SCHEZR AR AL Y

41



EEE ETUMBE BN A FET 2 R SRR P ok FR 5 T
TR AE A 2 18 B P 220 B I, FEFFJ7 vk H Day-Location il /i 155 f& 31 1 &
HAtE. ASCIFF A28 1 I S LB E R R R, 25 FE IR 2= 1 B R 3
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PR A SRISBEAT T BRI L. SRIRR Y], FETRlE MU iAREE 1% B
METERE, BRI SR ELAME, B TR AL S Tk R 2 A RS R A T
IR RN, ASCER PR AE P EE 58 EXHE 1 H AT I SCHT .
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IR T BRI, R JE PR O AR 9 I R A R

i3

4.1 RPXRMEEFUNRZEAFIELR
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HEHR PRt B3R
PEr
SRS .
iy YA WA

SBHETIE HIERA -
st | (> 2 | mme |5 [rocks

{} {} PR Bi%k

smEs || mEma |[C| [ uris

HARERTALIL

[l 4-1 KZRSRE TRV IAHESRE

TAEZR M IR I 9] 32t B MRS 0 6 i SR BB P &6 81 A0 I 2 e, o a5
PR B AR S AL B R AN A Bt i T R e e B s, Bl &2
DA, P DASSOHS PR A R P A% GE i) 50 A B8 s s vl ALA AR Beks
JHIRE R HdE AT B R AR R B b, DBl At — DA R SRR S 2
Aol R LR 1 Skt 28 B I 2 AU I A B R SO Dy ik AT Lk, AR AR
5 = B4R IR A 5 A PR R (0 5 A AL s RE SR Syt P X ) Ok AR R
P B K 28 9 PR LB P B IR, D% AR 9 BE AL R, S P 2 TR AE S0 R

43



B RN S S 5 bR SCEIURE  k RO
FrTBEPER B . FEZLIE LS H TROCHIZR. PRINZL. LIFTHIZ = th 2R % A58 1y 18
BEREAT AT U PPAh. [, BRI B A R BEAFAE SR R BT TOPRS HI

42 HIEGFEHSERE
421 HABELHL

B AR 32 R R G5 M B AT S A AL B 2R e 2 B A B dle
TEE R AR R (A0 ), BRI B A R B A B A A M 7 A TG Ok
Hlls, ACFSRBE FNE VTR, LR AR AR R B AR S LR
ol A e - ZR IR B FRHIER R, B e A Bnwife, A L e o A
S5 REA TR, XEJEIE RIS RRFEIZ IR, ERIEr R SFEUZH 4SS
R 2 o

FEA SCHNE 28 b, 32 060 355 0 B P 4 B B4 kAT a5 Mk i B, K P A
BB AL PR < user, timestamp, location > W, H Flocation B LLE4 4 fF
(K% 27 R I 12 M B AR RSP 7 10 IE SRORE 1, R R P TR) I O R O Ak B
Hi< user01, user02, label >, H-Hilabel ZAM/RE AL &, Ehric M A2 A7 E R

o

4.2.2 FIE G

H T 8 20 Bt AL B AR H S A e (b N G i A B . X 5 A BN 10 A7
ISR AL G KBS FEMySQL W7 481, HY P 28 B df i L — SR S5 B8t O 5, D
it < user, timestamp, location >RARR— 2510 3%. 7 8] R 9% 200 208 /2 LA A
P AR ERE, BlE < user0l, user02 >RARIN—2kic %, F /28 2500 A
8] 5C Z o0 a2 bR IR AT ORI, — N P BRI R 2 R B R, SRS £
AN PAFER R FATAH P A2 rT S s in. kR, SRR, i,
PR BA R R, B LA T 2 B AN R DU L FOEIE AR S R R,
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Fit AN D e 7 52 e 880308 e AR Al 6 R 5 — M Bk A SO O A7 Al HOR SR A E 24
(RIZhfE, DO F P (0 26 30 80 08 1 7 2h B % R Bl Il I Web 2 2L 25 6, )
WRIK 2 P S, Bt AR B R B ) T e

423 FHETAMN

B PTAR A — R e 5 ) B e A W B e A U 2 (R T AL I 3R, TR R
B LA B R Bk, SRR AE A, RS W, R HE B
B WReE, ASCRARER RSP RER. Bl A, AT
DA T b R IR 2 A SRRV L SRR, BUCIR, RoRBEH A 4t B
EHEA, RIERAR, R oA Rk 425k

42 5 P Brightkite % ¥ 55 125 8 /) A Brightkitetd 52 /i 4% $E 42 fo 4 ) ) il
o 5l 443t %5 3% J P I GPS S 7 24 il BT 2 30E 4725 8] (Check-in), Fi A5 AT LA A
i85, BEATH SR S 2. Brightkite $0HE 8240 L Gowalla % 42 . 4 T 55 (1)

4-2 Brightkite 5iEEE A AT HLIL

F4-3 B Gowalla it 45 (25 2 4 A Gowalla$itdh £ 75 KM 143 A1 #H EL Brightkite 3¢
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43 HIEEE

Al A T AL SR B R NS = BT A R AT R A, 1 e x4 B e it
T2 ML LA, 20 2 S Al 8], 23 [A)- I () A A 2404, SRS RFAE T
PR EASE EN ST AR A BN SR BUARE AR G, R B R SRR S &
WLaS 5 ST BORIE T 2 MU BEAT F 7 2K 285 A5 73 T

WRAE £ T SORBURF AR (0 T AME BEATRR AR A, 52 AR 3 I s B R SR IR
LR 1) 73 (FF) JEAT O A% 5 5 B 00, [0 Ik b P P 9% 2% 9 2 mT E 2 e K I
A Top it FH 7o [ IF AR 38 22 M0 A7 1R TN 4500 42 H 2 T 2 AL M o SRl & (074 (DB),
IF I 4 P 9K 2 56 AT REVE 5 K B AT TOPXS Y o

44 RPXREETUNEINMH
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o, H BRI EHERE A AT REAFAE OC R 5B B BT TOPXS HI
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4.4.1 R A MREIHE AR

A PR AE 28 1) AR TR PR A 35 SR A = R il 2R ok 3E AT VT A, 40 B JEROC HE £k
PRINZGFILIFTHIZE, K4-125 1 11X =20 ih 28 1 Mk 22 150 BH .
< 4-1 HIEFRRAIRIRAR

ESTN R
TP True Positive, AU IEAEA TGN DY IEFEAS 12 H
TN True Negative, 541 GFEA TN N FAE A< 1K 2 H
FP False Positive, AR TN IEFE A H
FN False Negative, AU IEAEA TN A fAE A 3 H

True Positive Rate, TP/(TP+FN)

TPR RIVRSCA TR A T A9 1 REAS o5 T T % A 16 e 1)
FPR False Positive Rate, FP/(FP+TN)

R AR AR A T A IEAE AR 5 BT A SRR AR 1) b A5

ROCHZk | EFPRIEABIAASR, TPRIEJVMALSR, MO-185028 75 S BB 15 21 il 2
Precision | TP/(TP+FP), A [EREARTIONA IEREAS & BT A Fi00 R 1 AR A 1 L 1]
Recall TP/(TP+FN), A IEFEA TR IEFEAS |5 B A IEAE A 1 E A

PRHHZ: PrecisionfF N4 bR, RecallfE N ALFR

Depth Positive Rate, BTN IEFEARIELE], Z5:F (TP+FP)/(TP+FN+FP+TN)
Lift oy B PR 5 AN TR TR B, AR EED TN (E AR A BE 1R TH 2 D 1%

Lift/E AR LR, DepthfE AREAL R,
MO-1 22 B E S R M 28 . ROCHIZE IVER 278 76 K, Lifth 28 5¢9F 1Y 2 fy 3R

Lift il £

ROC (Receiver Operating Characteristic) [l £& /& & 56 & 7E 5 i B8 7 T A2 Ui
FIEEIE LA R A, FORGTINER I, ERSCER R COL D, dat B8
B0, J5 KA I ANHLAS 5 ST 401500, 30T JUAR A R F T RO R P Al U DL & HoAth
AR, TR B % 1B T BHE 1298 (Data Mining) 4. % FROCHIZE, Al
AR 25 =) 25 1 T 25 SR HEAT HEFP 1 G 3 A SR A AR Sy TE AT S50,
B E A EZ R E RIFPR. TPRIYAE. 285 70 5 LLEAT AR, P b fE K,
ROCH £ LAFPR (False Positive Rate) A A45. TPR (True Positive Rate) Jy2h A4
b, wEA[HEFFE] T ROCH £,

PRIt £ & 5 — A% F (45 A5 B2, PrecisionflIRecallfe — Xf oF Ji& ) JE &, —
fie K 15t,  Precisionrs N, Recallff 43 i {%;  IMRecalli= I, PrecisionfE: £E fii K. 7
SO B 5] A I TR 45 SRR AT HE . R AN [ AR, AR AN (R B A
tiPrecisionflRecall, $X/5 LAPrecision b5, Recall 9 AUARIEIE, 7] 453 2|PR il
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2%, PRENZE 2N [H B {E 2 Al Precision fRecall 2 [H] (AL, SROCHIZEHIA, ik~
T AR R F) 1k et i B RSP, PR ZAH EEROCHE 26 1M 5
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Liftse — Ff H A5 A0 80 10 F5000 0 23 28 B8 00 Mk B 1K) B2 U7 ke % R R VA A
R e A FH AL 20 55 N A A A (BB AL 20 28D AH B, 450 2 1 F5T 00 1E A A v 1 22
(I RE T3 TH T 2 A A A FH BB TR TE FF A 1) #E i 26 08 1 Precision >k i &, H
FiPrecision=TP/(TP+FP); A~ I 45 74 F1I0 15 A9 A (10 o4 ffy 25 30 o Y 1 451 F) B 481 R A
B, RPHET S N (TP+FN)/(TP+FP+TN+FP).  Lift(] i Jy {5 FFI A5 78 15 AS i i A5 784 ) b
fi. RSN, Z3FMHERK, SRR TG /R Ef. P Depth AR Tl
RNIEREARRI LB, 2%F (TP+FP)/(TP+FP+TN+FP), #DepthffJBU{E 9[0,1]. Liftih 2k
PADepth AR AL bR, LiftA AL AR, DepthOZE 12 [8] 25 4 2R AE 15 2 i 28 Liferh
LB AT LA A /R ROC I ZR (1 — /N2l AIdROCHIZ IGTE M B i %, Liftii 2%
VE 2 i e 9,

ARSCHESRSZE 11 G % 1 = AR R ALl 2k, 1 =i S 10 it 248 D B3 1) 1 e 2 it
ANFTT PR, J7 PRI TR 55, SRRy, AR SRR T IE A %
B0 B SR BT TOPXY Y e IZHESE AR 27 21 25 1 T 25 SR R e AT HE 7, HIRAE
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45 H T RTT0004N FH N, fEGowallaZi4s 85 45 H T HT240005% FH P xF, XSS
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(2) A SCH RSB WA WA 1 R SCSE BURRAE () B, S ]I R R A B R
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