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3. MEXE

Kiw LT, (object, actor,time) O =D THERL
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LT ENTES.
[ 1] (AN bF2VYIL) X € NV % 3
DARYNTUINETD, X OFEE x40 (TG ¢
WKBWTiHEHOF 7V 22 M2 jHFEHDOT 7 5 —HF
W L 72 2R T
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TIOEALLZ LT,
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C) lZffs 5.
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S R

COLERF 0, ZIEDEH L L, KELOAEE
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Hl A EIERATYI C DE# D LFL LTS 5 77,
fimgib D70 BT 5. 175 O, A, ClFEFhZEh,
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H#2, . #E IS T AEEEOMS KBS 5. 1.1
BUFAM 11EET =5 2 722N s D =205
HALDBEITH 5.
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THIENTES (0, AN, ..  AM=D Q). K
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(%8 1] (EEANY MEARL D/ Y — V38R
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FUYIVINXHBEIONEE, X OB NE Y 2
% 55H L, (actor, object, time) 5 EFHIIF L 7 I —
TEERTS.
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L, MO EERT L. BI21E3 HHo%EIC
1, objects (X7 =2 MTHI O, u x k), actors (T
7 % =475 A, k x v), time (FEEATH] C, k xn) O 3
BRI LENEITHN EAEKT 5.

o ZEREIXT—ILERWENEY IR EHW
HECTTHETHIICE, B—DY 1y Ry A4 XT
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Fig.2 Illustration of TriMine. We perform a 3-way
analysis for multiple window sizes lg, l1, l2,
... to capture the multi-scale dynamics of X.
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Lo ZOEEF TV NET 7 H—IZOWTIdHE
OFfH O, A ZFIHT 5.
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2 (MARA) EH—OBHA T — V2B 5 FE Y
IO OMTTHL. 7927 MTH O 34TO
REEERRIC BT 24 7Y 27 M & MY v 7 BB
DS ERT. 775115 AL, i FHOME v 7
(i=1,... k) ST E5KT 75— DHEMRTELRT.
BT ClRiFEH D Ny 71281 AR 2 8) X
E#ET.

ZEREX T — IV E DD (TriMine) @ 14 2 (%
WP L, BEOY 4 v R A A2 WS ETH
5. TriMine 3T FTL NV A=012BVWTY 1 Y
AR 1y DERIATH CO 25T 5. 2%, o
A4y RyHA X0, (h=0,1,...,) 12 LITF ¢
135,

4.2 TriMine

4.2.1 H—OEHA7r—VIZBIT5 My 7w

FOEIE, ANV MNESX DG ZONE
&, X ERHTD LEOBEH Iy 7 2FRAL,
NED FEy 71285 M EOTH (0, AD, ..
AM=D C) ZHEETHIETHA.

BEEFIV. KFEETREFRZFRDOA XY P b
VI L—2o DA Ny 7 2E )Y TE, A X
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(1) For each topicr =1,...,k:

(a) For each tensor mode m=1,..., M — 2:
i. Draw A™ ~ Dirichlet(3(™).

(b) Draw C, ~ Dirichlet(y).

(2) For each object i =1,...,u:

(a) Draw O; ~ Dirichlet(c).

(b) TFor each entry j =1,..., N;:
i. Draw a latent variable z; ; ~

Multinomial(O;).

ii. For each tensor mode m=1,..., M — 2:

A. Draw an actor eg-l) ~ Multinomial(Agf;).

iii. Draw a timestamp t;; ~
Multinomial(C, ;).

ZTMEISERENLTH (0, AD,
AM=2C) 3FNZFNR, LS (Multinomial)
LLCEBEN, INHIEF 1) 7 L5A (Dirichlet)
PHERENL EEEL, o, B0, vy EFRERN, O,
A CDIDDNAIN—=INF X =5 LF 5
INT XA —ZHTE. KIZ Ty 7RO 00 BARN
FHFIZOWTHERL, B, 26 bozo
3BT VN (M =3) 12DV TOAF LT 575, DT
OHEEFEF LY @RI (M > 3) 122w T b5 il fE
Thb. KT, FTAY 7)) v 717 2w
ThrEY 7 DHEEEATH). Ty YV X NICBI A
TDEEFR ;50 WL, WEHEp T ay HOBEN -
Yoy 7 &8I 0iRD. BEW N E Y 7 2 5 1ZEUT O
FICL o TRESNS.

p(Zi,j,t = T‘X70/7A/>C/7O¢757'7) X
oéyr + a'mv + 5 c/m +
2.0 tak 3oal i +PBv Y +n

22T, Oy arg, o \SrHFHOME Y ZIZ{FHD
FTTs N, GEAOT 75—, BHt AEDIES
Nz ERT. o), §OTI74 Lf55d, i HFHO
T, HREOT 78—, BEG 2o THE
DIES NEA AN TV S 2 & 2R3, 1741 O, A,

%4, rta

(1)

C liﬁ@iﬁ“(“%’ﬁéﬂé :51',7‘ X m, &r,j o
ar j+B ~ crt+Y
S an o0 Ot S i gan

SEE. ETNVHEZORIEIANE, TrYLM X
WOXLY M) OBEE N (=3, ., xie) £T5&

0,4t

(E2) i ATV NET 2y —IConTIE, BEWICIZES 5% URL
FELCEZ—H) Y TEDTHRUEREFL26T.
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NIZHL#EE, 20 ON) THbH. L EAKWIZ
&, NEv Rk FRONERE iter LT 5 &,
BAE N Yy 2 OHfEsg 3 A R AT O(iter - kN), FAT510
BHIA M O(iter - k(u+v+n)) THb., 22T,
iter, k,u,v,n 1&, T MVEN LRI L/DNSWiERK
ThHA7-OIZTIIEMKL, L0 L, FRELT
SROFEIAMIN L 5.

4.2.2 SEBEMAS—VIZBIT5 FEy ZHE

CCETYA YR A XL REETHEEICD
WTEZ. L2 LEAHOZOIET—510n L7
BRI R r — V2 s @RUEDH D, 2 2 TRFH LTI, B
BoOv 4y P94 XM B LT, FTWAT— )
2B B85 = Vot dr ). kbW RY 1~ F
A AOEEEE LTI, 4, B, B, BEvo Ry
BHA TR — Va2 S eELLNL, HD)E
ELTERMBEZEVAZ ELIRETH S, ZDOBA,
ZBEE b =0,1,2, ..., [logn] I2BWT, I, =1 - L"
BIZIEL=2) OV 4> FIH A XEFHT 5.
W, HEOBMAr— Vv ETEDLIIZIE Y
THEEEAT) MITOWTRAR S, b Bl ks, &
TORMAr =izt Ly vy {x© x® 1 %
E L, ZnZFNnDT v )VIiZxt LT TriMine-single
FHWC MYy 7HEE AT 2L THL. ZONEE
RIZ TriMine (naive) &S, LA L ZOFPETI,
B A — WAZ BT P ¥y 2 HEED LB &
LB OREI A MDPIEFITEH . I TRFET
1E, mOENAT =)L (h=0) DHEEFREFTT 2
LT, MDA —VIZBITA MYy g RME
HET). M2 2 Vv CRLEMELRT. T
h=012BWT, 7>V X0 (= x) 124 L1751 O,
A, CO ZHET L. FHWC, MOLNL (h>1) 12
ML, h=0ToOH 7)) 7i#EReBAHLZNE
NOITHI R FHET 5. BRICIE, (a) #7927 b
IO &7 7 5% =475 A % &TO L~V TIHAFIH
L, (b) K475 CM izowTiz, kX2 AV CEHE
T5.

3

h 0
oy e, L )
=1

CCTULELRVAIIBITLY A Y Pt AEET.

TriMine (naive) (& TD L NI BWTINT X —
Y OWHPLEL %), O(N logn) OFMER % 29
B, RETFHE TriMine &, 7— 5 DA A XN
(6 LERTEIERH O(N) TdH 5.

Algorithm 1 TriMine(X®)

/* compute the triplet matrices at level h = 0 */
for each iteration do
for each non-zero element z in X(©) do
for each entry for x do
Draw hidden variable z by Equation (1)
end for
end for
end for
Compute O, A, C(9
/* compute the multi-scale matrices */
for h =1 to [logn] do
Compute C") by Equation (2)
end for

return O, A, {C(O), RN CUL)}

TNTY) XL 11 TriMine DB OTNTH 5. 1
Ry rFrv xXO ok v, K1) %
HWTRERNE Y 7 2 280 4T, 17510, A, CO %
HET2., ZOBRETOHHAT —LMIZBLT, X©
DGR W TTHI 2 UFEH RS 5.

5. ANX2 MF—=Z2DOFEFE: TriMine-F

RETIEANY M7= OFHIHE (HE2) 122
VTS, LT CIERET 2 FllFE% TriMine-F
LN

BEFEERWEANY MFllE ZORER: AN
Y NEAELRICOBRN Y —r v AL AT ET
RO RTIRNT TR A FHT L2 L0 TE L. 77
RO A XL EEETHE, ANV MEAIE, uxv
flil (actor x object) DY —/r Y ANE|TE L., ZD
BENENDO Y =4 v 2T LR ZATD & &S
Lh, L LIOKETHE, (a) P& b Ouv)
DAEYZEME O(u v n) OFFERBALEICRD,
B, (b) & —F7 Y ARFEFICANS—ATHY, fl
z1%, {0,0,0,1,0,0,2,0,0,0,1,...} DX IZ—RTF
LEREDIARDE)THLIzD, BIRDY —7r v
ADLOFIIEER ICHETH L. &2 TRFEE,
BIEH Ny 72 HWAZ LT R OREZ @8 L,
EVHEEETA NV b OFl % EE AT .

5.1 FMEYITDEAFTI v 7 IDFHE

TriMine-F 13, 4. D N € v 7 58 TH 5 72475
EFHL, ARV IFOIRFHET L. X0 BEEIC
12, (a) ZNZhOMEY 7 r (r=1,...k) DF A F
Iv 7 A (KEfATH) C) 2 FML, #ivT (b) ZOf
BLATH O, A ZHNTEDEDL 2 L TIFED A XU b
EHEERT S,
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Fig.3 Illustration of multi-scale forecasting (here,

C

lo = 1,1 = 2). The gray cells indicate the
variables we use to forecast cioz

5.1.1 H—OB A7 — V2 X BEERATY] C D
Tl

B0 1 ¥y A4 X1y 20284, AR 21
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Algorithm 2 EventGeneration
(@1,...,7%u,n,0,A,C)

/* £ is a set of generated entries of form {object, actor,

time } */

E—0

for each object i =1,...,u do
for each entry j = 1,...,nz; do

Draw a hidden variable z; j ~ Multinomial(O;)
Draw an actor e ~ Multinomial(A ., j)

Draw a timestamp ¢t ~ Multinomial(C; j)
E=E U{ie t}
end for
end for
Return €

(@i DHETE) 2479 LB TE .
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. KiZ, (b) 1751 O, A, EFHL7z C OFEDREA
TEMEL, SEF v ORI L IZBT 54X ML
EHEET B

k
Ti gt = NT; Z Oiyr * Qr,j * Crt, (5)
r=1
ZZTnlETHILZ2nwAXRY POESZ/RL, T, 114
FHOF 7V 7 MHRIZETND A XY IO AL
a7 OFHiEE$ 5.
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