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BE KT, KB I 4 VBB 7 — 5 O 720 O A BRI FEiCTh 5 CoMPCUBE 129V T
ik R%. ComPCUBE &, (activity, location, time) D =DM TR I NIk A A v T4 VIEBT — 7 12
L, BEEREERFINY — 2 RONEE GBI, BERL, NROEMNZA XY P FHEERT 5.
72 21X, “Nokia/Nexus/Kindle” & %\ iZ “CNN/BBC” &0 % v I 4 V& F — 7 — FOLHIE (F)
2B 5 2004 F20 5 2015 FIXHT COMBRICHE T 2R 7 — ¥ 352 bihviz & &, REFEER
(a) RN ZIFHEBNY ST — >, (b) KT 774 €T 1 BOBENZBEEERHEAM (Nokia vs. Nexus
%), (c) 7 A ARIHIEASOL£HIBIC BT 5 FHME, (d) i’“ﬂ’]&%/\/ bR IUEFE D E L2 X8 —
YEAFHWICHL T 5. ARX TS5, BEELEHE AFN L OmEIcb T 572007 VT X4
& LT CompCUBE-FIT 28 %¥ 5. %f 7 W2 EERTIX, CoMPCUBE 2 Bk4 %t v 7 4 VifE)
T =Y DRPSHERRNNY -V ERIEMICERT S 2 E2MEREL, S50, RPTOMFETEEBRLRET
EDSKIRZRAEEE, MM EE2ER L TwE I L2 oI L.
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Automatic Mining of Competing Local Activities
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Abstract: Given a large collection of time-evolving activities, such as Google search queries, which consist of
d keywords/activities for m locations of duration n, how can we analyze temporal patterns and relationships
among all these activities and find location-specific trends? How do we go about capturing non-linear evolu-
tions of local activities and forecasting future patterns? For example, assume that we have the online search
volume for multiple keywords, e.g., “Nokia/Nexus/Kindle” or “CNN/BBC” for 236 countries/territories,
from 2004 to 2015. We present COMPCUBE, a unifying non-linear model, which provides a compact and
powerful representation of co-evolving activities; and also a novel fitting algorithm, CompCUBE-FIT, which
is parameter-free and scalable. Our method captures the following important patterns: (B)asics, i.e., non-
linear dynamics of co-evolving activities, signs of (C)ompetition and latent interaction, e.g., Nokia vs. Nexus,
(S)easonality, e.g., a Christmas spike for iPod in the U.S. and Europe, and (D)eltas, e.g., unrepeated local
events such as the U.S. election in 2008. Thanks to its concise but effective summarization, CoMPCUBE can
also forecast long-range future activities. Extensive experiments on real datasets demonstrate that Comp-
CUBE consistently outperforms the best state-of-the-art methods in terms of both accuracy and execution
speed.

Keywords: time series, non-linear, parameter free, forecasting
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Fig. 1 Modeling power of COMPCUBE for the consumer electronics market (i.e., iPhone,
Samsung Galaxy, Nexus, HTC, iPad, BlackBerry, Nokia, iMac, iPod, Kindle).

INUAIZE b 759 ¥ = THERFESSHILL TB Y, Web I
2B 2 KE OB OB 5T & IFR TN ICEE %
HETH 5.

AKWFEDBHBNE, (activity, location, time) D =DHTHE
BENDBEEA A v T4 VBT — 123 L, EEZEERY
INY — RHIBE AT, AL, RO A X b
FHEATH) e TH D, 72k 21E, 236 DI (H) 2B
% “Nokia/Nexus/Kindle” & % & “CNN/BBC” %0+
YIA VREF -7 — FOMBMEICET 2 BRI T — 4
WH 2N E, INEOHPS 3 DDERK | activity,
location, time |ZB9 AHE 2 ML FEHBMIER L7
W, RECTIE, KL T4 VIR T— 7 D70 O
AT TH S ComPCUBE IZDW TR 5 [22] *1
L0 BRI T oOREEZ RS .

M1 dloT7 277474 (F—7—F), m Oty
BO(E), B nofil»SERSNE KBS T4 >
W7 — 5 A X e NOXmxn 3l 2 sk %, (a) T
DERERNY — 2 HEHIL T 5.

o TUT AT 4 MOBEMR
o MBI DTN Y —
o HNNERRATZ A XY E

512, (b) LFEOM /Ny — L I2HED EEHE O HE)
BINZIFRDA XY M P EITS .

B x4, 1, L7 hu=2 RAEEREF -7 — NI

x93 % ComPCUBE DI Z R LTV 5A. BARIYIZIE,
Google Search*?12B\T % d = 10D *—"7— F (iPhone,
Kindle, Nexus %) @ m = 236 Ol () 123172 2004
FLIALTHPSBAEIIPTTOF v I 4 Y EHE
Twa, HLXF—7—- FEGOFMIZOWTIE, 13
(#1) Products 2B\ TiRikd 5.

771 ET1BOHEEER  CompCUBE 1352 b7z
dBDF—"7— FOHHLEEMEDOEVEEHETZ B
ICHRT 22D TES. 7ok 21E, $#%ETHE Kindle &
Nexus O I TERN L BEESH B T L 2R L T A5,
1(a) \&, &M (E) 128155 Kindle & Nexus DD
FAMBROBISEZRL TS, REOHIK (United States
(US), Canada (CA) %) 13V BABRERL, kLo
Hi# (Brazil (BR), China (CN), Japan (JP) %) 355\
AR ERT. K 1(b) X, £EICBITS Kindle (k)
& Nexus () D2 200F -7 — FOMEH GAZL) %
RLTED, VI FAT—F LM, REETIVOEE
FEREZROTRLTWS, MO L) T, IREFHIIL IR
B ARE, BENSY - E2FRICKRET A2 LTE
4. 72& z21E, United States (US), Canada (CA), Italy
(IT), Australia (AU), South Africa (ZA) TIEB\V s
FAFR2SH U, Nexus D NR EF LRI Kindle D ¥
=i eNsb. —)T, Brazil (BR), China (CN),
Japan (JP) @ X9 Ml CIIMEAMAEZL V), Kindle MK

*1 http://www.cs.kumamoto-u.ac.jp/~yasuko/software.html
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RELTHEZBITTWE., TRODIERIZ, ~—F7 T4
Y B L ERIETIRICBOWTHEFICEEL L 5.
FH/NZ—2 X 1(c) ik, L7 bu=s AfiBICBIT 5
FEREAN Y =2 2R L TwA, 728 21E, K1 (c-i)
F 7 ) AT ANEST B85 — A RLTWA, #HXIEE
EIZBIFBiPod D7) ATAANA ZDRIEZRLTH
D, BETHIUTRCEREZ RS, KETHNEZOH
BUZIZ 7 VAT AZNAL 29055 nwZ L 2RY. WEPICR
LMD EHIZ, KE, BN, SMEOFY X FEIZENT
RN T ) AR AANA IR 6NBH, —/T, FERCA
Y FEOMIRTIIFEE L 2\, FRICLT, K1 (ci) 13
Kindle D#4F4— )V Z7R$. [ 1 (c-ii) 1&, Nexus DA
W7ZZEMiNY — &R LTEY, KE, WIN, T2 7512
BWT, £ DI —HFD4IT Nexus I[ZHIEZ O Z L 255
Motz ThIEBZ 5 L, Nexus DFETE FIVHEAE 11
AZARBEINLIENERTHL DS, 512,
CoMPCUBE |3 HUBIF A Oy — v i+ 2 2 &8
TE%. 728213, M1 (c-iv) 1E, FEIZBT S iPod DIH
EAAXRY FEZRLTWA,
ABXOEB. AAFFETIE, KBEEL Y T4 Vg8 7 —
OB A T TH L CompCuBE 2 RET 5.
CoMPCUBE ZRDEE Z -,

(1) REBEA > F4 AFET— 755 3 FHA (activity,
location, time) DEER/NF — 2T 5.

(2) BeABREEOET—5OHH»S, HAER, THK,
FHIESE DRk 4 i s FRICEBIT 5. 612, E
BN A Ry M FllEERT .

(3) MEFHRIEINT A ZEELEL LV, T—H
DIRNZE WL, BERIISNY — 2 % BB
TELEIENTED.

(4) FHEHIZNIAHT—7H A X LK TH 5.

2. BEME

AR, V=YX VATA T EF T4 v 2—FEHD5
HrZBE 3 2 HF2E 051G 581 L T 5 (2], [7], [14], [15], [18],
[35], [40]. CHK[24] T&, Y=Y ¥ty NI =2 LETO
THEdLHoEf 2 €7k L, 3CHk[6], [34] I2BWT, £hE
n, avFrYDEGNy—VE, TIT4TI—HHED
HERICBET 2592 4T> CT\5b. Prakash 5 [31] &, £ v
T —=2 FIZBWT, 2008 TA T A THE
DEIHEET A0 EiEm L, EEOS T 7HiE L ToOR
7% €7 WL A 4T 572, FUNNEL [25] I3 KHBER T >~
VINVT =5 DO DIMILET IV TH Y, EcoWeb [21] 1F,
Web b2 — &8 & ERER 2 H T L7z, Gruhl
b9 ETursEDF I 4 iEEE Amazon.com (ZB1F
558 FIFTORRMEICEH L, Ginsberg & [7]1&, 454
UREBROWBL A VIV YO TE N T v XS
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x®1 WHEFHREOLE
Table 1 Capabilities of approaches.

HHE/ Y — L | 8B | BT T
HOEJF o)
Eééé zﬁéﬁgé
; é é E = EE\% g %
22 2|12 7553 8 218
WEER| - - - |- |- v v -lv
[T I R N V.
agit |- - V|- -lv v v vy
WEFH | - - - |V VIV - v VIV
St (v v V- Vv - - v

L, EBOA VINZ DT A NVAEF T4 DI —
FOIFII RN D B 2 L ZR L7z, Sk [5), [8], [32]
TlE, ¥—7— FORBEKOHER L IEEF OISR OB HE
RLTW5,

KBUERERY T — & OFFAT S IEE A =Bl & L CiE
HEhTwa [19], [30], [36], [37], [38]. AutoPlait [20] 1&
SRTCMERT Y — 7 ¥ AD 720 DR R EH B TETH
D, SCEK [23] >R ARBUEE SRS XY s T =5 D72 D
e FFE L HRZE L 72, Rakthanmanon 5 (3 3CHK [33)
IZBWT, JREAL (“trillions”) DOESRFY —7 ¥ XA 23R
& L7: DTW OFPIRREE Z o> T 5.

REERAZE E RAROAE D 1F. ]| 1 1&, BEFTE L Comp-
CUBE DEEHORETH D, vx—T7 Ly NEHLT—1)
IEWEIH—DORRI Y — 7 Y AD 720D DM FIETH

D, AR XD REEN % R E B OB ORE R
V=T Y ADNRY = BB HIENTE R, A
TW|IF T4 EB T -5 E T Ve LTEBRT LS
L TE& L. PARAFAC, Tucker Z 1L LT 5TV
AT TR (13) 13, G2 6N72T v VT — Y OFEMEE 375
AT ORE 2 H S 5205, —HT, FEES FX A 2
ERBET, IFREN GBI NS — Y OTRRENEH LT
W72\, AutoPlait [20], pHMM [39] &, BR%IS — 4 »
ADFTAF IV ARRBL, ¥/ AT -2 a Y OREN%
BT 55, EERORRYT— 7 E£46120 L, BN ZIER
WDFTAF Iz AREKHAT LI ENTE R\,

AR, LDS, SARIMA, TBATS [17], & %\ 32 DAt B
T2 FHFETH S AWSOM [29], PLIF [16], TriMine [23]
&, IRTHMIEFBERICES 2D, BIfFETHRET
LI R H T LR 7 — ¥ ORBUTITHE L Tz
W37, 251, INHOFHEIEINT A=Y DOHREEE
T 5.

o k77 - KV 7 F (LV: Lotka-Volterra) €7V [26], Y A
7 4 v 7 723 (LF: logistic function) [4], SI (susceptible-
infected) €7V [1], SpikeM [24], WTA [31], EcoWeb [21],
FUNNEL [25] RO IE#UE A2 [11], [28] 1, B4~
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HFRICHED A, 2—F ORI RGN Y — R
TNY — R RBTE R\,

3. REETI

ARETIIREET IV TH S CoMPCUBE 12D W Tk~
B, REFGE TR D 7 — 7 & (activity, location, time) D=
OHTEIHHEN, FFN, dHOT 7T 1T 4 (F—
7—=F), m oMk (E), B n oMM (1 ML) 20
LR EINL., 20X I VEFT—513, 3HoT v
VIV X e Nmxn b L CRBTHIENTE, X DK
zyt) BRH BV T i HFHOT 7 74T 4 /F—T —
K (activity) %1 FHOHIE/E (location) (ZHIRE L 725
JEART. 72k 21E, (CNN, US, 01-01-2015; 100) D¥,
T X AERENO “CNN” £\ ) ¥ =17 — FOkE/ 7
Uy ZAEAS 2015451 B 1 HIZ 100 R sni-2 L %
9.
K LOHMIE, G2oNizdr 4 JiGFE7T—% X 12
L, EERNY —UEREY, T2 THL. B
MIE, DTO 4 o082 RR L,
o (B)asics : 4 DF—7 — FOIEMIE/ YT — > (BIE
17 NRER RS,

e (C)ompetition : Tz 5 F — 7 — N OEFER) 7 B
T (Nokia vs. Nexus Z).

e (S)easonality : L —F{HB) D MIMERFHiMEA <> b
(7 ) AT AREIRAEE).

o (D)eltas : 22317 A X bR AT D 2 VWAL LS
(7 A J RAGAHEEEE) .

T, REFEICBVWTREZE LM E LT, Liko4:
B, UTo2 M2 HHMMT20E1H 5.

e (Global) : lEFHfETH ML ¥ F, iy — >
o (Local) : #u3& (E) LN, B ML v F

KENZBWT, I—EETTFTIVOFEMICOWTIEICHHT 5.
B A A LT A0, 22 TIERET, (1)1 DM
(2FY)m=1) IZBIFLF I VIEBT— 7 DEFNL
AT, REFENED LI IC L THEARAMRKE/ (Y —
RF -7 — FHOBEEMRERRT 2010V TIERS,
RIZ, (2) FHIBIZ BT RPN — 2 IZEHL, 5
AONTZT VIV X OHFDL ERD 4 DOF5 % £I$
BHEZOVTHRN, |EIZ, )Ty IV X E7a—N
v, a—=J VO ST L, EER NS — 2 O
AT HHEITOWTIRR B,

3.1 H—OMigics 58/ 82— EHARER
ROHAMLELAGL LT, B—oifilcBlis4 714~
EEHOETF VLI OWTIRRS, BARmWiIciE, dEox—
T—=F, E&n, H—OHI (m=1) CTHKINE I —
FUAEREERS.
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ER ABRETNICHEIBHREEMRFE. dHOY -7 X
EEDPGZONEE, Q)LD Y—F v ZDIEHREN
LGHEMSERE, 2L T (b) #% b —7 v AMOEEN R
TR WAEEA R L, e 21, B 1(b) 105
W, Nexus DEE/NY — v & Kindle DJFFE/NY — B3
FRIOEE TWE 2 e, INHOF—T— 32—
FOREZIN) AVHEAEL TS L) ITAZ LS,
T, dfEADF—7 — FEOREN -5 ERE RIS
5121, E TR wEs ) 0. BERBROBIG A KB
TA2ODRS Y TN ETEELT, B - KVT T
D4 E 7)) (LVC: Lotka-Volterra population model of
competition) 23H T H 5 [27]. LVC ET VI, ERERIC
B b dHEOBEFEMREELIL, i FHOMOMEMEE P, 7°
FEZEE L Cn CRET- %, ROIERIMS R E v T3k
ﬁ?%.%}:mﬂ(l—g%gfﬂ, (i=1,2,....d),
ZI2C, 3 i FHOMOWER (r; >0), K; &, i %FH
DEOBEINE T (K, > 0), oy, B#ERE 2%0,
RIEEOMEAEHOBE (¢;; >0) &R
FROEFNVIIRRT Y — 7 v AEEITH LEELIER
sy — 2 KWMT DI ENTELD, KL T 77—
Y EFEBRTHIEIATHTHL. ROFEL, LokHic
LCHigsl o (R %z) WERFIS Y — > 2 RBT 5 0,
Z LT, FHitkz &b %) By — v B L0V UEE
BRI LEDTHE. RENICBWCEHEMZRT.

3.2 CompCube-dense

dDT 277474 (F—=7—=1F), mo#ik (F), £
nDYALARY YT THRINIZT VIV X P52 617
EE, CROFIEL, SHIBICBIIBEET 2T 4 €T 1120
LEELNY MBI A2 THLH. BARICIE, 4D
DOEF 458 . (B)asics, (C)ompetition, (S)easonality,
(D)eltas % [FFFICFER L2V, DITFCRREEH OO
WTNEIZHRAR D,

(B)asics, (C)ompetition. 7 ¥ V)L X P52 6z
&, ROOAT v 7%, WENENKE Pyt) 2 i EHO
TI2TAET A4 (F—T—=F), | FHOMI, Ktk
WT, TNFNET AL ETHD. ST TAREIR, %
TIT4ET 4, BHIBIZBIF AL OL— Y OBEERERE
HomEZRL, BEBEL TV D ET S, k21T,
I INEHh Y ofEsh (72 & 21 Nexus) 2SI 72 -
72, L DI—FRZOWEMIIHL, L)% DR
B0, RANCHEAT A L ICE > THi7 2 —F%

B b HBA, EBEOMRGIY -4/ Y A2 AR T, b0 2
DOOMEDPERIZES LTV EREI 12T 5 LIETE L
WS, TOLI) BIEREINY — Y FOBRREFHEAELTEDLZ,
ETMETHIENTESL., KT, Iho0y—7 v AR
ORI F B BIR L ITA,

ORI TIE, FEABSFICH L EDRS ¢y =1 2KEL,
7o, FREESICOWTCIE, A, P, FEERPTET 258
(cij >0) T2V TiEmT 5.
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ERLTWE, R LT, NREOREEEN HEIC
DD, FERICLT, RIFFETIE, 2D0D0E L7774
T 1 BIEAEN L HRAERERET 5. 728 21E, 72w
TVORE, 2 —FI3MENOREFRLAlRE 25 LT, Nexus,
iPhone, Kindle, iPad % Dkk4 2P GOHF NS, 12
FERATHMT A, 2 TESHICHATRESELT, 2
NS DR/ — 1%, X > TEFIRSNEEE
BHLH. M 1(b) TRAZXIIZ, FENIIME O R
Iy —v2FL, FNHIEFOEOBIE, BE, &Ex
BLHET LA BERICE > TEILT 5.

EFNL P RTITAETA i DI OMIBIZBITS
Bt OBER B ANTE L T 5, WETLERETTFT VK
DATHEIEINS.

Pu(t)

d oo

ZZTC, gy >0, Ky>0, ciiy =1, ¢;50 >0, Py(0) =py.

EFIN1IE, RONRTA—FELSTHEEINS.

o py . MERE, oFD, Tr/TAETA i DIFHD
W2 B BEA t =0 DARE (Py(0) = piy).

o ry i MER, OF), TI/TAETAiDIFHOH
BB ABITOE S,

o Ky @EBEBINET, 2V, 77474 i DIFKH
DOHIFNZ BT L1 —FHFEDE.

o cij L WAMRORE, 20, I FHOMIBIZB VT,
TITFAETA GORT 2T 4T 1 i 1252 558
DS,

ZITR, BAETLAT T4 ¥T 4 pbEo 1 —FEE
WO EIBEREE L TWA, ARERIZBIS 5 ARG
EFERIS, Web L TOZ—F 0%, BLOL—FEHIL
HRTH A, BARMIZ, 2—FEFLIE, T—FOHEK
HH, »5WVIEHEE L-RHRSELET. 2—¥iE, [
B ICHEBO IS LEEE e BE2 T2 e Ccan
V. T T AT 4 iDL FRE ORI BT B ¢ DO
ey 2~y amoma (1- e 0) ¢ g
EN, e BHEMBRORE, 2F0, 72748745
BT 7T 48T 4 i3 LI FHOMIBETE 2 52O
SERT. bLleu=0 (i#j) O, [ FHOMIIC
BWT, 77574 ET 14 & j OMEERIIFEEEY, b
VERE LS. FHIRIIZ, B L ey =ciu=10%4, |7
Ho#lficBF5 2200777487141, $o7:KFL
I—FEFEDOIN—TE2HEL TSI EEERT S, b
Leyi =1, ¢y =0D5EI1C1E, —HlesaiER, 2%
DHERHEZEBTSL. CO%E, 77271874057
774 T4 ISR EBEEZ TS, T/ T4 T4
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JIRIBEAET 2 T4 ET 1 i O THEZIT 2V,
(S)easonality, (D)eltas. #E\> T, Ffilkz & b %) EY
XY = EMNEDORBIZOWTERT 5. Kindle, CNN
EORT VT AT 41E, DRIC—EDNR (EH) &4
LTWwad, ZO—JT, Web LD~ DIREV I~
VAT A, HERARE, FEECEBN R A XY N, BIEIC
Lo TEMIZEILL T L. E51Z, 2008 FED NV KR
TR AV ERIC X > TRATAHEERDO A X2 b
RHIEDFEET . FZTHRIZETIX, IThH0B %%
FHT B72012, 200F 72585 A —=5 L LT, s4(t) :
I, 0u(t) P AMUEEEAT 5.

EFN2 Vyt) R IBFEHOMBICBIAT 774 KT 1
P DGt IZBI A HEEME T 5. I—REET VAKX TE
HWEIns.

Vi (t) = Pil(t) [1 + Si1 (t mod TLP)] + di1 (t)

I T, i, ABOES (Z22TlEn, =52H) 257
HEEME V() X7 2774 €7 4 i 25 1 FHOMIRIZB W
TG AT L 720 R E RS, 2, BEN
B NGEE Py(t) &, RO 2FEDOH727%/8F A — 5 HEHH
s,
o si(t modny) @ FEi /ML LR, 2D, AR
FE Py(t) & FEBEOHEEME Viy(t) (235§ 2 AHXHE.
o Su(t) HMUE, DF VD, FREIMEE L b bk, S
D CHIEI R A N2 b,
bL, IFHOWBICBWT, BHtOT7T 77 1E
TA I DNFHUEB LN IEE R VG (DD,
su(t modny,) = 6;(t) = 0) 12I&, HEMITANFE L K
T2 (Vu(t) = Pu(t)).
INT A —A2E%4 - CompCUBE-DENSE. 21, BEET
VOBEZRLTWAS., 7YV X (K2(a) G2 bh
72L&, MEFHIILOICA4D0% LT V)V (K 2(b))
9 4. 2% CompCUBE-DENSE & FEA5.
E# 1 (CompCuBE-DENSE) M = {B,C,S,D} %
CoMPCUBE-DENSE D/XTF A — ¥ EHEL$ L, T 2T,

o B(dx3xm) . lADT 7T 4T 1 DIEKNLEHN
Ny = WENME, RER, BENAEN,OHRESAL
(B = {pa, ra, Kiz};{gl).

o Cdxdxm). 77747 44& I35 1FH
DI BT B BFEBRREL (C = {ci}ihm).

o Sdxny,xm):TI7T4ET 4, | FHOMI, I
AT BT BFEE S — > (8= {salt)}Ir ).

o D(dxnxm)IHUE (D= {5u(t)}];™).
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A
’\>' d‘ X

Time

(@ AV IYFINT—& X € Néxmxn
J  EXTRACT (i) (s

Basic c Competition

@/ 2 L
3 & 0

s Seasonality D Deltas

(b) COMPCUBE-DENSE M = {B, C, S, D}
|  COMPRESS (E#8) (!

S
K="
n,

Ay VJB e
d‘dJ e 2 d‘z d‘/é ’

k n

(c) CoMPCUBEM' = {B,B',C, (", S, W', D'}

2 CowmpCUBE DFEZE
Fig. 2 Illustration of COMPCUBE.

3.3 CompCube

2 FTOHEBTIE, KHIBIZBIT LM ORI
F—VORMELT, 420K B, C, §, DiconT
ATz, R LORBEHWIE, ZhoHD4DDEFEITH
L, (Global), (Local) DjFIAIIxF L/8% — > & 555,
THIETHA. 2F), HzohirT—7ixtL, R
HEOILHOIREEV &, FEE OIS BT 5 RBTHY 72 ][
ZRIFFICER L 72w, 512, 2(b) IT/RLZEBD,
COMPCUBE-DENSE 3T X COERH O — 7 v AESE X =
FKHT B0, BRKEEO FEXOn) /85 2 —¥ 250
HERl), TERETNVELR->TLE . FITARIFET
&, AN TF= %Ly Thpoa 8y MIERET
L7200DFTFIVE LT CoMPCUBE #RET 5.
IESRENE & 43 ahE. X 2(c) &, REETVOMTZR
9. 5.2 5172 CoMPCUBE-DENSE D72 /37 A — 5 E£4&
(2FY, 7YINVEE B, C, S, D) EROLI LR
IN—= A ATV RS 5.

B~B-2% C~C-2¢, S~S- W, D~D. (3)

BARIICIE, B2 oNBeT vV B, CIxtL, 1751
B, CLAN—ZAT VYV B, C 5, EMTsH. 22
T, B, Cld, dEDT 7 7 1 EF 4 123 5841 (global)
HTPLYFREERBEL, B, C'%, FHrM (local) %= L >~
FERT. L0 BAEMICE, xAoXHiz, ra—nrk
O—7)v + LY ROMHHEDOEEFKT . B = log(B/B),
C' =1og(C/C). 2%V, 7>V B, C' DHEEEL, &
i (local) @ M L > FAYEAE (global) & ED L H VR
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EUaFHT L. 221, bLIRTOIHEDT 774
T4, m T _Cotlg (F) 2BWwT, B =07>
AL, TUYUMITO—NVONRY — & —FT B
(B=B-20=B). FRIZLT, FHME 7 —> (8) 1Tk
LC, EFHREIFHATHS & FHiT v Vv W 5fR,
JEMiS 5. 22T, SIERE n, Ok BOBS 2 5 R S
N, KHGIE7 ) AT AREHKRARLEDME 4 DTNy —
REHBTL. W RBET 271 ET 1, HHBICBIT A%
BN -~V OBEADOBSERT. S5, TV D
IZDOWTHAN—RIZL, BEELA XY MR/UEL BE)
PICEER L7, IS OFFNIC D W TIZREIZB W TR
5.

INTA—ZEE - CompCuBE. [ 2(c) 1, EETILD
MTEmRL, ROBEHTHER SN,

E#F 2 (ComPCuBE) M’ % CoMPCUBE D /¥5 A —
yEEETD M ={B,B,C,C,S,W D} ZZT,
e BAx3). &7 /74T 4D T—=NVEIERIL
YR (R, BEER, BREED).

e B (dx3xm). FEHWBIIBIFL2a—-H VAR
vOR.

e Cldxd) :dFEDODITXTOT 7T 1T AMIZBITS
70 =8N A TR,

C' (dxdxm): ZFHITIZBIT 50— 7L 2 EERR.
S (kxnp): BEn, ®kBEOFH NS —>.

W' (dxkxm): BHIRICB T BFER/SY — > OEH,
D (dxnxm): I, 2250 %A4 XY P EERET
BAIN— AT V.

4. H@EETIT) X L

RIETI, ETIVOFEETNT) AL TH%H CompCUBE-
FIT I22WTERRE, BET7 VT XL0HMIE, 5256
NIZKBUEA T4 VEBT— 7 1R L, EELR/NY —
AHBL T2 2L TH S,

M2 dEOT7 774874, mOHIg, EEnod
HIM»BERSND T vV X € NIXmxn gl 2 5
Nzt s, X eRBTLIRBELET VAT XA -V HEL
M ={B, B ,C,C,S,W D} %%HAT 5.

4.1 ETFNVEBET—2[EH

REOHMIZ, ME2ICBWTHRNRIINT A —FELS
M OHEHEETH 5. BARRIZIE, G617 X 12
L, WY Z%RETFTNINT A—F 2584 5 L RS, FEitE
NE— Ok FEHBHEE L, Ul D LEL) &0,
EHIZ, AIETHRIL I I, Bohi g 2 —yHELH M
BTEBPTERLY Y Iy 37 MZEB L
V. RRFZETIE, KBTS VL X IR - EFL
b3 572012, /Mt (MDL: minimum description
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length) (22D (72455 LA % — L 28 AT 5. HIE
BIZiE, 7= PEDEMTENL, LHVRVWETLVTH
HERZLT.

EFIVERHEIX M : CoMPCUBE DETININT X — & FeH

I Costpyy(M) IZFLLFOEZ PSR I NS,

o TUTAET 4O, WIHORE m, FRVIOE
& n 12 log*(d) + log*(m) + log™(n) ¥ v MET 55,

e (B)asics : Costy(B)=d-3-cp, Costy(B)=1|B|-
(log(d) + log(3) + log(m) + cr) + log™ (| B'|)

e (C)ompetition : Costpr(C) = |C| - (log(d) + log(d) +
cr)+1log™(|C|), Costpr(C') =|C'|- (log(d) +log(d) +
log(m) + cr) +1og™(|C"])

e (S)easonality : Costar(S) = |S| - (log(k) + log(n,) +
cr) + log*(|S]) + log*(k), Costy(W') = |W'| -
(log(d) + log(k) + log(m) + cr) +log™(| W)

o (D)eltas : Costy (D) = |D'| - (log(d) + log(n) +
log(m) + cr) +log™(|D'])

22T, || BRIFERERORE, cp ZFEV/ NSO T A
k&R0,
T—2DFEETR b, HAONLETNVNT XA =5 4E
HEMITHTE X OFFILI A N EANTI TRV
TROEHICEKIHTH I ENTES [3]: Coste(X|M') =
S 1080 PGy (Ta(t) = Va(t), Z2°C, walt),
Vat) \3ZFhzEh, 72771474 i D1 FHOHIK, Fl
IBFAFY VFNT -y LR R RS (ETV 2)*.
BEAEIX MR, EFANTA—FESE M BHLON
el EDO X O FRIEIROL ) ICEB SN,

Costr(X; M') = Costp (M') + Costo(X|M')  (4)

L7=205> T, KigXoxko X, Lioa A MEEE
AMET B LD BN TA—FES M ZHETHILET
H5b.

4.2 RET7NLIVX L
KRETTIE, R8T A —FHEEG M ERIFE P ORE
ICHEET A 720D FHE LT, CompCUBE-FIT % 2%
T4, RETHEL, ROTNVIT) ZL0LHEHRING.
(1) GuroBALFIT . 7 H— NV /Ny — o Lg%
(B,C), FHi/>\y —» LHUE (S,D) 2§ 5.
(2) LocarFrr: H—7 )bz bL >y FBXW, FHilk, 7
BRI A <> b (B,C, S, D) #5HF 5.
(3) AutoCoMPRESs . X OF % [FHE, TR L, HodfF

Algorithm 1 CoMPCUBE-FIT(X)

1: Input: Tensor X (d x m X n)

2: Output: Full parameter set M’ = {B,B',C,C’,S, W',
D'y

: /* Parameter fitting for global-level activities */

: {B,C,S,D} =GLOBALFIT(X);

/* Parameter fitting for local-level activities */

{B,C, S, D} =LocaLFIT(X, B, C);

: /* Automatic model compression */

B, C,S, W, D'} = AuroComprEss(X,B,C, B, C, S,
D);

9: return M’ = {B,B,C,C',S, W', D'};

¥ ZZT, logt BEKOIZN—HFLFTEEERT.

6 ORKFXTE, BEESREE 2D L) FE/NEEE TV 7L
(BEBAL) L7z, 22T, cp =log(br) THY, bp 31T v b
O¥ERL, bp = argminb%CostT(X;M’) LN, cp DLER
$4x8&55.

TOZIT, p, 0 BAY VI — 8 OB OO T &

DERT.

© 2017 Information Processing Society of Japan

M KD S,

Algorithm 1 12 ComPCUBE-FIT DE %X /~RT. 525
N7y IV XL, MEFHRIFET, Z7u—r3)Lix
FA-5%4{B,C,S,D} 2HET L. KRIZ, 7YX
CHEE L2 T — NN T A—=5 {B,C} VT, 4D
DT >V ({B,C,5,D}) THEINLT—T L%
MUY REIHT S, RkEIC, I X M GR(4) 123D
ENT A=Y MR T, M 21T 5.

DFTI, £7VTY XLIZOWTEEMZ2 R3S
4.2.1 GroBALFIT

5z 57 vV X IZx L, GLOBALFIT (377 1 — /N
WX TG A=y EEZHEFET A, Algorithm 2 |3 GLOBAL-
FIT DMBOMT2RT. X 2 dEOT 774714, m
O, & n OIWEEEDO M (global) DL L, X =
{z;},, a:zf{ S zat)y, ET A GAbhiT

O — NV KB X 124 L, GLOBALFIT X, &7 27 7 4
T 14 il 587 X =8 2 FAEEEHWCHEET 5.

ZZTM; 2T 7T 4T A4 \xT A0 =N 78T
A—yHELELETE (M; = {B;,C;,S;,D;})*8. GLOBAL-
Fir i, ¥, () dEO7 77 1 ©F 1 ISR
FELBWEREL (DFD, ¢;=0 (i £§)), H¥—r~
A& (1=1,...,d) (X LI 2DR) 41289 2 —% M;
AHET S, RIS, () 2200727747 4 &, x; O
’ﬁﬁé‘?s@fﬂb‘ﬁﬁ:?é L, e fEeT5. BAD
i, K77 74871 2 1L, 3 A MEE (X @)
ZiAMET B &) G MHT & 2 HHT 5.

GLOBALFIT X 2 DD XMW % 7T A4 7T 4 T
(1) TETRAFIT, (2) SUBSETCOLLECTION 7° & Hi B &
ns.

(1) TETRAFIT. 52 6Nz 0 =NV =7 v A X 12
L, EARWRNT 2= B, CER#ELT 5 LRI

BN~ S, HIED OB HEBEER L. —
B2, TROEDEFVEDL, FEFICELLDINT A—F

*® B; = {pi, i, Ki}, Ci = {Ci,j}j:p S: = {si(t)};2,, D; =
{8:() ey
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Algorithm 2 GLOBALFIT(X)

Algorithm 3 TETRAFIT(i, X, M)

: Input: Tensor X' (d X m X n)
: Output: Global-level parameters M = {B, C,S,D};
: Compute average volumes X (d x n), i.e., X = {&;}¢,
: Initialize parameter set M
/* (I) Estimate individual parameters */
fori=1:ddo

M; = TETRAFIT(Z, Z;, M);

: end for

// Fitting for ¢ using &;;

: /* (II) Estimate competition among all d activities */

10: while improving the parameters do
11:  /* Select the most unfitted sequence &; */
12: i = arg max Costp(Z;; M);

1<i'<d
13:  /* Estimate parameter set M; for each activity x; */

14: for j=1:ddo

15: /* Find subset of sequences that have competition
with ¢, j */

16: X;,j) = SUBSETCOLLECTION({Z;, &, }, C);

17: M;; = TeTRAFIT(i, X|; ;1,M); // Fitting with

Xig03
18: end for
19:  /* Find the best competitor x; of x;, and update M;
*/
20:  j = arg min Costr(X; M;);
1<j'<d

21: end while
22: return M = {B,C,S,D};

M; = M/;;

17

LR INTWELD, 1BIZTRTOETIVINT A—F
DHERATH S L IEWEEE 2 5. 2 2 TARFZETIE, ZhHE
WD DR 2 7V T) AL L LT, TETRAFIT Z32%$
4. TETRAFIT X, 727714 T4 i [2hT 585 % —
544 (By, Ci, Sy, Dy) V2D HAIZHE Y E LIEE T S
LT, BEPOERIEIINT A= HET B 72ODTFH:
TH 5. Algorithm 3 1%, TETRAFIT D% RT. ¥ —
rUAES X, BUEDSTX—FELEM, FLTC, A~
Ty AiNGrohict & REFEIT 771874
PWCETANRI A=Y DA EREILTSH. 22T, L—N
YN—=7 - <) — b} (LM: Levenberg-Marquardt) %
AwTax M (KX (4) oRdfbzdTo 7.

L2 L%Hs, EROFEILZF A — 7 FEIc =
WCHhbH—J5, HKKELT, T A NEEDOFIHEIZ O(d?n)
OEMAZELTLEY. X (1) TRLAEBY, BETH
E7— 5 NOTRTOREHROBEE ({c;)0 ) Ot
BHPLETHAH, T TERERME LT, BEMERITY C
FHlHAN—ZATHY, 72VTVOERIIET (¢ =0)
b, 0D, BEEOIKRVWT 7T 4 ET 4 ORT
(i,§) DBERIEHRTLIEDTEL. ZOTATA4TIS
HOE, T 2EATS.
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1: Input: (a) Index 4, (b) Sequences X, (c) Current param-
eters M
2: Output: Optimal parameters for ¢, M; = {B;, C;,S;,
D;}
3: while improving the parameters do
4: /* (I) Base and competition parameter fitting, i.e.,
B;,C; */

5. {B;, C;} = arg min Costr(X;B, C, S, D);
B.C;
6:  /* (II) Seasonal parameter fitting, i.e., S; */

7. {S;} = arg min Costr(X;B,C,S,D);
s/

8  /* (II) Find deltas, i.c., D; */
9: {D;} = arg min Costr(X;B,C,S,D);
D’

i

10: end while
11: return M; = {B;,C;,S;,D;};

(2) SuBseTCOLLECTION. & O #JFMIZETIVFE 2
572D FHF L LT, SUBSETCOLLECTION % &4 5.
SUBSETCOLLECTION |&, A7 774 €7 1 i 123 L, H
HYEHOHFET 2 EEORA BT 27200 FHETH
5. BAKIIZIEZ, TETRAFIT D& AT v FI2BWT, T
FAETA T BETAUINT A= 2 HETHE, X
*HVWTAdBOTRTORT (i,5) (j=1,---,d) &2%H
TRV, 777471 ICEBRTA ALY
%) #3EE X € X OB RV TREIZETVIEE
9. 22T, BRe Xy &, HZENIZ (550
BW) i FHOY = v Az, LEELTWS (0F ),
i >0&E45E97%) jHREADY —ry Az 2 ELdie
BHELTH. T, Xy RFREEK () AVTRD,
Xy = f(&), f(&;) ={®&Uz;Uf(x;)[Yc;; >0} £T 5.
SHICEY, & BEHELT, ¢ >08h5L9) TR
TOBEMRY T Y A2, OREGEHEATH. &b, b
L7774 ET 4 i SHEMFPFELZVHEICE (D
IO Ve =0 (i£7), Xy==a L%&b. H5ES Xy
i, AV FNVEEROESITHNR, FFEIS VKDY —
AL ENS D, TOFEIE TETRAFIT 2B
HETIVHEEDONR 2 RENICHFIT LI LN TE 5.
4.2.2 LocaLFIT

BT, ZHIRIC BT AEE Y — AT 2 FETH
% LOCALFIT IZDOW kR4, ZZTlL, Gaohizrr
YNV XIHL, B=ANVBNTA—=% M={B,C,S, D}
AHET A 2T, wlEh M EHEET A 0OEICD
WCTEZS., BOMHALDOE LTIE, $XTD m Dbl
[Zxf LA LT, GLOBALFIT % Hifli@ind 2 FEE05H
L. ZoE, KIS0 LEHNIC NS A — 5 g
) I M={M}2, (22T, M; = {By,C;,S;,Di}).

L2LAHs, 2oOFEE, §XTOMIBICBW T4
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Algorithm 4 LocaLFIT(X,B,C)

1: Input: Tensor X', Global parameters B, C

2: Output: Local-level parameters i.e., M ={B, C, S, D}

3: /* For each i-th activity in [-th location, x;; */

4: forl=1:m do

5: fori=1:ddo

6 // (1) Find subset of sequences that have competition
with 4

X151 = SUBSETCOLLECTION (247, C);

®

/* (1) Estimate parameters for x;; */
: M = TETRAFIT(, X517, {B, C});
10:  end for

11: end for

12: return M = {B,C, S, D};

I RTOFEEBERORT (dxd) IZ2WTETIVHEEE
THOVEIH L., S5, EF—FICBVWTIE, »wop
DHIKIZ BT, F— 7 WA= A TH BEEDE N0,
WD > =7 ¥ ANk 2B TR 585 A — FHfEE
AT ELWITREMEATE . [, RIFZEICB W TEER
BELT, Za—nNeny — i, SHISICBIT S
BT 2 e A AUIESE, MR 7 22 SRR 4ROV T )
BB L7zwv. 728 218, Nokia vs. Nexus D & 9 78k
SRRICBWT, R NL Y FEREL, &by
DLOVELELPEREDR LIV, 0L, ZEODY —
YEMBBNCHIZFEHE L TLE ) OTIER L, ke ki

L7299 A COMMRZ LY FZHBIIICER L2,

ZZTAMIZETIE, LD EELNY — VB EAT) 720
m ORI BT B 71— N AR E AT 2 2
LIZEoT, EFVEEZIT).

BARW 53 LT, b Lm Hi0oL&#icBWT, 2
DDT 7T AET 44k j ORI =N REaHRT
BWHEAIZIE, Za— NV ARBEAERL VLD E R
. 0%, Fu— NV REARERTE C 52 bhizk
&, BAMBROTILRWART 4, § (Vi,j,cij =0) 1K L
T, =V EHEEMRORMEEET L2 LEN; %L
cij > 0 DLE IO MR EFIRE S UL L. Algorithm 4
& LoCALFIT DB OFHNEZ R, KT 27T 1T 40D
I FHH OB B W T, LocALFIT 32 ET IV /8T X —
¥ My 2HEET S, S THERNGEETVFEDDIC,
SUBSETCOLLECTION, TETRAFIT %\ 5.

4.2.3 AutoCOMPRESS

FUVN X LEEST A— 544 (B, C, B, C, S, D}
Hzohrzt &, KEORMEEEL, X 224, £HT
BETIWINT A= M #HEHIHT 22 THD. KH
BTy IV X OFDs, JUERNSY — v 2REELENS
b, EER ML Y FETNTHERLLALV., 22 TOMEE,
(a) B LR FHIE Y — > () 2EDXHIZHRLT B0
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Z LT (b) FBHEitk/ Y — v O @ik, BLXOY, #hz
NOF >V Voo L uEZORELEE (B, |C),
W, |D)) 2EDEIICLTHET 2%, D2ETH5.

1 OMEICOVWTE, K2(D) IEBWTORLZE) IS,
FEIT VN SEES 0, OV =7 Y AN dx m BOEE
TR SN, £ =T VAN, i FBOT 774174, 17
HOMIBIZ BT BJEE/ % — % (Kindle D7 A1) A%
EICBIFTA 12 HD 7 ) A~ AL — L&) 2K L TWwa,
LL%EDS, SOFEHTFyVYIVSIEIOFETETET
HY, BEROT 7 T4 T4, BEOMIFIZB T A Il ]
Y=V ERBTHIENTER V., ZITARIFETIE, 5
AONLFEH T IV SOMPORBELFH/ NI -8 %
BRTLFHEEEZ L. B, X B) 1BV URLE
L9102, TTOFEET I SITR L, kABOMIL %555 5
WHENEES n, DV =7 Y 2EES (kxn, ¥ A X)
AT S, 22T, BT — (S~S- W) R/l
b &% kEOM G2t T 5. REFFETIE, M
SR 5T (ICA: independent component analysis) [10]
OB T 2479 . ICA 1, TR (PCA:
principal component analysis) [12] & (25720, 77 A%
RN = Y AR L, RGETRISHNL 2R 0r  k AR
BRTLIENTES.

BN TH 2 OFBEICOWTIL, B 2B k& OFHE <
Y= R HEINICHEE T A2 FESLEE RS, 61, &
T VNI OWTYH, L ERORE ML HE L%
CTRZES . £ TRIETIE, X (4) IRLAzaX
NEAELE T, WYk RHEET S L FERC, KT
VIR TELRYEH L A= AT B THRERET 5.
FrE X, BL CCEHEENDLEE e DIEFITNE
MTELMEL 7241213, I X PEBICHES X, iEY
O (e =0) I2F5IEDTES,

Algorithm 5 (& AUTOCOMPRESS DMLELDFEN % 7R T .
TUITY) AL, FFNXB) DX B, O EFIHETS.
K2, ICAZHWTE=1,2,--- AOFHM/ -8 &
T UV W5 (DEcoMpPosE) L, I A MEH
(X (4) 1THEDENT X -5 EL5 T EH (SPARSE) T 5.
ZD%, RERFEHM Y — Ok %3 A MEKICK
DEPRET S, AR, FoogT VIV B, C, D
IZOWTY, IR MNEAFUIIHD XJEHM; (SPARSE) &M 5.
5. FHMEEER

AL TlE ComPCUBE DB A BRIET A 7200, £
F—=F MO EREIT- 72 BAAMIZIE, KETIIUT
DI IO WTHRIET 5.

Q1 E7— % ORHEhE BT 2 R_RET 0 AWM
Q2 W|ETN IV XL DIEEDMEE
Q3 /8% — AT B RHA R O MR
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Algorithm 5 AuToComPRESS(X,B,C,B,C, S, D)

1: Input: Tensor X, Dense parameters B, C, B, C, S, D
2: Output: Compressed parametersi.e., {B,C',S, W D'}
3: B =log(B/B); (' =1log(C/C); // Compute B',C’;
4: k=1; // Find k seasonal components (k =1,2,---);
5: while improving the cost do
6: {S, W'} = DECOMPOSE(S, k);

{S, W'} = SpaRsE(S, W');
7:  Costy = Costr(X;S, W' k);
8: if Costy < Costpest then
9: /* Update best candidate set */
10: Costpest = Costy, kpest = k;

{Stest, Wiest} = {S, W'}

11:  end if
12: k4 +;

13: end while

14: {S, W'} = {Shest, Whest}

15: /* Compress parameters */

16: {B',C', D'} = SPARSE(B, C', D');
17: return M’ = {B',C',S, W', D'};

5.1 Q1 :REFEDHEME

KEITIE, KEBA V71 Vg7 — 4 1I2k$ % Comp-
CUBE DI ORI R ZMEET 5. KFw3L TlE, Google-
Trends IZBITARD 8 DD N AL VIZEHETHF—T—F
(T2 74T 1) E£EF LIFNIT AT 572 0 (#1) Prod-
ucts, (#2) News sources, (#3) Beer, (#4) Cocktails,
(#5) Car companies, (#6) Social media sites, (#7) Fi-
nancial companies, (#8) Software. % F X A X123t L,
FELF—T = FNEMd=10F%380, m =236 7D
Husg () (233 5 2004 225 2015 FFEICHT TORET L
Dy T)RERER, 22T, £ -7 AL, ER
710 127% 5 &) EBALE 247> T 5.

3 &, CoMPCUBE % M\ 7= 458 H 84l i o1 %
ARLTWA., HRONZZ8MEONAL LIZBIT5EH
Wt v o4 ViGE)7— 5123 L, (B)asics | /8% —
v, (C)ompetition : &4 257 774 €T 1 HOHAEIZL
BLIRFEINY — ', (S)easonality | AN 2 iHB /¥y —
(D)eltas @ 22517 A8A 7 (HPFHRAD A X2 ME) D4
DOEELFEHZEYNIEH L Twb,. LUFTIE, Comp-
CUBE I & %/%% — UG 2 4 D DRI L T
NEIZARI T 5.

(B)asics. X3 (a) &, 8THHDO XA U SARI NI
7=ty MINT2REFEOFEMEREZRL TS,
VYT NT =5 I FEEOR, RETT IV L DHEMEIL
B DM TENFILR LTS, CompCUBE X, &7 —
ity ML, FBENREE Y — LRI 2 R 5
BrZIEMHICEIAL VS, 2L z21d, 3(a) ISRT &B
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Y, (#1) Products 1%, iPhone % Nexus ¥ (I LU LT 5
L OF =7 — F)5, 2004 FF5 5 2012 4F 1A TRER
LA LT TWA 25, —75C Nokia, iPod (3547 2 {7
L TW5S, 1L, B%5 < Android BAEO L 525 H
HLAZEDPERTHLEEZOLND.

(C)ompetition. CoMPCUBE (I DF — 7 — FE D
M2 ERARE HEIMICERT5 28 TE 5. K3 (b)
i, £7—% -ty MIBTABENRBESEBROBE R
LTwa, L) EARMICE, REFHICL > THEHT S
N7 C = ey}l I b, BOMEFOXTEZRLTY
b, T2k 21X, (#1) Products |28\ T, Kindle, Nokia,
Nexus O BICENAHEERASGEENTWSE Z L2t L
7z. EHIT, 1 BIZBWTTTIZHMARZZEBY, RETFE
FZFoHE (E) FE DR a8 aRR0mS RIS
LIEPTES. 1(a) &, FEFEFETHL L7245 Hhisk
I2B1F % Kindle & Nexus D OBEEROMS C' 2R L
TBY, FaoHile (United States (US), Canada (CA)
) TRV EEABIR, fkhoMEg (Brazil (BR), China
(CN), Japan (JP) %) 355V &R ERL TV 5.

FERIC, B 4 (a-i), (a-ii) (&, (#£83) Beer 12813 % Modelo
& Corona @ [ @ HIE BB A ER 2R LT\ %, Modelo
& Corona (& Grupo Modelo #2384 52X e A ¥ 2
V=L Thsb. Mz RbE, Corona EHMHICKEL T
V2 —75, Modelo l& 1 — OBEBEAEA L TB Y, 45,
Mexico (MX) % Brazil (BR) 28T Z OHH[AEHZE T
HbH. LHL%AS, Guatemala (GT), Chile (CL) %
DHIFIZ BT R L DA S 7.

4 (b-i), (b-ii) & (#8) Software |23 % HTML &
HTML5 OO OB AR EZRL TV A, Lo B X
A ERRLY, INH50F—7— FREIZIE, BEY% b
LYy Ry —VI3RONT, ZEAREOREV% L
TWwh, 72k 2, Loz Td, HTMLS O 7 7
T4 BT 4 L5 L FEFEIC HTML OMEEASRAE I H
b ENGHD.
(S)easonality. 3(a) IZRT L 912, CompCuUBE I,
FTRTOF—F £y MIBWT, EFHO/S Y — > & Fik
IZEBZTWA, 72k 21X, (#1) Products, (#3) Beer,
(#8) Software \IZBVTIE, 7 ) AT ARENRAE, ek
FEIEA XY P OINY — VPR ENT WL T, (#2)
News sources \ZIEPAMELR FEIHEDHFE L BN LW 05
7o, WHBIOFHIEA <Y M LTI, K 1(e) LB
T, 4 20/FEW R F—7 — FITHHT 2 £EHILOEHiTE %
ALTWa. BAEMICIE, RS S FE Ny —
¥ S, TEP&MITIIBIT LFHUEOMS W /R TW
5. BISRT XIS, 7 AR ZRHFESOLIMTH S
B85 =6, [HIEAD X9 ZJFETA XY b b BB
HBRATALZENTET.

[ 4 (a-iii) ¥, Coors (2B} B FHIROFHiME Xy — >
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Fitting result - RMSE=0.051378 Fitting result - RMSE=0.056
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g 3nexus g — 3TIME
é 4htc (‘; 0.8f (J\pid?s o 4Google_News
g Sipad 206} — SBBC
% 6blackberry (_9) i 6Yahoo_News
5 7nokia 5 041 1—— 7AP
#* 8imac * o0l —— 8Huffington_Post
9ipod . —— 9MSN_News
0 . —— 10kindle 0 . —|——10Al_Jazeera
2004 2007 2010 2013 2004 2006 2008 2010 2012 2014
Time (weekly) Time (weekly)
(#1) Products (#2) News sources
Fitting result - RMSE=0.071639 Fitting result - RMSE=0.071323
‘ ‘ ‘ ‘ +—— 1Budweiser ‘ ‘ ‘ ‘ T Margarita
1t (—— 2Corona 1 2Martini
ug) — 3Keystone g 3Sangria
é 0.8 aMiller 6 0.8r 4Mojito
206 — 5Blue_Moon 206 5Mimosa
% I\ 6Coors % 6Mint_Julep
5 0.4 VV H+— 7Bud_Light 5 0.4 7Moscow_Mule
H+ f v +— 8PBR £ 8White_Russian
o2 ;&‘M"“ et 9Modelo 02 9lLonglslandicedTea
0 : . ___2—10Sierra_Nevada o : . —— 10Tequila
2004 2006 2008 2010 2012 2014 2004 2006 2008 2010 2012 2014
Time (weekly) Time (weekly)
(#3) Beer (#4) Cocktails
Fitting result - RMSE=0.079179 Fitting result - RMSE=0.035243
; ‘ ,‘ — 1Tesla ‘ ‘ ‘ ‘ —— 1Tumblr
| leola Tesla’s 2Bugatt il —— 2Facebook
© birthday — 3MINI e —— 3LinkedIn
‘g 0.8} 4Ford = 0.8f 4SoundCloud
® —— 5Jeep ® —— 5Google+
2 06f 6Toyota 206 6Goodreads
% 7GMC % —— 7Wattpad
5 04} —— 8Dodge 5 04 — 8Yelp
** —— 9Subaru ** —— 9MocoSpace
02 —— 10Mazda 0.2 J —— 10deviantART
2%04 2006 2008 2010 2012 2014 2004 2006 2008 2010 2012 2014
Time (weekly) Time (weekly)
(#5) Car companies (#6) Social media sites
Fitting result - RMSE=0.085474 Fitting result - RMSE=0.06258
j j j j ——— 1Wells_Fargo ' ' ' ' ' — {HTML
4b —{—— 2Bank_of_America 1 ——— 2Java
o —— 3Chase @ b
E Mﬁ] £ 3saL
*@:‘) 0.8 ) f t 4Capital_One “@:’_) 0.8 4JavaScript
* v q 5American_Express * 1 5PHP
3 0.6 6Citibank S 06 6XML
% 04 L4 7PNC_Financial_Services % 0.4 — 7Visual_Basic
Y — 8USAA #+ » —— 8ASP.NET
0.2 ‘, ‘ A—— 9Fidelity_Investments 0.2 9DDL
0 A-;_{#:,_ A aamnt 101 1w 11 j—— 10State_Farm_Insurance J v 10HTML5
2004 2006 2008 2010 2012 2014 2004 2006 2008 2010 2012 2014
Time (weekly) Time (weekly)
(#7) Financial companies (#8) Software
(@) 8 FEDT—Z v MIxtd b CoMPCUBE DEEHEHR
(#7) Financial companies
(#1) Products (#2) News sources -
- Bank of America | Wells Fargo
Keyword Competitor MSN News ‘ Yahoo News
- Chase Wells Fargo
iPod Samsung Galaxy (#3) Beer
. (#8) Software
Kindle Nexus Modero ‘ Corona
. - HTML HTMLS5
iPad Nexus (#4) Cocktails .
. - - JavaScript HTMLS
Nokia Nexus Mimosa ‘ Mojito PHP HTMLS

B BT—Xt Y MIBITFDEERESBBROH]

3 SHFEDOF Y IA VBT —% (d=10) 12T % CompCUBE DFEHERE
Fig. 3 Fitting results of CoMPCUBE for eight datasets (here, d = 10 for each dataset).

ERLTWA, Coors lZ7 AV HAEREITT T RN
FELE—VOHKTH A, H4E, US, Canada (CA) I

BWT, U= IVOFEETH L E % H.[Z Coors D ANZD L
HLTWbZ ENGhb.

11

© 2017 Information Processing Society of Japan



1EFRAIRF SRS

F—4&~—2Z Vol10 No.3 1-15 (Oct. 2017)

G

§

0.4
0.2
0

X
h

2004200720102013

Value @ time

2004200720102013  2004200720102013 02
JanMarMay JulSepNov

!

|4

Time (weekly)

MX

MX

2004200720102013

2004200720102013  2004200720102013

P

(a-i) BHUIKIZ B 1T B 5 AR (Modelo vs. Corona)

)

GTCcR J N
CL 4 f
R 2004200720102013

(a-ii) ZZEFEH (Modelo vs. Corona)

(a-iii) ?ﬁ‘ﬁ/ N & —/ (Coors)

1
3

2004200720102013  2004200720102013

(b-i) FHUIFIZ B B BEAER (HTML vs. HTMLS)

[0}
E 02
by 0
lob us CA /J ® 03
04
2004200720102013 2004200720102013 2004200720102013 g _08
‘ JarMaMay JulSepNov
GB IT ‘ FR Time (weekly)
|
2004200720102013 2004200720102013 2004200720102013 S
E 4
IN JP AU O
) nd
o y
2004 200720102013 2004 200720102013 2004200720102013 %pv
| ’ ,

(b-ii) FEEEE (HTML vs. HTMLS)

(b-iii) =i/ Z — > (XML)

4 (#3) Beer, (#8) Software \Z%$ % CoMPCUBE O 1 — 7 )L 3% — > D))
Fig. 4 Discovery of local patterns for (#3) Beer and (#8) Software.

[ 4 (b-iii) (Z (#8) Software |28V} 5 EERFHi/N G —

YELT, FERAERLTNS, TRIE, XML IZBIT5
FEANY FOKMIBOMS 2RT. IIRT EBY, 7
Oro<Rerny Y27, KBPIZIhs0F—7— i
T LTV WZ EWGhs. ZofmEIL, Java 2 SQL
WZBWwThRoNT7.
(D)eltas. 513, W% A XY OHISEMER %R L
Twa, BARRYIZIE, (a) CNN IZBIT 5 2008 EDT X 1)
7 RARFEREED = 2 — A, (b) 2009 4E 7 A 10 H ® Nikola
Tesla DFELEH IZB3 % Google Doodle #7779 (X 3 (#£2)
News sources, (#5) Car companies (2B THRHTER).
M5 Cld, &4 MWL, HRT L OEBEO®S
D EZRLTWE, RBETHNITRNANNS 7 2FiD, Ik
THIEZOHITIZIIA N N OFBEN N & & EET
5. 5 (a) 1, HFEICBWTT AU 7 EREREEOKA
22— APEDL HWIEH SN TV A 00950 h. 22T
&, US, Canada, Europe, South Africa, Japan, Korea
&, BLERE OIS BUAN, BEERICH VD ) D& 5 ED
HWWEILERLTWA Z &9 054, FKIZLT, K5 (b)
&, B R EELFEHRD 1 A ThH A Nikola Tesla |2
&L, #HivE (US, Canada, India, Brazil %) I2Bw
THWEOAET > TWnD.

5.2 Q2:REFEDEE

K2, CompCUBE DFEBEZMILT 57-0, UTO
By & DI %475 72, (a) PLIF [16] © BERHIS — 7 » A
D72 DMILEH Y AT L, (b) FUNNEL [25] : &% 7 —
YD1 ODOIILETY ¥ 7, (c) LVC[26] . @ b % - R

© 2017 Information Processing Society of Japan

(a) CNN: Nov 2-8, 2008
(US election)

5 CoMPCUBE 2B 59HB 1 x>+ ((D)eltas) Bl
Fig. 5 CoMmPCUBE automatically detects world-wide events.

(b) Tesla: Jul 5-11, 2009
(Google Doodle)

0.25— : : : : - : —
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Fittin%error RM
o
=

o

#1 #2 #3 #4 #5 #6 #7 #8
Data ID

6 CompCUBE &IEAFTIEDORELILE (RMSE)
Fig. 6 Average fitting error (RMSE) between original and

fitted volumes.

7T OHHFET I, (d) ECOWEB [21] | Hi—Hilgi2 BT 5
T T4 EHOHFETIV. M 6138 ODT -5ty b
(#1-48) 2B AF ) VF VT —F LHElEE D _FF
¥ (RMSE: root mean square error) 78 LT\ 5,
IDERWEIZ L) BOFEEBEZ/RT. KIORTEBD
REFEIHEELZEIL WL —KT, (a) PLIF &
MIEETVTH Y, FMIENLRERBELZEZHTE 2w,
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Fig. 7 Wall clock time vs. dataset size, i.e., (a) activity d,

(b) location m, (c) duration n.

(b) FUNNEL 30 B/ 5 — v o6y 3 v &
WX BANA 7 KRBT BN, Ripby—0r y AMOHE
BRELB252ENTERV, () LVC I3, RibF—
7 — FEOBABERERHTE 5, Ty — 20
HTEY, (d) ECOWEB I3, ¥R EFTHiM 7 — 1k
FHTE 205, FHUER & HITI BT 5 RFTHY 7 1M % 5
RT&Ehwv, KIRTEBY, BAFELREL, RETF
FEIEVIBETO T — ¥ OFBIHI L 7.

5.3 Q3:REFEDFERM

%12, CoMPCUBE DEHEIGR 2 MAFT 5. 73
F=F DA X% AL SRz 2 TORETFEDOFER
MzZRLTWA., 22T, 2R2N, (a) 7251 ¥
F 4 OHHd, (b) WEOEH m, () ¥—F v ADES
n (GEHAL) 223 ¢T3, £MIL linear-log, AR
linear-linear ® A — )V C/R LT\ 5. PLIF IZ2WTIZ,
k=5MOBEIMEZZREL, iter=20& L, ATV
BdxmfAOy—r sy ZEEE L o772, MIRTER
D, CoMPCUBE 37 — % ® A3 LIEDETHHIEE T
BELNY -V ERRTLZIENTEL, #ke LT, 12
FFREFFREIA N EFEBEOWMEIZBEWT, BRAEFE
&R UK Z2RED o1 12 #E R L 72,

6. T4 AXHva>

W CTI_72 X 912, CoMPCUBE 34 %2 KA A 128
A4 T4 EET— 5 2 D> ORISR, BT
THIENTESL., I TARETIE, AMFEORDEER
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Fig. 8 Forecasting power of COMPCUBE for (#1) Products.
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Fig. 9 Forecasting error of COMPCUBE.
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