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Abstract: Given a large, online stream of multiple co-evolving data sequences (e.g., sensor/web activities
streams), which contains multiple distinct time-series patterns based on inherent dynamics, how do we cap-
ture important patterns and forecast future values? In this paper, we present MODECAST, an efficient and
effective method for forecasting co-evolving data sequences. MODECAST exploits Dynamic Mode Decom-
position (DMD) to capture time-series patterns based on inherent dynamics. Our proposed method has
the following properties: (a) Effective: it captures important time-evolving patterns in data streams and
enables real-time, long-range forecasting; (b) General: our model can be practically applied to various types
of time-evolving data streams; (c¢) Scalable: our algorithm does not depend on the length of data streams
and thus is applicable to very large sequences. Extensive experiments on a real dataset demonstrate that
MoDECAST makes long-range forecasts and consistently outperforms the best existing methods as regards
accuracy, and the computational speed is sufficiently fast.
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Fig. 1 Forecasting results of MODECAST for motion sensor stream: It continuously and
automatically forecasts /s-steps-ahead-future values. (a) Our model fits and fore-
casts the original stream very well, (b) Snapshots of I,-steps-ahead-future value
prediction at two different time points and representative DMD eigenvalues for
future value forecasting. A larger argument of the eigenvalue in the former DMD
modes, compared to the latter, implies that MODECAST is capable of modeling
higher-frequency components.
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Fig. 2 Overview of MODECAST: Given a current window X,

(a) It employs delay coordinate embeddings for obtain-
ing X5, (b) It estimates a regime 8 = {A, ®}, finally
reports ls-steps-ahead-future values V¥, which are the

estimated values of forecast window X ¥.
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Algorithm 1 MoDpECAST (x(t.), M, C)

1: Input: (a) New value x(¢.) at time points t.

(b) Parameter set M = {©,Q}

(c) Candidate C = {6°,w*, s5,,,}
2: Output: (a) Updated parameter set M’

(b) Updated candidate C’

(c) Estimated variables V¥
X% + X[tm : t] // Update current window X¢
/* Embed into time-delay coordinates */
Compute Xglg
/* Estimate optimal 8 */
M',C" + MobpgEsTIMATOR (XS ., M, C)

aug?

according to Eq. (2)

/* Forecast ls-step-ahead estimated value */

VT «+ MODEGENERATOR (C’)
10: return {M’, C',VT}

51 RE7NLIUIL
MODECAST IZIRD TV T1) XA THER E N5 (Algo-
rithm 1).
o LYYt U Y XC o BIEHEER TRI SN
LY 4y Ry XC, RERT S
o MODEESTIMATOR : JEMEEARTERB I N L >~ b
T4 YR X, ST A—FEE M, BT A—
yCMr5zohtd BIEEOT—FITRb#ELIL
V=h0xitT s, T, NTIA-FEEM BL
CEiNT A —% C #BHT 5 (Algorithm 2).
o MODEGENERATOR : fEfli/S7 2 —% C 2352 b7z
EE ATy TROTFMT 4 v K VE 23T 5.

5.2 ModeEstimator

BIEEEATRBLEN ALY by 4 Y By X, 789
A—GEE M, BT A—5 CHG2OoNEE&%%
Zh. ZIT, HEBEE f(s5,0° XE,) LERT L.
2L, s§ldEA b, CB DEEMTH L. T, f() 1
ELEEACER SN ALY by g v By XG, &, &
IEFEER CRIENTHEE T A Y KT VI, D749 T4
YRR RT. BARICIE, RN ICCERME R T
I (e, f(85,0°X5,) =0, llzt)—v(@)]). Fwg,
BARW 2 VG, OFMERBIZOW TR, K (3) TH &
SNBMIBEN Y A7 A2, LY —24 0° 128 LTH
Wi s§ & LC @TXS,[0] 25 A USREAKIITRETSH
. LaL, WEIE XS0 \lER A ARG ERTY
7Yt R VG, ERHT A ENTE RV, £2T,
F 413 LM (Levenberg-Marquardt) 7 )V TV XA [34] %
AWT s§ #iifbd 5 28T, /A4 AOREOEIHIZ &
D, XVi#EY RV, OFEET). 22T, BTl
7289 A s§ 2 woBE LT 5720 DB E g() LER
5. /7, CoO—EOBREFET L7200, T4
bbb, f() & g() ZHAGDEBEE F() LEHTS.
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Algorithm 2 MODEESTIMATOR (X,

aug’ M’ C)
1: Input: (a) Current augmented window X,
(b) Parameter set M
(c) Candidate C
2: Output: (a) Updated parameter set M’

(b) Updated candidate C’

g

3: if F(6°, XS,,) > p then
4 /* Find better regime in © */
5. {s8,0°} < arg min F(0, X©)
6co
6: if F(6°, X§,,) > p then
7 /* Create new regime */
8 Compute A, ® according to Chapter 3
9 0c — {A,P}; @+ OUO°
10: we <« {P,U}; Q + QUwW*
11: 8§+ g(6°,X°)
12:  else
13: {6°,w°} < REGIMEUPDATE(6°, w°, X{.)
14:  end if
15: else

16: 8§« g(6°,X°)

17: {6°,w°} « REGIMEUPDATE(0°,w®, X {,,)
18: end if

19: M’ + {©,Q}

20: C" + {06°,w°, s, }

21: return M’,C’

MODEESTIMATOR (ZLL T OFNEIZHE S .
D) FO°, XS, >p bl LY—hty b
TA T A TREZRMET DL Y — A2 HREL,
0°c ZHHT 5.
(1) F(0°, XGp) > p b &, iz LY — KB EW
L, LY—=2a%ty b @~NEINT 5.
(IIL) (1), (II) DiAE TS N7z VIS, ORI 8, % 1o A
T TROFHMO 7O OMPIEEL LT, BEH/ST A—
¥ CIZRFT 5.
(IV) iz LY — 2 & LTREFEDO L Y — AP RIRE L2
4. REGIMEUPDATE |2t > CHET 5.
ZIT, BEEBERTERBEINZALY MY L VY
X CARRONY = FHBIL7z L &, Filek Ly =4
0={A®} 2HETLLENHL. ZOHEIZIZENE
N3FETHRARZZT N T) XL THET 5.
ALTAL LI —LBH. HABNT -5 () BLO
LAT Y THIOT =% x(t,— 1) 205, BFEL Y —20%HK
A, ®EFFANTI A LG w0 ={P, U} ZHEALT,
UTORNTERTS.
I #Hihr—49BL0Z01BAROT— % % EFR
N7 MV U 25 k RTTERITZEM NI %

il — UTw(tc)

&y U'x(t.—1)

. A% U, A, ®»5FMEHEL, UToRIHE->TH
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W 5.
A« (UT®)AU D)
A A+ (& — Azy)z] P

v s
. P
pP==
B
B 1
7 1+ &) P

I, ROEFDO/2DIZ P % EHT 5.

P %(13—71353053315)

IV, 3EDIIL, IV.OFNEEB Y ICHEHED A 55 A,

d rRDD.
F 72, BUEES) ¢, 1B AUEEWIEE, ALY g U F
Y XCDOLY—LBRHRTHLODICEETH L0, B
OB, Il BEmERN5 357200 TR L, #BEDORR
AEFUDSEHEELLEND L. £2T, SERHS
FEAT S, SOk [35] 1SV, S IEIEBICHIRE L 22V R D
§=0.999 £ ¥ 5.

5.3 ModeGenerator
RIZ, MODEESTIMATOR CHEE S N7/ ST A — %

CHEzoNlt& %25,

MODEGENERATOR [T OFNETITHILS.

1) & (3) 12T, 8¢, ZMEIMEL LT, Bt $TO
Mgz LY — 24 0° 2RI L CRREEERTERAZ
Mg 1~ Ny VE, 2HKT 5.

(IT) SEIEEFR CRBLENHEEY 1 » Ny VE » ol
ETA YR VE 2535,

6. FHM=EER

RFHLTIE, MODECAST DERMEMIL 5720, &

F=y W ERE T o7 RETIZUTOHEBIZOW

THERES 5.

Q1 7= AN —2OTUNIHT BREFLEOH N

Q2 VTV A LTUNIKT B IRET O DOMGE

Q3 7= X M) — 2OFHENK T B FHE R OMGE

F 72, FBZ 512GB O X £ 1), Xeon Gold 6258R 2.7 GHz

? 28 27 CPU B XU RTX A6000 48 GB GPU ### L

72 Linux ¥ Y ETHEML. £T7—F 1y MIFIHEE

AECCIEBAL (z-normalization) L CTHEH L7z,

hEFE A EREET 572012, DToFEE L

BE{To72.

o RegimeCast [14] : IFMILEIHI > A 7 K 12D R
FUTNT) XL, RERLINE, EEIREOH
k=4, ETVORERRL =2 ETNVH#HZOHME
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£ 2 7Tty M
Table 2 Dataset description.

F—% v \ RS Wt

R T R S P G A A NP UR I EL

(#1) ezercise KAk OB & 4

(#2) house-cleaning ! 4

(#3) chicken-dance : 4

Web 7— % : GoogleTrends |2 & V) Hif%

(#4) G-outdoor skiing, fishing, cycling 3

(#5) G-sports tennis, American football, 3
Major League Baseball (MLB)

(#6) Beer Corona, Keystone, Coors, 5

Modelo, SierraNevada
Netflix, Hulu, YouTube, Amazon(P)| 4

(#7) OnlineTV

(#8) Social media Tumblr, Facebook, LinkedIn, 5
SoundCloud, Yelp
(#9) Software HTML, Java, SQL, 5

JavaScript, HTML5

e=05-||XC| & L7

o ARIMA : 2 KRV T M T D 120 @Y/
T A — & HuL [14] 1I2HEV, AIC 2 AW CHE L7z,

e DeepAR (18] | KRV TFH D720 DFRFr D=2 —F )V
Py M= Fg )ALy b=a—=F kv b
7 (RNN) DOEOEOBRL 1, 2, 1=y MEOFA
18, 16, 32, 64 & L7z 7z, H#EfL7vT) XL
£ LTlx Adam [36] 2 L, F##E=FE% 0.01 TREEL
72, mRTAR Y 750100 T, #Y)7% early stopping &
FIH LB 2 T o 72858, b 71 v 714 ¥ 7 1ERED
HBWEFIVERA L.

Togty b EBRCHEHA L 2HE FT9o0%ET—

Ty MIROEBY THA. $72, 7=ty bOFFl%E

® 2117,

o (#1) exercise, (#2) house-cleaning, (#3) chicken-
dance : kA B &2 T2 NHOKTFEE—V 3 >
FXTFVICLoTREL LY T— 5.

o (#4) G-outdoor, (#5) G-sports, (#6) Beer, (#7) On-
lineTV, (#8) Social media, (#9) Software : Google-
Trends 2> SEBHENE I NELA L7 ) (e, F—
7= F) OBREBIZE o THEREN T2,

6.1 Ql1:REFEDAEMME

KEITIE, ZWRITTHERYT— % 2+ ) —21268F % Mob-
ECAST OFHIMREZMGET 5. EBEOE—T 3 v A XY
FNA M) —=212B1F 5 MobpECAST O FHIFERIZOWTIL
1EOM 1 THHLZEBYTHY, IRETFHRIIL Y —
LOBMELE E L2 LICE-T, BRERYTLY
A LFRTFUMAEEIL T 5B, FEIC, Lo By,
MODECAST 1352 5Nz RFN T — & ol LY —
LEELZ, ZNEFUNEPTIENITETRS, T2,
1(b) T, KHKEZNZBIF 5 MODECAST DV TV & A
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I ModeCast WM RegimeCast WM ARIMA M DeepAR

I
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Dataset

w
2 1
=
#1 #2 #3 #4 #5 #6 #7 #8 #9

Dataset
3 MOoDECAST OV TR DI « I—REF I T L I
NCEREZFUPERTE TS
Fig. 3 Average forecasting accuracy of MODECAST: our
method is consistently superior to its competitors (lower
is better).

221, =100 BEDOFM % LTV ERTB I OTZ0FHO
72O SN T R EFE P EOBNE— FOREAMHE A
PHE SN TS, ZORIE, F5RO\BmCERHED, K
PN T =5 A MY = 2ZEFNLEMNEL L O onEige
BEZHEUICERTETWAZ L EZHLNIZL TS,

6.2 Q2:REFEDEE

AREITlX, MODECAST O Iy AT v 7O TFHIFEE % i
AT B0, HEFHETH 5 RegimeCast, ARIMA B X
U DeepAR EFEERB 1T -7, BIOE—T a3 v A X
YMANY =L (F1, #2) IZBWTIX I, =100, FHo
E—Ta ARV PARMN) =L (#£3) 12BWTIE I, = 30,
web DA XY P T =% (#4-#9) IZBWTd I, =13
(e, 37 A% EFELL. §XTOFHEIIBNWT, /¥
TA=FF 2=V DOy = Y AR 35D
L ZFlfT—2 L LTHR, BRYDOT—2 2% L TRET
WEATo 72, F7z, FHMIEE & L Cld e o TR
7 (RMSE : oot mean square error) 3 & O It fa7E
(MAE : mean absolute error) @ 2 fifH% FIH LT\ 5.
B 3 1%, ZRICHERGIT =45 A M) —AI2B1F % MODE-
CAST B L OHBFEO FHAEDFHELZ R L TV 5.
HIZRTEBY, REFHIILEFLETH S RegimeCast,
ARIMA B X ¥ DeepAR &Ik L, 2 DOFHlifEED &5
LIZBWTHBHWTFHIREE %>, RegimeCast 13 [EF fE
WD WIBIEN R T AFITARELZ LN TRV
B, FUREEIMKT L TWa. B2, web O A X~ b
T=8DH)5, (#4, #5) OLIH) GZEAOEMNEZFOLE
RAENBET—=FIIM L CTHRESET 3 5. ARIMA 1
KRG T — 4 M OBIEERZRIIRE LIZ2ET IV TH S 72
B, P OIEIE T — F IS T & TR E KT
$5%. F£72, DeepAR FBRN 7 ETIVOHEFHATE W
720, LY —ADBRIGTE 2. 00, Tk
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Method
mmm ModeCast

mmm RegimeCast
10° < ModeCast < ARIMA

== ARIMA
£ F B DeepAR
- RegimeCast x+ DeepAR
1' X % Z. x
e 107 p—

*
2000 3000 4000 5000 Average
Sequence Length

=
%

Wall Clock Time (s)
=
=2

Wall Clock Time (s)
=
S

4 HEA ¢ \IBUSEEI XN (F) LPEE () : 2hbo
D y BT AT =V TFERENTWS

Fig. 4 Scalability of MODECAST: (left) Wall clock time vs.

data stream length t.. (right) Average wall clock time.

The vertical axis of these graphs is a logarithmic scale.

MODECAST surpasses its competitors at any time.

FEDMET LTHBD, FHZ (#1) O L) ZEBOMWS»IR
LhHLT—=LEFROT— IS 2 FUAEEMET 5.

6.3 Q3:REFEDETEEH

BT, REFEOEIAMIOWTHHET 5. X4
DOFERE, (#1) evercise \ 2% 3 % K WeZl t. 2B 55T
BHaAb%, —ETHDO MopeCAST & HEETHETH %
RegimeCast, ARIMA 3 X Uf DeepAR & B L72b DT
Hb. F72, M4 0L T—F A M) — Ak
B OFEHEZRLTWE. THSDORD y HlEAH A
T=VTERLTWAD. 4 R $EBY, MODECAST
7= A M) =2 ORSIRERTIC, BEICEET %
CENETH L. I, REFEPEHRTH L T HER
(&, EHESHED 72O 2R ANDH 217> T b K
Thb. FEBIZ, BEAEMESFEOFEIZA MIOMN) TH
5720, fTHOH A X% /NELT L7 2 - AIRFEOH
HALICKECHEBL WA L EZ NS, —F, KT
FEEY % LD — ZAOFEFHO 20 ORI % F 572
®, MODECAST & I~_THMTH 5. RegimeCast (2D
W72 LY — 2 & HEET 5 7 2 — X% DR %
YT B, FEEE, 4 A9RTEBY, RegimeCast DT HID
KAEDF1~5 BRETREDSET LTV L0123 LT, #r
2L Y= AERHEELTH D TH S ) FHEIE R o WU
100 BPESIEL T b, INHAEEROFIHHRK 10 # &
o TWARKTHSL. F72, ARIMA B & U DeepAR (X
BRWZRETNVOERFHRTE R0, ERENZBIT S
M) = 2T A ETRIC—EORM A ET 5. 07
O, BRRBERFIFUPERTE TV, DLy, 2
EFEERRINT—F A M) =20 T A AFHNIH
L7-REAFETHE NS,

7. TTV

AT, BT — O % M L 722 KB R A
T—=4% A N) = LOFEMEFHTFHEL LT MopECAST % §2
ZL7:. MODECAST [ IEHETHE LU TFOBENLTWDS
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