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Distributed Incremental Tensor Tucker Decomposition
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Abstract With the rapid development of social networks, e-commerce systems, and mobile terminal devices,
massive and high-dimensional data is overwhelmingly increasing. A natural representation of high dimensional
data is called tensor. Tensor Tucker decomposition is a fundamental machine learning method for
multi-dimensional data analysis. Tensor Tucker decomposition aims at discovering the latent representations for
the given tensor. It is widely used in many applications, such as recommendation systems, image compression,
computer vision, to name but a few. Nevertheless, most traditional tensor decomposition methods could only
handle static data, and are not suitable for dynamic data. Because those traditional methods could only
re-compute the whole tensor decomposition from scratch whenever data grows. Besides, several incremental
tensor Tucker decomposition methods focus on one-mode incremental tensor. However, the tensor in real life
could be developed in multiple modes. To our knowledge, there is only one method suitable for multi-mode
incremental tensor Tucker decomposition. Nevertheless, all the existing incremental tensor Tucker
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decomposition methods are designed for the standalone machine, and thus, they cannot handle large-scale
dynamic incremental data efficiently. Considering the continuous expansion nature of data, it requires an
efficient distributed incremental tensor Tucker decomposition method. Thus, this paper proposes a Distributed
Incremental Tensor Tucker Decomposition method (DITTD for short), which is the first attempt to tackle this
problem. Towards this, there are two main challenges. The first one is to achieve the load balancing among the
workers in the distributed environment. DITTD firstly divides the incremental tensor based on its positional
relationship with the previous one. Then, DITTD tries to generate the optimal partitioning result for the
incremental tensor, such that the number of non-zero elements in each tensor partition is equal. However, the
optimal tensor partitioning problem is proved to be NP-hard. Thus, DITTD utilizes two heuristic tensor
partitioning methods to partition the incremental tensor as well as possible. One is the Greedy tensor Partitioning
algorithm (GP for short), which greedily assigns partitioning boundaries and makes the number of non-zero
elements in each tensor partition to be close to the optimal sum target. The other is the Max-min Matching tensor
Partitioning algorithm (M2P), which iteratively assigns the tensor slice with the maximum number of non-zero
elements into the tensor partition with the minimum number of non-zero elements. After the tensor partitioning,
DITTD meets the second challenge, which is to compute the incremental tensor Tucker decomposition efficiently.
DITTD provides a novel incremental Tucker decomposition computation method to avoid the explosion of
intermediate data of Tucker decomposition. This method provides an equivalent conversion for the update rule of
factor matrices and designs a row-wise computation strategy for the distributed Tucker decomposition. Based on
the above-mentioned techniques, DITTD can reduce the computation of intermediate data and the network
communication among the workers, and thus, DITTD improves the efficiency of the distributed Tucker
decomposition for incremental tensor. Last but not the least, comprehensive experiments are conducted on both
real and synthetic data sets. The experimental results show that our proposed method DITTD is at least 10x

faster than the baseline method and scale well.
Key words tensor; Tucker decomposition; distributed; incremental; Spark
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Wik EE AR AR, BRI ERITR
BRI B RE, SRRk E 2,
B — AR5y, DUEHE, GPIERUT A k&I
) 53T

SR, BLSERL A A sk BT S E R u R vl e
A S oA, SR EESKEETICER
HOEMHZIRK, AEXFEIT, GPARER RIS
k&R 5.

AR H— MR R K E R BE 1%
BT I K- BRIV IR, FR N R K- /ML AL
ik &R 43 % (Max-min Matching tensor Partitioning
algorithm, LU R fEFRAM2P). M2P 3 A AR 2«
AR ATk E P S ER TR B E R KIER
S EAFS AT TR BE RN, USATRE
Hb SR B K H ¥ A1 4. M2P SV KO ARAS an vk 1
Fi7R.

2
-
3 U
%ﬁM%i////I\\\\\$
P, P, P3

K3 rikERI Rl

BE L moR-mobILRCSKER] 2> M2P 5%
N FFRIDTIRE X, FFRID R, RIDHEp,
Hitll: KRR LR,
Gt Pk B X Bin LR ZIEFTITCR{NNZ ",
NHeap «— buildMaxHeap({ NN Z;}9,)
AR 5 { Py A
PHeap « buildMinHeap({ P, }0" )
WHILE N Heap # &
Slice = NHeap.pop() HAEFITLERMERKZ
Part = PHeap.pop() HAEZFITCREER /N5
Part.add(Slice)
PHeap.push(Part)
END WHILE
. AP }pn, + PHeap.get Result()
P,

© o N o g A~ wDdh R

= e
= o

.
o

R R TR E Xewn ~ 15K 23 IR0 AR 7
B p, = AN, M2P S L 5k & R 0 45
{Pp}or,. M2PH JefE4 58 Mtin LGt it Xow % R AR
BRRMBE(NNZY(1TL). Kl d AXG TE
Bin EREEEERDN). 858, WIS EEZTITRM
Bm KAINRNSZE S RN Heap(172). 385, ¥
G, MR P o A (173), FHHE &R & 3R
F 0 E B BUE KN (W16 9 %)y e 57 f /) HE
PHeap (174). 1K, WKW EZAETITLREY
2 MR T N HeapH BUH 5K & JZ Slice 3F
170 E 2 2400 & ik B AE T u R R RN R o>
Part, FEFHRISEERE PHeap(175-10). )5,
M2P 15 3| 5k & &l 7 &5 R P, )0 JF R M s (47
11-12).

B34t T ok & R4 BIERIR . 45 0@ — M
X7 T KB X € RPO72, H1F:
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1 6 0 0 0 3 0 1 3 0
X1[2 0 8 0 0],}(2{4_1 70 4 G:|.
o 0 9 0 o0 5 0 2 5 0

DUAE 7 AL T IR X 28 (n = 2) B FI3A
X153 (pn, = 3). M2PSLVE B JEAE 58 28 L 48t v 15 4%
FAEF LR EMRIK NS 2. 4. 3. 1, &HKk-
BN BLEES f, ATCAR RN Py Poy Py H
H, PEE X EE2R EWELE, B
Py={Xu(: 1,0} PBE X FEH21E L3R
FEFESE, AP = { X (5, 3,0), Xeuwn (5,5, ) 15 4,
P H X IEE2H LB 2E M 4E, H
Py = { X (5,2, 1), X (1,4, 0} =K1 50 mil # A
EEMREIETILER.

TERXTEE, 8 R F K& X 01, GPHIE
BT EA Rk ER S AEF S EE R R E N
5, T JadtAT 280kl o 73 AR B I3 sk BRI 43 Py
Pov Py Hot, Pr={ X (5 1)1 Po = {Xewn (2,2, 1),
Xsup (553, ) 1 Py = { X (1.4, 1), Xsun (5,5, ) 1. =0
S ES. 64 ANk EIEF LR, nTLLE EIM2P
AT B R 5K 5 R 0 45 R AH LGP VA1 B i 45 R
S5, AR T oA AR ) 6 b .

TESERS N TR EM K> 2 J5, DITTDX Y &
AR E AT A N Tucker 1A, T SE4.27
N H AT R ) A
42 DR TuckerfRItE

fEor A Tucker 7 i it O #E d, Wfr et
IR EE R — KPR, R R, S E R
ST I fo P R 25 FARNE. AEAS ST R 1 3 A A 85
T, skETucker 73 fif BT I 11 A B0 AUAR A £ bE FRLATL
PRBESEINER,  DRI i a8 b () 25 SRR I B AR U N
BLOWit m A Tucker 7 EEVE, 2 R RE
DR R R R, AMCE R TR T E TAE &,
T 5 A T BEARR 2o A 27T R 2 ] 1 ) 244 i =
T ERFE, A& T omrilEAkE
Tucker 7 5515, ETTIEEREAR S AP IR (1)
BURTERFRE RS QB H %Ok R, NI AN S
PREVIMARREAT VR4 ) AR
421 ST

B, RS K TikEC = (A, Al
Yo R R TR, AR R TR S A R,
A] DAAS B = gk S0 B R R PR T A — R T
FREC KR A2

Al (21”5331))(1)(9-00)%,
B’ (X515")(2)(Go0)l).
C' (Xcgcfiirl))w)(goo-)z;z)'

Hrt, Goo =G x2 BY x5 CY, Gog =G
X1 A %, C), Goo. = gt ®1 A X5 B, gT7
i 2al:(1 b7 N 38 T O S R ST 8 - Y P R aed =L O}

T AR R R A ) SR O AT
B, BEZOKESHEFEERNG 0 = 6 x,
B x5 C1) e RP*PK - HRT AR A(G00) 1) €
RP*UE) Forh, TR K#2 Rk SO/,
T IRAN T Ko BRI AR 25,2, 1777 S50 HH B
e JKK/NTIE10B 825, B MBS H0HE LA K,
ks ECR B A TR AR R R, B M DL S R S B Ay
(T

IR R R S R RNEIL R, IR AT —
FRARAG T2, DAIBE ST H 0tk B K () R is B A
AR T =PI, W R R T SN
e, R ERM R, DLk A 25 R
PRNE ., R, X TRFHEREA, T
Ry

Al (Xfégl))(:l)(g-oo)(i) ®)
@ A e (X)) cY e BYYGH)L @)

FEIRAN LRI R, ARUCRI 7RI, 5k
S-AE Rk | R I v B A SRR DL A DR 1 R R )
JoT R B 7 2 2 (B) e 4 oM B i - 2 (4) » TEGEIE BT
L2 DL L.

AT B A X (3) B T 4 1 (4) B e 4
A UL R AL (1)BEGe T A% 0K B PR AE e afe
R IR 5 SR s () WA T RERE S I Kok 45 &
AT A AP R AL T B IERL, Bk, ASUE
2 1) 3R ] B AR 4 BT 2 2 (4) I o A T B

fERT— AR EAKER b, DITTDEH T
o B UV RAT R AT R ZE A0 A T AL AR
B AN @), HRW kBT E TR N 7R
B e R7*Q, C1 e REXR DL R A% 0 7k 5 56 BEAL
G} € RPX@R). LB BITTRINA/NERE, 7T A%
T R AN AT RAT R TR, iR
DITTDH 4 i X Tucker /- it B AP TR, Sk 5 9L
=2

(1)H %, ﬁﬁ’f%b5'%%%5@%%@(@%)*. X
— PR NG T KA FE (G.oo) (1) € R VEI Py
WS, BIEEAREMNO(maz{ P, (JTK) )N
O(max{P,(QR)}?) (— MM, TETuckersfift b 155>
fife 5K BB R /N T, I, KOz R T %00 5K B AR /)
P,Q.R).

@FE, HHEXL) ) (CH @BO), A
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K4 MTTKPATR T H R

B B A 5K 5 e A B e B N T A (Marticized  Tensor
Times Kronecker Product, PA F##CNMTTKP), id
HALA = (X0 (CO @ BW). 758 AHH
B 2 R (C®) @ BW) e RUSD*(RQ), T f5 5%
BEALIR B () o MR R s , T 3 B B S AT i
B A a2 R E B, Sk, ARSCEHH T —
MTTKPAT U5 SR, DABE S0 A BRI Hh [R) 25
AT HEARL T
Ali) = ot p e (5 K)(CV ) g
=B0(j,)).

KA T 1B AR G) R MTTKPEET 4T Rt

Rl fEsAskER S, WIEARKEG), %

SR THFEB®  CORN BT (0 4 FEB . CH
SRR LR T R), BIVRT 20 A0 2 52 A 24 RT3 R
BEAAT (W B ASE BE A R B 28 BT ) i 5. 4R
Jei, IR B A AR R ALY, 15858
BHMTTKPS AR FEA. (5 —I2M2: MTTKP
(9 3 A AT T O R e T AE S 4.1 I 1 1
EATKER SRR, BRI R R K H U
R 8 AR 0 R AR SN H AR T 5K = &

.

@) Ja, FMTTKPLE B [ 5 %0 7K B 5 FFE
%%iﬁﬁ(GE?))WHW%@J%%E%%\E@%%EMEA'. It
B, AYFEANTH R B AR, B2 Fak AT et
) ¥ hr W - i % 4F OE &2 i 2 (Modified
Gram-Schmidt process, LA T iR AMGS)ALEE, DA
BEFEZ M EAEREA, (N — Dl H.

FAlHh, DITTDE: T2 —RFikEC, HRMA
Tk B IRMASTOR R TAEREB . CHEAT R,
HEH AT

B’ (X515 (CO @ ALY G,

C (X Hy(BY @ A(”)(G(?))J‘.

1058 UL T 45— 2 T 3K R Cy 19 1R 1 55
ZJ5, DITTDASEEET 4 KTk EC, = (AT,
X X OYR AR T RN HEAT R A
TR S AN DR TR B 0 SR O,
w, FkBEXUTDE TR TR . R
T 5 T IR R Co IR TR BT A 403
T:

B ¢ aB M 4 (1 - ) (A1) ) (C' 0 A (GE)T,
C"" = aC 4 (1 — o) (X511 )i (B @ AV)(G)'
A A 4 (1 - a) ({5 ) (C @ BY)(G),
C™ 4 aC® 4 (1 - a)(Xig1 )5 (B © A)(G5),
AP aA g (1= a)(A5 ) o) (€Y @ BY)(G)
BV« aBM 4 (1 - a)(Xl(igl))(z)(C(” ® A')(GE;')))T.

R HE, BT R UM TS =Tk i
Cy = { (T DR R TR AT B, T KT
K AR Cff [ TR BT A 540 S F
AT oA (1= o) (X)) (C @ B)(G)
BV i aB 4 (1 - ) (X7 (€ @ AN(GE)T,
O QA 1 (1 a) () (B © NG

T 5 T M KT A R (0 IR S
S F 5 BT 4 A S Tucker 4 115020 AL, Mot
ENL S

16 58 A FHERE IR RS, K S A 1
PR B 15— I 220 4 R R M 439 3 24 i
ZI 9 A 7R, B

(AT = [(AM)T(A)T],
(B(-+0)1 = [(BO)T(B/)1],
(CUHI)T = [(C)T(C)T].

PEBR AERE(A D), (BIHD), (CUHD) A
AETGFEREVEL. BRI, #E— X T MGS b 2,
LA 5351 IE A2 0 IR 7 P . 2R e BRIR T AR R A
HHTL R,

18 52 RIB THEFE RS9 . DITTDE: R R %
OIKRIATER. T, #4.2.2900 0 fk i T 5
S REHEAT VAN ik
422 HFZLIKE

AR R TR A SR(2), 7T LA = 4
UK B Tucker 73 fifoxf B FIAZ Ok BB R A 2, 4
THUR:

1
G G x {(A[T))TALL 1+

S gl ©
(i1i2i3) €O\ (000)

He, n=1,2803, © £ {0,1}% HEHEHBM

?%EK?{AE:;”}%ﬁ%%ﬁ?ﬁ%?‘ﬂﬂﬁ’l‘%ﬁ%ﬁ%ﬂjﬁ

Bi{AE;j}}}$u{A§g}j}. X H, (AE:)'I))T - [(A{g_{g)r
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i

o Rr““)xﬁ: , AE;H) ERI(”XR A
ALY e Rl P, [0 19 4 d,,

A LA 3 58 A 2X(6) 1 5 — L (RN = A — 35
G x {(A ‘+1 TA(‘) VDR U I UE B 53 IR LAy
g()ERRiXREXRE Al e u %
Al e R < o, 10 = 11 = g 1Y = K
Ri=PRy=Q,Ry =R MNP LER], FHAR
(6) 55— I [ (TS TC B /NSRBI E R
A LAHLTE K.

K, Ki%%%%ﬁz\fﬁ(@ﬁ’]* *Iﬁ(EIUJEl

(t+1)\ 7 (t+1)
(A( ) E A(n)

Rf(f)XR

IR inis)eon (000) Xi(lt-e‘tia) . Hl )TH> %
A I 7 A 2 1A ZIKI?%TEEUT*T

(irisiz) = (O0VIIA TR, BIXHD <) (ALHY)T
xo(BYTT g (ClHT, xﬁﬁﬁﬁﬁ%i&ﬁl‘%t

%BTJ: LI AT LA B2 MTTKP S JE PR3,

Foor ) 1 (ALY s (BRT)T (05‘+”)T

= (AFT)TXG ) (G )T @ (BT,

Rk, HATEREIE AT L NI IR (1)
i 18 {3k MTTKP 23 A1 AT 0k & 1 7 A3 2
MTTKPZ: R (X)) (CF )T e (BYH)m). (2)
MTTKPLZ: B 55 R (AL TR IR 2 4 (7)1
gL

FAeuth, WK T RAS B R A X (6) =
TH ARG D) 45 5, JE TN An A5 21 58 I 45
R B 5EHAXG)FE DM, PLSER%
OIRERE R 2, AL =i s ok & 810,
TEAM IR T ASCHE H 254 ) 3 = UK & Tucker
Sy JiEDITTD.

PRoK, H4.2 31 HEARDITTDHE  EAE R NI
145 A FK & 1 Tucker 23 i 17510,
423 FEMkKERY R

NI, ARSCH B "EQEENMP‘ KM
Tucker7rfift, FEAALFRIL R TR a5k &
Tucker > fiEt 4. £ K, %é’%ﬁ%ﬁ%#ﬁiﬁﬁ’]
11 2 N3 K B Tucker 2 fi# 7 1:DITTDHEAT
AR, NHrDITTD7 AR AR dn L2 .

Bk kUl , oM oRET — B Z otk &
X0 ¢ RIS 324 g i %) ¢+ 19 K ok B

D) ¢ RI“‘“’ ) IS 5 xr{d ’“) XD T DL E AR
{X1::;1 m} (irip-in )EO? @ENIH Jue £ {U 1}\

XD = X0, DITTD ¥4 A i %) 3K & (1) Tucker

o 1 4 % G“) {ADY L LR 2Kk R
(XD Y iiyconon0) Bh K R4 B p,

DITTD#i th ¢ + 188 Z 5K & I Tucker 75 il 45 3 B 4% 0

Bk 2. NWiDITTD Jji%

et 2T Tucker M4 RGM. (AL} o+ 1
RIS Yriainycono 0 KIS HE D,

e ¢4 L ZI5KE Tucker Mg G, {AEES”}

L A{Ch} <Xt + INZIKokE /A Qb3

2. FOR ¥3k#EECnm € {Cn}

3 FOR Tikix ' !, e C,

4. FOR fiiy, € (i1iz- - in) Adn =1

5 Wiz \ﬁ/ﬁ:(k'hfxl ving bns Pn)

6 HRAE 22 30 (8) BT A T AEFE AL,

IIAT 5-6 73 i KAk 2
7. R R THEFE AL, HEAT MGS AL
8. END FOR
9. END FOR
10. ENDFOR
11. FOR n€{1,2,...,N}
12, TR A PHEAFIH FIERE (AL T)T
13. SR FAERE(A LT ) THEAT MGS AbEE
14. ENDFOR

15, HIBEARQO)EFZLIKEGTY 14 Ab R
16, HtBLIKEG T, WA}

KRG RIA THFE{ AL}

HOE, MmN Rk E, RN E kK
B MR LA B H A A NE{C, N (1TL). #
TR, AL T RS LA EON & 28 7ok B kAT R
53-(172-5). X THE F K EFMNC,,(IT2) Tk &
XU (73) i, = THIR(1T4), A Pk 4 3k
(GPEM2P) Tkt Y FER, R .
X153 (175). ESEMT R ERRI G, XL 2
47 2t B 7 B N R (176). Horbr, AR
KL, NIk EXT R A (L) i A
AL aARH + (1= a) (X ) (6], ©
AGS Al + (L= (@I ) (A @+ (8)

Apin @A @A) GE)T

i =0, WAy = Al BWAG = Al k=12,
con—ln+1,.. . N, _E—BZIZOTKEGHIE N
GO, BIHFLA (G )T F A K@) (G ) R
FHEE.

SERCURT PR E G, X H T MGS A (1T
7). MKUCEHE, B R FTA R R RS R B (4T
2-10).

IRJG, RS E Sy DR R (A, YRR 1 RE R

(A VHFBEA B0 54 B ST 1O R T R (AL V1 (1712),
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Hop,
(AL = (AT (AL,)T). )
BEBE SRR, HGETMGS AL B (1713). DAL
e, 49 B A T2 1 A R TR 1 DR B (T
11-14). 2k, DITTDJ7E 58 1 A R -1 55 R ) 52
it
16 58 R THE e (0 S5 . DITTDHER AT 4%
LR EH(T15), HH AR T
G G (AL TTAL
A scqalinny. (10

iin
(i1-in ) €O\ (0-:0)

for, 02 (0,1}, EHETHEREALD i 5
BE 4% 9 WA 7 40 08 BE (ALTD) AT ALYy, B
(AL = [AGTDTAGTT Al e R,
A&“)”O) c IV "R“U\&AE:{P c RUSTV =18y x Ay,

HASERME: BTdRIrE W & o ok 2 14
ECBFER R BIFHEREE B 05k EEH),
DITTD /7 7235 R B o A AR B (1) 75 5K, Rl
5 B 5 HT A 20(8) A A% 40 5k & T B 4 A (10) 3 Je
MTTKP)THEHR R AT 2 A 2047 Xk B o5 24
DLIEE G H ) 45 SR R A

2, DITTDSERR Tt + 18 Z 3K & Tuckerit- 5,
W R &S RZ DK EGHY . K TR
(A }(AT16).

5 SCI8 4R

KRR S A BEE 4 EX A ST IR H
DITTD /7 347 SL a0 Mk, I 5 Bk 5 vE AT %
e, DASGUEDITTDRIRCRE A AT JEMERE. 5551754
AR SCISESG v B AT UL, 25527545 HH St 45 R K
FEXF LI 43#.

51 XWiRE

N T AT A ST Fr e O VR B VERE, AR SCAE
FH 34 B S B2 A 14N A B e 4 130 AT 51 36 WK
AN E SR AR 43 3l 2 8 T Amazon i P s
#1BookFIClothing, LA K Netflix 2> T (¢ B 52 1 %
& 4 % Netflix. Amazon 7 & 1 1 1 # 4= Book Al
Clothing B4 1 F 7 -7 db- VA ] 8] -3 43 DY 76 2R 5K
R, 17T Netflix s £ 24t 7 IR - g-TPAN I
[F]-VF 2 DY o2k A i, o 7 B ER AR Ah, AR
R RE I8 5] 4y A AL A B — 1> 5k 2 28 5 Synthetic.

1 https://nijianmo.github.io/amazon/index.html
2 https://www.kaggle.com/netflix-inc/netflix-prize-data

£ TRMRSREGIHER

e J K T ITTRE L (%)
Book 15E07  29E06  B8.2E03  1.4E-08
Clothing 1.2E07  2.7E06  7.0E03  1.4E-08
Netflix 48E05  18E04  22E03  5.3E-04
Synthetic 1.0E03 ~ 1.0E03  1.0E03  1.0E-02
~2.0E03 ~20E03 ~20E03 ~2.0E-01
14t 7 LA HBEEEE RN St E R,

L Iy KRR B ik & 5 — AN K.

TEREA SIS MG R T, B T RFER U B 1 15 Ol
Gb, BRCBNEIRE LR SHREWT: ZLikE
BRK/NP=Q=RA3, sKEXIHEEPHIL, BEHET
o = 0.8, AR FEHR AT AR BE, DL
FLSEHE B I [REA IE L. BRSBTS IR
Sk S AR A AR B S HE Y, 1S 2 B4R 2K
T EHE. BRINELAT50060 18] 1K it — i ZIti
H 4, 50-60006HT (] 14 9 A BT i Z1 ¢ + UFHEHT—
B ZIBE K . 2T & OB 4 Synthetic, BRI
F ik SR /N =J=K=1.0x10%, JEZEICEZE N 1%0
(& BTk AR, 7E LB EE T, Syntheticii 52
ik B AR TR N1.0x10°, 5 E SR,
A BUEE B SyntheticE B H A — AMEHEFR, i 5 2
#1115 21 157 50% B 1] 1 £ 48 > 1 — B Z20 i 24
50-60%6 i 8] FT H0 4 > 4 1 B 201 ¢ + AR AT — B Z1)
WK EEE. SRR, ASCER— SR
b, DA% 2 H00) S8 7 VA BRI RE MR, R
RSHRNBIMEAA.

ARSI SEIRFE A FScalait S 4 5, AHK
SIS A TF & A T-Github®. S2I RISy —F
H112 & Dell i 55 %8 28 i ) Spark 73 A U AE B (BRI
H161E IMaster =715 51, HR11E51E N Slave T1E
W), MRS BMECE N YRR E5RCPUALFE 2%
E5-2650 v4, 128G N 1%, 1THE#L; SparkhiiA ~2.4.4,
Hadoophit A< #2.7.3, Scalaiii 4 42.11.8, IDKHA
“41.8.0.

52 KWHERSHH

PR oK, W efEs.2. 17 il i S R VR
XFEG,  BRUEASC AT H FIDITTD S iR I BE R 5
MJE, {E555.2. 2% P smDITTD T vEMERE R 2 4
S BT, DUGEA ST DITTD Y
CRINEIE/NEL G

3 https://github.com/Jessonky/DITTD
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—A— DITTD-GP ——= DITTD-M2P —&A— DeOTD-GP —Jil}— DeOTD-M2P
. m12
24 <
E‘ 16 ﬁ} 0.8
E 4m
= M)
E 0.8 E?é 0.4
] &
o m Y g
1 5 10 15 20 1 5 10 15 20

AR x10°
(@) FKERA

AR A/ Nx10°

(b) FKEBK/

o
S 2.4
» k=
‘2‘3 E‘ 1.8
X iz
E 1.2+
= SR L 37x ;fé
1§ 05 1 5 06
=
—a—m—— = om ‘ ‘
0.1 0.5 1 15 2 0.1 0.5 1 15 2
AR T E T % B BAR L TR B E %o

(c) KEIEFTREL (d) KEEZTTHREE
KI5 SyntheticBt#E 4 ¥t L2 R

5.2.1 MEREMHAL5

WEE 2N K A AR AH DG TAE BT, MAT R A
FH ST FE 3 Ve AR SC I8 1 20 Al SUIR B T 22 A5
Kk & (1) Tucker 70 i 7] 8. PiE— i U 22 LG K f 5K
ETucker 4 fif 1) 131 [ eOTD 42 33: M3 3 ] T+ B HLER
. M, A eOTDHRE: I E % Spark 43 i sUAE
ZErp, SEELT G EL R J7 1A DeOTD. DeOTD[RIFEFE
T-DITTD T F 1) )3 A sk & &l o3 7 ik A7 3G
Tk E R4, (HDeOTDIE A St Uik & 5 K 40
Bl R 1) H 1] &5 AR Il AL

KRILHEETAFA R M, 5 3Asie N
DITTD-GP . DITTD-M2P . DeOTD-GP Ll }
DeOTD-M2P, K AL M DITTD 5 # J& 1
DeOTD#EAT X EL,  J5 X GPAIM2P 43 Jill 3 7 7 L 5K
BRI B A K- /NILECSK S kI oy B, E5%
T AR 7V AE Synthetic B 45 L SER 25 B, MK
e b B FEAE AT I ) A o R 4 SRS &L E5() R
5(b)#5 i T SyntheticZi 4 5 - 5k & AR K /INAR 44 (1) 512
Kuk R Hoh, SRER /N =I=K M 1x10° 5 fn &
20x10%. [E5(c) M EI5(d)%; ! T Synthetic ¥ 4E - K
RBIAEFICREE BN SLG R, Hh, EF0R
2 0. 1%0735 11 25 2%o.

56, MIEIS(a) i ES(0) Hha] DAL EE F 4 )7 v
()3 47 i ] 5 w25 SR A5 B 35 B 7K S AR /N
B8 K TR 8 s 17 IS (c) AT I (d) Hh AT AW 2 3]
AR T IS AT I (] 5 ) 25 SO B REAEE T
TR A IR . 12 R N Bl 5K AR K

—A— DITTD-GP

—5- DITTD-M2P  —A— DeOTD-GP —jill— DeOTD-M2P

0 Il Il Il
50-60 50-70 50-80 50-90 50-100
HRIKE KM%

(b) Clothing

O Il Il Il
50-60 50-70 50-80 50-90 50-100
Bk Mo%

(a) Book

PR L 21x

O Il Il Il
50-60 50-70 50-80 50-90 50-100
Bk Mo% KRR KM%

(c) Netflix (d) Synthetic
Ko AR IKERNIR AR

50-60 50-70 50-80 50-90 50-100

NI R, 5 T v A B ) A R AR i 4 B 3
Kos Tk E AR 0 3R % R A3 X R 2 vt o b 3
sk EAEF IO R LR, HAR MK EAR /N

Hk, MESH AT CUE BIA SC A4 (1) 07 v
DITTD &2 Hu il T %1k 7774 DeOTD. HAkHLUEL, 7E
T BN, DITTDH.DeOTDF ik 125
s K EAEF LR E LR, DITTDELDeOTD
SEEIINGE T 374%. tbAl, DITTDR A 45 il (s &
¥%J/NFDeOTD. HJF K Z&DITTD&E T # b 5
FIMTTKPAT 21T 55 5B A R PRI 1 R &5 R
HEM A TAET SREERE, Nnssh 7

e Ja, MESHE] DU RIM2P R 4 L I iE
ATEF MY EL PRI SR 4, H = i 2 S id
fEEN R —5. X2 B N SyntheticHiudi 4 P AEZ o
FIRMIE o3 A1, PRI o B2 35 R S A ST 1
skE R a2, HA, WMk E R R
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Background

Tensor Tucker decomposition is a fundamental machine
learning method for multi-dimensional data analysis, which
aims at discovering the latent representations for the given
tensor. It is widely applied in many real-life applications, such
as recommendation systems, image compression, computer
vision, etc.

Nowadays, the overwhelmingly increasing data brings
new challenges to traditional tensor decomposition. Many
traditional tensor decomposition methods are only suitable for
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static data and not efficient for dynamic incremental data. This
is because those traditional methods could only re-compute the
whole tensor decomposition from scratch whenever data grows.
Besides, several incremental tensor Tucker decomposition
methods have been proposed for one-mode incremental tensor.
However, the tensor in real life could be developed in multiple
modes. There is only one method suitable for multi-mode
incremental tensor Tucker decomposition. Nevertheless, all the
existing incremental tensor Tucker decomposition methods are
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designed for the centralized environment, and thus, they are not
suitable for large-scale dynamic incremental data. Considering
the continuous expansion nature of data, it requires an efficient
distributed incremental tensor Tucker decomposition method.
This paper proposes a Distributed Incremental Tensor
Tucker Decomposition method, i.e., DITTD, which is the first
attempt to tackle this problem. First, DITTD divides the
incremental tensor based on its positional relationship with the
previous one. Then, DITTD tries to achieve the load balancing
among the workers in the distributed environment. It requires
that DITTD generates the partitioning result for the incremental
tensor, such that the number of non-zero elements in each
tensor partition is equal. However, the optimal tensor
partitioning problem is NP-hard. Thus, DITTD utilizes two
heuristic tensor partitioning methods, i.e., Greedy tensor
Partitioning algorithm (GP for short) and Max-min Matching
tensor Partitioning algorithm (M2P), to partition the

incremental tensor as well as possible. After the tensor
partitioning, DITTD provides a novel incremental Tucker
decomposition computation method to avoid the explosion of
intermediate data of Tucker decomposition. This method
provides an equivalent conversion for the update rule of factor
matrices and designs a row-wise computation strategy for the
distributed

Tucker  decomposition. Based on the

above-mentioned techniques, DITTD can reduce the

computation of intermediate data and the network
communication among the workers. Thus, DITTD improves the
efficiency of the distributed Tucker decomposition for
incremental tensor. Finally, extensive experiments on both real
and synthetic data sets demonstrate the efficiency and
scalability of DITTD.
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