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Motivation

= Go ».7}‘8 Trends Home Explore Trending Now < [ Sign in
YouTube Netflix .
R : R : + Add comparison
Searcn term Searcn term
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= Go gle Trends Home  Explore  Trending Now < = i Sign in

o YouTibe @tk Q. Any other aspects
| _ to analyze?

Q. Which keywords Q. Any shifting
are co-evolved? patterns?
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Problem definition

Original Tensor

v
Nz I mgn ?
< ‘g >

* Given: the most recent #-long tensor
* Forecast: £.-steps ahead tensor continuously
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Problem definition

Original Tensor

* Given: the most recent #-long tensor
* Forecast: £.-steps ahead tensor continuously

DISMO: a new streaming tensor factorization method
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Preview of the results

* Trend analysis on Video-on-demand services
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Preview of the results

* Trend analysis on Video-on-demand services
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Dynamic interaction:

* Multi-aspect factors that represents latent groups of attributes
 Interaction relationships (network) between latent groups

« All-aspect factors can evolve for recent data



Preview of the results

* Trend analysis on Video-on-demand services
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Preview of the results

* Trend analysis on Video-on-demand services

o Original Tensor
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¢ DISMO automatically finds meaningful latent groups
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Preview of the results

* Trend analysis on Video-on-demand services
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DISMO automatically finds shifting patterns
s &3 YouTube N?rtF}ﬁ-)l(-VUDU E:T.t!nBQ

#1 Representative #2 On-demand #3 TV-based
video sharing service subscription services subscription services

\s




*Proposed model
*Proposed algorithms
Experiments
Conclusion
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Proposed model: overview

Original Tensor Dynamic Interaction Seasonality
N / —— N N
K " % —~ R + R
N; >(>\ e Ny Xd N; Xs
< > {) f

* Key idea: dynamic interaction and seasonality
» Step 1. Non-linear dynamical system for interactions
» Step 2. Interaction-based tensor factorization
» Step 3. Multi-aspect factor set for shifting trends
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1. Non-linear dynamical system

 Background: Interactions between species
determine population dynamics
* modeled by a non-linear dynamical system:

Intrinsic growth rate Interaction strength

\ .
dxi o (4 Tty
dt di b;

Carrying capacity /
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1. Non-linear dynamical system

* Q. How to model interactions?

|dea: Latent Interaction system (LIS): 6 = {a, b, C}
» Species = Users
» Population dynamics = Trends (e.g., user attention)

Cij Cji Relationship
+ + Competing
— — Cooperating
- + Parasitic

— 0 Commensal
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1. Non-linear dynamical system

* Q. How to model interactions?

|dea: Latent Interaction system (LIS): 6 = {a, b, C}
« Example: interaction coefficients as a graph

Matrix C Nodes: Iaten_t groups
Edges: Relation types
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2. Multi-aspect mining for latent interactions

* Q. How to find latent groups?

* ldea: Interaction factor set:
D={w®, ., wh g}

DUHE%08" )#*+,9 " -#

2 NZI W(Z) Ny
< g >

/01

............................

%LIS:G :kdI w®3)
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2. Multi-aspect mining for latent interactions

* Q. How to extract seasonality?

*ldea: Seasonal factor set:
S={sW ., s s}

2.

" 1) oo 3 351

a# s (P& & &>
/01
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3. Dynamic interactions

* Q. How to detect shifting trends?

*ldea: Sets of multi-aspect components:
w o wM @

DISMO employs new factors for each aspect if required
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Proposed model

* Goal: Estimate and update a full parameter set F for X

Original Tensor

Dynamic Interaction

Seasonality

NJ/[ = N1 NI
X ’/—f ) +
/ % ~ . -
" I YOL | vl X vl X
< » P v
7 £ £
ﬂ Factorize I[
Interaction 6 9__\
relationship B Nzl w® W Nz] §(2) N/'
w@ s
Full model set of DISMO O | — L5 L2
k k k
_ 1 M N ka d s s
F={wh, ., wh oS} . e — :
S X w® s | = ksI sG)
ka Ekd H ka GeneratedI Tile
J N W
Latent interaction system: Interaction factor set: Seasonal factor set:
6 = {a, b, C} D={wW, . .w* g} §={sW, .., s™ s}
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Automatic tensor compression

* Q. How to estimate F automatically?
* [dea: Minimum description length (MDL) principle

A Best total cost
I

<X;F>=<F> +<X|F>

Total cost Model cost Encoding cost
Y Yo
’

' >
Model complexity /

Error

DISMO determines # of components automatically
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Automatic tensor compression

eModelcost: <F>=<0> 4+ <WV>s 4.4 <cWM 5 L 8>

PSS
<a> =|a|- (log(kg) +cF) +log"(|al),
<b> = |b| - (log(kq) +cF) +log*(|b]),
<C> =|C|-(2-log(kq) +cF) +log"(|b]),

<®>:Z <f0>,<0>=<a>+<b>+<C> .||<wim 5 - Z <W 5 8> = Z<S(’")>,

w(m) cpy(m) s(m)ecS
<W™ > =W |(ky/Np,) (log(Np,) +log(kg)+cr)+log™ (W™ ),
= S(m) == |S(m) |(ks/Nm)(10g(Nm+log(ks)+cF)+log*(|S(m) l)

* Data encoding cost: Negative log-likelihood

< X|F >= Z —logy pu.o(x —Xg — Xs).

WebConf 2023
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*Proposed algorithms
Experiments
*Conclusion
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DISMO factorization

» Given: a multi-order tensor X’ € NM X XN» ¢ e
* Object: r%iSnHX - X, - J/CSH

*ldea: Alternating updates of multi-aspect factors
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DISMO factorization

- Given: a multi-order tensor X’ € NN X XN x4
* Object: rg)ugnHX — X4 — XSH

*ldea: Alternating updates of multi-aspect factors

2
wel v g | ] s
............................................................................................... — e
LIS: 0 =k I w®) S ﬁ) k I s(3)
............................. 1
Genera t N, N



Streaming DISMO factorization

- Given: a multi-order tensor X' € NN X xXN» x4
* Object: Estimate D, S that minimizes A < X;D,S§ >
 ldea1: Alternating shifts in dynamic interaction set D

WebConf 2023 ©2023 Kawabata et al.
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Streaming DISMO factorization

- Given: a multi-order tensor X' € NN X xXN» x4
* Object: Estimate D, S that minimizes A < X;D,S§ >
 ldea1: Alternating shifts in dynamic interaction set D

YL O § #5968 " (Yo#)*)%6&"+D

(L

.........................................
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Streaming DISMO factorization

- Given: a multi-order tensor X' € NN X xXN» x4
* Object: Estimate D, S that minimizes A < X;D,S§ >
 ldea1: Alternating shifts in dynamic interaction set D

T I"H#"$%68" (Y6H)*) %8."+D
=
"l 1L
Llsgprev ..... ,*#*- /O Db oS t
Dprev
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Streaming DISMO factorization

» Given: a multi-order tensor X’ € NN X:-xN» x¢
* Object: Estimate D, S that minimizes A < X'; D, S >
*ldea2: Smoothly update § to extract long-term patterns

l;&m

Q™) Qim 4 (@M*1g()Tg()),

I1+m

glm) __ p(m) (Q(m))T.

Incremental CP decomposition
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Experiments
Conclusion
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* Q1. Accuracy
* Q2. Scalability
* Q3. Effectiveness
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SYERIE

e Datasets
* 13 years (2008 ~ 2020)
* 50 states of the US

Table 3: GoogleTrends query sets.

» data mining machine learning
~  Search term Search term

Go gle Trends Home Explore Trending Now < = i Sign in

+ Add comparison

United States ¥ Past 5 years ¥ All categories ¥ ‘arch v

Name Query Interest over time @ g o<
Ecommerce Amazon/Apple/BestBuy/Costco/Craigslist/Ebay/
Etsy/HomeDepot/Kohls/Macys/Target/Walmart
VoD AppleTV/Disney/ESPN/HBO/Hulu/Netflix/Sling/
YouTube
Facilities Aquarium/Bookstore/Gym/Library/Museum/ =
Theater/Zoo
Sweets Cake/Candy/Chocolate/Cookie/Cupcake/Gum/
lccereamiBic/Eudeing https://trends.google.com/home
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Q1. Accuracy

Table 2: Forecasting performance comparison. DISMO outperformed its competitors in terms of RMSE.

data

DISMOV DISMO-naive

CubeCast

DeepAR

SMF

TRMF

Ecommerce

0.0316 + 0.0081
0.0368 + 0.0103
0.0425 + 0.0147

0.0881 + 0.1239
0.1122 + 0.1230
0.1613 + 0.1420

0.0492 + 0.0339
0.0455 + 0.0269
0.0431 + 0.0219

0.0638 + 0.0149
0.0721 + 0.0159
0.0776 + 0.0167

0.0591 £ 0.0163
0.0604 + 0.0164
0.0615 = 0.0166

0.1755 £ 0.0207
0.1758 + 0.0198
0.1781 = 0.0203

Facilities

0.0356 + 0.0062
0.0383 + 0.0108
0.0406 + 0.0131

0.0445 = 0.0076

0.0458 + 0.0093

0.0466 + 0.0105

0.0890 £ 0.0089
0.0883 + 0.0119
0.0865 £ 0.0137

0.0593 + 0.0146
0.0666 + 0.0156
0.0704 + 0.0155

0.0472 £ 0.0115
0.0471 £ 0.0125
0.0482 + 0.0130

0.1390 + 0.0183
0.1388 + 0.0161
0.1381 + 0.0152

Sweets

0.0276 + 0.0146
0.0279 + 0.0150
0.0283 + 0.0149

0.0297 + 0.0144
0.0298 + 0.0146
0.0299 + 0.0146

0.0422 + 0.0209
0.0405 £ 0.0183
0.0393 + 0.0172

0.0340 = 0.0167
0.0357 £ 0.0167
0.0371 + 0.0166

0.0280 + 0.01438
0.0286 + 0.0151
0.0275 + 0.0153

0.0823 + 0.0124
0.0826 + 0.0127
0.0830 + 0.0128

VoD

0.0293 + 0.0121
0.0336 + 0.0155
0.0384 + 0.0194

0.0558 = 0.0136
0.0578 + 0.0145
0.0592 + 0.0150

0.0479 + 0.0294
0.0423 + 0.0248
0.0380 + 0.0203

0.1233 £ 0.0438
0.1433 + 0.0435
0.1505 = 0.0419

0.0447 £ 0.0161
0.0452 + 0.0158
0.0450 = 0.0160

0.2297 £+ 0.0439
0.2280 + 0.0511
0.2275 + 0.0604

Accurate to forecast multi-steps ahead tensors

©2023 Kawabata et al.
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Q2. Scalability

DISMO (ours) CubeCast DeepAR

Ecommerce VoD Sweets Facilities
6000 5000
—~ 6000
§ 5000 0000 4000
o 4000
£ 4000 4000 3000
= 3000
*g 2000
S 2000 2000 2000
— 1000
5 1000
=
0 0 0 0
N YD XD 0 A D RO N YD XD 0 A D RO N YD XD 0 A D RO N YD XD 0 A D RO
NV Y Y VY TRy NV Y VY T N Y Y VY TRy NNV Y N LY
A AR AR AR AR AR ASTADTAD A AR AR AR AR AR A TADTAD A AR AR AR AR AR A TADTAD AR AR AR AR AR AR A TADTAD
Year Year Year Year

DISMO: scalable at any time
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Q3. Effectiveness

0.50 Craigslist@NewMexico Walmart@Arkansas Craigslist@NewMexico Walmart@Arkansas
: Original 0.7 0.8
- Estimate
0.45 | o i
Prediction /Ih 0.4 0.7
0.40 0.6
(0] () () v 0.6
303 303 3 3
S S > 0.5 = 0.5
0.30 .
0.25 0.2 o \/ 0.4
0.4 .
0.20 i 0.3 ,
O A S P o At O o L ® O Lox A0 P A O Lox A0 P Al
A 0T YT T e A8 o YT T e S I R N A i
Time Time Time Time

DISMO can effectively model

dynamic interactions and seasonality
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Conclusion

Interpretable

Our non-linear model reveals
important relationships
between latent groups in multi-
order tensor streams

WebConf 2023

Dynamic

Shifting trends can be detected
in real time by maintaining

multiple multi-aspect factors

©2023 Kawabata et al.

Automatic

The number of any factors
composed by our method are
determined without any
parameter tuning
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