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Background Evaluation Block (cont.)

Time Series Representations Data Stream Challenges Concept Drift detection
. . . . ° _ . 3. . . . . .
R1 Global features of entire series (1-NN) C1 Infinite Length Page-Hinkey (PH) Test’: a typical technique for change detection in signal
_ : . rocessing.
R2 Summary statistics of sub-series C2 Feature Evolution P S
R3 Motif (frequent patter IlS) C3 Conc ept Dr lf. l g 1 — A *  Lc(WNV):the average loss of newly input TS chunk
7 . Lo (N) W Z L(YN_w+k’ h(TN_w+k)) * my: the cumulative difference between the chunk loss and
R4 S hape let ( S hape -based f eatures ) C4 Concept Evolution Nkzl average loss until the current time. §: Loss Tolerance
. . . myN = Lco(t) — L t) — & * My: the minimal cumulative difference recorded
Streaming Time Series S ;( () = Lavg () =)
: : : : B « A PH Drif
A continuous input data stream where each instance is a real-valued data: S = (t, ty, ..., ty), My = min(mg,t = 1..N) A: PH threshold to detect a Concept Drift
. . . . , True, PHy = A
where N 1s the time tick of the most recent input value. PHx = my — My + Concept Drift = { Falee Othévrwise
Time Series Stream Sy S -
* A continuous input data stream where each instance is a Time Series: Sy¢ = (T1,T5, ..., Ty). . . .
Notice that N increases with each new time-tick. Elastic Cachlng Mechanism
Research Focus: P ————
- - ‘ Cache Elimination N
. . . Cached Chunks & Linked info. H \
« R4+ {C1,C2,C3} in Time Series Stream. it - — ___ :
. atrix Profile se apele ! earne :
> -ll;IITe r Chunk CN’ ; MP_set,, ,, J > Extraction i 1 Concept l i
Tt ™ 1L T T o T TR . |
| ) ’ Matrix Profile set E /\"‘ i : > SELULCT :
| sety.wi w i E : Block |
Problem Statement : R I NS B :
: Tnewet, TNew-2, -5 T2 | N’\ i : T :
. . . . . Import TS ‘ _ ’ S [checkchunk] (Tpopup ) |
* Low Scalability and Incrementality of Time Series representation approaches ok ; e | T F [ chunk | :
: MP_set, : Concept
. . . . . . | Chunk(, , \ ? imination
» (lassical Shapelet Evaluation is not suitable in streaming context ; S "} ""'a‘“"eep e
" y, 4 _________________________________ -
. . . : Unblock /N
* Concept Drift detection should be adapted in TS Stream model conemtoie T TTTTTTTTIIS oo T oot rahs ﬁ
YES| YES —fLi Concept Drift YES ™ The border with
. .. . . . 1|1 State Transition ! matched conce
* Memory cost of infinite TS 1nstances (Shapelet Extraction relies on a set of l — | b, ) r i matohedconcep
N Ime v N ime )
lnStanceS CaChed 1n the memOIY) Input Time Serie:gtream Concept Check Cached Time Ser?e(s Stream Concept Check
System Structure Experimental Results
[ - - - -
i Caching * Incremental test under stable concept (14 Shapelet datasets)
: i ; |
Evaluatlon ! MEChanlsm T Type |Name Train/Test Class Length IG KW MM ISMAP(best) Para. (A) Comp. Ratio 4 )
Result? 7 N Simulated|SyntheticControl 300/300 6 60  0.94330.90000.8133 07007 035  46.7% Accuracy Performance
: , Trace 100/100 4 275 0.9800 0.94000.9200 1 05,045 26.0% , .
Shapelet | ocotor l MoteStrain 20/1252 2 84  0.8251 0.83950.8395  0.9169 0.45 60.0% Baseline: Shapelet Tree classifiers
| ! Sensor  |SonyAIBO.I 20/601 2 70 08453 0.72810.7521 0.9151 0.4 95.0%
Next Chunk Import Chunk Update | executor CPUs ! SonyATBO.II 27/953 2 65 08457 - - 0.8583 0.4 63.0% « Information Gain (IG)!
: ! TtalyPower. 67/1020 2 24 08921 0.9096 0.8673 0.9466 045  25.4%
! Node | | ECG5000 500/4500 5 140 07852 - - 0.9109 04 0.4% o Kruskall-Wallis (KW)?
I_, ; : ECG  |BCGFiveDays ~ 23/861 2 136 07747 0.87210.8432 0.9826 0.4 51.2% ’ . 5
Evaluation Shapelet : Dl mum 3w Uit om0 + Mood's Median (MM)
Ini t‘lCl/IZCIl“IOI’II executor : Images |Coffee 28/28 2 286 0.9643 0.85710.8671  0.9286 0.4 78.6% : nbr.instance;mported
Block - >|: | FaceFour 24/88 4 350 08409 0.44320.4205 0.9886  except 0.45  62.5% Comp.Ratio = —————tmbor
J I P ! executor CPUs : DiatomSize. 16/306 4 345 0.7222 0.61110.4608  0.8758 0.5 50.0% % ' traming
TS Stream ‘1" "chunk C, \I Shapelet ' Node | Motion | GunPoint 50/150 2 150 0.8933 0.94000.9000 0.9738 045 42.0%
, W . I
[ Generator ]_N: '|'N’ TN-lr ., TN-w .., Ttr Tt-l s : Extractlon: J‘Z : Lo Trace . 1o MoteStrain 10 SonyAIBO.| o SONYAIBO.I 1.0ItaIyPowerD.3 4 Trade-off bet A 1A )
N ARG R / ' aracie ! 7. .T_\- - ‘j-m ﬁ-llo ‘q rade-off between Accu. an
! S Qr’( | 0.5 \\\ 5.0 051 0.5 0o 051 g5 05 2
| - 2.5 -0.1 . 1 .
Current Shapelet Set M E _____ / 2030405 2030405 2 2 030405 oo 02 0.3 0.4 0.5 02 030405 * Intheory, the, higher th,e, loss
. 0ECGFiveDays . 0TwoLeadECG Lo ECG5000 Lo FaceFour Lo Symbols :ErelShOId tAh’ the hlgher the efflclency,
oy e o - PYRRELS s b - 04 L 0.75 e lower the accuracy
Scalability & Incrementality DN NN AN e AV S N  In practice, the highest accuracy
e . 02030405 02030405 02030405 02030405 02030405 falls in the range A E [0_35’().4.5] .
Scalablllty. Lo Coffee Lo DiatomSize._02 1.O_Gun_Point 1lOSyntheticCon. >Dataset Name Nevertheless, efﬁciency can Dbe
: ) .y : . 05 : 222 0.5- §_0'1 05- o os I3 g — 2 greatly increased with an exchange
Previous work~ ensures the scalability of Shapelet Extraction in Spark. O.OOEMMS [T — O.OSMM kNP L e |5 | ofanegligible decrease of accuracy.
Incrementality:

* Adaptive feature test over Synthetic dataset with Concept Drift

* The necessary condition to adapt TS representation in stream context. | o  (enthor , )
ConceptDrt 3 /\\ Concept Dt :m:m:srvcoztm . ynthetlc Trace dataset:
Y When new TS instance Comes: :Il:;f/tg)(t) 1_ A ™ Goé ® Randomly put nOise for Data Augmentation
o Wjuk/ ks * 1000/1000 training/testing instances
1. Update the discriminative power of existing Shapelets I TWYIN_ /’f _hu |+ Twodrifts are inserted at time 333 and 667
2. Introduce new candidate Shapelets, compute their power M L M L (o Drift detection: A
° Step 1 and 2 Share the same C()mputati()n process4 a) Tholerance = 0.15, PH thresh. A =04 e 345/330 (5=015), 350/330 (6=O30)
T 1 7 )] —— Caching cost:
. , . . = T o] —wsess | [« 100 of 1000 (§=0.15), 50 of 1000 (6=0.30)
Evaluation Block (Shapelet Evaluation + Concept Drift Detection) Bl : : ; + Cache is eliminated at the end of drift period
Shapelet Evaluation _ R e begiminglond of cach arf e
] L o][— Siomoid Loss Function 2 -.\\J,lstCach:;fﬁnzﬁeﬁnﬂnaﬁonf50 Dataset - i(Con. 1) ii(Con.2) iii(Con.2) iv(Con.3)
° 0'1 LOSS FunCthn T'(l)'-leIZ)c;Sssbi/urS]icgt:rigid % IENNNUN IO S S—— 3 00 Aug.Trace(520.15)%;TZ?EE 0%%500 ofg%o ogg%o 0.79%%0
0.8 o memE e b) Tolerance & = 0.3, PH thresh. A = 0.4 Aug.Trace(s =0.30) TTef?ZSEE 0%56%0 0%@500 og;f)o 0.7907(())0
0, Y =h(T) \ -
L(Y7 h(T)) T { 17 Y # h(T) %0.6—
where Conclusion
h(T) _ C, Zf d’iSt(T, §) < §-diStThresh 0.2 Dist. Threshold of Shapelet
o nonC, otherwise v . . : . . :
First attempt to explore incremental and adaptive features in Time Series Stream.
. . . . o 5 s v 'We propose a novel Shapelet Evaluation approach which allows the transition
* Sigmoid Loss Function DIsTS, Shapeled . . .
] Figure 1: Shapelet Evaluation over from Time Series to Data Stream analysis.
L(Y,T)) = | fo-G—0 97 5.distThresh newly input TS instances v 'We propose an elastic caching mechanism which is capable of eliminating out-

of-date concepts/data proactively in the Time Series Stream model.
v The system is applicable in the scenario where an existing dataset is continuously
expanded with new knowledge without human loop in the middle.

x = min(dist(T<,8)), §eS©

A Loss Threshold A can be set to import incrementally the valuable instances.
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