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Time Series Representation Learning
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Data Annotation Services

Artificial Intelligence (Al) and Machine Learning (ML) dictate @ new approach to

business - one that requires plenty of data. Pick the best data annotation

outsourcing service for computer vision while saving money and time!
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Representation Learning
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Representation Learning
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Representation Learning

% Pretext O = HIO|E| S4I} AHS 88 SHo| ufat 2t £ g
% G117} 00| O|20{ Xl O|O| X| 20LO| G| A| 2 Pretext 55 M O
v" Transformation Prediction
90 7
-
W > |4

) ed

20| =0| “Ql=" O[O| H &|0| = 0| “QU=" 4| O| H

S DMQA



Representation Learning
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Time Series Augmentations
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Time Series Augmentations
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Time Series Augmentations
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Time Series Augmentations
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Time Series Augmentations
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Time Series Pretexts =&
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v' A Transformer-based Framework for Multivariate Time Series Representation Learning(TST)
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v’ Self-supervised representation learning from electroencephalography signal

[4] Ericsson, L., Gouk, H., Loy, C. C., & Hospedales, T. M. (2021). Self-Supervised Representation Learning: Introduction, Advances and Challenges.
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Masked Prediction Pretext

A Transformer-based Framework for Multivariate Time Series Representation Leaming(TST)
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[5] Zerveas, G., Jayaraman, S., Patel, D., Bhamidipaty, A., & Eickhoff, C. (2021, August). A transformer-based framework for multivariate time series
representation learning: In Proceedings of the 27th- ACM SIGKDD Conference on Knowledge Discovery & Data Mining (pp. 2114
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Transformation Prediction Pretext

Self-Supervised Representation Leaming from Electroencephalography Signals
o Aol =Xt HEE 8% Pre-Text 7| B 271X & H|F
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[7] Banville, H., Albuquerque, ., Hyvarinen, A., Moffat, G., Engemann, D. A., & Gramfort, A. (2019, October). Self-supervised representation learning
from electroencephalography signals. In 2019 IEEE 29th International Workshop on Machine Learning for Signal Processing (MLSP) (pp. 1-6). IEEE.
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Instance Contrastive Discrimination Pretext

Contrastive Representation Leaming for Electroencephalogram Classification (SeqCLR)
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Instance Contrastive Discrimination Pretext
Contrastive Representation Leaming for Electroencephalogram Classification (SeqCLR)
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[8] Mohsenvand, M. N., Izadi, M. R., & Maes, P. (2020, November). Contrastive representation learning for electroencephalogram classification. In
,,,,,, Machine Learning for Health (pp. 238-253). PMLR.

S DMQA



Instance Contrastive Discrimination Pretext

Contrastive Representation Leaming for Electroencephalogram Classification (SeqCLR)
< 02 GIO|H = oAHO| AtEotn, M E ZF Atz H[O|H & AtEt A0] 21t

+6/l2 7ts HEE ZF ALEOIRlE B8R /I =2 d55 715
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S gl [ time shift
T | [ DC shift Percentage of labels ‘ 1% 10% 50%  100%
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S 82 B masking RGNN - - - 85.30
. o tomescp  BIHDM i . ~ 8540
. CpC 69.17 76.33 79.98 81.12
® Emotion recognition Normal/Abnomal Sleep-staging RP 67.76 74.29 77.95 80.39
TS 69.73  78.27 81.66 82.10
SeqCLR - C 77.09 81.01 83.73 84.11
recombination  fusion fine-tuned SeqCLR - C | 79.04 83.12 85.21 85.77
X X 78.93  79.12 77.72 fine-tuned SeqCLR - R | 78.18 82,93 84.00 85.25
v X 83.01 83.78 81.10
X v 80.23 83.44 79.59
v v 84.11 86.27 83.05

[8] Mohsenvand, M. N., Izadi, M. R., & Maes, P. (2020, November). Contrastive representation learning for electroencephalogram classification. In

Machine Learning for Health (pp. 238-253). PMLR.
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Instance Contrastive Discrimination Pretext

Time-Series Representation Leaming via Temporal and Contextual Contrasting (TS-TCC)
< EEG Of| = otE|X| Ri= EEF A AE H[O|H o Hetoh = Q%2 XA

o =AHdDo|O0] HFe| I xstsE A T

S AA G I xstES fIo ZHESED A HE2 = U= 7t &E A A

< X7|1K 2oty de 50 X[ =at& CHH| £2 s 2 2 (Human Action Recognition, Epsilepsy)

< AA € H0|H 54 &, &2 MO0 M 270 2| Ct& 7t BRI = ddk= ME0| 1t
g2 HEZ HigtE = A= 2l &

v' 0] 2 Augmentation 7|2l & THE S} A M EISI=A| Ot Ll positive M & ot 2712

— =1

Augmentation 7| E 117
 Weak : Jitter + Scaling

* Strong: Permutation lJitter

v EIO|Ef 7t2 93+ Tjat0| Ef & | o|E of et M Fs| B

= O

[6] Eldele, E., Ragab, M., Chen, Z., Wu, M., Kwoh, C. K,, Li, X., & Guan, C. (2021). Time-series representation learning via temporal and contextual
contrasting. arXiv preprint arXiv:2106.14112.
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Instance Contrastive Discrimination Pretext

Time-Series Representation Leaming via Temporal and Contextual Contrasting (TS-TCC)

% Temporal DependencyQ| CH St Robust representation= £/ 5l Tough Cross-View prediction Task

£ Mt

% Weak Augmentation2| K|t Latent Bl E{ & O|- &3} C}E View(Strong Augmentation)2| O] 2l

Al HE Ol 5

% RobustnessE ¢|ot CtE FF2| Augmentation= AIE0HA| %S

Contextudl Contrasting c(_.

deumze

Similarity
Non-linear Non-linear
Prn]ectlon Head Pru]echcm Head
I I

Temporal Contrastmg

u

v
&
A A A A |
1 'I 1 1 1
[ Encoder ] [ Encoder

A .l

[ Strong Augmentatlon ‘Weak Augmemauon

]
1

[_ WA Jf\fﬂﬂfg HW

. lilog exp((Wi(ct)" 784
S Tnew,, exp(Wi(ed) 22

v exp((W, (CW))TZS )
wo—/— 2N g Kk \Ct t+k
" Kkz Snen, exp(Wic(e) 29)

(ConvlD + BatchNorm1D + MaxPool + ReLU) * 3

Weak Augmentation : Jittering + Scale
Strong Augmentation : Permutation + Jittering
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Instance Contrastive Discrimination Pretext

Time-Series Representation Leaming via Temporal and Contextual Contrasting (TS-TCC)
% 1THA| L& St5 O| 22| Context VectorS CHA| oHEH L= ShE
< HY X| L O| A| Original SampleO| &2 712 Positive Sample, LHE 2 £ ME =2 Negative

SampleO| 2} F 9|

Contextual Contrasting £

+

Maximize

similarity N7l B X]Of| A Strong, Weak AugmentationS S22
| [ e ) | 2N 37]0f| GO E{ Of CHSHA I ot T

Context vector ¢} 2} ¢/t & Positive 2 E. 11

T T T T T T T T T T T T T T T T T e T T T T T s T T T T T T T T T T s T T e T e T e T T T )
I 1
1
1

: (et} Temp ;
Tl LI X| 2N-2 £ Negative sample £ HI 25
i Transformer [‘,‘;:"C
I ¥
0 N e (28 K . i i
L_ _____ @ ________ Q_k _________ b Y - Lo = Z log exp(sim(ct, ci*)/7)
cc=— 7
[ Encoder ] L7 YR D exp(sim(ct, cf*) /T)

f
[ Strong Augmentation l ?
| m |
Uity
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Instance Contrastive Discrimination Pretext

Time-Series Representation Leaming via Temporal and Contextual Contrasting (TS-TCC)
< ME0| M2 JEME REHO| ZHesS £

% Ablation Study= =l A Temporal Contrasting moduleZ} Contextual Contrasting module2| 2 1}

A ol=
O -do
(a) HAR (b) Sleep-EDF (c) Epilepsy
85 ..::70-."'95
Ess . 50 85
§55 *— Supervised 0L Supervised W o Supervised
457 5- 1:;:(7'?1)00 305 5- 1;&;0(2(?1)00 757 5. I(T)&ST; C;::Tl)on
Percentage of labeled data
Figure 3: Comparison between supervised training vs. TS-TCC
fine-tuning for different few-labeled data scenarios in terms of MF1.
| HAR | Sleep-EDF | Epilepsy
Component | ACC MF1 | ACC MF1 | ACC MF1
TC only 82.76+£1.50 82.17£1.64 | 80.55£0.39 70.994+0.86 | 94.39+1.19 90.93+1.41
TC + X-Aug 87.86+1.33 87.91£1.09 | 81.58+£1.70 71.88+1.71 | 95.56+0.24 92.57+0.29
TS-TCC (TC + X-Aug + CC) | 90.37+0.34 90.38+0.39 | 83.00+0.71 73.57+0.74 | 97.23+0.10 95.54+0.08
TS-TCC (Weak only) 76.554+3.59 75.14+4.66 | 80.90+1.87 72.51+1.74 | 97.18+0.17 95.47+0.31
TS-TCC (Strong only) 60.23+3.31 56.15+£4.14 | 78.554£2.94 68.05£1.87 | 97.14£0.23 95.39+0.29
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Instance Contrastive Discrimination Pretext

TS2Vec : Towards Universial Representation of Time Series

<« THAHQ ZE O7|HN= ol 7ts &, QA X, st YH 2= &7|otrt

’

A o o e e e e e e e R R e R e E e e e e e e e e E e e e

An Instance

< ST A A A MaxPool
LA F T T T

L g A g g g g A 7

L A F G AP
L F T T T F T
S A, e, e e

e

Temporal Contrast

- e e e e e e e e e e e e R e e e e Ee e e e e e s
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Instance Contrastive Discrimination Pretext

TS2Vec : Towards Universial Representation of Time Series

+* Self Contrastive Learnlng01|*'| Positive SampIeE Hol=l¥ &8

« 7|E9 do EMEE M7

v’ Subseries consistency (Franceschi, Dieuleveut, and Jaggi 2019)
e SHMEQIMEE MEZ2Z JOHESELS MZ AHHAE T} QK|

= T O=2 o
v' Temporal consistency (Tonekaboni, Eytan, and Goldenberg 2021) :
- QIETtMAHESES M2 HHEAET LXK
v Transformation consistency (Eldele et al. 2021)
. AP 2 HE CIYBL NS SOl T HYAET QXBICHE ZT IPHO R A

& O|O[E0f| CHoK Mefoth| B&

oy B 1:5 1 ) 4 'b\‘
. "_j 0.0 ) '_\/\/'\ é 1 Q
Subseries :fl’: \ Temporal 0 WH J‘
Consistency s Consistency -1 { “‘J
Repr. using Subseries Consistency Repr. using Temporal Consistency
Subseries consistency AtZi Temporal consistency Atg]|
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TS2Vec : Towards Universial Representation of Time Series

% Contextual Consistency 7l 'E X| ¢t
v AAE HOolH &2 523t HQl magnitudeZt HZO| &|X| FOH,
v 2Ol EfJARIZOIC Z A%t st E TN E SHA|7| 25 R 7S5, position-
agnostic?t I| M E H{ 1 O[X 7| 1|E|=dS s=Ct2 &
v Timestamp MaskingZt Random Cropping =Lt & EHA O A2 H &
v 2 EIYARIO| AH| T MIEHE 22 augmentation= F{5H Positive M= TH5H0] Ef
o Agim 2 0p2 2 9 212 0|E{0f Cropping HE310] MEE FEIAE ALK

X/

al .

< CHlolH 7t= _ Contextual Consistency (ours)

v' Timestamp Masking : Input Projection Layer=
& 1}Sh latent vector z; O OFA3 4t m €
{0,137 2 M ESIH, | ZE+0| EX(p=0.5)=
of i ME=25H0f OfA~Z

v Random Cropping : Cropping= ©tx| 27 M=
Ol X = HEYSIH, A= FE= ME
S AHAE HIE I RASIES O




Instance Contrastive Discrimination Pretext

TS2Vec : Towards Universial Representation of Time Series
+ QlAHE37jo| BER 1Y

v" Input Projection Layer

v' Timestamp Masking Module

v Dilated Convolutions

< Input projection layer : StLF2| FC Layer2 T3 |, & X|
HIE g

©)
[

>
m
30 |H

—_—

% Timestamp masking module : & MEH=I E
7t OfAZ XN 2| (@2l HOo[EH oA X 2| ot
Ched| Ot EE Z0| 2 = A0 A2}

il

Of
)

I oOF
oot rir

+* Dilated Convolutions

v' 107 Residual 5 S50 ZF Ef A FA
2 E TN E E7| fI5H AHE

v ZF =& 2712| 1-D convolutional layersE dilation
parameter ( 2! for [ — th block)= 2850 H=2
receptive field& 7}sotA &

I=

of Zie
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1 | Hierarchical Contrasting

Instance Contrastive Discrimination Pretext

TS2Vec : Towards Universial Representation of Time Series

% hierarchical contrastive loss K| €t
& LAt AA LY M 22 X E 250t/ 26K
Pooling= 2H{M =2{7tH Of & A|Ztdp MEXt0| | L= ot
% EfUYARHIYHOM MK Z0|2] AHAE Stg Ths

% Hierarchical Contrasting Module| A| 2 & Granularit

<
==

Algorithm 1: Calculating the hierarchical contrastive loss

AL L AT

] =
1 Temporal Contrast

-------------------------------------------

13: end procedure

1: procedure HIERLOSS(7, ) ! X
2: Ch-ier — ‘Cd-uai(?": T!); ! :
3: d<+—1; : 1
4: while time_length(r) > 1 do ! X
5: Il The maxpoolld operates along the time axis. ' !
6: r <— maxpoolld(r, kernel_size = 2); : '
7: r’ <= maxpoolld(r’, kernel size = 2); X :
8: Lhier ¢ Lhier + Cdual(?"; 7") ) ! :
9: d<—d+1; : Y= S A A4 MaxPool '
10:  end while : CHHHH T T T :
11: ‘Ch-ie?‘ — ‘Chée?‘/d N : gggggggg {b(" :
12: return Lpie, ; AT AHFHFHHZT (& 1% |



Instance Contrastive Discrimination Pretext

TS2Vec : Towards Universial Representation of Time Series

1 | Hierarchical Contrasting

o ABHC=Z Temporal Contrastive Loss2} Instance-wise Contrastive Loss 40| Z|
C=Z Stg

P 4_ 1_°mH ------------
ief of= o*%':

<« AT 7O mef CFet A 2o T ofg &2 S Aot A LtElofE

-------------------------------------------

Time Contrastive Loss

160 exp(Ti¢ - ri,,t)

—log -
eme e n(exp(ri,t : ri,t’) + D) exp(ri,t : Tj,t))

Instance-wise Contrastive Loss

inst

=—lo
° ?=1(exp(ri,t'7}",t) + L) exp(rie - 750))

i
POS | ) — V — —

Total Loss

(l t) (3 t)
[’dual NTZ Z ltemp + lmst

J60 exp(Tie - 1i¢) ! P y 4

____________________________

QQ‘QQQQQQ

MaxPool

- e Em e Em Em e e R Em Gm M M A S B M S B R Em G S B A o Em Em o
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Instance Contrastive Discrimination Pretext

TS2Vec : Towards Universial Representation of Time Series

» A BEOR BR HAI0) MBS 4 HD)

% UCR datasets(1257l|) Bt 2.4%, UEA datasets(297l]) B 3.0% d=

SEAF
o O

125 UCR datasets

29 UEA datasets

Method Avg. Acc.

Avg. Rank Training Time (hours) Avg. Acc. Avg. Rank  Training Time (hours)

DTW 0.727
TNC 0.761
TST 0.641
TS-TCC 0.757
T-Loss 0.806

TS2Vec  0.830 (+2.4%)

4.33
3.52
5.23
3.38
2.73
1.82

228.4
17.1
1.1
38.0
0.9

0.650 3.74
0.677 3.84
0.635 4.36
0.682 3.53
0.675 3.12

0.712 (+3.0%) 240

91.2
28.6
3.6
15.1
0.6

Table 1: Time series classification results compared to other time series representation methods. The representation dimensions
of TS2Vec, T-Loss, TS-TCC, TST and TNC are all set to 320 and under SVM evaluation protocol for fair comparison.
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Instance Contrastive Discrimination Pretext

TS2Vec : Towards Universial Representation of Time Series
< Ablation StudyE &ot0{ Zf 22| ERd €5
o ENQART ol WK Herx 2 A4-SD A+ EAENS T B

Avg. Accuracy ﬂ:: w % 01 I
TS2Vec 0.829 s 2 N r e
w/o Temporal Contrast 0.819 (-1.0%) :g ‘ ke . JL’“U”HMMMLMMULW HWLMW
w/o Instance Contrast 0.824 (-0.5%) : tg_ 3 | :
w/o Hierarchical Contrast 0.812 (-1.7%) o e gt == ™ Timestamp
w/o Random Cropping 0.808 (-2.1%) s :
w/o Timestamp Masking 0.820 (_0-9% ) (a) ScreenType. (b) Phoneme. (c) RefrigerationDevices.
w/o Input Projection Layer 0.817 (-1.2%) Figure 7: The heatmap visualization of the learned represen-
Positive Pair Selection tations of TS2Vec over time.
Contextual Consistency
— Temporal Consistency 0.807 (-2.2%)
— Subseries Consistency 0.780 (-4.9%)
Augmentations ———— ————— —————
+ Jltter 0_8 14 (- 1 -5%) 00 — T;(;l\,‘lrl’;c trut — Inl::::..e:r’ul : round trut
+ Scaling 0.814 (-1.5%) -05
+ Permutation 0.796 (-3.3%) -10
Backbone Architectures e
Dilated CNN 0 100 200 300 0 100 200 300 0 100 200 300
SN LSTM 0-?79 (_5-0%) Prediction steps
— Transformer 0.647 (-18.2%) . L .
Figure 5: A prediction slice (H=336) of TS2Vec, Informer
Table 5: Ablation results on 128 UCR datasets. and TCN on the test set of ETThs.
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TS2Vec : Towards Universial Representation of Time Series

o CHHZENL CHAZE O] O| B 2 50| A Informer, N-BEATS 22 A| ot REHIHLCIE =
M
(@]

(@) - O (@)
2ds=2 {1 US

TS2Vec Informer LogTrans N-BEATS TCN LSTnet TS2Vee Informer StemGNN TCN LogTrans LSTnet
Dataset H MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE Dataset H MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE MSE MAE
24 0.039 0.152 0098 0247 0.103 0259 009 0238 0075 0210 0.108 0284 24 0599 0.534 0.577 0549 0.614 0571 0767 0612 0.686 0.604 1.293 0901
48 0.062 0.191 0.158 0319 0.167 0328 0210 0367 0227 0402 0.175 0424 48  0.629 0555 0.685 0625 0748 0618 0.713 0617 0.766 0757 1456 0.960
ETTh, 168 0.134 0.282 0.183 0346 0207 0375 0232 0391 0316 0493 0396 0.504 ETTh, 168 0755 0636 0931 0752 0.663 0.608 0.995 0.738 1.002 0.846 1.997 1214
336 0.154 0310 0222 0387 0230 0398 0232 0388 0306 0495 0468 0593 336 0907 0717 1.128 0.873 0927 0.730 1.175 0.800 1362 0.952 2655 1.369
720 0163 0327 0269 0435 0273 0463 0322 049 0390 0557 0659 0.766 720 1048 0.790 1.215 0.896 =" - 1453  1.311 1397 1.291 2143 1.380
24 0.090 0229 0093 0240 0102 0255 0198 0345 0.103 0249 3.554 0445 24 0398 0461 0.720 0.665 1.292 0.883 1.365 0.888 0.828 0750 2.742 1457
48 0124 0273 0.155 0314 0.169 0348 0.234 0386 0142 0290 3.190 0474 48 0580 0573 1457 1001 1.099 0847 1.395 0960 1.806 1.034 3.567 1.687
ETTh, 168 0.208 0360 0232 0389 0246 0422 0331 0453 0227 0376 2.800 0.595 ETThy 168 1901 1.065 3489 1515 2282 1.228 3.166 1407 4.070 1681 3.242 2513
336 0213 0369 0263 0417 0267 0437 0431 0508 0296 0430 2753 0.7938 336 2304 1215 2723 1340 3.086 1.351 3256 1481 3875 1.763 2544 2591
720 0.214 0374 0277 0431 0303 0493 0437 0517 0325 0463 2878 1.044 720 2650 1373 3467 1473 - - 3.690 1.588 3913 1.552 4.625 3709
24 0.015 0.092 0030 0.137 0065 0202 0054 0.184 0041 0.157 0090 0.206 24 0443 0436 0323 0369 0.620 0570 0324 0374 0419 0412 1968 1.170
48 0.027 0.126 0069 0203 0078 0220 0.19 0361 0101 0257 0.179 0306 48 0582 0515 0494 0503 0744 0.628 0477 0450 0507 0583 1999 1215
ETTm, 96  0.044 0.161 0.194 0372 0.199 038 0.183 0353 0.142 0311 0272 0399 ETTm; 96 0.622 0549 0.678 0614 0709 0.624 0636 0602 0768 0792 2762 1.542
288 0103 0246 0401 0554 0411 0572 0186 0362 0318 0472 0462 0558 288 0709 0609 1056 0786 0843 0683 1270 1351 1462 1320 1257 2076
672 0.156 0307 0512 0644 0598 0702 0.197 0.368 0397 0547 0639 0697 672 0786 0655 1152 0926 - - 1381 1467 1669 1461 1817 2541
24 0260 0288 0251 0275 0528 0447 0427 0330 0263 0279 0281 0.287 240287 0374 0312 0387 0439 0388 0305 0384 0297 0374 0356 0419

48 0307 0388 0392 0431 0413 0455 0317 0392 0316 0389 0429 0456
Electricity 168 0332 0407 0515 0509 0506 0518 0358 0423 0426 0466 0372 0425
336 0349 0420 0759 0625 0647 059 0349 0416 0365 0417 0352 0409
720 0375 0438 0969 0.788 - - 0.447 0486 0344 0403 0380 0443
Avg. 0.828 0.636 1.154 0.781 - - 1.192 0.837 1314 0892 1903 1444

* All H > 672 cases of StemGNN fail for the out-of-memory (24GB) even when batch_size = 1.

48 0319 0324 0346 0339 0409 0414 0551 0392 0373 0344 0381 0366
Electricity 168  0.427 0394 0544 0424 0959 0612 0.893 0538 0609 0462 0599 0.500
336 0565 0474 0713 0512 L1079 0.639 1.035 0.669 0855 0606 0823 0624
720 0.861 0.643 1.182 0806 1.001 0714 1548 0.881 1.263 03858 1.278 0906

Avg. 0.209 0.296 0310 0390 0370 0434 039 0426 0338 0413 1.099 0536

Table 7: Univariate time series forecasting results. Table 8: Multivariate time series forecasting results.
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