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Jll Introduction

Label-efficient Learning Methods in Time Series Data
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Jll Introduction

Label-efficient Learning Methods in Time Series Data

< of|lo|=3 HIO|E| £F Case
= (Case 1:Few labeled data only
= (Case 2 : Unlabeled data only

= (Case 3: Few labeled data + Unlabeled data
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Jll Introduction

Label-efficient Learning Methods in Time Series Data
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In-domain solutions
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In-domain solutions
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In-domain solutions
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In-domain solutions
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In-domain solutions
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- Transfer learning for time series classification
Paper

/7

% Fawaz H. |, Forestier, G, Weber, J, Idoumghar, L, & Muller, P A. (2018). Transfer learning for time series classification. In
2018 IEEE international conference on big data (2632| 21-8)

= IDS : Inter-Datasets Similarity 7H'& |2t

Transfer learning for time series classification

Hassan Ismail Fawaz, Germain Forestier, Jonathan Weber, Lhassane Idoumghar and Pierre-Alain Muller
IRIMAS, Université de Haute-Alsace, Mulhouse, France
Email: {first-name.last-name @uha.fr}
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Abstract—Transfer learning for deep neural networks is the
process of first training a base network on a source dataset, and
then transferring the learned features (the network’s weights) to
a second network to be trained on a target dataset. This idea
has been shown to improve deep neural network’s generalization
capabilities in many computer vision tasks such as image recogni-
tion and object localization. Apart from these applications, deep
Convolutional Neural Networks (CNNs) have also recently gained
popularity in the Time Series Classification (TSC) community.
However, unlike for image recognition problems, transfer learn-
ing techniques have not yet been investigated thoroughly for the
TSC task. This is surprising as the accuracy of deep learning
models for TSC could potentially be improved if the model is
fine-tuned from a pre-trained neural network instead of training
it from scratch. In this paper, we fill this gap by investigating how
to transfer deep CNNs for the TSC task. To evaluate the potential
of transfer learning, we performed extensive experiments using
the UCR archive which is the largest publicly available TSC

problem is known to be mitigated using several techniques
such as regularization, data augmentation or simply collecting
more data [4], [5]. Another well-know technique is transfer
learning [6], where a model trained on a source task is then
fine-tuned on a target dataset. For example in Fig. 1, we trained
a model on the ElectricDevices dataset [1] and then fine-
tuned this same model on the OSULeaf dataset [1], which
significantly improved the network’s generalization capability.

Source: ElectricDevices - Target: OSULeaf

35
train without transfer
30 ) ) === test without transfer
' generalization === train with transfer
without = test with transfer
2.5 transfer learning




- Transfer learning for time series classification
Method

< Architecture
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- Transfer learning for time series classification
Method

s Dataset
= UCR Time series classification benchmark
= 85712| |O|E A =1
= CREHEF CHHEF A[AE O|0|E 2| S22 2i|0lE &/
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- Transfer learning for time series classification
Method

% Network Adaptation (Transfer)
= UCR Archive 2| 857lf i|O[E{ Al Zt2F H & S & (Pre-train)
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- Transfer learning for time series classification
Method

% Network Adapdation (Transfer)
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- Transfer learning for time series classification
Method

< Source Data Set A1%2| o{z{&
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- Transfer learning for time series classification
Method

< Source Data Set 1% Idea
= O|O|HA Zte| FAMS(IDS; Inter Datasets Similarity) = AlAHSHO E|[& o A4 H|O|E{ A= {1 EH
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- Transfer learning for time series classification
Method

% Dataset ZF 72| lZ AL LD
= OO|E =24 EHA (lines 1-7):
- 2 OIO|gAle| A S +==|otHH

2 SefA £ DBAE &9l Wz}

29| AAE ME

c|S

= H2| AL EEA (lines 8-22):
- HBE=7stHHOlHA &Q

S
. 2t E[O|E{HS| 2 BEAE 22

%
ru|o
H>
[ot

| (lines 8-10)
lines 13 and 14)

~N

= 5 O|O|EAl Zto| He|= sHE SeiA 7| £ DTW AHZ|E A7 (lines 15-19)
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Algorithm 1 Inter-datasets similarity

Input: N time series datasets in an array D
Output: N x N datasets similarity matrix

Initialization : matrix M of size N x N
data reduction step

1: for i=1to N do

22 C = Dli].classes

32 for c =1 to length(C) do
4 avg_init = medoid(C|c])
5 Cle] = DBA(C|¢|, avg_init)
6: end for
7: end for

distance calculation step
8: for i =1 to N do
C; = Dli].classes
10 for j=1to N do

1 C; = Dlj].classes

12: dist = o0

13: for ¢; = 1 to length(C;) do

14: for ¢; = 1 to length(C;) do

15: cdist = DTW(Cylei]. Cjley))
16: dist = minimum(dist, cdist)
17: end for

18: end for

19: Mli, j| = dist

20:  end for

21: end for

22: return M
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Algorithm 1 Inter-datasets similarity

< Dataset ?_|. 7.| EI '5°|.|EE:| 7_-"t|. OEI--TI—E-IE Input: N time series datasets in an array D
AIOIEd =A C} Initialization : matrix M of size N x N

- -” | -I - '—7:” (llneS 1- 7) data reduction step

o 7 k Mol 2 A= E A
I:-” Ol E'I | EH 2' |'D:| C' = Dli].classes
for ¢ = 1 to length(C) do
Cle] = DBA(C|¢|, avg_init)

end for

* Output: N x N datasets similarity matrix

1: fori=1to N do
2

Zr =2gj A0 o EAl IS 3 . engt

1= EH——l A|7:” = k” DBA H o'E'Ql' 4; avg_init = medoid(C|c])
5
6
7

. end for

- % -I E‘l 7:”AI—|- EI—I-Z” (Iines 8'22) distance calculation step
L 8: for i =1to N do
o E% 7|-%OI_|' E‘”Ol E‘|§'L| Aé|-9_| | (|ineS 8—10) 9:  C; = Dli].classes
10 for j=1to N do
||nes 13 and 14) 11: C; = Djjl.classes
12: dist = o0
13: for ¢; = 1 to length(C;) do
14: for ¢; = 1 to length(C;) do
- S CO|EIA ZH0] Hal SiT SEA 7HO] H|A DTW H2IZ A (ines 15-19) 15 edist = DIW(Cife. Cole)
16: dist = minimum(dist, cdist)
17: end for
18: end for
19: Mli, j| = dist
20 end for
21: end for
22: return M
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2
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- Transfer learning for time series classification

Experiments

/7

% Brute-force approach
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- Transfer learning for time series classification

Experiments

% Brute-force approach
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- Transfer learning for time series classification

Experiments

% Brute-force approach
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- Transfer learning for time series classification

Experiments

% Brute-force approach
= E}ZI O|O|E A kLt T 84702 Pre-Trained & 222 Fine-Tuning
= 857H2| EtZI Cf|O|E{ 4!l X 847 2| Pre-Trained & EXf = 71402 A& 2R

. Source
. Target

o e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e e

BN
RelLU
BN
RelLU
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RelLU
\ 4
Global Pooling

e
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Transfer learning for time series classification

Experiments

% Brute-force approach result

= L& Accuracy H2HES Heatmap 2t

« % Source dataset

« & :Target dataset

«  WZHM - SourceO| Target Off F3& Hgt

- I}ZHM : SourceO| Target O] 3°3% Fet

«  3|M: Transfer leaming AFE/0|AME X}O] Q1S

< Source / Target datasetOf| LSt FAIEE HE =

Transfer learning H-& O 2% T

=

OF:

Daota Mining
ob Quallity Anailytics % of accuracy variation after transfer



- Transfer learning for time series classification

Experiments

< IDS : Inter-Datasets Similarity M-8 /% Accuracy H| i1
= Source dataset2 Random 22 ME ot 4 CHH| IDS X|Ag S ZH= Dataset 2 SourceZ MEH oF A2

Accuracy 7} CHE=2 71 &

Accuracy with transfer learning

1.0F .
Win / Tie / Loss .
71/ 0/ 14 LI
p-value = 107 N
08} 27T NN o
g our method
B is better here .
— 0.6} . Wine
: '
s . 158 NN
3 27 NN >
(73]
s 041 random method
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i
I:I-E B } " 'l
DiatomSizeReduction
!é'- NN .
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- Transfer learning for time series classification

Experiments

< 7H'8 HIO|E{Al B! (Target Dataset : ShapletSim)
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Experiments
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- Transfer learning for time series classification

Experiments
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Summarization

%+ Conclusion
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% Meiseles, A, & Rokach, L. (2020). Source model selection for deep learing in the time series domain. IEEE Access

312 218)

=  SMS : Source Model Selection 72 |t

Source Model Selection for Deep Learning in the
Time Series Domain

AMIEL MEISELES ~ AND LIOR ROKACH

Department of Software and Information Systems Engineering, Ben-Gurion University of the Negev, Be'er Sheva 8410501, Israel

Corresponding author: Amiel Meiseles (amielm @ post.bgu.ac.il)

ABSTRACT Transfer Learning aims to transfer knowledge from a source task to a target task. We focus on a
situation when there is a large number of available source models, and we are interested in choosing a single
source model that can maximize the predictive performance in the target domain. Existing methods compute
some form of “‘similarity” between the source task data and the target task data. They then select the most
similar source task and use the model trained on it for transfer learning. Previous methods do not account for
the fact that it is the model parameters that are transferred rather than the data. Therefore, the “similarity”
of the source data does not directly influence transfer learning performance. In addition, we would like the
possibility of confidently selecting a source model even when the data it was trained on is not available, for
example, due to privacy or copyright constraints. We propose to use the truncated source models as encoders
for the target data. We then select a source model based on how well it clusters the target data in the latent
encoding space, which we calculate using the Mean Silhouette Coefficient. We prove that if the encodings
achieve a Mean Silhouette Coefficient of 1, optimal classification can be achieved using just the final layer of
the target network. We evaluate our method using the University of California, Riverside (UCR) time series
archive and show that the proposed method achieves comparable results to previous work, without using the
source data.
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«»» Architecture
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% Source Model Selection =X}
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< Source Model Selection =X}
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Input : Pre-Trained Models, Target dataset
Output : MSC Ranking

1) Source Model 7t (line 3)

2) Source ModelW|M =& Layer M| (line 4)
3) Target dataset2| Encoding ‘&4 (line 5)

4) Encoding®| MSC A|4F (line 6)

5) MSC 7| Ranking (line 7)

Algorithm 1 Source Model Ranking

Input: models: List of all pre trained base models £:
layer from which to generate encodings
Xtarger_train: training sequences from Dygrge
Yiarcer train: training class labels from Dgppe

Output: rankings: A |models|-length list with the source

models ranked by their predicted transfer
learning performance

distances <— |models|-length list initialized to Inf

for s < 1 to |models| do

Mpurce < models|s]

-]

encoder <— M0 truncated at layer £
encodings <— encoder(Xiarget_train)
distances|s| < —MSC(encodings., Yiareer_train) >
calculate Mean Silhouette Coefficient using Cosine
__ distance
rankings <— argsort(distances) rank source models
according to MSC distance in increasing order
return rankings
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Input : Pre-Trained Models, Target dataset
Output : MSC Ranking

1) Source Model 7t (line 3)

2) Source ModelW|M =& Layer M| (line 4)
3) Target dataset2| Encoding ‘&4 (line 5)

4) Encoding®| MSC A|4F (line 6)

5) MSC 7| Ranking (line 7)

Algorithm 1 Source Model Ranking

Input: models: List of all pre trained base models £:
layer from which to generate encodings
Xtarger_train: training sequences from Dygrge
Yiarcer train: training class labels from Dgppe

Output: rankings: A |models|-length list with the source

models ranked by their predicted transfer
learning performance

distances <— |models|-length list initialized to Inf

for s < 1 to |models| do

M ource < models|s]

encoder <— M. truncated at laver £

-]

encodings <— encoder(Xiarget_train)
distances|s| < —MSC(encodings., Yiareer_train) >
calculate Mean Silhouette Coefficient using Cosine
__ distance
rankings <— argsort(distances) rank source models
according to MSC distance in increasing order
return rankings
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Input : Pre-Trained Models, Target dataset
Output : MSC Ranking

1) Source Model 7t (line 3)

2) Source ModelW|M =& Layer M| (line 4)
3) Target dataset2| Encoding ‘&4 (line 5)

4) Encoding®| MSC A|4F (line 6)

5) MSC 7| Ranking (line 7)

Algorithm 1 Source Model Ranking

Input: models: List of all pre trained base models £:
layer from which to generate encodings
Xtarger_train: training sequences from Dygrge
Yiarcer train: training class labels from Dgppe

Output: rankings: A |models|-length list with the source

models ranked by their predicted transfer
learning performance
1 distances <— |models|-length list initialized to Inf
for s < 1 to |models| do
Mource < models|s]

encodings < encoder(Xarget train)

2

3

4 encoder <— M0 truncated at layer £
5

6

distances|s| < —MSC(encodings., Yiareer_train) >
calculate Mean Silhouette Coefficient using Cosine

__ distance

7 rankings <— argsort(distances)  © rank source models
according to MSC distance in increasing order

8 return rankings
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Input : Pre-Trained Models, Target dataset
Output : MSC Ranking
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2) Source ModelW|M =& Layer M| (line 4)
3) Target dataset2| Encoding ‘&4 (line 5)

4) Encoding®| MSC A|4F (line 6)

5) MSC 7| Ranking (line 7)

Algorithm 1 Source Model Ranking

Input: models: List of all pre trained base models £:
layer from which to generate encodings
Xtarger_train: training sequences from Dygrge
Yiarcer train: training class labels from Dgppe

Output: rankings: A |models|-length list with the source

models ranked by their predicted transfer
learning performance

distances <— |models|-length list initialized to Inf

for s < 1 to |models| do

Mource < models|s]

encoder <— M0 truncated at layer £

encodings <— encoder(Xiarget _train)

distances|s| < —MSC(encodings., Yiareer_train) >
calculate Mean Silhouette Coefficient using Cosine
_ distance

-]

rankings <— argsort(distances) rank source models
according to MSC distance in increasing order
return rankings
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Input : Pre-Trained Models, Target dataset
Output : MSC Ranking

1) Source Model 7t (line 3)

2) Source ModelW|M =& Layer M| (line 4)
3) Target dataset2| Encoding ‘&4 (line 5)

4) Encoding®| MSC A|4F (line 6)

5) MSC 7| Ranking (line 7)

Algorithm 1 Source Model Ranking

Input: models: List of all pre trained base models £:
layer from which to generate encodings
Xtarger_train: training sequences from Dygrge
Yiarcer train: training class labels from Dgppe

Output: rankings: A |models|-length list with the source

models ranked by their predicted transfer
learning performance

distances <— |models|-length list initialized to Inf

for s < 1 to |models| do

Mource < models|s]

encoder <— M0 truncated at layer £

encodings <— encoder(Xiarget_train)

distances|s| < —MSC(encodings., Yiareer_train) >
calculate Mean Silhouette Coefficient using Cosine
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-]
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«» Dataset

= UCR Archive 2| CHHEZF Ct
= CHHEFOO|H M2 CHHEFO = 25 (0 : 7t

IAIE EIoIH M &g

Z™- 442! Cricket = CricketX, CricketY, Cricket?)

Number of Time series Size of training Size of testing Total Size
classes Length set set
min 2 24 16 20 40
max 60 2709 8926 8236 16637
median 3 300 200 400 780
mean 7.67 422.21 432.88 1164.8 1597.68
std. dev. 11.25 429.06 1016.19 1665.58 2417.73
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% Source Model Selection 211} &
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% Performance Metrics

= Top-1 Accuracy : Z|&2| Source modelO| 1st RankZE @M+ 3t E| =X

= Mean Reciprocal Rank (MRR)®) : 2& 2| & 112{5}0], &CHE QI Mt HIt
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» Alternative Clustering Quality Functions
= &2 AF0|A X2HE Silhouette Coefficient 7|8t Clustering &2 A4t B 20t CHOHO| H| W =X

= Variance Ratio Criterion (VRC)® VRC SSy/(k — 1) 6
k j—
e SSb : %E'IﬁE-I |7_|- HI_:I% / SSw ; %E'lﬁE'l LH tﬂ% SS-L.;;{(N — k)
N k %E-IQE:I _JI\_ where:
1 H'j
« VRCt 2 5 =4 4= & S8y = Z”j (X — ¥)? and SS, = Z Z(AU XJJH
J:=] j 1 i=1
= Davies-Bouldin Index (DB)"
. K:E2AH k e 1
N DB = ! Z max Si 135 (7)
- Dijc= 282H et jof 34 Ato[2] AHE| — iz d;

«  Sx= SHLEHxQ Y RHAH xUe 2= ARA 7HEw AL
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% Source O|O|E| M7d ¥1E|F 7t ‘ds H|n
= DSt & ¢4t S =0

2l

AS MEISH A CHH| SAE S = |Ro|0|ot d5 &= EY
= IDSO| A2 Source H|O|E{E AFES|HE BHH SMSE Source 2 ETE ALE 0| = Top-1 Accuracy £ O &2 ds
Top-1
Uses
Method MRR Accuracy Hits p-value Source
Data?

Random Source Model Selection (.0597 1.2% 1.01 | No

IDS [6] 0.1162 3.7% 3 0.010 Yes

SMS - our method 0.115 7.1% 6 0.0006 * MNo
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VRC, DB Y Silhouette Coefficient| Al Cosine / Euclidean / Manhattan Distance 7+ 21t B7t
=2 A0 A Xt =l Cosine Distance 7|t Silhouette Coefficient 7t 7t2 52 M52 7|8 &
Top-1
Clustering Quality Function MRR Accuracy Hits p-value US&S:‘:TCE

Random Source Model Selection 0.0597 1.2% 1.01 1 Mo
Variance Ratio Criterion 0.0617 2.4% 2 0.2686 Mo
Davies-Bouldin Index 0.0956 3.5% 3 0.0814 No
Silhouette Coefficient using Euclidean Distance 0.1066 5.9% 3 0.0036 * No
Silhouette Coefficient using Manhattan Distance 0.1102 5.9% 3 0.0036 * No
Silhouette Coefficient using Cosine Distance (SMS) 0.115 7.1% 6 0.0006 * No




- Source Model Selection for Deep Learning in the Time Series Domain

Summarization

«» Conclusion

= Source data & 810| Transfer learning 0fl 218 Q1 Source model M7 B E KA

o
A
J

=  Mean Silhouette Coefficient2}2 Source Z 20| 1AL =X

= 7|&E A7 IDSCHH| Source dataZ& 810 Top-1 Accuracy 7|&E 2%, MMR 7| & &5%t 8 24

=  Source data’f Sl AN =240 M E 7t ¥A

Q.. Daota Mining
ob Quallity Anailytics



- Conclusion

% Introduction

.ﬁ

\/
0’0

Daota Mining
Quallity Anailytics

4F WMZ25E Gt A|AE OOt 2282 2 451 UAS
HO[&7t 2R8

Cl =l E_
= =0 CHot SHaH 2|7 SRS

O2{et A[A E EIO|H &S ?[5i EEid 22
=M AZoM= T2l 2loj=2 =l HIoIE~

o
o
|
1L -III

0|= MZ C}2 Domain?| H|O|E E3}= Transfer learning ZIH 0| A
EH

Source domaing 210180 2 MEish 4~ Q)

Source Selection Methodology in Transfer Learning of Time Series Data

IDS : Inter-Datasets Similarity

- Source dataset 28 Target dataset 7t FAL=E A A5 %|& Source dataset EFA4

SMS : Source Model Selection
«  SAO|M+= Source datasetd] CH3H &

H
2 X|M 9| Source datasetS EMMSH= HIHEZ

20| H|THH0|E £, Source Model Bt 223510 MSCE H| A=

—

HIAlI O
o—=1—




(%2}
O
-
[
c <=
> =
o5
(o=
aod
%




Il References

[1] Eldele, E., Ragab, M., Chen, Z., Wu, M., Kwoh, C. K., & Li, X. (2023). Label-efficient time series representation
learning: A review. arXiv preprint arXiv:2302.06433.

[2] Fawaz, H. |., Forestier, G., Weber, J., [doumghar, L., & Muller, P. A. (2018, December). Transfer learning for time
series classification. In 2018 IEEE international conference on big data (Big Data) (pp. 1367-1376). IEEE.

[3] Meiseles, A, & Rokach, L. (2020). Source model selection for deep learning in the time series domain. IEEE Access, 8, 6190-
6200.

Q.. Daota Mining
ob Quallity Anailytics



