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@ Over the past 5 years, a lot of work on unsupervised neural
representations for time series Franceschi et al. [2019], Yue et al.
[2022], Zhang et al. [2022], Yang and Hong [2022], etc.
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@ But no works on interpretable neural representations for time series

@ Although neural methods for representing time series are relatively
new, non neural interpretable methods for representing time series are
widely studied (e.g. Symbolic Aggregate approximation (SAX)
methods)
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We need to define requirements for an interpretable neural
representation
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The univariate time series is denoted by the vector x € RT

Let r be the symbolic neural representation. We denote by A the
support (alphabet) common to all these elements:
r=(r,...,ry) e AT

¢g is the function that maps the time series into the representation

Y, is the function that goes from the representation to the
reconstruction space of the time series
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Requirement n°1: temporal consistency
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Requirement n°2: a decodable representation

CEEED J

6/20



Requirement n°3: discrete symbolic representation

@ The purpose of a symbolic neural representation method is to capture
complex phenomena within the representation while being able to
interpret and visualize the representation elements

@ In addition, the support must be common to all elements of the
symbolic representation

@ The size of the support should be small

rafra - - [-[-[-[-Jrr]

vie{l,....,T' },rr € A={ab,c.d,e, f,g}
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Requirement n°4: shift equivariance properties
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Requirement n°5: a representation adjustable to the
frequency level
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Proposed model
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Global architecture

Discretizati
@ Encoding phase @ (3) [ Decoding phase
X := Initial time series |Vt' ef{l,..., T },e:’, [SRTTI. cx ) X := Reconstruction
| % =
) — — Decoder
YAl | | ——
Encoder
b
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LT =11 fomasemation
Y

{ Unsupervised Loss = || X — X| |§ +n(E, E?) l

@ Inspired from the Vector-Quantization Variational Auto-Encoder
[van den Oord et al., 2017]
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The encoder consists of B blocks with identical structure

Inside one block the structure is :

Adapatative Point_wise
—>| polyphase | nonlinear [—»
downsampling operator

Input Convolution

Output
sequence [ ~| 1D layer

sequence

Each block divides the length of the input sequence by two and
preserves the shift equivariance property through adaptive polyphase
downsampling (Chaman and Dokmanic [2021])

The decoder blocks are define symmetrically to the encoder blocks
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Discretization mechanis

Representation
before Vector
Ouantizati

Representation
after Vector
Quantization

2

Symbolic
representation

e) < ¢k where k= arg min|ley — cill3.
J
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Downstream task: classification over extracted representations
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Interpretable classification on a unique representation

@ For a sample /, we can extract for the representation r;, the vector h;
which indicates if a symbolic subsequence is present in r;.

@ d stands for the cardinal of all the subsequence space

@ Thus, h; is a vector of size d composed of 0 and 1 elements
(h; € {0,1}9).

@ Then we can use h; to solve the classification problem using logistic
regression

n
arg min PWTW+ pllwlly + )\Zlog (exp (—y,- (h,-Tw+ b)) + 1) )
w,b i
, i=1
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Quantitative results on UCR archive

Table: Accuracy on 25 UCR datasets compare to other interpretable methods.
The best results are in bold and the second best results are underlined.

SAX | SAX DTW
Datasets Ours SEQL| VSM FS | LTS v
Coffee 0.96411.000{0.929|0.929 |1.000|1.000
Computers 0.728|0.676 | 0.620 | 0.500 | 0.584 | 0.620

DistalPhalanxOAG ~ |0.755|0.818|0.842|0.655 | 0.779 | 0.626
DistalPhalanxOC 0.732|0.718|0.728|0.750|0.719|0.725
DistalPhalanxTW 0.640(0.748|0.604 | 0.626 | 0.626 | 0.633

Earthquakes 0.734]0.789|0.748| 0.705 | 0.741| 0.727
ECG5000 0.932(0.924|0.9100.923 |0.932/0.925
FordA 0.883|0.851|0.827|0.787|0.957| 0.691
GunPoint 0.940|0.9870.987 0.947 |1.000/0.913
Ham 0.705|0.7050.810/ 0.648 | 0.667 | 0.600
Herfing 0.656/0.578| 0.625| 0.531 | 0.625| 0.531

ItalyPowerDemand 0.906 [0.734|0.816 | 0.917 (0.970| 0.955
LargeKitchenApp 0.864(0.760 |0.877(0.560 | 0.701|0.795
PhalangesOC 0.7480.717|0.710 | 0.744 |0.765| 0.761
ProximalPhalanxOC |0.8180.8180.828|0.804 |0.834|0.790
ProximalPhalanxOAG|0.839 | 0.844 | 0.824 | 0.780 |0.849|0.785
ProximalPhalanxTW |0.771(0.792|0.610|0.702 | 0.776 | 0.756
RefrigerationDevices |0.533|0.541|0.653|0.333|0.515 | 0.440

ScreenType 0.499|0.4610.512|0.413 |0.429 | 0.411
ShapeletSim 0.9940.994(0.717|1.000|0.950 | 0.700
SmallKitchenApp 0.795|0.776 | 0.579| 0.333 | 0.664 | 0.672
Strawberry 0.962|0.954|0.957 | 0.903 |0.911 | 0.946
Wafer 0.975]0.993|0.999| 0.997 | 0.996 | 0.995
Wine 0.7590.5560.963| 0.759 |0.500 | 0.611
Worms 0.714{0.536|0.558|0.649 |0.610 | 0.532
Mean 0.793]0.770]0.769| 0.715]0.764]0.725
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Qualitative results on the ShapeletSim dataset
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Figure: Global interpretability ShapeletSim
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Thank you for your attention!
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