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Deep Temporal Clustering : Fully Unsupervised Learming of Time-Domain Features

+»* Deep Temporal Clustering : Fully Unsupervised Learning of Time-Domain Features
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Under review as a conference paper at ICLR 2018

DEEP TEMPORAL CLUSTERING: FULLY UNSUPER-
VISED LEARNING OF TIME-DOMAIN FEATURES

Anonymous authors
Paper under double-blind review

ABSTRACT

Unsupervised learning of time series data, also known as temporal clustering, is
a challenging problem in machine learning. Here we propose a novel algorithm,
Deep Temporal Clustering (DTC), to naturally integrate dimensionality reduction
and temporal clustering into a single end-to-end learning framework, fully un-
supervised. The algorithm utilizes an autoencoder for temporal dimensionality
reduction and a novel temporal clustering layer for cluster assignment. Then it
jointly optimizes the clustering objective and the dimensionality reduction objec-
tive. Based on requirement and application, the temporal clustering layer can
be customized with any temporal similarity metric. Several similarity metrics
and state-of-the-art algorithms are considered and compared. To gain insight into
temporal features that the network has learned for its clustering. we apply a vi-
sualization method that generates a region of interest heatmap for the time series.
The viability of the algorithm is demonstrated using time series data from diverse
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Experiments
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Learning Representations for Time Series Clustering
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Abstract

Time series clustering is an essential unsupervised technique in cases when category
information is not available. It has been widely applied to genome data, anomaly
detection, and in general, in any domain where pattern detection is important.
Although feature-based time series clustering methods are robust to noise and

outliers, and can reduce the dimensionality of the data, they typically rely on domain
nnwledos ta mannallv canctrmict hiochoanalitv featnree  Qeanence ta cennence
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Overview
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Figure 3: The learned representations on data set ECGFiveDays during the training process. From
left to the right, the subfigure is obtained at Epoch 0, 30 and 50, respectively.
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Experiments
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Figure 2: The visualizations with t-SNE on the datasets (a) ECGFiveDays and (b) SonyAIBORobot-
Surface. The colors of the points indicate the actual labels.
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Abstract

Time series clustering is an essential unsupervised technique in cases when category
information is not available. It has been widely applied to genome data, anomaly
detection, and in general, in any domain where pattern detection is important.
Although feature-based time series clustering methods are robust to noise and

outliers, and can reduce the dimensionality of the data, they typically rely on domain
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Experiments
2 Hjo|22telof= 2 FH|Ql prC, DTCR 2 &
_I

Of A2, & 871X| H|O[E{ 0| CH
SHAM AHeE S0, Liang H|O|E{ Al 2[0f = L

Imputer| Cluster | Ali-vl  Ali-v2  Ali-vd  Blood Chen Vote Liang Pysionet | Best avg Rank avgRI p-value
KS 0.5 0.69 0.75 0.59 059 057 055 0.5 0 11.3 0.59 S.4e-4
DEC 0.85 0.77 0.77 0.67 051 083 0.64 0.52 1 59 0.69 3.5¢-3
ZERO | IDEC 0.72 0.79 0.77 0.67 05 084 0.7 0.52 0 5.6 0.69 2.9¢-3
DTC 0.47 0.74 0.73 0.72 056 057 0.64 0.5 0 94 0.62 2.7e-3
DTCR | 0.85 0.47 0.63 0.5 0.51 0.5 0.82 0.64 2 10.3 0.61 3.3e-2
KS 0.63 0.7 0.75 0.62 058 0.69 0.64 0.5 0 9.6 0.64 6.8¢-4
DEC 0.46 0.51 0.51 0.67 0.77 081 042 0.51 | 10.6 0.58 1.0e-2
GAIN | IDEC 0.62 0.6 0.64 0.65 049 076 042 0.51 0 11.6 0.59 2.3e-5
DTC 0.49 0.54 0.48 0.55 05 063 056 0.66 0 12.6 0.55 8.6e-4
DTCR | 0.56 0.78 0.72 0.51 0.51 0.5 0.75 0.73 0 8.8 0.63 1.5e-2
KS 0.5 0.6 0.72 0.69 054 062 0.58 0.5 0 10.5 0.59 4.8e-4
DEC 0.85 0.77 0.81 0.62 0.65 081 0.64 0.51 1 5.5 0.71 1.8e-2
BRIT | IDEC 0.82 0.83 0.74 0.64 0.61 0.87 0.7 0.5 0 59 0.71 2.8e-2
DTC 0.47 0.7 0.7 0.75 054 069 0.64 0.5 0 9.8 0.62 1.8¢e-3
DTCR | 0.82 0.48 0.69 0.59 0.5 076 0.68 0.52 0 10.6 0.63 8.8e-3
VaDER 0.47 0.49 0.29 0.67 0.5 0.8 0.7 0.7 0 10.8 0.55 1.2e-2
CRLI 085 093 092 085 063 091 0.67 0.76 6 2 0.81 -

Table 1: Rand Index (RI) comparisons on 8 real incomplete time series datasets
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Experiments
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Metric RMSE RI
Method BRITS CRLI Raw_data BRITS CRLI
50words 0.67(0.19) 1.44(0.29) | 0.941(0.01) 0.952(0.00) 0.952(0.00)
Adiac 0.93(0.47)  6.78(2.14) | 0.921(0.02) 0.937(0.00) 0.934(0.00)
ArrowHead 1.36(0.50)  2.01(0.43) | 0.556(0.00) 0.503(0.01) 0.575(0.01)
Beef 2.12(1.23) 2.90(0.99) 0.651(0.01) 0.648(0.01)  0.651(0.00)
BeetleFly 1.33(0.39) 3.03(0.16) | 0.479(0.02) 0.516(0.01) 0.528(0.02)
BirdChicken 1.94(1.15) 3.88(0.85) | 0.474(0.00) 0.474(0.00) 0.474(0.00)
Car 1.24(0.73) 3.04(1.12) | 0.702(0.05) 0.678(0.02) 0.698(0.01)
CBF 3.37(0.20) 3.21(0.08) | 0.704(0.01)  0.699(0.01)  0.710(0.01)
Chlorine 1.15(0.08) 3.1000.17) 0.528(0.00) 0.528(0.00) 0.528(0.00)
CinC 2.19(0.80) 3.96(0.24) | 0.693(0.01) 0.685(0.01) 0.695(0.00)
Coffee 1.11(0.36) 4.43(1.21) | 0.484(0.00) 0.484(0.00) 0.506(0.01)
Computers 5.80(0.37) 6.40(1.03) | 0.502(0.01) 0.510(0.00) 0.509(0.00)
Cricket X 3.52(0.25) 4.07(0.60) | 0.855(0.01) 0.855(0.00) 0.859(0.00)
Cricket Y 2.89(0.34) 3.05(0.22) 0.858(0.01) 0.856(0.00) 0.861(0.00)
Cricket Z 3.53(0.32) 4.15(0.89) | 0.838(0.01) 0.855(0.00) 0.863(0.00)
Diatom 1.64(0.68) 2.00(0.38) | 0.926(0.00) 0.925(0.00) 0.927(0.00)
DPO.AgeGroup | 0.59(0.25) 1.04(0.04) | 0.764(0.00) 0.763(0.00) 0.763(0.00)
DPO.Correct 0.58(0.28) 0.92(0.05) | 0.505(0.00) 0.504(0.00) 0.504(0.00)
DP.TW 0.85(0.50) 1.07(0.09) | 0.774(0.02) 0.777(0.00) 0.775(0.00)
Earthquakes 13.02(0.13)  10.49(0.37) | 0.499(0.03) 0.504(0.01) 0.511(0.01)
Average 2.492 3.548 0.684 0.683 0.691
AVG RANK 11 1.9 22 2.3 14
p-value - - 1.05E-02 3.19E-02 -

Table 3: RMSE & clustering RI comparison on the first 20 synthetic incomplete data sets of UCR archive. (the values in
parentheses present standard deviations)
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Best 0 0 0 0 8
Rank 2.8 4.3 2.6 3.6 1
Ri 064 051 0.65 0.58 0.81

p-value 1.3e-2  6.6e-5 3.8e-3 3.0e-3

Table 2: Rand Index(RI) ablation study of CRLI
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