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R . i . . Temporal Sequence

BTICCIREI S SEmES1REY (GMM) |, EEVIEE!, fIE Clustering Method || 1,2,1 | 1,23.2,1 | 1,2,3,4,1,23,4 | 1,2,2,1,3,3,3,1
FIEEAVERY, DTW,Neural Gas,K-means, BITIRE TlcTch,sC— ooz 090 098 008
BRERIIEFRRIRE K GERSEINANT R AEZDRIA] Model- GMM 0.68 | 055 0.83 0.62
. R Based EEV 059 | 066 0.37 0.88
®A, {FF marco F1 FHMEENAIZE. DTW, GAK 064 | 033 0.26 0.27
Distance- DTW, Euclidean 0.50 0.24 0.17 0.25
° e ; Neural Gas 0.52 0.35 0.27 0.34
Fl1 = 2Recall x Precision Based K-means 059 | 034 0.24 0.34

Recall + Precision Table 1: Macro-F; score of clustering accuracy for four dif-

ferent temporal sequences, comparing TICC with several al-
ternative model and distance-based methods.
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Figure 3: Plot of clustering accuracy macro-F; score vs. num-
ber of samples for TICC and several baselines. TICC needs
significantly fewer samples than the other model-based
methods to achieve similar performance, while the distance-
based measures are unable to capture the true structure.
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Interpretation ~ FI%E RIEINESRE NEINE=R HEEAE FWRERE SIEHE HVE

#1 PEAES 25.64 0 0 0 27.16 0 0

#2 e 0 4.24 66.01 17.56 0 5.13 135.1
#3 JI[IES 0 0 0 0 16.00 0 4.50
#4 BiT 0 0 0 0 32.2 0 26.8
#5 IREE 4.52 0 4.81 0 0 0 94.8
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Figure 5: Two real-world turns in the driving session. The
pin color represents cluster assignment from our TICC algo-
rithm (Green = Going Straight, White = Slowing Down, Red
= Turning, Blue = Speeding up). Since we cluster based on
structure, rather than distance, both a left and a right turn
look very similar under the TICC clustering scheme.
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