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Figure 1. The learned barycenters of two sequence classes in the
Face (all) dataset from the UCR Time Series Archive [1].

1. Deduction of Eq. (4)
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2. [Illustration of the alignment between
barycenters

Fig. 1 illustrates the learned barycenters for two se-
quence classes from the UCR Time Series Archive [1]. Note
that the sequences are univariate sequences for illustration.
In this paper, we tackle multivariate sequences. We can ob-
serve that each barycenter reflects the average evolution and
acts as the mean sequence of all training sequences.

The distance between two classes is defined as the OP-
W distance between the corresponding barycenters of the
two classes. The inter-sequence-class scatter is based on

the OPW transport between the two barycenters. In Fig. 2,
we illustrate the transport or soft alignment between the two
barycenters in Fig. 1.

We can observe that more pairwise differences between
elements in all barycenters contribute to the overall inter-
class scatter according to different weights. The weight
tﬁ;/* of a pair (¢, u;?/) encodes the local relations of the
two elements and indicates their joint probability. I';, con-
centrates more on the differences between the pairs with
large joint probabilities. Such differences reflect the essen-
tial distinctions of two classes, because the matched pairs
represent the homologous temporal structures and thus are
distinctive for discriminating the two classes. Differen-
t from the alignments by DTW, where the weights are 1
for a small portion of aligned pairs and O for other pairs,
the weights by OPW are soft probability values and hence
T';, also incorporates the differences between the pairs with
smaller weights. This compromises more information and
is more robust to incorrect or ambiguous alignments caused
by noises.

We can also observe that large transports appear near
the diagonal. This shows that the inter-class scatter focuses
more on the temporal differences between the two barycen-
ters.

3. Influence of hyper-parameters

We set the values of the hyper-parameters A1, Ao, and o
of OPW as suggested in [3] on the three datasets. On the M-
SR Action3D dataset, these hyper-parameters are suggested
for the nearest mean (NM) classifier, but the optimal hyper-
parameters for the NM classifier and the NN classifier are
different. Also, on this dataset, the pairwise distance ma-
trix D is normalized in [3]. We do not perform this pre-
processing. These lead to worse results with the NN classi-
fier than those obtained using the optimal hyper-parameters
for this classifier. In [3], A2 was fixed to 0.1 for all datasets,
and OPW is not sensitive to A\;. Since A1, Aq, and ¢ influ-
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Figure 3. Performances as functions of L by (a) (b) the SVM classifier and (c) the NN classifier on the MSR Action3D dataset.
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Figure 2. The OPW alignment between two barycenters.

ence our method through OPW distance, our method should
share similar sensitivities to them. We simply fix L to 8 in
our experiments. In fact, Fig. 3 shows the influence of L on
the Action3D dataset. In most cases, our method is not very
sensitive to L.

For the competitive LSDA, we directly compare with the
reported results in [2] on the Chalearn dataset. On other
datasets, we fix the hyper-parameter of LSDA, the number
of states for HMM per class, to the suggested value in [2].
Comparisons of LSDA and the proposed OWDA with dif-
ferent hyper-parameters are shown in Fig. 4. We can ob-
serve that the proposed OWDA consistently outperforms
LSDA with different hyper-parameters using different clas-
sifiers and performance measures.

4. Comparison with LSDA on multi-class pre-
cision and recall

LSDA is the major competitor of the proposed OWDA.
We further evaluate the multi-class precision and recall by
the two DRS methods with the SVM classifier on the MSR
Action3D dataset. The results are shown in Fig. 5. We can
observe that OWDA outperforms LSDA consistently for all
subspace dimensions. Again, OWDA improves the preci-
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Figure 5. (a) Precisions and (b) Recalls with the SVM classifier
as functions of the dimensionality of the subspace on the MSR
Action3D dataset.
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Figure 6. (a) Precisions and (b) Recalls with the SVM classifier as
functions of the dimensionality of the subspace on the MSR Daily
Activity3D dataset.

Reduced dimension

sion and recall of classifying the original sequences with
the SVM classifier when reducing the dimension to 30.

Fig. 6 compares the multi-class precision and recall by
OWDA and LSDA with the SVM classifier on the MSR Ac-
tivity3D dataset. We can observe similar trends.

We again evaluate the multi-class precision and recall by
OWDA and the major competitor, LSDA, with the SVM
classifier on the Chal.earn dataset. As shown in Fig. 7, OW-
DA outperforms LSDA significantly on all subspace dimen-
sions, and also outperforms the original sequences when
more than 25 dimensions are preserved.
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Figure 4. Performances of OWDA as functions of L and performances of LSDA as functions of the number of states by (a) (b) the SVM
classifier and (c) (d) the NN classifier on the MSR Action3D dataset.
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Figure 7. (a) Precisions and (b) Recalls with the SVM classifier as
functions of the dimensionality of the subspace on the Chalearn
Gesture dataset.
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