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Recent advances in sensing technologies

Space-Time Domain Tensor Neural Networks
An Application on Human Pose Classification

Spatiotemporal 
Data

Multimodal 
Data Process

Correlate

Recognize 
patterns



1 sensor, " modalities

Vector in ℝ$

Space-Time Domain Tensor Neural Networks
An Application on Human Pose Classification

% sensors, " modalities

Matrix in ℝ&×$

Se
ns

or
s

Modalities

% sensors, " modalities, 
( time instances

Tensor in ℝ&×$×)

Se
ns

or
s

Modalities

Time



Space-Time Domain Tensor Neural Networks
An Application on Human Pose Classification

!f
ra

m
es

.

.

.

" coordinate

#
$
∈
ℝ'

×)

*
$
∈
ℝ'

×+

, , $
∈ ℝ+×)

Var()

Log()

- $ ∈ ℝ+

. coordinate

#
/
∈
ℝ'

×)

*
/
∈
ℝ'

×+

, , /
∈ ℝ+×)

Var()

Log()

- / ∈ ℝ+

0 coordinate

#
1
∈
ℝ'

×)

*
1
∈
ℝ'

×+

, , 1
∈ ℝ+×)

Var()

Log()

- 1 ∈ ℝ+

- $ ⊗ - / ⨂- 1

∈ ℝ+×+×+

CSP layer Tensor fusion

.

.

.

! =
# $ ⊗ # & ⨂# (

∈ ℝ+×+×+ - = !×. /. .
0
⋯×2 /. 2

0
3. . . . 34

.

.

.

Tensor contraction layers Tucker regression

5.

56

!" ∈ ℝ%×': information for (-th modality
1. Project !" in ℝ)×' using *" ∈ ℝ%×)
2. Compute features
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3. Fuse different modalities into a tensor
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4. Classify 8 using a tensor neural 
network



Dataset:
• Kinect II 3D skeleton data
• 10 sessions, 3 dancers, 4 dances
• Leave-one-session-out cross

validation
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Accuracy(%) F1 Score (%)
LSTM 84.2% 82.0%
BOBi LSTM* 85.4% 80.7%
1D-CNN 91.1% 89.7%
Our approach 91.6% 90.9%

Cross legs BackInitial Posture Cross Legs Right Leg Up Left Leg Up Dancers Left Turn Dancers Right Turn

*I. Rallis et al. “Learning choreographic primitives through a bayesian optimized bi-directional lstm model,” in IEEE ICIP, 2019, pp. 1940–1944.



Effect of parameter M (T=7, 2TCL)

Effect of tensor network depth (T=11, M=24
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Effect of parameter T (M=24, 2TCL)

Confusion matrix
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