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Introduction

Skeleton-Based Action Recognition

Inputs of st-gcn
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» Predicting actions from skeleton representations of human
bodies instead of raw RGB videos

, * |In recent work, the significant results have proven its merits
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Introduction

Skeleton-Based Action Recognition

» EXisting Approaches

= GCN with higher-order polynomials of the skeleton adjacency
matrix
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Introduction

Conditions for robust action recognition from skeleton

1) Extract multi-scale structural features & long-range
dependencies

» Joints that are structurally apart can also have strong correlations

= Many existing approaches achieve this with higher-order
polynomials of the adjacency matrix, A
= Biased weight problem
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Introduction
Conditions for robust action recognition from skeleton

2) Leverage the complex cross-spacetime joint
relationships

» Most existing approaches deploy interleaving
spatial-only & temporal-only modules (similar
to factorized C3D)

= GCN — RNN or Conv1D

» E.g. “Standing Up” — past (Upper body
“leaning forward) + future (Lower body
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Method
Multi-Scale G3D: MS-G3D
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Method
Multi-Scale G3D: MS-G3D

1) Cross Space-time relation
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Method
Multi-Scale G3D: MS-G3D
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Discussion
C3D-like Operation

- Analogous to classical 3D convolutional blocks

- O Is Independent of T, making less prone to overfitting with
large t

Dilated Convolution

- Dilated convolution picking a frame every d frames
- T & d must be balanced
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Method
Multi-Scale G3D: MS-G3D
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Results

Number of Scales
Miethinds R=1 K=d E=§ E=T19
GCN-E 85.1 85.6 86.5 86.6
GCN-D 85.1 87.0 86.9 86.8

GCN-E + Mask 86.1 87.0 87.5 87.7
GCN-D + Mask 86.1 86.9 87.9 87.8

G3D-E 85.1 85.5 85.4 85.5
G3D-D 85.1 86.4 86.5 86.4
G3D-E + Mask 86.6 87.0 86.5 86.2
G3D-D + Mask 86.6 87.4 87.1 87.0

Table 1: Accuracy (%) with multi-scale aggregation on individual
pathways of STGC blocks with different K. “Mask”™ refers to the
residual masks A™. If K>1, GCN/G3D is Multi-Scale (MS-).
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Results
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Model Configurations Params Acc (%)
Baseline (Js-AGCN [23]) 3.5M 86.0
Baseline + MS-TCN 1.6M 86.7
MS-GCN (Factorized Pathway) Only 1.4M 87.8
with 2.5 x Capacity 3.5M 88.5
with Dual Pathway 2.8M 88.6
MS-GCN (Factorized Pathway)
with MS-G3D (7t =3.d = 1) 2. ™ 89.0
with MS-G3D (7 = 3.d = 2) 2. ™M 89.1
with MS-G3D (7 = 3.d = 3) 2. ™M 890.1
with MS-G3D (7 =5.d = 1) 3.2M 89.2
with MS-G3D (7 = 5.d = 2) 3.2M 89.2
withMS-G3D (= 7.d=1)  3.0M 89.0
with 2 MS-G3D Pathways'
r=(3.3).d=(1,2) 2.8M 893
with 2 MS-G3D Pathways/ 3.9M 20 4

r=(3,5),d=(1,1)
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Results

NTU RGB+D 120

Methods X-Sub (%) X-Set (%)
ST-LSTM [ 6] 55.7 57.9
GCA-LSTM [27] 61.2 63.3
RotClips + MTCNN [16] 62.2 61.8
Body Pose Evolution Map [2+] 64.6 66.9
2s-AGCN [17] 82.9 84.9
MS-G3D Net 86.9 88.4
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NTU RGB+D 60
Methods X-Sub (%) X-View (%)
IndRNN [27] R1.8 880 Kinetics Skeleton 400
HCN [20] 86.5 91.1 Methods Top-1 (%) Top-5 (%)
ST-GR [14] 86.9 923 ST-GCN [(] 30.7 52.8
AS-GCN [21] 86.8 942 AS-GCN [21] 348 56.5
2s-AGCN [33] 88.5 95.1 ST-GR[17] 33.6 56.1
AGC-LSTM [ 4] 89.2 95.0 25-AGCN [37] 36.1 58.7
DGNN [32] 89.9 96.1 DGNN [32] 36.9 59.6
GR-GCN [%] 87.5 943 MS-G3D Net 38.0 60.9
MS-G3D Net (Joint Only) 804 95.0
MS-G3D Net (Bone Only) 90.1 953
MS-G3D Net 91.5 96.2
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Implementation

« Source: https://github.com/DongHwanlang/MS-G3D
 Dataset: Kinetics

e Code In detall
« Main Code

1) Disentanglement

) for k in range(num_scales)]

A_scales =|[k_adjacency(A, k, with_sel f=True
A_scales =|np.concatenate{[normalize_adjacency_matrix(g) for g in A_scales])

2) Skip-connection
1) Disentanglement

- A, must be a adjacency matrix between nodes with k distance

N e R D

J. Y. Choi. SNU
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https://github.com/DongHwanJang/MS-G3D

Implementation

 Code In detall
1) Disentanglement (cont'd)

- A, must be a adjacency matrix between nodes with k distance

def k_adjacency(A, k, with_self=False, self_factor=1):
assert isinstance(A, np.ndarfays

| = np.eye(len(A), dtype=A.d{ype)
if k ==0:
return |

Ak = np.minimum(np.linalg.matrix_power (A + |, k), 1) W
— np.minimum(np.linalg.matrix_power(A + |, k - 1), 1)
if with_self:
Ak += (self_factor = |)

return Ak

J. Y. Choi. SNU

Authors used a clever way to implement A,
It does NOT use any graph retrieval
algorithms (including BFS) to find k-distance

nodes, but apply power multiplication using
the below equation.

min(A* 1) — min(A*1,1) +1 = 4,

min(:
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Implementation

e Code In detall

2) Skip Connection

- As mentioned earlier, the skip connection is applied by spanning the adjacency
matrix

- It connects the spatially adjacency nodes disregarding temporal relations

@ A(T) — : : c RTNXTN

. Spatial-Temporal
Information Flow
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Implementation

 Code In detall
2) Skip Connection (Cont'd)

- After normalization of the disentangled 4, matrix, concatenates the matrix to form
the final adjacency matrix for GCN operation

A_scales = [k_adjacency(A, k, with_self=True) for k in range(num_scales)]

A_scales =|np.concatenate|[normalize_adjacency_matrix(g) for g in A_scales])

2) Skip-connection

—~————
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Implementation

e Result

- Kinetics Validation dataset (Joint)
- Similar to the paper’s result

100% | I | 619/619 [06:21<00:00, 1.621t/s]
Accuracy: 0.3580016164881794 model: pretrain_eval/kinetics/joint

[ Fri Jun 19 23:49:58 2020 ] Mean test loss of 619 batches: 3.0841087549684123.
Fri Jun 19 23:49:59 2020 ] Top 1: 35.80%

[
[ Fri Jun 19 23:49:59 2020 ] Top 5: 58.57%
[ Fri Jun 19 23:49:59 2020 ] Done.

Kinetics Skeleton 400

Mcthods Top-1 (%) Top-5 (%)
ST-GCN [50] 30.7 52.8
AS-GCN [21] 348 56.5
ST-GR [15] 33.6 56.1
2s5-AGCN [17] 36.1 58.7
DGNN [32] 36.9 59.6
MS-G3D Net 38.0 60.9
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Discussion
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