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Attention

e Conclusion

Bohdka
- Bk z VLS



Hand Gesture Recognition (HGR)

» Goal : Classifying a set of discrete hand poses

hand segmentation hand parsing fingertip detection hand contour estimation

Fig. Hand Gesture Recognition and its similar 6 fields
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Hand Gesture Recognition (HGR)

« Two categories
v’ Static : identify hand gestures from a single image

- comparison with reference images

ex) ASL (American Sign Language)
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Applications

 Important skill for HCI (Human Computer Interaction)

e Future
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Input data
 RGB image

- Hand segmentation & optical flowL| skeleton Xt # &= O|&5}0 &7

Gesture 1 Gesture 2 Gesture 3
. T

{Depth image (depth / pose)

- Depth camera2| S & 2 2 simple segmentation X depth ZtH 2& 7S &

- Hand pose estimation 7| =ZH M2 £ HA[ZF2 £ hand skeleton sequence S Hd 7S
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Flow of Gesture Recognition

« Recognition of the dynamic gestures based on the hand joint coordinate

band  Gesture Recog.

- amd Depth Stream  [gmnd Hand : — Skeletorflzatloon
Segmentation (pose estimation)

Depth
camera

v’ Assume that a hand is nearest object from the camera
v’ Segmentation : depth thresholding — center of mass (COM) of hand — crop
v Hand pose estimation : predict the 3D (x, y, z) coordinate of joints

v" Skeleton sequences : have high semantic information and small data size
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Paper Information

* Construct Dynamic Graphs for Hand Gesture Recognition via Spatial-Temporal

Attention

« Authors : Chen, Y.!, Zhao, L., Peng, X., Yuan, J., Metaxas, D.N.

I Department of Computer Science, Rutgers University, New Jersey, USA

- BMVC 2019
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Abstract

» Key Idea
1) Construct a fully-connected graph from a hand skeleton
2) Node features and edges are automatically learned via a self-attention mechanism
3) Self-attention performs in both spatial and temporal domains
4) leverage the spatial-temporal cues of joint positions

5) spatial-temporal mask : significantly cut down the computational cost by 99%

g AT TN . Vrb‘

ANG UNIVERSITY ’
S0GANG U S L AB



Previous work

 Categories based on Input data

1) Image-based : rely on image-level features

Gradient of the image

ex. HGR with 3D CNN [1]

[1] “Hand Gesture Recognition with 3D Convolutional Neural Networks”, CVPR 2015
[2] “Spatial-temporal attention Res-TCN for skeleton-based dynamic hand gesture Recognition”, ECCV 2018
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2) Skeleton-based : sequence of hand joints with 2D or 3D coordinates

ex. STA-Res-TCN [2]

- concatenate the joint coordinates

— spatial structures and temporal dynamics

of hand skeletons are not explicitly exploited
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DG-STA (Dynamic Graph-Based Spatial Temporal Attention)

1) Construct 1) Spatial Attention & 3) Temporal Attention &
Skeleton Graph Spatial Position Embedding Temporal Position Embedding
—_— —_— —_—
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to ty iz to 51 tz to ty Lz
Node with initial feature Node with spatial feature Node with spatial and temporal feature
—— Spatial edge Temporal edge

Fig 1. node= hand joint, 8 M2 0%l edge 2|0| — edge weights2t node features 2F&

= (Contributions
v MELCHE 3232 R2 5= = graph 25 (pre-defined graph O] AFE)
— B 0| &4 E action-specific graphs
v’ spatial-temporal position embedding : 7| temporal position embedding Al
— encodes the identity and temporal order information of each node
v’ spatial-temporal mask operation : applied to the matrix of scaled dot-products among all nodes

— improves the computational efficiency
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[1] “Attention is all you need”, NIPS 2017

Related work

« Self-Attention
- “Attention is all you need [1]” =&2| transformer Of| A| AtE
— 7| A HHO| A EF L EHO{= ZF temporal / semantic A 22 &
- widely used in computer vision and natural language processing tasks
- = =20 M=, graphZ2 EH El hand skeletonsE X2 & OF= spatial-temporal

informationS <F&0t7| ?[3l AHE

» Sequential data processing networks
1) RNN-based : Y A HAE =X R N[5t HEKXNZ| 02z
HALAIZHE AL SEHET
2) CNN-based : local neighbor2t M 2|, global H4F =3 A| HEE X2|2 AHLAZFT
3) Self-attention : RNN, CNN - A& X
Key = Query = Value , dot product AF&
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Related work

o Self-Attention

v' Computational complexity
v" Be parallelized

v' Learning long-range dependencies

MatMul

Scaled Dot-Product

e

Attention
| | |
Linear Linear Linear
K Vv

Scaled Dot-Product Attention
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Multi-Head Attention

[1] “Attention is all you need”, NIPS 2017
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[1] “Attention is all you need”, NIPS 2017

Related work  Self-Attention

 Scale dot-product attention
v Query = Key = Value
v" Similarity function = Dot product
v Normalize by Softmax

v" Weight sum of Value vectors

\ Generalized
Attention Form

MatMul

~

Scale

Softmax

l

® ® ©®

MatMul

Scaled Dot-Product Attention
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: Weight sum of value vectors

A(q,K,V) = Z softmax(f(K,q))V

1

f(K! Q) = QKT (K = K[-’VK,Q = QVVQ, V = Q[_.-VL’)

QK*

Jax

softmax (%)

: Scaled-dot product

QKT
softmax (F)V
k
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[1] “Attention is all you need”, NIPS 2017

Related work  Self-Attention

 Scale dot-product attention

v' MatMul
x
Wk
l 3
am _)_( _____
5 -
student N
™, A !
v" Scaled dot-product v' MatMul (softmax)
Q ) ! .ﬁ m_ “ s.r:m's'.':r Attention Value
I ¥ KT Vv Matrix a
h.'lr' _ am I | I
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student | | | "dk _
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[1] “Attention is all you need”, NIPS 2017

Related work  Self-Attention ) Bl S e [
 Multi-head attention e w o
v’ Learning diverse input features (S 282 wats) .0 L _
. QKT
/ \ Self-Attention SA(q,K,V) = softmax(FW
k
@
@ Concat @ Linear Q\ = QVVIQ K = KWI-K V= VWI-V (i=1..h)
= !
@ Scaleit?;;zr:dUd y @ L Self-Atten ) headi = SA(Q\J K\; V\)
| | |
@ Linear Linear Linear ( - )
: ® Concat [head;, head,, ..., head,]
@

\ Q K Vv / Linear [head,, head,, ..., head,, |W?

= MultiHead(Q,K,V) : concat mat. =& 37|
Multi-Head Attention
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Methodology

 Skeleton graph initialization
v’ T frames videoOl| A| hand skeleton E24S}7| {5 2F frame2| N7l hand joints &
v’ skeleton graph G = (V, E) 7’3, V =node, E = edge
v £, : the feature vector of the node v, 2 node®] 3D %3 2 extracted (3 — 128)
v node?] feature vector: F={f,;|r=1,...,T,i=1,...,N}

e A spatial edge v, j — v(, ;(i # j) connects two different nodes at the same time step.
e A temporal edge v(, ; — v j)(f # k) connects two nodes at different time steps.

e A self-connected edge v, ;y — v(,; connects the node with itself.

* Dynamic graph construction via Spatial-Temporal attention

v’ Spatial attention model Aq : initial node feat. F& & & 2O} spatial information & H|[O| £

v Temporal attention model A : | featuresOf| A temporal information =7 & H|O| E
v’ Average pooled & 2 classification= |2} feature representation2 2 AF-E
v/ Multi-head attention & -&

R AXNa . VP
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Methodology

 Spatial-Temporal attention
v’ Transformer2| Self-attention1} S%0| H2| Z&

v 37§2| FC layers2 Key , Query, Value vectors ‘&3 (h= head 2|0])

! f / / 7} r’
Kio =Wetei.  Quay=Wolea, Vi =Wl (1)

v’ scaled dot-product (query 2 key vector) — normalize by Softmax function

h h h
h Qe Key &P (00 ,
Wi iy—(e.j) = \/E ’ ti)—=(t)) — <N i (2) . .
L1 8XP (40 i) s em) d : key. query, value vectors2| dimension

v’ weighted sum of the value vectors within the same time step
N

fiy =2 (O‘{;J)eu,ﬂ 'V’('u,f)) ' )

J=l1

v’ concatenates the spatial attention features learned by all heads

T =1 =7 -
f, ;) = Concate [f(,_{-),f(“r ,-)....,fl(’;:,-)] . (4)

H : number of spatial attention heads

»



Methodology

 Spatial-Temporal attention
v’ temporal attention model A takes the output node features from the spatial attention
v spatial I} & &t multi-head attention mechanism in the temporal domain

— temporal attention model output : encodes both spatial & temporal information

 Spatial-Temporal Position Embedding
v’ Transformer 2f & o 2o 2 Xl
v RNN, CNN M3 &ALt X 27} §l=
AL
T

— position=a & T U= position embedding vectorE Cl ol &

-

i) =Ar (IJE:_..f)+ As (f(u') +P( ) : 5)

v’ Values are set using the sine and cosine functions of different frequencies

(Transformer == & & HH)
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Methodology

« Efficient Implementation
v’ TransformerOf| A| AF& St mask 7| & FAF(AFESHA| = key 242 02 2 masking)
v propose a novel scheme to facilitate the implementation of DG-STA
1) compute the matrix of the scaled dot-products among all nodes (Softmax & TtA|)
2) apply spatial-temporal mask operation — focus on the spatial or temporal domain

v Matrix of the scaled dot-products W (before normalization)

W=QxK'

v' Mask operation W2 element (temporal edge 2|0))= n(0iF & )2 HE

— Softmax (exponential) <ol A 00| &

v’ Spatial mask & £,  _

Ws=¢ (WoMs+ (1 —Ms)xn).

softmax ): element-wise dot operation

v' Temporal mask = FAl : temporal or self-connect edge = A| 2|5t 02 £ masking

: »
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Methodology

« Efficient Implementation

v’ Spatial-temporal mask operatione= X -&9°} 0| computation time= 99% =

N=22 {

T=8 M;

R A% oudha
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self-connect edge = temporal edge

et “ It 5
1 -M)x M _ (1 =M x
o) XL b0 RN
¢ ¢
softmax
=y - | | - )
Ws w
a) Spatial Mask Operation emporal Mas eration
Spatial Mask O i T 1 Mask ti
Il Element of value 1 O Element of value n 1 Element of value 0
[ Weight of self-connected edge [ | Weight of spatial edge [] Weight of temporal edge
() Element-wise product & Flement-wise add

Fig 2. Illustration of the proposed spatial and temporal mask operations.
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Experiments

* Implementation details

v’ head number of the spatial & temporal attention = 8

v" dimension of Query, Key, Value vectors = 32

v’ hand joint2| input 3D £t HE = 128 dim. 2| initial node feature 2 project&
: (NXT, 3) = (NxT, 128)

v' Add the Spatial position embedding

v’ Spatial Attention = = O| CEA| temporal pos. embedding= & o

ot 2 Temporal Att. =3
v B = node featuresE average pooled St vectorE Zt= £ FCE A

X classify &

Spatial PosEmbedding — — Temporal PosEmbedding

(N, T, 3) (14/28)

ReLU
LayerNorm 1D
RelU
LayerNorm 1D
ReLU
LayerNorm 1D

h

FC Layer, 14/28

N=22

FC Layer, 128
Dropout, (0.2
L 4
r

_,' -
v
Spatial Att
SoftMax

AveragePool

h
FC Layer, 128
Dropout, 0.2

Dropout, (1.2
L
| Temporal Att |
h
FC Layer, 128

Fig 3. The network architecture of the proposed DG-STA
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Datasets

« DHG-14/28 & SHREC’17 Track (HPES| MSRA dataset (21joints) 2f 5-Af)

v’ Intel Realsense camera / 640 x 480 Sff &F &= / 30 fps / gesture & O] 20~ 50 frames
v 14 7l gesture sequence /28 & 7FA} 1~102| =2 / 2800 sequences
v’ 2D depth image & 3D world space 227} joints 2L
v Two configurations : one single finger & whole hand
v DHG-14/28 dataset= test datasetO| Si=
— leave-one-subject-out cross-validation strategy AF& (207l subjects)

v' 14 gestures (w/o single finger configuration) / 28 gestures (both configurations)

Tap
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[1] “Spatial temporal graph convolutional networks for skeleton-based action recognition”, AAAI 2018
[2] “Graph attention networks”, ICLR 2018

Experiments
 Ablation study

v" 3 major components :

1) Fully-Connected skeleton graph structure (FSG) : Sparse skeleton graph structure (SSG)2t H| 1l
- ST-GCN [1] X & spatial edgeE natural hand joints connection =2 & 2|
- temporal edges’= A= frame=2| €2 joints ZF A&

2) spatial-temporal attention model (STA) : GAT [2] = downgrade
- spatial-temporal Tt 810| one attention module 2 & graph0fl M &

3) spatial-temporal position embedding (STE) : STE 0| & &
- STEZ encod k| = identity 2 temporal order informatio2| 52 4= E0 &

v proposed method (FSG+STA+STE) achieves the best performance

[ FSG+STA | FSG+GAT+STE | SSG+STA+STE ﬁ(;-sm |

‘ Setting
14 Gestures (D) 4.3 00.8 80.8 91.9
28 Gestures (D) T77.3 87.8 86.6 88.0
14 Gestures (S) 88.9 027 01.5 94.4
28 Gestures (S) 80.1 86.2 87.7 90.7

Table 1. Ablation study of accuracy (%) on the DHG-14/28 (D) and SHREC’17 Dataset (S)
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Experiments

« Comparison with previous methods
v’ hand-crafted feature / deep learning based approach / a graph-based method =2} H| 1t

v hand2| dynamics2} structures & &€ 5= U&= A2t & 1 ST-GCNO| outperforme

v" Proposed method achieves the state-of-the-arts performance

| Method | 14 Gestures | 28 Gestures | | Method [ 14 Gestures [ 28 Gestures |
SoCJ+HoHD+HoWR. [§] 83.1 80.0 Oreife er al. [26] 78.5 74.0
Chen et al. [5] 84.7 80.3 Devanne ez al. [10] 79.4 62|0
CNN+LSTM [21] 85.6 1.1 Classify Sequence by Key Frames [9] 82.9 71.9
Res-TCN [13] 86.0 83.6 Ohn-Bar et al. [25] 83.0 76.5
i SoCJ+Direction+Rotation [7] 86.0 84.2
Res- 3 2 .
STA-Res TCN [13] 89.2 8.0 SoCI+HoHD+HoWR 8] 88.2 81.9
/ ST-GCN [39] 01.2 87.1
— Caputo er al. [2] 80.5 -
| V¥V DG-STA (Ours) | 91.9 | B8.0 | Boulahia et al. [1] 90.5 20.5
_ . Res-TCN [13] 91.1 87.3
Table 2: Comparisons of accuracy (%) on DHG-14/28 Dataset. STA-Res-TCN [13] 03.6 00.7
/ ST-GCN[39] 92.7 87.7
| ¥ DG-STA (Ours) [ 944 [ 907 |

Table 3: Comparisons of accuracy (%) on SHREC' 17 Track Dataset.
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Conclusion

« Skeleton-based hand-gesture recognition & ‘&

» Graph-based spatial-temporal attention methodE Al&

e Fully-connected skeleton graph& Z-& 310 edge weight 2H& 11} A

OH

2y x5

- 7t £2 482 20| skeleton-based human action recognition AHE 7t

- HPE(EtHE =) + DHGR(EF): 7HH 2t & SHMAN QM| ST Tl S
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