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In Thailand, the amount of deaf is the second-largest in total numbers of disabled people.
The main obstacle to communicating with the deaf is that some words in sign language have specific
gestures that are difficult to predict. The former research in Thai sign language recognition provided
high accuracy on a few sign-language words using the deep leaming technique. Contrastingly, a
hundred sample videos per word were input to the LSTM classifier. An extensive effort from experts
to produce training videos is required to build a model to learn a larger number of words. Therefore,
this work presents a system to translate everyday-life Thai sign words using the few-shot learning
technique. Firstly, the few training videos per word are constructed based on the experts' videos. Then,
input features on each frame of the videos are extracted from hand and face positions and the angle of
the upper and lower arms. Once the model is constructed, experts' videos are used as testing datasets.
The experimental results show that our model produces high accuracy (74%) on experts' videos. The

misclassified words seem to have similar postures or repeated gestures in the same position.

THAI SIGN LANGUAGE TRANSLATION SYSTEM USING
FEW SHOT LEARNING

Nattaya Plianwong

Dr. Thanapat Kangkachit

Big Data Engineering

2564

ABSTRACT

Furthermore, improving the model's performance requires a small number of accurate training videos

from experts.
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Method Averaging LSTM ConvLSTM 3dConv
Prototypical 83.5+0.46 84.2 1+ 0.44 77.9 + 0.53 78.8 £ 0.51
Matching 79.1 £ 0.55 81.1 £ 0.50 75.7 £ 0.56 75.7 £ 0.56
Learned 77.9 + 0.51 - 78.1 £ 0.51 74.1 £+ 0.55

Challenge Test Set
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Learned 51.5 £ 0.61 - 52.3 +0.61 50.3 + 0.61

An: Careaga, C., Hutchinson, B., Hodas, N. & Phillips, L., (2019)
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csv udnitlmsuluaa Tasld LSTM, BLSTM 1agGRU shwaaniunlFoumeunudd

M5197 2.2 wu LSTM Iid1lse@nsnwdnga i Accuracy 71 97 % 11ag Loss 91 6 %

M519N 2.2 wamslFeuievaszansmnvealuaa

Model Accuracy Loss
LSTM 0.97 0.06
BLSTM 0.94 0.23
GRU 0.94 0.14

fla1: Chaikaew, A., Somkuan, K., Yuyen, T. (2021)
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& Mejia-Alvarez, P.(2021). Spelling Correction Real-Time American Sign Language

Alphabet Translation System Based on YOLO Network and LSTM 41 UITIAIN I NAUONT

o A 9 [ Y o A a o ] a3 1 d' o [ 9 1
’GT$ﬂﬂﬂ1ﬂ1‘]&l1ll’é)W§'f]iJﬂ‘UﬂWilLﬂuléllﬂWWﬂ amnagmmmamﬂu 3 @IUNTIAY llﬂl,l,ﬂ

9



12

1. USuvungiluazobject detection YOLO #4951 input 41910 N0V Real time
4 [ <3 { 1T A { 3 [
ilesnnaninnsan laiaange 45 suaedunil msulasglnlalveenuuiludnysvie
52 UADY time series
o v w AN 2 I ) A v v ~ A v A %
2. 1hdenush la luduusnuudauiludm minddwnysnmileunuaanuazay
000

@ o v d g A o 9 . 9 oA o
3. ﬂiuﬂgdmﬂwmmﬂluﬂ@uﬂ 2 mmﬂuma BiLSTM LLﬂUlGUﬂ'lWﬂ Uagnuy

sz Tonnnaaasiuirvise Teasiuau 235 sz Toa nldlusiailsziriu

Y
Aav A

et laSeuiion Tuaa YOLOV3-tiny 11 YOLOV3 taziimsnaaeelsugu
sndsluudazdu 18 Tumaiitidszdniamaiigade yoLovs 18 mAP @ 50 # 99.81
%/81.74% 118 99.85%/81.76% T1HTUNIWUUIA 352 X 352 LAY 416 X 416 MUA1AU LAY
dvsuwansnaasatszanininvealuaa BiLSTM  lunsviiuiedseTen'ld Accuracy
98.07%
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C3 V3

(a) Few-shot (b) Zero-shot

MNAN 2.6 Prototypical networks 11 Few-shot t1ag Zero-shot

fa1: Snell, J., Swersky, K. & Zemel, R. (2017)

9 1
Adoil1dyadoyaAoInuny Matching Networks (Omniglot t1azImageNet) 1il®
= v Jdo . Y 3 ' .

1Weuneunaansny Matching Networks wansnaaeaaslimu Prototypical Networks

NUsednsnman Matching Networks

5-way Acc. 20-way Acc.
Model Dist. Fine Tune 1-shot 5-shot 1-shot 5-shot
MATCHING NETWORKS [29] Cosine N 98.1% 98.9% 93.8% 98.5%
MATCHING NETWORKS [29] Cosine Y 979% 98.7% 93.5% 98.7%
NEURAL STATISTICIAN [6] - N 98.1% 99.5% 93.2% 98.1%
PROTOTYPICAL NETWORKS (OURS)  Euclid. N 98.8% 99.7% 96.0% 98.9%

M 2.7 wamsufSeuisuisz@nsnimves Tumauuy Few-shot NUgato3a Omniglot

fan: Snell, J., Swersky, K. & Zemel, R. (2017)

S-way Acc.
Model Dist.  Fine Tune 1-shot 5-shot
BASELINE NEAREST NEIGHBORS™ Cosine 28.86 +0.54%  49.79 4+ 0.79%
MATCHING NETWORKS [29]™ Cosine 4340+ 0.78% 51.09 £0.71%

4350 £0.84% 5531 +£0.73%
4344 £ 0.77%  60.60 £0.71%
49.42 £ 0.78% 68.20 £ 0.66%

MATCHING NETWORKS FCE [29]° Cosine
META-LEARNER LSTM [22]* -
PROTOTYPICAL NETWORKS (OURS)  Euclid.

Z 2222

awii 2.8 wamsilSeuieulsea@ninmvesTuaanny Few-shot nUgado1a ImageNet

fa: Snell, J., Swersky, K. & Zemel, R. (2017)
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Sung, F., Yang, Y., Zhang, L., Xiang, T., Torr, P. & Hospedales, T.(2018). Learning to

a o

4
Compare: Relation Network for Few-Shot Learning 41U7 B11d10I5N15 Relation Network
Usznovlidae embedding module Fari1s embedding JEHIN query Ll81% training Na99n
Y

uhwnfeiion Tagld relation module 19A0glulszinnifenunie’ly Fanailden

I ] 1
relation module %z"lﬁ'waammxﬂu relation score AN INN 2.9

‘embedding module relationmodule

Feature maps concatenation

PN 2.9 Relation Network architecture 81151 5-way 1-shot AU 1 query example

An: Sung, F., Yang, Y., Zhang, L., Xiang, T., Torr, P. & Hospedales, T. (2018)

(8) Convolutional Block  (b) RN for few-shot leaming

relation score

mmmmmmm

NN 2.10 Relation Network architecture 814151 few-shot learning (b) tazaIulsLneuved

1Mag convolutional block (a).

fan: Sung, F., Yang, Y., Zhang, L., Xiang, T., Torr, P. & Hospedales, T. (2018)
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relation score
FC4 Siginod

FC3 RelU

feature concatenation

FC1, RelU DNN
weight decay

WA 2.11 Relation Network architecture #1151 zero-shot learning
nn: Sung, F., Yang, Y., Zhang, L., Xiang, T., Torr, P. & Hospedales, T. (2018)
HAN13NABE9UTZITUIIN 2 MUABUUY few-shot Learning UUYAYDYA Omniglot 1Az

ImageNet 101¢ zero-shot Learning U YA Vo Y0 Animals with Attributes (AwA) tagCaltech-

UCSD Birds-200-2011 (CUB)

Model Fine Tune S-way Acc. 20-way Acc.

1-shot 5-shot 1-shot 5-shot
MANN [32] N 82.8% 94.9% - -
CONVOLUTIONAL SIAMESE NETS [20] N 96.7% 98.4% 88.0% 96.5%
CONVOLUTIONAL SIAMESE NETS [20] Y 97.3% 98.4% 88.1% 97.0%
MATCHING NETS [39] N 98.1% 98.9% 93.8% 98.5%
MATCHING NETS [39] Y 97.9% 98.7% 93.5% 98.7%
SIAMESE NETS WITH MEMORY [1§] N 98.4% 99.6% 95.0% 98.6%
NEURAL STICIAN [5] N 98.1% 99.5% 93.2% 98.1%
META NETS [27] N 99.0% - 97.0% -
PROTOTYPICAL NETS [36] N 98.8% 99.7% 96.0% 98.9%
MaML [10] Y 98.7 £ 04% 99.9 £ 0.1% 95.8 £0.3% 98.9 +0.2%
RELATION NET N 99.6 + 0.2% 99.8+ 0.1% 97.6 = 0.2% 99.14+ 0.1%

MW 2.12 Wamﬂm%’aga Omniglot d1M35Y few-shot classification
fan: Sung, F., Yang, Y., Zhang, L., Xiang, T., Torr, P. & Hospedales, T. (2018)

A Y @ 1 . Y Ao A A ~
AINNINN 2.12 uﬁmiwmu’n Relation Network GlﬁNﬁVlﬂTlf;fmiJ@mﬂ‘]J unn

Taaa w1013 150U network N1 5-way 1 shot 1A Accuracy 987 99.6 + 0.2% LHBINNTIUIU
4 y Yy 9y
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v
a A a

Y H H v
shot 11 HYs@NTMWILAYU 0.2 % # 5-way 5 shot 41 Accuracy 8¢9 99.8 + 0.1% LLagn
20-way 1 shot uA Accuracy E’quJ:ﬁ 97.6 + 0.2% YN shot A1 5 shot HA Accuracy E)Ejﬁ 99.1

*0.1%

Model FT S-way Acc.

1-shot 5-shot
MATCHING NETS [39] 43.56 £ 0.84% 5531 £0.73%
META NETS [27] 49.21 £ 0.96% -
META-LEARN LSTM [29] 4344+ 077% 60.60 £ 0.71%
MAML [10] 48.70 £ 1.84%  63.11 £0.92%

49.42 £0.78%  68.20 £ 0.66%
50.44 £0.82%  63.32 £ 0.70%

PROTOTYPICAL NETS [0]

Z| 2222

RELATION NET

Y 9 9 v . .
MNA 2.13 WRINYAUBYA Imagenet @115 few-shot classification

An: Sung, F., Yang, Y., Zhang, L., Xiang, T., Torr, P. & Hospedales, T. (2018)

1 d 1 { { ] o

100NN 2.13 uaaalfiiugl Relation Network 1dmananga Tag laudsugu

~ A 1A A A o ° [

network 9 5-way 1 shot Wf1 Accuracy 8¢ 50.44 + 0.82% IUBIWNAIUIU shot 1w
' Y H v

UsgANTAMNNUU 7 S-way 5 shot [f1 Accuracy Bg 65.32 + 0.70%
115U Zero-shot classification Iﬂﬂﬂl“ﬁ'}ﬁﬂﬂ?@yjﬁ AwA 1a¥CUB &4 Relation
Yy  Aad = o w 9 .

Network 1¥iHananga 84.5% 110262% aud1ay lugadoya AwA 1uiaa Learning a deep
embedding model Trananh Accuracy 1 86.7/78.8

Vinyals, O., Blundell, C., & Lillicrap, T. (2017). Matching Networks for One Shot

. a o dy o Aas A A U . 9 tg A Y
Learning QTLl'J{l]ﬂuuTlﬁu@’J‘ﬁﬂTﬁﬂlWNﬂliﬂﬂ’ﬂ Matching Networks ﬁ'i']\‘lleULWf’JLLﬂhlsUﬂﬂJuWT
] A~ = '
One-Shot  Learning 130 Few-Shot Learning Wuluweainauna udofsLH319UUY non-
. . 9y 9 v o Y ~ Yy Y 1 <
parametric LLAE parametric (VT1RIYNU ‘1/]']114’(3(']1]']59!5Elugllﬂf)ﬂ']\ﬁ'lﬂliﬂ Llﬁ$ﬂ§$ﬂﬁuﬂ1§'1u
=1 9 1 1w 9 Y v ] =1 ld' Y 1 ] [ d’

NITEIUIHVUNY llll“]ﬁJ“]f’f]u 51‘]5@]’3@8']\‘]11!ﬂ']3l1/]3HLWENUhJﬂGI'J’E]EI'N f10 class tazdulasy
9

task 111U minibatch #® minibatch LUIAAYDIITNTHAD HAIN 1A support set (LA query set

182 11141 Embedding 18219 Cosine ~ distance Tunisfmuramianuadisvesdoya

Y Y
TuapuaIne il
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1. 1i0n N Aediuaugdoya azlabel fuana1afu (nput  tazlabel) Sudoya
support set

2. 1den K fesmaudeyamsiln K ae label Tuvmisii label voe K ifumilelu label
UBN support set Gl?il)uﬁl’e]uﬁ 1

3. FUAUMIANUARIY (BU Cosine distance) 3¥MIHATNENAGNT DInTUADUT

v J
2 LAZHAANTIIN support set

M 2.14 Matching Networks architecture

nn: Vinyals, O., Blundell, C., & Lillicrap, T. (2017)
a o dy 9 [
el ldnageunuanulszian Computer Vision (CV) Ltaig Natural Language
Processing (NLP) tWogudu laaamnsou ll1gnudym Tamuae 9 18 luaulawu cv
1z 19atoya Omniglot 118 ImageNet d115uMINaaoy lanadniaenIng 2.15 uagniwi

2.16 MUAINL

5-way Acc 20-way Acc

Model Matching Fn - Fine Tune I-shot 5-shot  I-shot 5-shot
PIXELS Cosine N 417% 632% 267% 42.6%
BASELINE CLASSIFIER Cosine N 80.0% 95.0% 69.5% 89.1%
BASELINE CLASSIFIER Cosine Y 823% 984% 70.6% 92.0%
BASELINE CLASSIFIER Softmax Y 86.0% 97.6% 729% 92.3%
MANN (No Conv) [21] Cosine N 82.8% 94.9% - -
CONVOLUTIONAL SIAMESE NET [11]  Cosine N 96.7% 984% B8B.0% 96.5%
CONVOLUTIONAL SIAMESE NET [11]  Cosine Y 973% 984% 88.1% 97.0%
MATCHING NETS (QOURS) Cosine N 98.1% 98.9% 93.8% 98.5%
MATCHING NETS (OURS) Cosine Y 97.9% 98.7% 93.5% 98.7%

d' =\ a A [ 9 .
MNN 2.15 Wﬁﬂﬁllld‘iimmEJ‘]J‘]Ji%’cT‘I/]ﬁﬂTI/‘HI?NTiJLﬂaﬂ‘]J‘];ﬂ"U’E]y'ﬁ Omniglot

lan: Vinyals, O., Blundell, C., & Lillicrap, T. (2017)
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S-way Ace

Model Matching Fn  Fine Tune Ishot  S-shot
PIXELS Cosine N 23.0% 26.6%
BASELINE CLASSIFIER Cosine N 36.6% 46.0%
BASELINE CLASSIFIER Cosine Y 36.2% 52.2%
BASELINE CLASSIFIER Softmax Y 38.4% 51.2%
MATCHING NETS (OURS)  Cosine N 412% 56.2%
MATCHING NETS (OURS)  Cosine Y 42.4% 58.0%
MATCHING NETS (OURS)  Cosine (FCE) N 44.2% 57.0%
MATCHING NETS (OURS)  Cosine (FCE) Y 46.6% 60.0%

M 2.16 wamslSeufentszansnmues Tumanugadoya ImageNet
fn: Vinyals, O., Blundell, C., & Lillicrap, T. (2017)

dmsuTamu NLP  ldqadoya Penn  Treebank 153 @NTn1MYU09 Matching

Networks &3 13 Taaauiionssuiouny Tuaadu 9

1. an experimental vaccine can alter the immune response of people infected with the aids virus a proainent
<blank_token> u.s. scientist said.

2. the shov one of five new nbc <blank_token> is the second casualty of the three networks so far series
this fall.

3. however since eastern first filed for chapter N protection march N it has consistently promised | dollar
to pay creditors N cents on the <blank_token>.

4. wo had a lot of people who threw in the <blank_token> today said <unk> ollis a partmer in towol
bonjamin jacobson & sons a specialist in trading ual stock on the big board.

5. it’s not easy to roll out something that <blank_token> and make it pay mr. jacob says. comprehensive
Query: in late new york trading yesterday the <blank_token> was quoted at N marks down from N dollar

marks late friday and at N yen down from N yen late friday.

MW 2.17 @29619703a input agsupport set 11 NLP

an: Vinyals, O., Blundell, C., & Lillicrap, T. (2017)
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Input Video
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S
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Y

4 [ o @ 14 .
M 3.1 mshanuvesszuumlamdniniiie IneTasnsiSeuiuny Few-Shot Learning

3.1 mafudeya (Input Video)
3.1.1 Goyan 14 lumsdnu
] o @ a (a . = o
Tunminudeya inmstiuiinadl3a e Taald Resolution W3oANAzIBAANTA
' 9 ¥ ]
Y0439 19 1080p HD 11 30 fps (Frame Per Second) Tagasndenie lunundauuvgatia uag
' = 1 1 3'.; 1 d? é v X g).l o o ad d‘
aeileaAneuUUYeITINeAIae Y 1 Feiuiiniavua 47 1 ez 6 30 lo Taumae

9 ' o 1A a )=}
HaINNgIINDN YN 4 3UMN

3.2 MAENTRNAd IS VA UIZUY (Preprocess)
3.2.1 Capture Frame
e lasy Input Video hanae 19 OpenCV Tums Capture Frame Tuuaay Video 14
S < Y ¢ A D, o ad a A o ¥ o=
Wwlsunin uazmu"lﬂuMamas IﬂﬂﬁlﬁEJLLa'Jf"I'J"IﬂJEJ"I'N]i‘JﬂTt’)fJTI 4 IUIN AIUUI

U

o ya =\ a = a =} 4 v 3’,
ﬂmuﬂ‘lmﬂaqqqﬂummma 4 3UMN 11! 1 IUINTIWTD Capture Frame Ulﬂ 30 Frame ANUU
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9
9214 Frame ¥14%149 120 Frame 4619105 naaaalSusuiums Capture Frame adWUIHN
A Yo e o Y =
003 50 % 1199 15 Frame per second 92 18311 sUNIHUA 60 Frame 9114 1uinadl
Usz@nnmnigea 11109910 Frame NAaNUo199zlinIMeNnd1onuun v3o0199z 6308 1u

o LI 4 [ Y ] ] 1 9
AN UIURYINU 1/]ﬂ‘l’iulﬂJﬁHJﬁE]EIﬂdeluﬂWiL!EJﬂLLEJ%VITI/INulﬂ

MW 3.2 #20819N15 Capture Frame

3.2.2 msutlasszuua

1% 5090Ya91N Webcam 92552V BGR 1@ Mediapipe ¥191UN VT2 UUT

o & Y 1Ay o o Ao a A
RGB Aa1uazApaumsulasmanlsmal cv2.cvtColor() N5UMYINT2VUT BGR 13031
91N Webcam taz damasa@nin BGR 11 RGB fioglufida cv2.COLOR_BGR2RGB
3.2.3 Mediapipe
9 H
WA UHUMI VAU 3.2.2 Hovdosudd uazyiin1sszydniiaved Landmark
A o o [ A 1 9 . . < o [ 1 VoA Y 3

¥309Ad1A YA 9 ¥oaile uazmmalaeld Mediapipe N udHLNYB ARz YA AN TATIu

WNAYA 3 U4 (x, y, 2) VONNNAAI % YB9UUIANIN d1m5D x vifsunuanuniie uag y a2

MeUAANUGI IFUNINULIA 1080 x 1080 1110 16 x: 0.50 118 y 0.10 NuedaNnAN x = 0.5 *

1080 1az y = 0.10 * 1080 W30 (540, 108) Tuiina (x, y) #3390 0,0 Guduiiyudnonu uaziian

Y 9
v A a o Y

dl dl d‘ ' té a ] aa 1 9 "o
x,y Aniganyuuas s lunuitetiazinsandwmruadu 2 Gamniu 1dun a1lu
UL x uaza luuuanny y

A o an A A o 1 o ' Ay A H)
liuuﬂlwiﬂ\llliﬂm@\i'}ﬂiﬂlm’E']jJﬂ’]i31Jﬂ'lﬁ']llﬁu\‘]"ll@QN@%W&ﬂi@ﬂlﬂ’liulWiuuu 9

A

10118111911 Normalize t1ag Feature Extraction 90 11 ¥id99105uaiuwsunsn 11udn
A o 1 9 1 o v Ay " 9 a A
1319911 Landmark taazisy 1d2 1iwueuriandsan1sazunuaaiomasn 0 auuuIa@y

9
Tuduruad iy
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250 1

500 1

750 1

“

1000 A

1250 1

L WWOoNeN,

1500 1

1750 A

0 500 1000

MWA 3.3 @29819M35 Landmark 1W5ua8 Mediapipe

3.2.4 Normalize Landmark

A ~ ] A 1 9 [ Y] 2 KX o 9 o
IUDIIINTITLIINNY Wiﬂﬁaqumﬁﬂwm "laJm1ﬂumummmﬂumwnmi

A o 1

1 1 Y <
Normalize 9014 ] 71 18910 Landmark Tagfa09z0o1n Pose [0] w3odmmniisvesayn iJu

9
%ﬂé}N@Q‘U@QLLWQZ‘Uﬂﬂa Wﬁﬁ%?ﬂﬂﬂﬁ]%ﬁ?@ﬂﬁﬁ il MTﬁUﬁ?ﬂﬁHlﬁuﬁ]Mvﬂ Tagauniaues

Q Q

1 d‘ ) 9 g‘/ (% d'
sumenihunlsniua 10 PAANINN 3.4

123 1
}é{g_;‘é{ .35’3 = ?efer?nce Point
am e7 -3 nose
5 o O
0 z z » 10 9
o 1o BT w
, ‘, Landmark (x,y) - Reference Point (x,y)
P AW 13. left_elbow 18. right_pinky
/ \ 14. right_elbow 19. left_index
Mﬁf e 15. left_wrist 20. right_index
\ / 16. right_wrist 21. left_thumb
\ 17. left_pinky 22. right_thumb
ma A7
32‘/ % g’ o3

MWA 3.4 @2961968111I1989099YN LAZA NI Pose Y99 Mediapipe
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3.2.5 Feature Extraction
MsMyUTEHNIUneUUUNULYUneula1s UM sHyuYe s uAIHYN 19
Y J ' o A A 1 =K o VoA A 9 J
afrnnmessznindwriad 12 vielua Taudedumiad 14 wSesen uazadnnmes
T o oA A g A 2 o oA A 3 ° Y
FEUINAWMNUIN 16 Wiedeie laudedumniiai 14 wieaen iWuuyuvesyy fvualn

o 1 < { o 1 ' v o
mwuwmﬁamﬂuqmaﬂyu muuﬁﬂﬁzmizmnwuuﬁwu%’wwulﬁmﬂuﬂuﬁmmw

260 25

280 .27
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Yy 9 9
f‘lTi‘H”Iﬁ$8131’?Ni%ﬁ’lNu’J%ﬂlﬂﬁﬁﬂ‘ﬂﬁﬁ@ﬁéﬁlﬁﬂﬂi]iJ“ﬂ Iﬂﬂﬂl%ﬂﬁWWigﬂgﬂNuUU

vy 9
Euclidean Distance 31nguvitaayn ldsdumistaneiing Iaeldninann Pose

s 52
5.7 g o T
T GER Ad
S~ o9 ~— e
= 10 9 N
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20/;7 12 n ?Y:
@ L4 . @
e o s o
14 13
B 16 g b8 1w
249 e23
260 25
288 827
-
32* 30 29 o3

Y
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] 9
MNA 3.6 AIDINTLTILHINTTHINUIY UIYN
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3.2.6 Concatenate Array
A o a . . ~ Y} 9 v
149M1HUN15 Normalize Landmark 4@ Feature Extraction 38030818292 14
1 o [] =~ A o Y I aa A 9 [
Array ¥pauaazanid naduunnagavzuladl iy Aray GaiRe1Tasld Flatten #a9910
v [
1131 Array 31 Concatenate NUAINEIAUAIAI15190 3.1 9218 Array 30 1 tWlsu'ldun

Array 1 4@ Ua@UBNIIUIU 39 Array

M13197 3.1 #2989 Concatenate Array VDITUNUIA U

GRLpT AU wna Shape
(Array)
MIMYNIENINLYUNDY o
1 . , Pose(12,14) MyUNU Pose(14,16) 4
vunuLyUneulale
v Y
SLYTHNTETHINHIFAL , , .
2 FLYLHINTLHINPose(0) NUPose(20) 2
YN
3| AUHUIUDININIG Pose(14,16,18,20,22) 33
] v A
Pose(JULLUU) + Pose(T882 W 1NIYNNUND)
3V . , . , 39
+ Pose (A1 U Pose - AULHUIVYN)

4 a o o I v & o
ilosnndeyaia lemanniludoyailszinn Sequence Astiunsaziivoyally
3’; 9 o 3'/ v o Y] as )
TuTwaanuasaiil Array Vo UNsUNIHUANITINAWYY Input @145V 1 3810 Taeiil Array

el tist udq9aiudn laou Tuea

3.3 msainaluaa (Few-Shot Learning Modeling )

o dy v o v Y A .. ¥
doyailaainde 3.2.6 segnliludoyaiiodonsz U Training Data NHNA 282

9
78 Te namsyganseusulumsaouszDULAAZIU(Task / Episode) A1l N-Way = 47, K-Shot
v
= 6, Query = 6 1ABEOUNINUA 600 Task HAZNATOV 100 Task
v =2 Awv A a 9 1T A Aa Y o .
HaINANEINUITeNNITeIN DN Tuaafideu 191101571 Few-Shot Learning
: o 2
g 3 Tuaa ldun Prototypical Networks, Matching Networks 1181¢ Relation Networks AU
g o u & A { a A {

lanaassldTumans 3 Twaalumsudasidndt ieden Tumaniidsz@nsamuiniga 11

a y g‘; { o J
1911959 WuguvesTuaa Few-Shot Learning V13 3 LUV AD neural network M1ilu CNN 1
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ANNINUINDUNINUA ﬂ']3ﬁ'ﬁWQIMmaGluﬂTu’J%fJuﬂﬁ%falﬂﬁiJW%Wﬂ package VDA sicara ¥
Library 19 1¥aunnudesms

o @ { U ) g <
drvsuTueaniaonly IAin Prototypical Networks YHUTA 128N backbone 13U
g o . I o ]
ResNet50 (0111 Feature Extraction taziilulaseaiiananlagriumsaauuiain ImageNet
A = < aaly ¥y 1 . . '
119399710 ResNet ugﬂu‘uu Input 13/ 3 1a laun (height, width, channel) (%Y (n_sample, 224,
' A ¥ < Aa o & 2 o & £ v 9 a
224, 3) 1§ Input 11491015 Concatenate Array 11 2 3@ muummgﬂumwmagamﬂmu
A ° . ' ° A aaa 3 ° ax Aa Y
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output 1la¥AOAIY Flatten layer 910111171910 ResNet50 Lsﬁﬁqiuma Prototypical Networks g
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v ¥ g [ { Y 2 o VoA

wmmﬂuuﬂummﬂamﬂimﬂﬁﬂumuﬂi Backbone UaZINY task GluﬂWiﬁfJ‘Ll uazmgmmﬁ

1 Y H 1
vt 1l input iiverlSuiga Tuaa 19aau Taosmuadiunilsdannaned 3.2 Fsanunsada

Useansmnvosluaa Prototypical Networks 1@ Accuracy = 0.781, Loss = 0.27

M3199 3.2 Mamruaalsvesluaa

Parameter
Model Prototypical Networks
Training Task | 600 Task
Backbone ResNet50 (imageNet)
Input Pose(ULUU) + Pose(58ZHNIYNNUAD) + Pose (ALY Pose - AILNUIIYN)
FPS 15 fps
Optimizer Adam
Distance Euclidean distance
Loss Function | Categorical Cross Entropy
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3.4 msrilauaalfl¥nuszuy Implement)

o % I { Aa a 4
1 Tuaa Prototypical Networks FuiluTuaaniilszaniamuiniga o141y
o 14 A ' . 1 1 A o g
msutlasdniniiielne Tasr1u Gul (Graphical User Interface) 8819918 NWAHUIUYY
Y
sznoulidremsrinau 3 daudail
1 ~ as = A 1T o Y Yy o =)
AN 1 90UAAINATIA 10 FITWINUFOUADNUNADIUDI T1IA1JNILY Real TUnTal
uamdnianndos
' ~ v o o oA v Yy a v o w oA
duf 2 uaaanaaniveamanninuila’la Tasd19daannsemaninaouszuy
1 A Y] Y] o v o Y] .
daui 3 wyms 15y dszneuade myulamannannasuy Real time 3311
o v & o ' Y] A Y o o o an
azu)amANNINNMIITUMNAIUNADIVDAATOI TUA1N Wyu)adnnnIa leszunaiuse

T 4 an Ao Yy Y A A A o
u‘ﬂamﬁwmmm%muum"lﬂ Lm&ill‘l}q@ﬂWﬂﬂ@LNHﬂ@ﬂ%Tﬂﬁ%UU LW@‘]J@ﬂTTVI'NWH"’U@Q

Uy

17 suuwladndwinwndiolvy — O X

| wiladwii: liiasas |

LRUCRT T > aanANsTuY

M 3.7 mregnTisunsugiuny Gut lumsih 1454

3.5 1n309NaNIFlua1uIde
3.5.1 7¥1 50U (Python)
<3 a 4 [ Y I
11 Python 1 umu T sunsuneuiamesszauge Tasgnoonuuun iy
a A 1 9 4 (Y] 9 1
nMuaasdaneiudie Iaseadie uag lensaivesnim lusudou ludruvesnisuilas

o o o < o o [ S
Gljﬂﬂ'lﬁ\iﬁﬂ']iﬂ']\‘]'lullﬂll Interpreter ﬁ@lﬂUﬂ']ﬁL“Jaﬂzﬂﬂ']ﬁ\?ﬁagﬂiiﬂﬂ HUINITMNUUNTIHYN



26

[
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5-way 5-Shot/ 30 fps/ ResNet50/ 400 Task Accuracy | Loss
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Hand + Face + Pose 0.634 0.79
Feature Extraction (x,y)
Hand (laeiiiudeiioszezialaeiinfulaieio 0.633 | 091
Pose(juuuu) + Pose(izﬁlzﬁﬁﬁ]y‘ﬂﬁuﬂaﬂ) 0.657 0.77
Hand (ﬂmafj‘ﬁu%ﬁa/szﬂzﬁNﬂﬁWﬁﬁUﬂﬁWﬁa) + Pose(yNUUU) + Pose( |  0.716 0.79
32EENNIYNAVADN)
Feature Extraction (x,y) + Normalize
Pose(juuuy) + Pose(izﬂzﬁwﬁ]y’ﬂﬁ}uﬁ@) 0.487 0.18
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Pose(JNHAU) + Pose(32821 19IYNAVID) + Pose (NI Pose - AMINUYN)+ 0.670 0.13
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[ =1 3N Y o ¥ 1 v A
nasnnadouinwein Iaiidoya Pose(yuiun) + Pose(328z H19IYNA VD) +
Pose (#1114 Pose - Auriteayn) unaaoafiouiiousiuauluns Capture Frame lanaas
~ < PR A Y
ATTINN 4.5 fﬂzmu"lmw 19aA 60 FPS (15 frame per second) (50%) llﬂ Accuracy = 0.853 L
A X 3
Loss = 0.13 tWUAUIN 120 FPS (30 frame per second) (100%) ttaznaassanauilyu 30 FPS (7.5
Y
frame per second) (25%) 18 Accuracy = 0.228 ttazLoss = 0.21 1 1#szanTamanasfatiud

19N Capture Frame 31434 60 FPS (15 frame per second) (50%)
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