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Introduction to Skeleton-based Continual Action Recognition
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Introduction to Skeleton-based Continual Action Recognition
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Introduction to Skeleton-based Continual Action Recognition

=
> HEAE U 2HLE £ S0 i M oS 21
> S GIO|ELF RS S B7 (8 &of

A
=
HIO[E S MEdH +0{0F otil staots O = 2E AZHo] Z2|= &4 &Y

Prediction

SHAR Prediction

B KOREA ..:.. Data Mining 14

82/ UNIVERSITY Quality Analytics




Introduction to Skeleton-based Continual Action Recognition

o FILYE WA 1S Wer
- 7|ZHO|H glo| 2 agE RES &2 2 5 USSP

> O/MZ=7E (Fine-Tuning) : {22 %}

1K)
=2
Ho
jInd
0x
or
bt
1A
ot

SHAR ——> Prediction

%7|3} T2t0|E 28
2= 2f0]0f &5

SHAR Prediction

= KOREA Data Mining
%=/ UNIVERSITY o.:'. Quality Analytics 15




Introduction to Skeleton-based Continual Action

Recognition

> OJMZEH (Fine-Tuning) : MZ22 210 22 & XX 3}
=]
=

— 7|& H|o|E{ 2| MEE 9= Catastrophic Forgetting ‘24l

N

” Ab SHAE| DG

— =

ok

SHAR ——> Prediction

%7|3} T2t0|E 28
2= 2f0]0f &5

SHAR Prediction

B KOREA ..:.. Data Mining

85/ UNIVERSITY Quality Analytics 16




Introduction to Skeleton-based Continual Action Recognition
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% Else-Net: Elastic Semantic Network for Continual Action Recognition from Skeleton Data
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% Else-Net: Elastic Semantic Network for Continual Action Recognition from Skeleton Data
*  Else-Net Z1t

» PKU-MMD, NTU-RGB+D skeleton data &

Table 1. Performance comparison (%) on PKU-MMD. Our model
trained under the continual learning setting outperforms other
continual learning methods, and even achieves competitive results

X&) B0} OFL|2F O|A HIO|E AMHE O i ni%s| compared to models trained under the offline learning setting. Be-
> o= = e |- | |- | -” | -I E = X forgettmgO"E =2 I- sides, under the offline learning setting used by previous skeleton-
based action recognition methods, we also obtain competitive

» O|0|X| S2| FOFO|A KM= AE 2 &S} H|w

performance.
. , Cs (Y
Setting Methods ACC FM LA | ACC FM LA
GEM [ ] 65.0 135 728 | 61.3 127 743
Continual Remind [1] 71.2 1.5 85.1 75.3 8.7 813
i Sampe frames of “NTU RGB+D" dataset Lcaming MS-G3D [20] 653 17.0 772 68.0 239 72.7
’ ' Else-Net 846 40 868 | 870 72 908
Lietal [10] 904 - - 037 - -
" - . . - : . HCN[11] 92.6 - - 94.2 - .
. L N . L?Er:“: RE-Action[ 7] | 92.9 - - 94.4 -
k ‘ e | Ms-GaD[0] | 931 - - 94.9 -
1 = : : Else-Net 953 - - 972 -
ﬁﬁ*ﬂﬁ - ‘ - & Table 2. Performance comparison (%) on NTU RGB+D
. _ [ cv
3 i 4 b . . & Lk - Setting Methods | zec—FM  TA [ ACC M TA
Y l GEM [ 1] 553 151 721 | 545 115 647
Continual Remind [1] 56.0 9.5 66.5 598 94 689
Learning | MS-G3D[20] | 463 254 564 | 545 231 585
Elsc-Net 844 51 86 | 879 80 893
ST-GCN[ ] | 815 - - 853 - -
NTU-RGB+D skeleton PKU-MMD skeleton Offline 25-AGCN [ ] 985 B R 95,1
Learning MS-G3D [ 0] 91.5 - - 96.2
Else-Net 91.6 - - 96.4
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- CHARON Z1t

>  NTU-RGB+D skeleton data ZH-&

> Msize CH| CHARONE 2% H|2 OtE +=8& 7t5

> MsizeZt 545 S 20t

Table 1: FAA (%) results on Split NTU-60 and Split NTU-120. For CHARON,
we report the results with a masking ratio equal to 30%. We highlight in green
the gains achieved by our approach w.r.t. the best-competing method.

&ﬁkii Method XView XSub XSet XSub
Eﬁﬁ ﬁ FT 16.05+0.07 15.64+0.05 7.190.06 6.97+0.23
“ JT 84.75+0.02 77.3210.54 T1.18+1.07 70.1540.08
mﬂ“dﬂ Mesize 500 2000 500 2000 500 2000 500 2000
iCaRL 51.54415 B341411 4712414 50.69+12 3291400 34.74+07 33.03£13 36.68+1.0
hih ﬁ Else-Net 40.81+0.s 59.10+0.2 39.72+04 57.00£10 19.371+06 33.52+06 18.43+07 33.95103
ER 51.00£1.6 68.27+01 45.80+0s5 62.7d+1s 26.35+11 43.12+04 26.19+17 45.06+0.7
NTU-RGB+D skeleton DER 51.36100 66.74401 49974110 6348113 27.83+17 40.19+09s 30.10+£15 36.10+1.5

DER++ 60.41205 73.09413 57.22410 67.64+16 34.27414 50.06+06 36.29+03 49.81li0s

73.60+t03 T7.7T+ro2 68.30106 72.70402 52.19106 61.63:01 48.64100 59.2310.4
+13.19 +4.68 +11.08 +5.06 +17.92 +11.57 +12.35 +9.42

Split NTU-60 Split NTU-120
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Skeleton-based Continual Action Recognition
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Benchmarking sensitivity of continual graph learning for skeleton-based action recognition
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(a) Example of task order shuffling, tasks have same classes. (b) Example of class order shuffling, tasks have random classes.
Figure 1: The accuracy for each class fluctuates when the task/class order for CGL changes. Classes within one task can have

large accuracy differences (Fig. 1a, class 2/3). This is not captured by task-order sensitivity. Images from (Wang et al.. 2014).
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Mask and Compress: Efficient Skeleton-based Action Recognition in Continual Learning
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Benchmarking sensitivity of continual graph learning for skeleton-based action recognition
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