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PAT VAN DPE

Ung dung hiéu hanh dong con ngudi dua trén khung xuong
* Robot

* Tuong tac ngudi - may

* Méi truong ao nhap vai

« Cong nghé ho trg, phuc hoi chiic ning

» Phan tich thé thao

= D0 liéu khung xuong gon nhe, tinh gidn, mang hiéu qua vé
mat tinh todn,lgi thé vé bdo mat quyén riéng tu.

@é CVISLab. Computer Vision & Intelligent Systems Laboratory



PAT VAN DPE

Thach thic

» Tong quét héa cho cac hanh vi méi (chua c6 nhan).
 Doi héi dit liéu huan luyén I6n dugc gan nhan.
 Rat dé qué khép trén di liéu nhd, thiéu tinh da dang.

= M6 hinh héa chudi bi che khuat va hoc tuong phan.
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DE XUAT

Unified Skeleton-based Dense Representation Learning (USDRL)
v Multi-Grained Feature Decorrelation (MG-FD)
v Dense Spatio-Temporal Encoder (DSTE):
= (Convolutional Attention (CA)
= Dense Shift Attention (DSA)
v Multi-Perspective Consistency Training (MPCT)
= Multi-View Training
=  Multi-Modal Training
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KIEN TRUC TONG QUAT
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Fig. 3: The proposed Unified Skeleton-based Dense Representation Learning (USDRL) framework. USDRL incorporates a
two-stream architecture with the Dense Spatio-Temporal Encoder (DSTE). The DSTE processes skeleton sequences to derive
dense representations, which are further refined through MaxPooling and concatenation to generate condensed vectors. The
Multi-Grained Feature Decorrelation is devised to mitigate model collapse and guarantee both intra-sample consistency and
inter-sample separability. To further enhance robustness across different viewpoints and facilitate multimodal learning, a
multi-perspective consistency training strategy is used during training.
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KIEN TRUC DSTE
y =a CA (F) + § DSA (F) N .13 S

trong do: <
F, =RelLU (W,F,)W, + F, e,
Fm — MaSk @ Fh + MaSk @ F —» SelfjAttn

F, = FFN(SA(Fm)) + FFN(SA(F))
F, = FFN(SA(Conv(F) + F))

-+ Conv 1D

Fig. 4: The fundamental layer of the Dense Spatio-Temporal
Encoder. It consists of the Convolutional Attention (CA) and
Dense Shift Attention (DSA) modules, where & represents a
weighted sum operation.

\ /} CVISLabA Computer Vision & Intelligent Systems Laboratory




KIEN TRUC MG-FD
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KIEN TRUC MG-FD

L.,n ham mat mét ndi mau (inter-sample Intra Consistency
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Multi-Grained
Feature Decorrelation

@é CVISLab. Computer Vision & Intelligent Systems Laboratory



KIEN TRUC MG-FD
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CHIEN LUGC MPCT

 Multi-Modal Training: m6 hinh khai thdc dong thoi cac phuong
thic (modalities) khac nhau cua khung xuong nhu khép (joints),
xuong (bones) va chuyén dong (motion), sii dung co ché& dung
hgp sém bang trung binh cong truc khi dua vao DSTE.

Y = DSTE(FUSion(I:joint/Fbone/Fmotion))

» Multi-Vew Training: can thiép vao cach mo6 hinh nhin nhan tinh
nhat quan cta hanh dong théng qua cac géc nhin camera, ghi
lai ti cac goc nhin (viewpoints) khac nhau dé lam cip mau
tuong dong va sau dé qua cac phép bién doi (augmentation)
riéng biét.
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THUC NGHIEM

e Datasets: NTU-60, NTU-120, PKUMMD, UAV-Human
* gap =4

e a, 5, Tdéula 0.5

*k=5,1n=0,0005 u=1,A=0,001

Su dung Adam optimizer

Batch size: 324

Epochs: 450 (NTU) va 1200 (PKU-MMD 1)
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KET QUA DU DOAN THO contse repicrion

TABLE 1: Comparison of unsupervised action recognition results. J: Joint, M: Motion, B: Bone.

TABLE 2: Comparison of performance under semi-

NTU-60 ntuzo  pkummpn - supervised evaluation protocol on the NTU60 dataset.
Method Publisher Modality x-sub  x-view x-sub  x-set x-sub
Masked Sequence Modeling
MS2L [55] ; ACM'MM'ZO ] 52.6 - - - 27.6 x-sub X-view
3s-Colorization [56] ICCV ?l ] 75.2 83.1 - - - Rod
Masked Colorization [13]  TPAMI23 ] ™1 w2 2 s w8 et 1%data 10%data 1%data 10 % data
PCM? [27] ACM MM'23 ] 839 904 765 775 515
MAMP 2] ICCV23 ] wMo w1 7 M1 w8 MSAL. [55] e i - :
MacDiff [59] ECCV'24 ] 864 910 794 802 - ISC [77] 35.7 65.9 38.1 725
MMER [60] TCSVT"24 ] 842 895 771 788 544 HiCLR [23] 51.1 74.6 50.9 79.6
g?"ztslzﬁ['fs]kammg AAAI'22 ] 743 797 634 634 38,5 CMD [22] 50.6 754 53 80.2
im! » A 4 4

gm)[[]zf]] Eggg } ;z.g g.g Zg.; Z;.z igg PCM3 [27] 53.8 771 53.1 82.8

: : : ; ; : = HiCo [63] 54.4 73.0 54.8 78.3
PSTL [61] AAAI'23 ] 773 818 662 6.7 1493
HalP [62] CVPR23 ] 797 88 711 722 435 Heter-Skeleton [41] 55.0 76.3 55.0 79.1
HiCo [63] AAAI'23 ] 811 886 728 741 1494
25-DMMG [64 TIP'23 M 842 8§93 727 724 58.8
Skeleton-lo[goC]LR [65] TCSVT'24 ]+j 824 872 728 735 547 USDRL (STTR) 55.0 76.1 59.1 82.0
KTCL [66] TMM'24 ] 824 894 744 745 55.5 USDRL (DSTE) 57.3 80.2 60.7 84.0
SCD-Net [67] AAAI24 ] 866 917 769 801 540
VIA [68] CV24 J+M 781 858 692 669 3
IGM [69] ECCV'24 J 862 912 800 814 . TABLE 3: Results of 2D skeleton-based action recognition on
Feature Decorrelati 2
Hysp (o] ICLR23 ] 782 826 618 646 ] the UAV-Human dataset. S and U denote supervised and
UmURL [38] ACM MM'23 ] 823 898 735 743 521 : S A
UmURL [38] ACM MM'23 J+M:B 842 909 752 763 526 unsuperv1sed training, respectlvely.
Heter-Skeleton [41] CVPR'25 ] 802 880 707 735 477
USDRL (STTR) Preliminary work J 84.2 90.8 76.0 769 51.8
USDRL (DSTE) Preliminary work ] 852 917 766 781 544 : i
USDRL (STTR) iawork " J+M+B 858 918 775 788 547 Method Modality  Training CS-vl CS-v2
3s-en bl
30.CMD [22] ECCV'22 J+M+B 841 909 747 761 526 ST-GCN [6] J S 30.2 56.1
3s-CPM [14] ECCV'22 J+M:+B 832 870 730 740 515 £
3e-HICLR [23] AAAI'23 ]:MIB 804 855 700 704 - 2s-AGCN [7] J+B S 34.8 66.7
3s-SkeAttnCLR [71] IJCAI'23 J+M+B 820 865 771 800 55.5 HARD-Net [78] ] S 37.0 -
3s-SSRL [72] TCSVT'23 J+M+B 816 851 692 715 502 :
35-PCM? [27) ACM MM'23 ]:MIB 874 931 800 812 58.2 Shift-GCN [8] J S 38.0 67.0
3s-ActCLR [73] CVPR23 J+M+B 843 888 743 757 g LLM-AR [40] ] g 46.3 g
3s-RVTCLR+ [74] 1CCV"23 J+M+B 797 846 680 689 -
3s-PSTL [61 AAAI'23 M:B 791 826 692 703 523
3:—CSTC[N []75] T™MM'23 }IMIB 858 920 775 785 539 USDRL (STTR) ] 6] 31.7 50.2
3s-UmURL [38] ACM MM'23 J+M+B 844 914 758 772 543
35-USDRL (DSTE) This work JiMsB 871 932 793 806 59.7 USDRL (DSTE) J U 36.3 60.8




KET QUA DU DOAN DAY DAC wexst resoicrion

TABLE 5: Comparsion of action detection results on PKU-
MMD I xsub benchmark with an overlap ratio of 0.5.
TABLE 7: Comparison of action segmentation results on the

Method mAP, (%) mAP, (%) PKU-MMD II dataset.

MS2L [55] 50.9 49.1 .

CRRL [79] 52.8 50.5 Method | Acc Edit F10 F25  F50

ISC [77] 55.1 54.2 ST-GCN [6] 649 - : - 155

CMD%[22] 59.4 59.2 MS-TCN [82] 65.5 - - - 463

PCM* [27] 61.8 61.3 ETSN [83] 684 671 704 655 520
CTC [29] 692 - 699 664 53.8

USDRL (STTR) 66.1 65.9

USDRL (DSTE) 75 74.9 DeST [50] 676 663 717 68 555

USDRL (STTR) | 68.7 675 709 673 562

TABLE 6: Comparsion of action prediction results on the
NTU-60 dataset.

Method 10%  20%  30%  40%  50%  60%  70%  80%  90%  100%
DeepSCN [80] 168 215 305 399 487 546 582 602 600 58.6
MSRNN [81] 152 203 295 414 516 592 639 674 689 69.2
P-TSL [36] 278 358 463 585 674 739 776 801 815 82.0

USDRL (STTR) 247 36.5 54 65.7 728 769 803 824 837 842
USDRL (DSTE) 255 368 548 667 736 779 814 836 845 852
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KE,T QUI& DU DOAN CH UYE)N 96| (TRANSFERRED PREDICTION)

TABLE 8: Comparisons of transferred action recognition TABLE 9: Comparisons of transferred action retrieval results

results on the PKU-MMD I1.

Transfer to PKU-MMD I1

Method NTU-60 NTU-120
MS2L, [55] 45.8 -
ISC [77] 45.9 ;
SCD-Net [67] 56.3 -
HiCo [63] 56.3 554
CMD [22] 56.0 57.0
UmURL [38] 58.2 57.6
USDRL 57.2 58.3
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on the PKU-MMD IL

Transfer to PKU-MMD 11
Method NTU-60 NTU-120

x-sub  x-view x-sub  x-set

UmURL [38] 434 428 425 43.0
USDRL 444 447 44.0 43.8




CAM ON THAY & CAC ANH CHI PA LANG NGHE!
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