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331 SyIEAERY FRATFE HAR FFFTAL DX b A O A A AR EY 1
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Table 2: g ANt P i #5 55 Kinetics-400 HrETERNG 22k
MBS,

Dataset ‘ Selected Activity Classes
HAD-AW | Riding a bike, Dancing ballet, Drawing, Driving
car, Eating burger, Playing piano, Playing guitar,
Jogging, Using computer, Washing hands, Writ-
ing, Playing violin, Taking a shower, Making bed
PAMAP2 Walking, Jogging, Biking, Using computer, Fold-

ing clothes

UTD-MHAD | Clapping, Throwing ball, Shooting basketball,
Drawing, Boxing, Hitting baseball, Hitting ten-
nis ball, Push, Jogging, Walking, Squat

ARG IMU (55 Bilgs, Adam fR4k28 I Fill%E £ 30 4~
JEI, 2£3) #3813 ReduceLROnPlateau ] #5sh SR [1] »
I RIS, BT R (JEEM 1076 5 1072
) FAEE R (M 1074 3] 1072 ), XF- UTD-MHAD F PAMAP
g, AT ZARM T8 A TR A2 LHIE. 10X
T HAD-AW 4, T EmNEIEERIFRENH ZiE
FRIAT T e sh 4, FATRA 5 a2 LIRE. X4
AL ) <2 XIS IE A B R TR R BEALAD B4 =k, FRATIRAE X
BRATH P %% F1 155 S H bR .
332 YIEE KAV R ISR E :
(1) %ES@&% PR HE E 5L IMU Y 2R 5iE4E L aErTil
é/\o
(2) Real + IMUGPT: Il 454 55 IMU Il 2R84 5 i 0l
IMU-GPT (400 — A TEEA G . % TR
5 EUSC AR AR oA [F)5 Bl AN A% SR L AR X B R B e A
Vi
(3) Real + IMUTube: Z8{PIF DA L ECHE, BOHDERF ELSE IMU
WG EHe4E 5 il IMUTube BOREEM — N FEME S,
TSR T AT B AR AR I E A B VSR
(4) Real + IMUGPT + IMUTube: ZFBiBIfE— N 2H S50 -
HEATUNGE, REEAE th 58 IMU $icE DA K i U IMUGPT
HIHE L IMUTube 42 0 TS 418, X LT ARG 3h

A it (T T X 55
(5) HL5C + MYk Y RBe AR SR LS IMU I ZR%d
FEI T BRI A

X EMIIGICE, FAEIEAT T 58, T 10 % 1
¢ IMU YIZREds, PABCUURIBRIC IMU £ 2 RV IS TE . 72
AR, PP ER B B S IMU IS FoEfT.

3.4 #IR

Table 3 7R 7460 A SE B ESE IMU YIGRERAERT, & FhiI

ZRCE BRI R . O e B EARAERT, AT B

L IMU s 45 512 (5 B Ul IMUTube 4L 58 5] B 25 &

JE 48 IMUTube FiI 481 IMUGPT %54 4k — M FECR AR

TUM R AR T, SRR TE PAMAP2 fl UTD-MHAD F.

(1) PAMAP2: jE 5 HE 4 IMUTube 1 IMUGPT [ 45 &7 ok

T B0 R T . A B3 AL 5 DeepConvL-
STM i #I7E Real + IMUGPT + IMUTube 32 FIl%%:, 3k
15T AR W F1 4350, o 90.29 %, AHEZ T{UAE Real,
Real + Augmentation, Real + IMUGPT #/ Real + IMUTube
BlE g, R T 264 % . 4483 % . 7.1 % A19.3
% MFAST 4T

ATER, FMHER - XH, Thomas Plotz

Table 3: i JI] ¢ B KOS B B MR e LL & (R F1) . &kfa
BSZ AR A B A RIS iy e FE DI HC B -

| UTD-MHAD | PAMAP2 | HAD-AW

Random Forest Classifier

Real Only
Real + IMUGPT
Real + IMUTube

65.26 = 0.34
63.41 = 0.49
66.65 = 0.41

48.09 £ 1.68 | 55.68 = 0.22
66.22 £ 2.34 | 53.19 £ 0.07
86.46 + 2.38 | 54.64 £ 0.10

Real + IMUGPT + IMUTube | 65.06 + 0.51 | 88.35+2.28 | 52.94 £ 0.27
Real + Augmentation 67.37 £0.62 | 47.60 £ 1.78 | 55.34 + 0.19
DeepConvLSTM
Real Only 51.36 £ 1.19 | 48.47 £9.11 | 66.53 £ 0.20
Real + IMUGPT 52.47 £ 0.29 74.01 £0.54 | 64.54 +£0.16

Real + IMUTube 54.23 + 0.21 82.48 +3.18 | 65.18 £ 0.37

Real + IMUGPT + IMUTube 52.09 £ 0.26 86.59 £ 0.88 | 63.85 £ 0.36
Real + Augmentation 57.33 £1.00 | 55.84 £ 0.31 | 67.15+ 0.33
DeepConvLSTM with Self-Attention
Real Only 51.86 £ 0.67 7142 £1.81 | 67.79 £ 0.11
Real + IMUGPT 49.82 £ 0.52 84.31 £4.74 | 65.63 £0.23
Real + IMUTube 57.37 £ 0.46 82.64 £2.11 | 65.94 £0.30
Real + IMUGPT + IMUTube 49.30 + 0.54 90.29 £ 0.65 | 64.65 £ 0.23
Real + Augmentation 58.26 £ 1.69 | 62.34 +4.71 | 67.71 % 0.36
BiLSTM with Attention
Real Only 78.57 £ 0.18 31.07 £ 243 | 89.49 £ 0.25
Real + IMUGPT 60.09 + 1.49 47.90 £ 8.70 | 82.70 £ 0.28
Real + IMUTube 84.51 £ 1.99 52.39 £ 6.53 | 81.19 £ 0.30

Real + IMUGPT + IMUTube
Real + Augmentation

64.33 £ 7.17
78.82 +0.78

69.37 £ 9.88 | 81.28 £0.27
35.58 £3.81 | 89.51 £ 0.22

(2) UTD-MHAD: 3t B L ZR AR 43 25 45 1 DeepConvLSTM
AS{K . 7F Real + IMUTube Fil Real + Augmentation [ I|
=R TR RO PERE . SAT, X BILSTM i3 JyA
Real + IMUTube _F Il 555 8 T 35 1R 5 00 F1 4540
84.51 %, 434l Real Only, Real + Augmentation, Real +
IMUGPT, I Real + IMUGPT + IMUTube $255 T 7.6 %, 7.2
%, 40.6 % F 31.4 %,

(3) HAD-AW: TEFrA IR EH, HhEREMXTRE. W
1 IMU HIC 558 FH 000 14 5 B AR AH bE Bl (s R A2 1
SR IMU #5040 3 35 A 4 ok R it

AU ESE IMU YIZREEAR R 10 % I}, Table 4 5145 74
BAEA I GRICE N B ERE. SRS, B &R IMU Kl
——JUHJE K H IMUTube % 5 ok [7] i (581 P54~ HE UL IMU %%
Pt —AEPTA B SE EARHTR T Rt

(1) PAMAP2: ifi i1 Real + IMUGPT + IMUTube |- /l| 25 b
TR ZRAG T e, B0, FEXMELE LlZm
DeepConvLSTM AU T H = AU 20 F1 434 91.08 %,
% T1X Real, Real + Augmentation, Real + IMUGPT FI
Real + IMUTube 43 % {27~ A X8 =5 217.1 %, 132.1 %,
17.9 % #1 15.4 %,

(2) UTD-MHAD: R4 H T B 5L IMU YIGREHR D>, Sk
154 EAR, {EAH B2 #1) IMUTube $iE 8 Y11 ZRAd 5
JEie S Al A 2 AU IMUGPT Bt & i ——
YRR T HABRC B . 7E E SCHR I IMUTube %% _E )
M BEPL R KRR T IR m % F1 155 6148 %
A3 BILCAGE F LSRR . SRR R . B SRR
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= Using Computer mmm Folding Laundry

Real + IMUGPT + IMUTube Real + Augmentation

Test Configuration

Figure 2: AFRIVIZRACE T, #i47 ATER LI DeepConvLSTM fE%IfE PAMAP2 £iihidl L3N F1 #45

Table 4: {8 H] EL9250H81 10 % BEATROMMERE (2 F1) MLLE.

LB RGA BAR A I R UIZRICE -
| UTD-MHAD | PAMAP2 | HAD-AW

Random Forest Classifier
Real Only 36.13 £ 1.16 42.09 £ 4.89 | 33.88 £0.49
Real + IMUGPT 50.64 £ 0.38 77.22 £1.44 | 36.29 £ 0.37
Real + IMUTube 61.48 £ 0.69 85.30 £ 0.15 | 37.45+0.37
Real + IMUGPT + IMUTUBE 60.65 £ 0.58 87.92 £2.01 | 39.23 £0.18
Real + Augmentation 53.82 £0.65 | 51.86 £ 7.35 | 33.80 + 0.21

DeepConvLSTM
Real Only 1295 +1.19 28.72 £ 6.05 | 31.35 £ 0.05
Real + IMUGPT 30.71 £ 0.78 77.24 £2.27 | 34.58 £ 0.47
Real + IMUTube 36.40 £ 0.24 78.93 £2.02 | 37.86 £0.16
Real + IMUGPT + IMUTube 37.21 £ 0.44 91.08 £ 1.55 | 38.50 £ 0.38
Real + Augmentation 15.57 £ 4.12 | 39.57 £ 2.57 | 31.05 £ 0.04
DeepConvLSTM with Self-Attention

Real Only 19.24 + 0.22 37.34 £9.82 | 37.02 £ 0.35
Real + IMUGPT 29.39 £ 1.15 86.36 £3.16 | 36.88 £ 0.33
Real + IMUTube 40.92 + 0.57 87.88 £0.16 | 40.52 + 0.09
Real + IMUGPT + IMUTube 33.92 £ 0.41 90.27 £ 0.58 | 38.99 £ 0.19
Real + Augmentation 23.05 +1.66 | 54.07 £ 6.32 | 36.80 + 0.48

BiLSTM with Attention
Real Only 9.47 + 0.90 20.90 £ 6.29 | 51.53 £ 0.30
Real + IMUGPT 12.61 + 2.23 50.58 £3.02 | 45.81 £0.22
Real + IMUTube 37.42 £ 0.42 66.79 £7.16 | 52.88 £ 0.20
Real + IMUGPT+IMUTUBE 1442 £ 1.22 59.64 £ 2.35 | 45.41 +£0.25
Real + Augmentation 11.23 £ 0.55 | 28.43 +6.54 | 47.93 £ 0.28

IMUGPT DL % 2152403 i IMUGPT A1 IMUTube #8275 7
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