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Fig. 1 Output examples when the model output z; is inputted

into the softmax function having various temperature.
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Fig. 2 General CNN model of human activity recognition.
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*1 github  [efficientnet.py]  https://github.com/pytorch/
vision/blob/main/torchvision/models/efficientnet.py
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*2 github [torchvision.models] https://github.com/pytorch/

vision/tree/main/torchvision/models
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3 Accuracies in HASC with VGG for each T and M (median values of 15 trials).
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Fig. 4 Accuracies in various datasets and model architectures for each T and M (me-

dian values of 10 trials). Each row’s environment is unified (upper row: VGG
model and lower row: HASC dataset).
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VGGYI.

CESRDMERLTOVARFR S0 Z 5. Fhig, Uk
HEREDRIMIIE T T2 44 3 V27T, B CONAL TR
Hb A0, B0 A S RELEFHLTWS

HIZ, 7TRAMEE LK T X =200 OREMDH
BEBER 11073, K8, E[w), Viw],E[D], V], E[z/T]
WCBWTIEADMWER |R| > 0.6 ZHEELTWA. Lk
MBoT, ZThoORB[MEEZHNT T 2HRiE{LT 22 2T,
OB IRE ST XA — X2 BINCENTE 2A[REMD 5.

4. HBHOIC

AT, EEFE X 21T E TV OFE XA
FITREHLMICT S Z 2 EHMNIZ, softmax BAEDIE

© 2022 Information Processing Society of Japan

ERIA—RT b, R~y TORITE M \HESEHT
Tz T o7z, fTHRBIBECIIRIcT 777 b RR Y
R—FRETADPHIINTES T, M 2 E&DTET LI
BERBRNCRET 2 220, M & T Off%%
HSICT 2 eDEETHS. ETLVOHN 2 £7218%
AR DEA w DHERDNIE M O—REBITHES LW IR
BENT, WMEATX—XTREHET LI TINEWE
TEBZYEZ. [THRBRYF~v—rF—&Ey P E2H
WTC, BAREFTAMETT ¥ M ORZHERNICHE
TEEREITo . EROMRE, T =10RETIIRIC M
DREVETFINLDRED AT + —v VY AERFRBETETVAR
WZ e, M OEKICHEWT 2#ENxEs3 2T, M

— 386 —

5.0



test_acc
-0.950
~ EHH > ¥
-0.925
00 -09 09 09 09 O [ee]
- 0.900
© -09 09 09 09 O 0.875 ©
— —
= 0850 =
N -09 09 09 09 09 09 09 [GX o
m 0.825 m
<t -09 09 09 09 09 09 1.0 KK 0.800 <t
© ©o
0.775
00 -09 09 09 09 09 1.0 1.0 [uX @ -
ﬁ . o 0.750 ﬁ
NOOO0OOO0OO0OO0OOo
O N 0OON S 0
— M oOoAN
—
T
E[b]
<t --0.0 0.0 -0.0 -0.0 0.1 0.1 -0.2 EXISIES 0.0 <
-02
©0 -0.0 -0.0 -0.0 -0.0 -0.0 -0.0 [eo] 2 42117 64 64
-0.4
--0.0 -0.0 -0.0 -0.0 -0.0 0.1
= e 3

.0 0.2 pRABYEIS

[XMPRA 20.5 18.0

[ 22 5 19.3

128 64 32 16
128 64 32 16

X 6

- 1.65

1.60

1.55

1.50

4

--0.1-0.1 -0.3 0.5

4

0.2 03

5.8 10,3 fEX IS

8

--0.0 -0.1 -0.2 0.3 -0.5 LIS ARK NN

8

01 02 0

© --0.0 -0.0 -0.1 -0.1 -0.3 -0.5 Yl 00 0.1 0
— —
s S -8
N --0.0 0.0 -0.0 -0.1 -0.1 0.3 -0.4 & 0.0 0.0
m m -6
-2.0
<t --0.0 0.0 -0.0 -0.0 -0.1 -0.2 -0.3 -0.4 g 0.0 0.0 0 0 5 -4
©o ©o
-25
-2
00 --0.0 -0.0 -0.0 -0.0 -0.1 -0.1 -0.2 -0.2 -0.4 [sel 0.0 0.0
o o
L R R -3.0 —
NOOOOOO0OO0OOo
O N<T00WOMN < 0
— o
—
< -1 S gl20.7 21.615.1109 7.0 4.0 2.
- 200
© -2 [eelB63.6 40.4 25.816.4 10.4 6.5
- 150
© 8 -3.2/-2.9/-2.7 -2.6 -2.5 BWABWIS® -3 (el 82.059.033.519.913.9 8.7 6.1
— E —
o .4|-3.0(-3.1|-2.9/-2.7 -1.7 -1. -4 [QUJ102.468.9 45.1 27.017.6 11.1 8.1 6.5 4.8 - 100
m m
<t .7-3.0 -33 -3.1 -3.1 -2 -1 -5 [ g!22.385.7 60.9 37.0 23.7 14.7 10.3 83 6.3
© © - 50
e} 8/-3.7 -3.8 -3.8 -3.6 -3 -1 -6 0 £103.960.8 35.4 20.4 13.1 10.0 7.6
o o
— —

WISDM with VGG IZBWITI 3 T ¥ M Tt DEREART X —& (10 AT RH)

Fig. 6 Various parameters in WISDM with VGG for each T and M (median values of

10 trials).

R1 TAMIELERT X =2 0MHOREHEDOHBRE
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