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COLDOG: Human Activity Recognition through Collaborative
Learning for Domain Generalization

Yongtae Jeong - Seoung Bum Kim
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Human activity recognition (HAR) is a rapidly advancing field that uses wearable sensors and devices, such as
smartphones, to detect and classify user activities. Despite remarkable growth, HAR models encounter challenges in
generalizing to new users because of variations in user characteristics. Transfer learning and domain adaptation have been
studied to address this issue, but they rely on the availability of target data. This study presents a collaborative learning for
domain generalization (COLDOG) to enhance generalization performance in HAR. COLDOG improves the generalization
performance of domain-specific models through collaborative learning and achieves high performance for new users
through ensemble of all models. We validate the effectiveness of the proposed method through experiments on various

HAR benchmark datasets.
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(Chang et al., 2020; Khan et al., 2018).

—— Data from subject A

Data from subject B
—— Data from subject C
—— Data from subject D

Figure 1. Distribution Shift Problems in HAR. Different Sensor
Readings are Collected from Different Subjects
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Figure 2. Overview of the Proposed Human Activity Recognition Network

o

£9) E)«
o

c

2

© Mo Mo

N

™ “‘1‘1

N, ol

el

f
ol
2

oy o
ot

)

Mo 1ok

o
Mo N
N

ox X o

we e

e
rE
=2,

N
i)

o

(

_

o
O‘!"

~—

oo
o5
g M

N
[

-

©

iy
N
-

c
>

o g 2o Mo g

g~

r

N

-

=

==

of

==

1€ Mo oz Mo

N

-

fo ™ o
o Fd
N
off m rZ — x> pL &

b o

Mo 1o b {g o o o o | o to o rr

ox g

e
eI
fob g



78 Yongtae Jeong - Seoung Bum Kim

Hol= Zlo] 7h5dttt. o] o tha AA A<l F2E <Figure 2>
o] =43}stAtt.

<Figure 2>% ()= 4 =
HOE ST AEE AW

2 o=
B 2
fa 42
o—\-Ll‘?i
b A
o~

v}

) flo
Lo
il
gL
rir

8 o td
) i
|
ol
ol
(2 o

zo [IF
- I

H
N
o
2
NI

AR AR} 2 Expert 415 ¢' S o] 2311
o SJ3tof Sk (b)E AR 2D} ¥l A E}
2o 99 3 B9 L depith o] B4 ¢S4 1
o 4 g mdst gl e vlole glo] B
& Aol Jbssit v AE7L 5
7} 2 o2 Anst fAFE
B7h RAE S S43A) e
93} 4 o
o Evldl

b
&~

5
<

I

5,

1=

ox

U
o o (o

I ok

2

= oo mfr

ox e

o b

b

o
>

oo ¢

7
i

rr ox

)
Hd
o 1
= oy e fE oo o o, oo
O

3o
&

o J{N‘ Olr Pﬂ

tn i o
ol

o ol
4 =2
[}

oft
2
A
=)
P

vl
=

ne
o

=2
=
ol

[N

ANt
ox 2 —E
i

ro off J

o Md
o x =
ol to > o

ne

o rif
fiui
~ M o o rf

N
ox
ofr
o

A

Jht ”N
booao S
e Ly (o

tr
=3
O [

Ny

i o

=y

b = n

> & o

m
=
¥ (o

N
-
O‘!“
ox
ml (o
>
Of
ol

T o

& =9 Expert #1- 3l 3 =r ¢l o] T3]
{Expert #2, Expert #3, -+, Expert #K} +
CH AR RS Y grol tg AT
A AE7 md
2 85T <Figure 2
PR

=
-0

Mo g e Mo o F

koM BN S H 2 oox O
2
Mo
= 3
[e]
™ ra

N
-

o N
oy 8 (o b

jus)
(i)
©o o 8
et 2 o oft o
=)
II.

>

NI
_ =
NI
—_

LN
i

N

)

il 4o ¥

s a > )

rp B

e

ok, v
=55

V2
b orhu B
2 dn
[e3

2
o ro

= Lo
fr

i

o9 fi il
b
ro,

ol

o

et o

e 2o
o o iy

N
—

[ |
ok ofm
e
ok BNy
(e}
o

N
m N

[
ox, b1 ¢
o{[‘ (ol é _V"’_‘,

o

oy
At i

b ox
flo o =
&2 oy lo M

o
o
=
=
:?L_"
>
b
e o
us)
T,

g
oXx
olf

S

5 ¥

Sl
N
N
i
==

d
X0,
b T

oo 2 8
>

oo

oX vi,
=
fu
Ho
S,
b
=,
rO ¢
o
o
o
5
2
2
[\

ot
=y

e
r
rlo
|
i)

R

y koo
i)

N o
glg

o B E% ey

A
o
=
N/—\
flo
_l\!
b
=
[ A—
)
o
o
AN
N
A
o,
e
i
~

o & T &
o lo o

<

o P

[

mlE r }‘ n

)

o ro

o r o
L

>
Fn
N
o
e
= o
ok g
lo =y o

o= N

)
=~
Il
—~
8
~
—~—
v}

= o
~  dm oy

o e

)

Ir =

oy 17
= °
ok
Ny
N
=
o
)
lo
=,
o
illnd
tlo
v i

2 & oj

Am e

o =

N
N
b
=,

et
El 2
i
2

mfh
e
M
e
N
i
lo
=}
et
o

)

—_— =
=~ oz
FE
e
W
ok

=2
o}mil‘

b
=

cross entropy)

ol

A=A T3
o x> K
B 1>

ot
m ~—

e TIr

:cl>l=4"
B
b
1o
iy
o
4
o2
b
Sul

Lep=—Y yllog(5, (=) 1)
i=1
Y S5& 5 77 g2 e 2udldl E3kE A
7h Zdo 29 gS 7Md dole R st W A&V RE s
ShE gtk 71 dlol & ok 4 3)= Tl ZHHH, k &
d Aet mEdE FE M dolEs AR o
(B} 2 =M B35 8778 ey, ;Mo 7}

Soj9l Ho87t 358 5452712 E0F SHUHE 9
R RN HE B LR LY R DECE 3

o 1 :
L ollaborative f‘lO T 1 E(zgk)) 2
Collaborat ;y g K14 ' 2)
y; = B (=) ()
A% £4F5E 209 55 2RI ARG 42
g EAFRA ()9 BY 4 B 42Y AT
Q)% 7h5 Foted 4 (4)9) 2ol B el dr}
L:/gLoe+(l_ﬂ)Lwllaborative (4)
olgf g (0,1]€ F AT #F S w57 A AL
NEAZ 4 £AR5E A £AF5) Soht HGTA) 2
At

AE HHE S A A QL 5 A 2 9 AL E (pseudo code)

Algorithm 1: COLDOG for Domain Generalization

Input: labeled source mini batches {(z*, y*)}F_

1, expert models
{E |, feature extractor Z hyperparameter 3, epochs F
Output: expert models {E,}f_,
for epoch=1 to E do
for k =1 to K do
2 = Aak)fcompute feature vector of X*
g}k = E, (") //compute prediction of expert-k
compute cross entropy loss L, by g}k, o and Eq. (1)
~e 1
Y TR

of non-experts

2 Ej(z")// compute ensemble prediction

compute collaborative 10ss L ;.00 ative DY 70" and
Eq. (2)
obtain final loss L by Lip Ljaorative: 8 @1d Eq. (4)
update expert models {E,}&_| to minimize L

end for

end for
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Table 1. Summary of Human Activity Recognition Datasets Used in this Study

Number of Number of . . Number of
Dataset . Sampling Rate Position Sensor .
Subject Sample Activity
igh lefi M
DSADS 8 ~1.14M 25Hz > (torso, right arm, left 5 IMUs 19
arm, right leg, left leg) | (acc, gyro, mag)
3 IMU
PAMAP2 9 ~2.84M 100Hz 3 (hand, chest, ankle) ; 18
(acc, gyro, mag)
1 Motion Nod
USC-HAD 14 2.81M 100Hz I (front right hip) otion Fode 12
(acc, gyro)




80 A4 - A

E{ A7} PAMAP2 tlo]EAlof] T3 A 4% AB T &FdS B EFVE AESeE YL 29 (Ganaie ef al., 2022)3 B 25}
%L, USC-HAD tloJEjAlol] tiai A F 9% AT e B Hth A AT} <Table 5> 2o 714 43 453 F
o 1 A% vn THER LS o S-S 4T MAR ST A5 44 FL 2N BEE AR
o o] B4 A &2 7 BF A Bkl T Hol AR AHER HFE EE EF ERM EEEY 5 A%
G ASGEE HolH, oA NEL THAE ZAg 4 & Bo|A T A Y] PHE EIRTG A 5 A
T Tudl gutst mElQl S BTk Wil ojyze} At &5 TE BYS ¥ F AT oAb 2o @3] Tty
A4 Fofol A AHLEH = 3744 8 WA HolHAlAM  ERIIE ARES Ao] obd HY S5l o) AFol FgH
I $5e Aed BHATE AL e At &5 A4 A AL YFIga T 4040

A Az delEe ts 5& A5 BUTE AL 9rsiH, AP 22 EWQl B35t BF7]9 AE G4 i2d
A3 A A g Ee] thokd 7 S5 U4 HiolHAl  £4% 3Y g5S B AEE AT E Vs
of sl AAastn 73 Ao Bole Erel ditsl Bd HF AT E AYSH, F AT VRS 24§
ds Ys3At Asl 7FEA pE AT whebA THEA poll WE ZE Y
Aok 2ol Al Y o] Tuol YHk A5S W7 (sensitivity) B4 Y5t 3E0.6,0.7, 0.8, 0,92 B
Fgsted ol AR 7L JEA BY] Y3 EHdE  of 7he AFEt Tk ZE A g tiste] 33 iHEAP S 718

Table 2. Classification Accuracy(%) (+standard deviation) on DSADS. The best and second-best performing domain generalization
methods for each target are highlighted in bold and underlined. COLDOG: collaborative learning for domain generalization

Target ERM DANN MLDG GroupDRO RSC 5’?01;)]350(22})
TO 79.51(%0.63) 77.08(£2.58) 81.60(£1.58) 79.40(x4.16) 77.46(£3.38) 89.44(+1.27)
T1 75.80(x1.60) 77.53(x4.74) 81.41(+0.89) 81.79(£1.40) 81.20(£1.22) 80.52(%1.02)
T2 83.10(£2.73) 80.79(£1.31) 87.23(£1.46) 85.76(+0.76) 83.67(£3.45) 89.19(£3.14)
T3 74.84(2.54) 79.09(%1.40) 82.40(£1.75) 81.66(£3.73) 83.15(£3.72) 83.75(£3.45)
Avg 78.32 78.62 83.16 82.15 81.37 85.66

Table 3. Classification accuracy(%) (+standard deviation) on PAMAP2. The best and second-best performing domain generalization
methods for each target are highlighted in bold and underlined. COLDOG: collaborative learning for domain generalization

COLDOG
Target ERM DANN MLDG GroupDRO RSC
(Proposed)
TO 64.58(£3.05) 49.36(+3.05) 58.19(x1.87) 63.53(£3.42) 57.11(£1.55) 72.18(%6.78)
Tl 89.22(+4.65) 81.50(£2.90) 88.65(+4.32) 81.13(%3.99) 92.60(£1.12) 93.65(+2.56)
T2 76.73(£0.53) 77.32(£3.60) 83.07(£1.46) 83.33(%1.76) 85.13(£0.16) 86.55(1.28)
T3 62.21(%3.66) 61.63(£2.14) 73.28(+2.94) 75.05(£2.94) 67.90(£3.05) 65.75(£3.20)
Avg 73.18 67.45 75.80 75.76 75.69 79.53

Table 4. Classification Accuracy(%) (+standard deviation) on USC-HAD. The best and second-best performing domain generalization
methods for each target are highlighted in bold and underlined. COLDOG: collaborative learning for domain generalization

Target ERM DANN MLDG GroupDRO RSC CoLDOG
(Proposed)
TO 60.42(+1.27) 50.46(+4.66) 59.04(x0.77) 58.93(£1.79) 60.42(£1.27) 81.52(%0.35)
Tl 65.31(£0.55) 63.22(£3.53) 64.80(+0.20) 64.80(£0.43) 65.57(£0.54) 81.25(%0.72)
T2 64.55(+1.04) 55.54(x1.98) 63.26(+0.53) 63.13(£1.57) 63.16(+0.66) 79.18(%1.15)
T3 58.11(£3.42) 64.32(+2.88) 06.52(+1.55) 65.57(£0.35) 06.63(£2.22) 66.96(£5.37)
T4 53.76(x1.30) 56.12(£5.62 66.57(x0.57) 66.68(£1.56) 68.85(£1.27) 58.38(+4.73)
Avg 60.56 57.94 64.04 63.79 64.93 73.46
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Table 5. Effect of Collaborative Learning on PAMAP2. The best and second-best performing domain generalization methods for each
target are highlighted in bold and underlined. COLDOG: collaborative learning for domain generalization

Target ERM Ensem.ble . COLDOG

(w/o Collaborative learning) (Proposed)

TO 64.58(+3.05) 62.59(0.53) 72.18(6.78)

T1 89.22(+4.65) 89.60(=1.26) 93.65(2.56)

T2 76.73(x0.53) 80.77(£0.53) 86.55(+1.28)

T3 62.21(x3.66) 65.09(+2.86) 65.75(+3.20)
Avg 73.18 7451 79.53
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Figure 3. Parameter Sensitivity of 3
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