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Consideration of Ensemble Deep Learning Method
for Sensor-based Human Activity Recognition
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TATSUHITO HASEGAWA Kazuma Konpol

Abstract: Many methods based on deep learning have been proposed for sensor-based human activity recog-
nition. Methods that combine deep learning and ensemble learning have especially shown powerful results.
On the other hand, ensemble learning requires various procedures, such as data partitioning and training
multiple models, which are time-consuming and computationally expensive. In this study, we analyze ensem-
ble methods of deep learning for activity recognition, and examine the feasibility of a method that achieves
estimation accuracy equivalent to that of ensemble models by simply training a single model in an end-to-end

manner.
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*1 Microsoft Research Blog: Three mysteries in deep
learning:  Ensemble, knowledge distillation, and self-
distillation https://www.microsoft.com/en-us/research/
blog/three-mysteries-in-deep-learning-ensemble-
knowledge-distillation-and-self-distillation/
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3.1 EEBRETE
HmrITO1CU 0T, Ty Y IALTFEUNOEES
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BES5O7VHYINTE. BETNVICESHREEES Y
2728, 7=ty b EANZLIZTEILHASDEEE X
TEBOY 7ty NEEREL, EFA I I T—&%
EZ5EI1CL7%. 7B, EBROMTY 7ty MIBEEL
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ABFZETIE HASC 7 — &t v b [11] ZHWTA~— |
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LU F BRI TWS. 2011 225 2013 FEETOD
BasicActivity & b ¥ > 7V ¥ ZEEEAY 100Hz D7 — &
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Fig. 1 Model architecture based on VGG that we used in ex-

periments. Because the Normalization layer is changed

in each experiment, we describe in the main text.
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100epochs Flf T2 Z & & L7,
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Singlel0: Single model trained using whole dataset
D‘train B n—' L<:e

Single8: Single model trained using each subset

i S1 B Lc:e

D‘train ""?"' SZ

2 7rH Y IARDEGDN—ZEFILOIIFE. Singlel0
X Dirgin 2RZHVTH—ETLZIIM L, Single§ 1
S1,S52,...5, ZPHOTER—ET A 2T 5.

Fig. 2 Training outline of each model before ensembling. Sin-

glelO is trained using whole of Diyqin, and each Single8

model is trained using each subset (S1, S2,...Sn).

HIFIRE T L TH 5. Single8 ERX—Z 54 > ¥ LTHEH
THRRICE S ETNDI bREMEDDDEHRPTS.
DOEFFEIMEAETAZMEALT, B 31T 3EEHEOY
VYV INETAERERT B, Vote l3KY T v b TEF
WKARL 727 VDOl 15 85, Bagging ® & 5 ITZEIRT
REHNZERETSEFIETHS. E-Enslid3EY 7ty b T
AL 72 Encoder DT ZEFES L, #ri-iznfhss C &kt
THFETHS. 2T, LW Cld Dygin &1
ZRAWTCIEN S 720, T2 a—XDAEBT7 H T
HEEET2ET LK%, C-Ens i Singlel0 @ Encoder
ZHWT, #ilhanfEiR (C1,Cy,..C) TR T 2 F
ETHB. 2T, HrLODEREIEY 72y bTEmil
MINB70, THEBDOANT V%V ITNN2ESRT 5 E
TNERD.

R LICEE S — FEEZT50 51T LIMEERERE RS,
&R 7L DREEITIIFR T — X DFE Dropout B DA
W2 & & THRELREE 81.5%, 7 A MG 84. 5% FR IR S
SiERE o7, MIEKE LD &7 X MEEDIZS 23EW0»
DITEBRENTHREDRDIC L 2D TH 5. MiET—
ZF10N, TA T —=XIE50 NTHERENLTWEZeh
5, MEET — X DIE 5 HBHEEHHE U WEERE O B % P
2T 57-0TH5.

MENTHET 3 IAVFROMEEZ R 2 &, B4 Vote>E-
Ens>C-Ens~Singlel0) £ 785> TWA Z N bh 5. O
R o, THRRHMICBWTH 7 ¥ T AEEIT L DHEE
WEm EDPHERESN. &7, 7Yy IVERICEDE
FEME % 18153 % DX Classifier TIE 7 { Encoder D 7553
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Vote: Voting ensemble using fixed-weights models

Fixed weights

No
D 4.6- —sadditional
training

|
|

E-Ens: Encoder ensemble using fixed-weights Encoders

Additional training
using Dy

Dtrain @W Lce

Fixed weights

C-Ens: Classifier ensemble using fixed-weights Encoder

,”El ——Hﬁl—*ue

Fixed & shared Additional training
Dtrain "”%”

weights using each subset

B3 AHHEATETAERACET VY Y T ALETF L. Vote EH 7
ty M THlEADETVOMNZINAT 5 2 & THREIZH
NERET 5. BE-Ens XV 7ty b TIIFFEAD Encoder
DO EAEE LHTT2 72 Classifier % Dipain 2R THIRET 5.
C-Ens & Diyain TlBFEAD Encoder % #1727 Classifier
A& 7y M Tl 5.

Fig. 3 Ensemble models using pre-trained models. Vote de-

termines final output by adding each model output
pre-trained using subsets. In E-Ens, a new attached
classifier C with fixed-weights encoders is additionally
trained using Diyqin. In C-Ens, new attached classifiers
with a fixed-weights encoder is additionally trained us-

ing each subset.

HETHD Zehrksh.

4. FEBEZT7 Y VTINFEOBE—FEFTILE
ICEE Y B %5t
ZZETOERTE, REFEET V% v 7 TR
BWTHEME L Z 2, £72, Backbone & 72 % Encoder
WERMEZ D82 e 0BESEZHL P ICLE. 2%
B EZARETIE, BEEYE T V3 Y 7TV OHEamE
DWEHEE 2 fRE T 2 FEICOWTHR 21T 5.
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21 EMS — FELELMAT LT 50 34T L MEEER (%)
Table 1 Verification results of 50 trials with the basic model
by changing the random number seed [%)].

Val Val Test Test

acc std acc std

Single10 81.5 1.3 84.7 1.0
Single8 (best) 81.4 1.4 84.8 0.7
Vote 83.3 0.9 86.1 0.6
E-Ens 82.9 0.6 85.9 0.3
C-Ens 81.1 1.4 84.8 0.6

4.1 FEREZT7UOHVIINFEDQBEMS

BB, FEEEET VY IV FIEOEME X i
PEFETS. X2, K 30D Singlel0 ¥ Vote LT 2 ¥,
A & HeFmIF CEN TN B R ZEMEINDH 2 Z e by
%. FFRFICEHE T % &, Vote & Singlel0 IZMA T, (1)
HHOF 7ty FEHEL, (2n BEOIEEETnEHoH )
ZHEHHL, 3) &V 7ty bTEE L Loss ZHWT n [0
DFERIC I DET N ZEHT 2L Foiicinsg. %
ErERBTDE, Loss DEEBH D Z e 0 BHENRRAITIT—
DDETN (E+C) ZRHHT 208N H 5. HmkcER
T2, (1) AWBERDO RIS, SR 2
BLTHAOT2Z2XERD S, #HHFICEETAERENLT
—AMbT 2 Z LIXRIRETH 03, BRI IS B2 ET LI
ERAE N TWRWED, FAl—D 7 X =2 Thh
B Y ITANRRDETNVICTE S HPEHOTHAELEE L
V. TROBIEEEE T Uy INTHEOEREX1Z, B
[\ 72 L 221 U7 5720 & W S Il o JEE
v, BRESLVEEHELRZTERS RV WS EF D
JEMEX BN T I N TV,

AR D AEME X 2 T 2 720121%, AtbhZEEhzh 1
DWIRENLEETNADNEETEL I TRIRTE S, I/
b5, ANE Dypain THR—Z, (1) TETAHET Dirain
ZEICY Ty Mo EIT 5. (2) HINEEBUERNICE
HETMESE T ELDICLTHAT S, Zhuck),
HM—p7—Xty vEANL, B—0 Loss TETILLEMH
AR TE 2 L5124 D, Singlel0 FOHE—E T L [FAF
DFIRFINEHIFET E 5.

HEFRIF D REME X BRI 2 72121, 195 N zFIBTE A
EFAE1ODY Y IANRADETFIMIEHTEZ 2 e
ZFE LW, Allen-Zhu & [20] OWFFETIE, ZhEHEKER
W& D FERT 2 FEIREEEN TN B, AREE TS
55, A& Student €7V EUEfH L, Teacher-Student €
FAREDHADFE—1272 5 X 5 ICHRAIFHET 5 BDEL D
3. Tib B RN OIEME X B E T B 72D IHI A EME
o TLES. LMo T, dicEon-88t71
DEAZIFLMATE I TIORIEXZ Z e hEX
L.
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4.2 AHNOEHETUHUTILETI

AR O JEME X fRDRIc Y, ET VDA R ZhE
NIDWIENTZZeE2EZS. 22T, BERIETILIC
MLTH 7y FEHVTIZ, RTDET AR Dypgin T
T2 WIHHEZHETILI2E>T, K 3D Vote R
E-Ens D &5 RHE— AT, B—HITDETNLEMETZZ
EHAREE B (772L, FE, CEEFMIBLAEVDD
3 5%). ThrkZhZN Vote(scratch), E-Ens(scratch)
LRI XIZT B,

ASIENTz Dipain #ETFANTHINCY 7y MET 5
fE#iA & LT, Instance Masking Layer (IML) % #77z1242
K95, IMLIZE 41”3 X512, @HEDATT (Dirain)
WINZ T, Mask # AT 208 H 5. Mask 1&3y FH
AZX X 7Y TN DENXNTO, 1 DEIEHENT
W3bDr 55, IMLIXZD2 ANERZIFED, slice %
7213 zero mask IZX o TH 7ty MRAEKT 5. slice I
Mask 251 £ 224 VARV ADAHEKRLTAIA S VT
TEHFIETHD, zeromask 10 224 VAKX ADMHE
EINRTOELTEIFETHS. slice 3V 7ty MEZERI
BETEX2HEDRH2—T, &7ty Oy FH A
AMBEROTLEILVWIREDDHZ. Tihbbh, &7
VD EAEHY 72 TS0 UTME RS EIC X 5 T Loss & —
DWIEHNT BB TERN., —HT, zero mask 3V 7
v NEELINICERT 325, Ny FH A4 XEREZIRV:
D EAEI 72 SR L TINE RS X o T Loss &—2
W TE 5.

IML Z HHWT AR R/ -EDo>0, B—DAH
HNTETFTAZIT 2ETLE LT, IML-Vote & IML-
Ens #5E%3 5. IML-Vote 1X[X 3 @ Vote 12X} L THEIHIZ
IML(zero mask) ZHfi A5 % FHETH 5. IML(zero mask)
BTty FEITAY FH A4 X2 EELRWED, &%
HemEIc kb ~—oT% %, IML-Ens 13K 2 @ Single8
DA IML(slice) Z# AT 2 FETH 5. IML(slice) 1%
ATZARZEIDOANY FH A XBEET 5720, IML @
DT Y INVEREFAEOYEZEHTETVI00%
MRS 2 7= bIcFEEET 2. 728, Loss XS LCEr
BHE2H, BRERMNICTRTD Loss ZMMEL TETF LA
ZEI#R S % 728 Optimizer I 1 D TRV,

F 7z, zero mask 2175 22 &, FERINCE—ETF I
R=IUFTBIeEMHEL, M1DXR—ZXEFNLDLLTDH
BB L TURDERZITo 7.

e Normalization % Layer Normalization (LN) IZZ 3

o LN TEHARE T X — X B NMERICEE

e %2 Convolution, Linear JE§ T NA 7 ZIEE MEFHICEE
COEHEIZE 5T, zero mask Nz Y REX Y RITET
AVEBHLTHOHAPRE TR S, 7238, Normalization
JB DZEE IR WNEE OIRIC IR R 2 B3 2 B S
7278, =Ry Z78% 300 12 L.
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IML (slice) IML (zero mask)
— Slicing —= Zero masking‘m
s i =
Inputs /\A[\ ....Em./\l\/\ :—oﬂ ﬁ_ Inputs /\,\/\ ....L,./.\A/\ L.ﬂ =
BOO.B.ZSGBI/\M A § F IV, [500‘3‘256}3IW A % %
/\ /%00 .................. . /%00 .
5zt J— : 756 0 | ’
fin - = fifhen =
T ] — TR~ === A—
oo, 201 H %0 tso0.n  [2]0]1H, %00
‘n—b Cn—b
4 Instance Masking Layer (IML) O/LIEBEX
Fig. 4 Process outline of Instance Masking Layer (IML).
0.88 val_acc 0.88 test_acc
I E-Ens(scratch)
; [ E-EnsD(scratch)
0.86 0.86 % I Vote(scratch)
. I VoteD(scratch)
0.84 0.84 ' \ '
0.82 %% é 0.82 . ¢
0.80 0.80
¢ 3 L
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5 H—AHN7 >3 7VREFEE TN OFABELRER (50 1T)  [%]

Fig. 5 Verification results for single input and single output ensemble models (50 trials)

(%]

4.3 BE—AHNETIOEFIEEE
B AMhe L7y 3y 7 VIREEE FIE
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Table 2 Verification results for each ensemble model (50 trials)

[%].

Val Val Test Test

acc std acc std

Single10 81.4 1.1 85.3 0.7
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E-EnsD(scratch) 82.6 1.2 86.3 0.9
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IML-Ens 83.1 0.6 86.7 0.3
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