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v’ Search Space?2| operatorE Backbone network2} & &s5t0| &2

v' Flops2| M2t =11 |ayerl| 7H=0fl = HHS FX| %S,

13X ™ (10/12)

7|& MO A Layer| 7i== 307X A

« Layer3~30

- A Hlo[HAof it 32| B A

- Hu Y =F=5 g A o

- 10/15(22Y)[1] ~[5] HIL CHA =

23X HE(10/19)

« HARNASEI=ZF 73 2 OPPORTUNITY 0/2/2| Gj|O|E{Allof| X8

« X0|Y Operator =7t A&,

« Real-time= %2t bottleneck(LSTM) 741 operator: Dilated Causal Convolution + Attention
Mechanism!®]

3, 43Xt & (10/26, 11/02)

. MY TS| M2 7t A o),

MO

My 27t He

> Lt M0 = =+1ota, 7 AT 0] M EHSHA| B2 E2 NAS A= XpA|2f o5 A A7t E5t= AR 1nE{stY|
> 5,89, 810, A312| C|HIO|AE latency?t 2| =& RSO 22t S o &S 20 e A FTstY sn+S
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= =H Method Dataset
[1] =t Conv + LSTM OPP, Skoda
[2] Real-time CNN + Statistics UCI, WIS
[3] Real-time CNN (3 Layer) UCI, PAM2
[4] pa kel g Inception + GRU, Pooling OPP PAM2, UCI
[5] gt Dual Attention Module WIS, UniMiB, PAM2, OPP

[6]

oz
Ik
HT

RL-NAS, Performance Prediction

OPP
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[1] Deep Convolutional and LSTM Recurrent Neural Networks for Multimodal Wearable
Activity Recognition. 2016, Sensors

- DeepConvLSTM: 4 Conv Layer + 2 LSTM Layer + FC
- 7|1& 79| SHAI™: CNN ZRPHO 2 &= temporal contextE F2s| QIAISHK] ZBHC}

- Approach: Raw sensor dataOllA| featureE Ats FE=517| 2|2 CNNIt temporal dynamics of feature
activitiess ZA5t7| #/et LSTME 8.

[2] Real-time human activity recognition from accelerometer data using Convolutional Neural
Networks. 2018, Applied Soft Computing

- Shallow CNN + Statistics, Real-time
- 7|& A9 A H: Convolution 22 Global properties of the signal& ZASHX| 23,

- Approach: Local features= convolution@ £ FZ=3}11 global features®! statistical featuresS =7}
pp g

[3] Deep Learning Models for Real-time Human Activity Recognition with Smartphones. 2020,
Mobile Networks and Applications

~ CNN, LSTM, BLSTM, MLP, SVM H|ZE 3} CNN 21t =
- 7|E& AFL| BHAE: Real-time HARO| LO{ Al multimodal and high-dimensional sensor data2| S&48Z X[H

- Approach: Smartphone2| built-in accelerometer®& Z-23}0 real-time HAR =%
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[4] InnoHAR: A Deep Neural Network for Complex Human Activity Recognition. 2018, IEEE
Access

- Inception Block Layer + GRU Layer

- 7|& AFO| THAH: Multi-scaled and noise-mixed signals& &M 2 2 X2|5t= method Z 2.

- Approach: Inception Block2| Ctot kernel sizeE 283510 multi-scale featureE =3I, Pooling layerE
283510 interference noise featureE = ¢l.

[5] DanHAR: Dual Attention Network for multimodal human activity recognition using
wearable sensors. 2021, Applied Soft Computing

- Attention Module

7|1E ATl SHAHE: SVM, KNN, S Z2shallow learning 22 S complex activities®| 582 & ZAS}HK|

[=13
.

"

- Approach: Sensor modalityE XZ%5t= channel attentlonJ-f long sensor sequenceE EA[St= temporal

attentiong 25 &350 29| representation powerg = ¢.
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[6] Fast Deep Neural Architecture Search for Wearable Activity Recognition by Early
Prediction of Converged Performance. 2021, International Symposium on Wearable

Computers

- NAS, Performance Predictor

- 7|F ATl oA H: HARS /Bt DNN A A0 AOIAM layer type, layer size, number of layers, connection &
CABE hyperparametersE £ 2o A2 EHE7 &5

- Approach: DeepConvLSTMO]| A featureE T=5t= CNNTEE NASE Sl &4

1) Deep Q Learning(Reinforcement Learning)= ZH-&%t NAS

: Search space) Kernel size: {1,2,3,5,8}, # of kernels: {32,64,128,256}, pooling size: {2,3,5}, node connection

2) NAS2| computation time= &0|7| ?|¢t converged performance estimation &

: Deep Q LearningOf| Z&E reward(BfA ¢l REO| H=tr)E F’d5t= Neural regression model A&

= O =

: Neural regression model2| input2 2= &4 S0l BEO| FZ&0|1 target2 Training 2} validation0f A &2
statlstlcs(X*QFE Flops, Inference Time).

NAS

Effective Efficiency

Effective 0 @)
Searched

Model

Efficiency
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[7] Sensors-based Human Activity Recognition with Convolutional Neural Network and
Attention Mechanism. 2020, IEEE International Conference on Software Engineering and
Service Science

- Attention Mechanism

- 7| A2 ShA[ RNN 7|8F 2= XA AL A o= Qs HEXNE|7F e[, LSTM Celle| E&2 +=&H
SHAIZ 2I8lf long sequence YEE XM&ESH7| O ELt,

- Approach: DeepConvLSTMO||A] LSTM LayerZ attention mechanism= CHX|5}0] HEXNEZ|E 7SotA ST T
sequenceE E+= 0| 7ts.

- Dataset: OPPORTUNITY, Skota

[8] Deep ConvLSTM With Self-Attention for Human Activity Decoding Using Wearable
Sensors. 2021, IEEE SENSORS JOURNAL

- Self-attention mechanism

- 7| Aol oHAIE: 7|1 E DeepConvLSTMOHHE CNN1f LSTMCe 2 A& spatio-temporal HEO|AM Ot time
pointl| MEI} T RHX|E ZASHX| Zat

- Approach: CNN1t LSTMOJ A &2 featuresE HIE 2 self-attention mechanism= 28310 feature=2|
A EE Tsto] B2 time pointE ZAHSHO H& 7HAM.

- Dataset: MHEALTH, UTD-MHAD, USC-HAD, WHARF, WISDM
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[9] Dilated causal convolution with multi-head self-attention for sensor human activity
recognition. 2021, Neural Computing and Applications

- Dilate causal convolution, multi-head self-attention

- 7|& A9 SHAA: Long short-term memory= 7tZl RNN B2 2 sequential 2&0| 7hsdHX|2F AAAto] &S]
7b QtEICH= EHE S 7HEL

- Approach: 1-D ConvolutionZ} multi-head attention mechanisme Z-83t0] ALto| HHIE Jts5HH st
sequential modelingO| 7+s5tA .

- Dataset: Ordonez smart home, Kasteren smart home, UCIHAR

[10] Human Activity Recognition by Using Different Deep Learning Approaches for Wearable
Sensors. 2021, Neural Processing Letters

- CNN, Convolutional LSTM, 3-D CNN fed by Convolutional LSTM
- 7|& Ao ohA: X
- Approach: 3-D CNNOj| Convolutional LSTMO|A &2 featuresE &850 d& 7§,

- Dataset: Activity recognition from accelerometer data using wearable device dataset. 2011, Pers Ubiquitous
Compute
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[11] A deep learning approach for human activities recognition from multimodal sensing
devices. 2020, IEEE Access

- CNN + BLSTM
- 7|& AFO| BHA: Large variabilityS 7t%l complex activitiesE & ZAfSLY 7| O{2{S

- Approach: Multi-channel CNN + BLSTM2 AF&3}0 input sensor datal| featuresE FZEot1 forward 2t
backward sequence BEE 25 12{5l0 & 744,

- Dataset: WISDM2019, MHEALTH
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v" Metrics: ACC, Precision, Recall, F1-score, Confusion Matrix =

0a= A
Method Dataset ACC Precision Recall F1-Score Flops Param Size
(1] UCIHAR
(2] UCIHAR
(3] UCIHAR
[4] UCIHAR
[5] UCIHAR
[6] UCIHAR
Proposed UCIHAR
(1] UniMiB
[2] UniMiB
[3] UniMiB
[4] UniMiB
[5] UniMiB
(6] UniMiB
Proposed UniMiB
(1] WISDM
[2] WISDM
[3] WISDM
[4] WISDM
[5] WISDM
(6] WISDM
Proposed WISDM
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v' Metrics: ACC, Precision, Recall, F1-score, Confusion Matrix ZZ&& 2

Method Dataset ACC Precision Recall F1-Score Flops Param Size
[1] WISDM2019
[2] WISDM2019
[3] WISDM2019
[4] WISDM2019
[5] WISDM2019
(6] WISDM2019

Proposed WISDM2019
[1] KU-HAR
[2] KU-HAR
[3] KU-HAR
[4] KU-HAR
[5] KU-HAR
[6] KU-HAR

Proposed KU-HAR
[1] OPPORTUNITY
[2] OPPORTUNITY
[3] OPPORTUNITY
[4] OPPORTUNITY
[5] OPPORTUNITY
[6] OPPORTUNITY

Proposed

OPPORTUNITY

10
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To do list

1. =f SHOM CHE Sai290 22 & TE

2. DanHARS Backbonel 2 3}

A= I

H,

21517| 2|8l Confusion Matrix M-S
ZIgl, Layer ZE2 M2t
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Hlm 2

1. 7|F 3 Layer 2

2. DanHAR 2 &

)

Max
Input » Layer1

P y Pool

Attention Attention

Module Module
|
[
|

|_ _____________________ 1

e

|
|
|
| Input feature F
I
|
|
|

Fig. 1. Overview of the proposed Dual Attention Network.

\ 4

Max Max
Layer2 »| Layer3 > FC
y Pool y Pool
Table 2
Brief description for each backbone,
Layer Backbone
A Standard CNN Att-based CNN Residual network Att-based residual network
- " com 126 ] [ Conv, 128 |
P Layer1 Conv, 128 Conv, 128 me' 128 Conv, 128
Conv, 128 Conv, 128 L ’ . AttModule
AttModule ) -
- - [ Conv, 256 ]
Layer2 Conw, 256 Conw, 256 Egzz ;gg Conv, 256
Conv, 256 Conv, 256 L ’ . AttModule
AttModule ) -
- - [ Conv, 384 ]
Layer3 Con, 384 Conv, 384 Eg:z ggj Conv, 384
Conv, 384 Conv, 384 L ’ . AttModule
AttModule ) -

AvgPool, FC, Softmax

13
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v' DanHAR Backbone H|u &¥ Z1} H|0|=
Method Dataset ACC Flops Param Size
7| 3-Layer UCIHAR 92.77 2.7 0.24
DanHAR UCIHAR 91.35 4.8 0.92
ProxylessNAS UCIHAR 92.81 1.4 0.16
FBNet UCIHAR 93.01 2.7 0.46
DARTSs UCIHAR 91.89 2.9 0.51
7| & 3-Layer UniMiB 88.84 2.3 0.26
DanHAR UniMiB 90.58 5.4 0.92
ProxylessNAS UniMiB 88.62 1.7 0.16
FBNet UniMiB 88.48 35 0.77
DARTSs UniMiB 87.54 2.7 0.29
7| & 3-Layer WISDM 84.67 1 0.16
DanHAR WISDM 86.39 1.8 0.44
ProxylessNAS WISDM 88.21 0.5 0.07
FBNet WISDM 86.62 1.2 0.22
DARTSs WISDM 86.10 0.6 0.08
7| & 3-Layer WISDM2019 88.42 34 0.33
DanHAR WISDM2019 89.17 7.3 0.92
ProxylessNAS WISDM2019 87.75 2.3 0.16
FBNet WISDM2019 88.53 4.3 0.24
DARTs WISDM2019 90.89 35 0.26

WISDM - Confusion Matrix

¥ 3.8¢+03 74 31 0 0
m- 32  2e+02 2.3e+02 Lle+03 4 0
<- 0 0 0 24  8.1e+02 1le+02
w- 0 0 2 1 2 8.4e+02
0 1 2 3 4 5

0 : WALKING

1 : WALKING_UPSTAIRS

2 : WALKING_DOWNSTAIRS

3 : SITTING

4 : STANDING

5 : LAYING

4000

3000

- 2000

- 1000
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WISDM G|O|E{ 11/

v Hlo|E| 1A

1. X %:rChElel $BN XY =Y
2 Y%A SNY By

3. Z%:chEle 9 2XY A

v o2 g "=k Zit:

1. Upstairs?l Downstairs& & 251X £

3

Figure 1: Axes of Motion Relative to User

Class Accuracy Num of Instance
Jogging 0.87 3918
Walking 0.85 5918
Upstairs 0.62 1679

Downstairs 0.68 1545

Sitting 0.89 932

Standing 0.89 847

18




WISDM H|O|E{ 7

1. Upstairs & Downstairs H|O|E| X}0]

- S 7ix] | HIo|E{of| A Y = 42| XHo|7t FEBF
« Upstairs : Y5O0| XZ ELC} %A 2=

- Downstairs : Y5O0| XZHLCI 4 2=

+ HlojE{e] xi'E Zo|A2| HelE ZX5t= A0 T8

Class : Upstairs

L - ) [

19
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[Applied Soft Computing 2021] DanHAR: Dual Attention Network for multimodal human

activity recognition using wearable sensors

1. '8 =3t Temporal F0|M n|HE & ZXSHI| 216 attention module

2. Attention module= 7|82 & ds 7]49| ®{X| =%}

2
o -

Num of
e ] Class Accuracy | Accuracy Instance
: | Jogging 0.87 0.89 3918
| Channel attention | -
 taput fntare — : Walking 0.85 0.89 5918
y , Upstairs 0.62 0.70 1679
B " | Downstairs 0.68 0.76 1545
e : Sitting 0.89 0.88 932
Standing 0.89 0.89 847

20
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1. 71& =20M HAR 22 E B & 3~5712| layerE AIESICH= LHE F7}
2. HyperparametersS =2|= 2822 operatorl| =5 =2{A| &€
3. SHEE9| |]atency= E7|

4. Search space2| Zt operator0] LSt ComplexityE M-S




71Z HAR g2 2 X

1. [IEEE Sensors, 2021] TANG et al. : 3 Conv Layer
2. [Applied Science, 2020]Peppas. et al. : 2 Conv Layer

3. [IEEE TRANSACTIONS ON INDUSTRIAL INFORMATICS, 2020]Eunji Kim
: 3 Conv Layer

4. [IEEE Access, 2019]C. Xu et al. : 4 Conv Layer
5. [IEEE Access, 2018]Rui Xi. et al. : 3 Conv Layer + 2 SRU Layer

k ‘Sensar Signal Spatial Group Lasso e
. / Importance GG, gio) .
3 1y f A i

T el -

mpmi\ Convolution
Téml?ﬂlal Pooling

Spa[ally Sparsa
Convolutional Filters

Concatenation

| Tamporal Pocling

Sansor Signals - {H‘ (H@

|
! Sensor Signal-wise Feature Extraction I ‘ Sensar Signal Selection

Classification

@

I’ r r

E B B B
Bty By I T B
i i

@
:—’ Layer Name Kernel Size Stride Hidden Units

1D conv RelLU 1 12 x 3 1 - - -
. D D
1D Max Pooling 1 3x1 3 - ® g;“ﬁ!',’er ) @1 3@ 63 @6, ) @ 6, F'“"e" SRUBlock  SAU Block FC layer
1D conv RELU 2 12 =« 192 1 = dilation =1) dilation =2) dilation =4)
1D Max Pooling 1 3x1 3 - ' ?.EZEZ‘;?
Flatten - - - :|<D [t
e : - ) l k=
FC R.eLU - - 512 ; C]can}TaMc
SOftma N - - 6 Sktp Connection . Dﬂ"k'mm Cup




Search Space?| Operators

v Complexity H|1! : Module) @ > ®, Conv) @ > ® = @
Input Channel : M, Output Channel : N, Kernel Size : K, Input & Output Length : T, & T,

1. Standard Convolution
«  Computational Complexity : O(K* M * T, * N)

2. Depthwise Seperable Convolution
«  Computational Complexity : O((K+N) * T, * M)

3. Mixed Convolution
*  j-th Group Input & Output Channel Size : M, 4 N;, j-th Group Kernel Size: K; {3, 5, 7, 9}
«  Computational Complexity : O(X(Kj+ N)) * Tp * M)
4. Dynamic Convolution(79 0|72 EJ) : Same Output but Big Model size
« Temperature Constant : r
« Computational Complexity : O(K* M * T, * N) + O(m)
« Attention Module : O(m) : T, * M + M?/r + M*K/r

5. Convolutional Block Attention Module(CBAM)
«  Computational Complexity : O(t)) + O(m,)
*  Channel Attention Module : O(1t)

« Spatial Attention Module : O(m,)
24




Layer 'H M S 7t

v" 3 Mixed Convolution2} 5t Convolutional Attention Block Module(CBAM)<2
CIARtO] EMOZ OI3fl 1 LayerO M8 E7H5I0] 2~3 LayerSE{ T
1. 1-Layer
« Opertors : {Standard Conv, Depthwise Seperable Conv}
« Dilation : {1, 2}
« Kernel Size : {3, 5, 7, 9}
- 316

2. 2~3 Layer
« Opertors : {Standard Conv, Depthwise Seperable Conv, CBAM}
« Dilation : {1, 2}
« Kernel Size : {3, 5, 7, 9}

« Operator : {3x5_Mixed Conv, 3x5x7_Mixed Conv, 3x5x7x9_Mixed Convy,
3x5x7x9x11_Mixed Conv}

- £ 314

v Flops Al4tde] 27 75
. =F0A M3t Computation Cost0l H|8H %2 Flops Z 1t
« Customized AAXIE QIS 7|E Flops A4t 2tO|EE M 2= £ = o4f EXY 7ts.
 CBAM operator
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v' 3 Layer Hlu A A1} H|O| =
Method Dataset ACC Flops Param Size Layer1 Layer2 Layer3
Manual UCIHAR 92.77 2.7 0.24 7x1_Conv 7x1_Conv 7x1_Conv
ProxylessNAS UCIHAR 91.55 0.3 0.17 9x1_DepthConv 3x1_CBAMBIock 3x1_DilatedDepthConv
RL(MnasNet) UCIHAR 89.41 0.2 0.17 9x1_DepthConv 7x1_CBAMBIock 7x1_CBAMBIock
FBNet UCIHAR 91.75 0.8 0.2 7x1_DilatedDepthConv  5x1_DilatedDepthConv  3x1_DilatedCBAMBIock
DARTs UCIHAR 93.89 0.9 0.19 9x1_DilatedConv 7x1_DilatedCBAMBIlock 5x1_DilatedConv
Manual UniMiB 94.27 2.3 0.26 7x1_Conv 7x1_Conv 7x1_Conv
ProxylessNAS UniMiB 90.94 0.3 0.21 9x1_DepthConv 7x1_CBAMBIlock 3x5x7x9%x11_MixedConv
RL(MnasNet) UniMiB 91.88 0.3 0.21 7x1_DilatedDepthConv ~ 5x1_CBAMBIock 3x5x7_MixedConv
FBNet UniMiB 91.05 19 0.24 7x1_DilatedDepthConv  3x1_DepthConv 7x1_DilatedConv
DARTSs UniMiB 90.94 0.5 0.21 5x1_DepthConv 3x5_MixedConv 3x1_DepthConv
Manual WISDM 84.67 1 0.16 7x1_Conv 7x1_Conv 7x1_Conv
ProxylessNAS WISDM 83.38 0.3 0.11 7x1_DilatedConv 3x5x7x9%11_MixedConv 7x1_DilatedCBAMBIock
RL(MnasNet) WISDM 85.29 0.2 0.11 9x1_DilatedDepthConv 3x5_MixedConv 3x1_CBAMBIock
FBNet WISDM 84.28 0.8 0.16 7x1_DilatedConv 5x1_DilatedDepthConv  5x1_DilatedDepthConv
DARTs WISDM 82.43 0.3 0.11 5x1_DilatedConv 7x1_DilatedDepthConv  3x5x7x9_MixedConv
Manual WISDM2019 88.42 34 0.33 7x1_Conv 7x1_Conv 7x1_Conv
ProxylessNAS  WISDM2019 78.99 0.4 0.27 3x1_DepthConv 3x1_DilatedCBAMBIlock 9x1_CBAMBIock
RL(MnasNet) WISDM2019 83.6 0.5 0.27 5x1_DilatedDepthConv  9x1_DilatedCBAMBIlock  3x5x7x9_MixedConv
FBNet WISDM2019 88.85 1.8 0.29 9x1_DepthConv 7x1_CBAMBIlock 5x1_DilatedCBAMBIlock
DARTSs WISDM2019 87.89 1.1 0.28 3x1_Conv 3x5_MixedConv 3x1_Conv
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1. Single, 2, 3 Layer0| CHst M3 Zu} 2+
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ad 2 e
v Single Layer H|11 43 Z3} H0| S
Method Dataset ACC Latency Flops Param Size Layer1
Manual UCIHAR 89.61 2438 1.8 142 7x1_Conv
ProxylessNAS UCIHAR 90.8 2.356 1.8 1.42 7x1_DilatedConv
RL(MnasNet) UCIHAR 92.29 2.36 1.9 1.42 9x1_DilatedConv
FBNet UCIHAR 92.29 2.36 1.9 1.42 9x1_DilatedConv
DARTSs UCIHAR 91.38 2.356 1.8 1.42 7x1_DilatedConv
Manual UniMiB 82.89 2.729 1.9 1.68 7x1_Conv
ProxylessNAS UniMiB 82.89 2.729 1.9 1.68 7x1_Conv
RL(MnasNet) UniMiB 84.28 2.685 1.8 1.68 5x1_DilatedConv
FBNet UniMiB 80.07 2.729 1.8 1.68 3x1_DilatedConv
DARTSs UniMiB 82.89 2.729 1.9 1.68 7x1_Conv
Manual WISDM 85.95 1.128 0.7 0.66 7x1_Conv
ProxylessNAS WISDM 85.57 1.127 0.7 0.66 7x1_DepthConv
RL(MnasNet) WISDM 85.57 1.127 0.7 0.66 7x1_DepthConv
FBNet WISDM 85.57 1.127 0.7 0.66 7x1_DepthConv
DARTs WISDM 85.58 1.124 0.8 0.66 9x1_Conv
Manual WISDM2019 82.74 4.025 2.7 2.2 7x1_Conv
ProxylessNAS ~ WISDM2019 78.03 4.063 2.3 2.2 5x1_DepthConv
RL(MnasNet)  WISDM2019 78.03 4.063 2.3 2.2 5x1_DepthConv
FBNet WISDM2019 77.82 4.063 2.3 2.2 5x1_DepthConv
DARTs WISDM2019 78.67 4.006 2.3 2.2 9x1_DepthConv

29
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v’ 2 Layer Hl1l A& A1 E|o]=
Method Dataset ACC Latency Flops Param Size Layer1 Layer2
Manual UCIHAR 93.92 1.179 2.1 0.53 7x1_Conv 7x1_Conv
ProxylessNAS UCIHAR 93.62 0.932 1.6 0.52 5x1_DilatedConv  5x1_DilatedConv
RL(MnasNet) UCIHAR 93.72 1.136 1.1 0.5 9x1_DilatedConv 9x1_DepthConv
FBNet UCIHAR 93.28 1.056 1.1 0.5 9x1_DilatedConv 5x1_DepthConv
DARTs UCIHAR 91.68 1.052 1 0.5 7x1_DilatedConv 5x1_DepthConv
Manual UniMiB 92.1 1.368 2.2 0.59 7x1_Conv 7x1_Conv
ProxylessNAS UniMiB 87.24 1.064 0.7 0.56 5x1_Conv Zero
RL(MnasNet) UniMiB 92.75 1.115 0.8 0.57 9x1_DilDepthConv 5x1_DilDepthConv
FBNet UniMiB 90.43 1.312 2.5 0.6 9x1_DilDepthConv  9x1_Conv
DARTSs UniMiB 84.49 1.042 0.8 0.56 7x1_Conv Zero
Manual WISDM 85.67 0.903 0.9 0.26 7x1_Conv 7x1_Conv
ProxylessNAS WISDM 83.31 0.665 0.3 0.23 9x1 _Conv Zero
RL(MnasNet) WISDM 84.77 0.825 0.5 0.25 7x1_DepthConv 3x1_Conv
FBNet WISDM 85.67 0.903 0.9 0.26 7x1_Conv 7x1_Conv
DARTs WISDM 83.31 0.665 0.3 0.23 9x1 _Conv Zero
Manual WISDM2019 89.82 1.876 1.1 0.76 7x1_Conv 7x1_Conv
ProxylessNAS  WISDM2019 83.49 1.314 0.8 0.76 5x1_DilDepthConv Zero
RL(MnasNet) WISDM2019 86.28 1.571 1.7 0.77 9x1_DilDepthConv  3x1_DilatedConv
FBNet WISDM2019 84.46 1.545 1.7 0.77 5x1_DilDepthConv  3x1_DilatedConv
DARTs WISDM2019 86.28 1.69 1.1 0.76 9x1_DepthConv 7x1_DilDepthConv
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v' 3 Layer Hlu &H

21} Ho|=

Method Dataset ACC Latency(S9) Flops Param Size Layer1 Layer2 Layer3

Manual UCIHAR 92.77 0.936 2.7 0.24 7x1_Conv 7x1_Conv 7x1_Conv
ProxylessNAS UCIHAR 93.38 0.598 0.6 0.17 9x1_DilatedConv Zero Zero
RL(MnasNet) UCIHAR 92.67 1.068 24 0.22 9x1 DilatedConv ~ 9x1_Conv 3x1_DilatedConv

FBNet UCIHAR 93.82 0.984 0.9 0.18 9x1_DilatedConv 5x1_DepthConv  9x1_DilDepthConv

DARTSs UCIHAR 93.18 0.953 1.6 0.2 9x1 _DilatedConv ~ 5x1_Conv 5x1_DilDepthConv

Manual UniMiB 94.27 1.267 2.3 0.26 7x1_Conv 7x1_Conv 7x1_Conv
ProxylessNAS UniMiB 90.79 0.587 0.5 0.2 9x1_DilatedConv Zero Zero
RL(MnasNet) UniMiB 9297 1.004 1.7 0.24 9x1 _DilatedConv ~ 5x1_Conv 3x1_DilatedConv

FBNet UniMiB 91.59 0.982 19 0.24 9x1_DilDepthConv  7x1_DilatedConv ~ 3x1_DilatedConv

DARTSs UniMiB 86.66 1.06 0.9 0.21 3x1_DepthConv 3x1_Conv Zero

Manual WISDM 84.67 1.244 1 0.16 7x1_Conv 7x1_Conv 7x1_Conv
ProxylessNAS WISDM 83.79 0.789 0.2 0.1 7x1_Conv Zero Zero
RL(MnasNet) WISDM 85.08 0912 0.4 0.12 9x1_DilatedConv 3x1_DilatedConv Zero

FBNet WISDM 84.8 1.108 0.4 012 7x1_Conv 5x1_DepthConv 9x1_Conv

DARTSs WISDM 79.86 0.951 0.2 0.11 7x1_DepthConv 3x1_DepthConv Zero

Manual WISDM2019 88.42 1.366 34 0.33 7x1_Conv 7x1_Conv 7x1_Conv
ProxylessNAS ~ WISDM2019 87.56 0.805 1 0.29 9x1_DilDepthConv Zero 7x1_DilatedConv
RL(MnasNet) WISDM2019 85.42 0.793 0.6 0.28 7x1_DilDepthConv Zero 3x1_DilatedConv

FBNet WISDM2019 87.67 1.27 1.5 0.29 5x1_DepthConv 9x1_DilDepthConv 3x1_DilatedConv

DARTSs WISDM2019 86.82 0.975 0.8 0.27 3x1_Conv 5x1_DilDepthConv Zero
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1. M2 45 X524 £ 271 0] 2| layerg #8512 S M, 852 X}0|7} H 3.

2. LayerQ| 7|71 ZOIE 5 operator0f| [I}Z latencyl| X}O0|7} L}E}E,
Ex) Single Layer Model¥|AM &= 2t B 7tO| |atency®| X}O|7} = X|Tt, 3 Layer
ModelO| A= 22 7to| latency XI0|7} &.

3. LayerQ| 70 2} ™A latencyOl|A| Fully Connected Layer2| latency H|S0| C}&.

Ex) Single Layer : FC 66%~90%
2 Layer : FC 30% ~ 60%
3 Layer : FC 15% ~ 30%
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To do list

1. Single Layer0f Ciet A& Aat
2. 7| 371Xt FIIHo 2 gt 27tX| ¢ E|F A H(Fbnet, DARTS)
3. 1 & Baseline &%

4. Search Space E2{A H¥ 8 -> 16

Max
Pool

A 4

Input

A 4

Layer1 FC




ad 2 e
v Single Layer H|11 43 Z3} H0| S
Method Dataset ACC Latency Flops Param Size Layer1, Probability
Manual UCIHAR 89.61 2438 1.8 142 7x1_Conv
ProxylessNAS UCIHAR 90.8 2.356 1.8 1.42 7x1_DilatedConv, 0.101
RL(MnasNet) UCIHAR 92.29 2.36 1.9 1.42 9x1_DilatedConv, 0.895
FBNet UCIHAR 92.29 2.36 1.9 1.42 9x1_DilatedConv, 0.076
DARTs UCIHAR 91.38 2.356 1.8 1.42 7x1_DilatedConv, 0.096
Manual UniMiB 82.89 2.729 1.9 1.68 7x1_Conv
ProxylessNAS UniMiB 82.89 2.729 1.9 1.68 7x1_Conv, 0.080
RL(MnasNet) UniMiB 84.28 2.685 1.8 1.68 5x1_DilatedConv, 0.136
FBNet UniMiB 80.07 2.729 1.8 1.68 3x1_DilatedConv, 0.076
DARTs UniMiB 82.89 2.729 1.9 1.68 7x1_Conv, 0.080
Manual WISDM 85.95 1.128 0.7 0.66 7x1_Conv
ProxylessNAS WISDM 85.57 1.127 0.7 0.66 7x1_DepthConv, 0.252
RL(MnasNet) WISDM 85.57 1.127 0.7 0.66 7x1_DepthConv, 0.936
FBNet WISDM 85.57 1.127 0.7 0.66 7x1_DepthConv, 0.097
DARTs WISDM 85.58 1.124 0.8 0.66 9%1_Conv, 0.162
Manual WISDM2019 82.74 4.025 2.7 2.2 7x1_Conv
ProxylessNAS ~ WISDM2019 78.03 4.063 2.3 2.2 5x1_DepthConv, 0.090
RL(MnasNet)  WISDM2019 78.03 4.063 2.3 2.2 5x1_DepthConv, 0.481
FBNet WISDM2019 77.82 4.063 2.3 2.2 5x1_DepthConv, 0.093
DARTs WISDM2019 78.67 4.006 2.3 2.2 9x1_DepthConv, 0.090
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v' 3 Layer Hlu &H

21} Ho|=

Method Dataset ACC Latency Flops Param Size Layer1 Layer2 Layer3
Manual UCIHAR 92.09 1.22 2.2 0.23 7x1_Conv 7x1_Conv 7x1_Conv
ProxylessNAS UCIHAR 92.56 0.59 0.5 0.17 7x1_DilatedConv Zero Zero
RL(MnasNet) UCIHAR 92.73 0.87 14 0.2 9x1_DilatedConv 3x1_DilatedConv 5x1_DilatedConv
Manual UniMiB 93.98 1.267 2.3 0.26 7x1_Conv 7x1_Conv 7x1_Conv
ProxylessNAS  UniMiB 84.56 0.573 0.34 0.2 5x1_DilatedConv Zero Zero
RL(MnasNet) UniMiB 93.04 0.871 19 0.25 5x1 _DilatedConv 5x1_DilatedConv 7x1_DilatedConv
Manual WISDM2019 88.42 1.366 34 0.33 7x1_Conv 7x1_Conv 7x1_Conv
ProxylessNAS WISDM2019 83.17 0.7 0.6 0.27 5x1_DilatedConv Zero Zero
RL(MnasNet) WISDM2019 83.17 0.7 0.6 0.27 5x1_DilatedConv Zero Zero
Input Layer1 :;/cl, ac:; Layer2 :;’(I) ac:; Layer3 FI\:) a:)): FC
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1. Single Layer &Z0| M= Operation0| [}E latency X}0|7} A X| 21, H2Hk 9]
X1o|7} E8{H.

2. 9+ F 1 : Latency= 11’dEl factorO| 1l Accuracys S E

3. Single layer 2&0A NASC| EoME FHI7| 25
- 2L} NASZ} 21X QI operatorE H=Che A2 7|E AT S0HAM HdEH A7t
HAE

4. 211X Ql Operatorg H|¢t

5. Proposed operator2| 21HdE NAS ¥12|ES Soll 4EH FH H Al

=
- NAS 2 112|E2 S6ll proposed operator7t MEHEICHE Z4E MEH F7 HA|
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21} 8]

1

2. ProxylessNAS : Differentiable NAS7|%t2 2 Latency2}

ol

Hd

39

|

. Z481etE 7|82 2 Latency 2t

3. RL(MnasNet)
(* MnasNet2| Z




29 2 g
v Hlu ¢ 23} H|0|=
Zero Layer : &3 2r2 input2 Lt layer2 JCE ™ ESH= layer
Method Dataset Target ACC Latency Flops Param Size Layer1 Layer2 Layer3
Manual UCIHAR s9 92.09 1.22 2.2 0.23 7x1_Conv 7x1_Conv 7x1_Convj
ProxylessNAS  UCIHAR s9 92.56 0.59 0.5 0.17 7x1_DilatedConv Zero Zero
RL(MnasNet) UCIHAR s9 92.73 0.87 14 0.2 9x1_DilatedConv 3x1_DilatedConv 5x1_DilatedCony,
Manual UniMiB s9 93.98 1.267 2.3 0.26 7x1_Conv 7x1_Conv 7x1_Conv|
ProxylessNAS  UniMiB s9 84.56 0.573 0.34 0.2 5x1_DilatedConv Zero Zero
RL(MnasNet) UniMiB s9 93.04 0.871 1.9 0.25 5x1_DilatedConv 5x1_DilatedConv 7x1_DilatedCony,
Manual WISDM2019 s9 88.42 1.366 34 0.33 7x1_Conv 7x1_Conv 7x1_Convj
ProxylessNAS WISDM2019 s9 83.17 0.7 0.6 0.27 5x1_DilatedConv Zero Zero
RL(MnasNet) WISDM2019 s9 83.17 0.7 0.6 0.27 5x1_DilatedConv Zero Zero
Input Layer1 I';/:)ac:; Layer1 II;/(I)a;; Layer1 FI\,,(I;): FC
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1. R-%I-IOE EII-"‘I.'— El:'llc> EI:I-A_II-I |.7| L=

0
ro

v SuperNet /40| M Dynamic Pooling LayerE X &
7| & A1) NAS SuperNet +’d0|AM= 1 El Pooling(Reduction)Z 1}
1. Pooling Layer§ ©M 7}5ol7| 2 =M A4 aPd0of| A A4t al HEE|= Feature

map= 2 7 A= 7/Is8= +9

)31} Pooling size

2. HAR sensor HIO|E{Q| 1X}3 S84 W2 24 HH0| §50= E2 &S 2
Ex) 2&0|A Cross-Entropy2t2 Loss -2 st £ EHMEIQS mjo =

Standard ConvE.C} Dilated ConvO| 2 21§ ¢
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1. R8O R SXst= ZUS B3I 9l et

v" Dynamic Pooling Layer Overview

1. €2 Layer0] A2 C}E Pooling sizeE M85}'H 27| CtE Feature map AIO| =7}
L2 B 2 Binary GateE S0l ¢ step & Al B 7H2| Pooling ALK SEISIER
=38

Search Space Binary Gate
Vo a T I
Length : 128 ; g i 0 ; Length : 64
Input > i'"""' ""-": q Output
Max Pool size 2 i 1 i
| o]




Thank you
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[1] Zela, Arber et al. “Understanding and Robustifying Differentiable Architecture Search.” ICLR, 2020.




Appendix

=M 82|) HARO| F2 SXol= ZHIY 2380 = HetE a5 23 =
ELFAH
a

v’ Differentiable-NAS(DARTS)7|2t2| Accuracy®} Latency= Z| X 2}6t=
HEAM O M2] 1 Phase x| & 3}o| 2H|H

[0

ol mety
1. Loss = Cross-Entropy + AE[latency] Ol A{ Z} term?| scalabilityZ} C}S
-> Latency termO| dominantstHA =7} AHE|= A

> 982 ZEH BY 2o BH It

-> KT The3] Z} term| scaleS ZHESIH siE 7tse 2|




Appendix

v’ Differentiable-NAS(DARTS) 7| 2F2| Accuracy?t LatencyE Z| X 3}5t=

HEAM O A 2] 1 Phase x| X 3lo| 2X|H
20! mohy

2. DARTSZ|HI %| =35}

)

min L,u(w*(a), a - (1) @
* - ()i s.L.
s.t. w'(a) =argmin, Lpqin(w, )

M) ZAzg} 617] Mol A (2)7t X2} £|0{0F Sl=0,
A4t 80| 3 A 7| tfZ0f inner optimization=
4/(3)Approximation2 Sl A4t HES L4

va Evai (TU* (ﬂ:)? (,1{)
%VQEUQ; (w — vaﬁtrain (w: (-}f)! Of)

--- (3)

071X = ni20|E o?t YHIO|EY U A8t Vi Liwid
Ol CH$t Hessian Matrix2| eigenvalues?| 37|0]| Lt}
MAE X2 Test error?t S71etCt= &8 HAE

O L
SWP 17 Zap mam

Test error (%)

51 C10 (Average over the EV trajectory)
Pearson corr. coef.: 0.867, p-value: 0.00000

|'A|O| ;}_I_'Il _E_I-" . ajl- M= TITZE HXIALTI ok=2
) min = L, q (’H}*(Q)j(}')

--- (1) outer optimi
w* (o) = argming, Lyaim(w,a) = (2) inner optimi:

L 4

L 4
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Average Dominant Eigenvalue
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Appendix

v’ Differentiable-NAS(DARTS) 7| 2F2| Accuracy?t LatencyE Z| X 3}5t=

HEAM O A 2] 1 Phase x| X 3lo| 2X|H
210l Thot)

| -
3. X|F HEHA = MEH 1HH| A continuous

space?| optimal 7= L}2}0|E| 'S discretizedt S M,

adisc LZE9| |oss= o D=2 FL0 =X

-> o7} Sharp minimad]l RS B2 adisc 12| loss

XtO|7F 3 A| LIEHE

-> Dominant eigenvalueE a2l discretize0f| £ Loss
ot S gelst Ao ME 25 loss 10| 7} 3 A LHEHE
Loss B3} :  Loana(a®, w*) — Loaia(a®, w*)

2tM, a7} HEEE Mo 2 HIASH= X| 77} &7
o2 B3 EX

I!-"--"*'L-‘_-s:l.lah.n!

Validation accuracy drop (%)

I
disc e Sharp | i
Minima

Eigenvalues vs. Accuracy Drop
Spearman corr. coef.: 0.736
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U!U U!b 1!0 1!5 ?!U
Dominant Eigenvalue




Appendix

v 7| FE0| tiet 0 &

> AEMOZ I BEE St= S8HOS SN DY S0 (fE WO =L K|

0 BHO| generalization |

> Model Selection IFH0|A n8{= 71

> Latency2l €2 CHE MetricO| ZSE[US Ij2] T2 CF &7 X222 51T EHl=

CHEX| S

v aE8ozg Fiol= ol

o
om
1=
Ot
N
H0
.‘,’l'
ok
rQ
=1
>




28 Ag = BQ

v' Search Space?| operatorE Backbone network?} S 250 A3

S
v Flops2| X|2tEt &1 layer?| 7 =0fl = A[ot2 FX| 3.
FXF HE(1012)

« 7|& MAHO A Layer| 7= 307X A

« Layer3~30

- A Hlo[HA0f CiStH 32| = &

2Kt AE(10/19)

« MT0|™A Operator F7t5t0{ Layer 30 &

. QEE=IIH J|IM Jt5M =0l AlF. : 1)CNN + LSTM =5k Qo AlS 2)57:”j(| o =7} ghAli2

oot

+ Real-time2 %%} bottleneck(LSTM) 7ii 4 operator: Dilated Causal Convolution
3, 43X H&(10/26, 11/02)
. AHE FHE HAR NAS—LE 6] H| 1 A3,

=
-+ w=H OEWMO OHE F7F 2" o 8.
> Chsh Mo e 27810, HMAIE0| MBEIX| 48 A2 NAS A= AHHIO] o= 5 MaiM o7 B ushs & N2{s}y| HhaL,
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