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Abstract :

In this study, we proposed a method for hyperparameter optimization in the building and training of a

deep learning model designed to process point cloud data collected by a millimeter-wave radar system. The primary

aim of this study is to facilitate the deployment of a baseline model in resource-constrained IoT devices. We evaluated

a RadHAR baseline deep learning model trained on a public dataset composed of point clouds representing five distinct

human activities. Additionally, we introduced a coarse-to-fine hyperparameter optimization procedure, showing

substantial potential to enhance model efficiency without compromising predictive performance. Experimental results

show the feasibility of significantly reducing model size without adversely impacting performance. Specifically, the

optimized model demonstrated a 3.3% improvement in classification accuracy despite a 16.8% reduction in number of

parameters compared th the baseline model. In conclusion, this research offers valuable insights for the development of

deep learning models for resource-constrained IoT devices, underscoring the potential of hyperparameter optimization

and model size reduction strategies. This work contributes to enhancing the practicality and usability of deep learning

models in real-world environments, where high levels of accuracy and efficiency in data processing and classification

tasks are required.
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Fig. 1. Procedure of coase-to-fine hyperparameter optimization
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¥ 2. Baseline 28 7=
Table 2. Baseline model architecture

Layer # of units Size Stride | Activation
3D Conv la 32 (3,33) (1,1,1) Relu
3D Conv 1b 32 (333) (1,1,1) Relu

3D Max Pooling (2,2,2) (2,2,2)
3D Conv 2a 32 (3,33) (1,1,1) Relu
3D Conv 2b 32 (333) (1,1,1) Relu
3D Max Pooling (2,2,2) (2,2,2)
3D Conv 3a 32 (3,33) (1,1,1) Relu
3D Conv 3b 32 (333) (1,1,1) Relu
3D Max Pooling (2,2,2) (2,2,2)
Dropout 1 05

LSTM 16

Dropout 2 0.3

Dense 5

opt_fun @ Adam, Ir : 0.001, beta_1 : 0.9, beta_2 : 0.999

H 3. 1B ofo|m{uteti|e EAstof MSE B e
Table 3. Search space of phasel hyperparameter optimization

Hyperparameters Description search space
. . Size of 3D convolutional layer _
conv_filter_size it v {3, 5}
ilter

# of 3D convolutional layer

num_conv_filter . {12, 24, 32}
filter
stride val f 3D lutional
conv_stride stride value of convolution: )
layer
li I f 3D
pool_size pooling vaue.o 3D max 12
pooling
strides stride value of 3D max pooling {1, 2
# of block sed of 3D
num_block o plocit composec (1,23

conv and 3D max pooling
num_conv_layers | # of 3D conv layer per block {1, 2

dalet A 584 2T slo|Hu2io|8 £Hst 7Y

2= [t}

conv_  conv_

nuM_ num_conv  hum_ num_lstm opt.  pool
filter_size  stride

d t2
dropoutt dropout2  Ir g "fiter conv_layer cells  func  size

stride

sqos

adamg

iteration wm:
conv_  conv, num_ |
- dropout1 dropout2 num_conv NUM_ num_Istm opt_ pool_ K
filter_size  stride “"°P P Ir block  fiter conv_layer cells  func  size  Stride

sot
/"” 22 001 s
/ AT S n e
/ / 7K sgd1

o7 o7

iz

iteration -

= IV NUM_  num_conv hUM_ num_Istm opt pool_ P
filter_size stride OTOPOUtT dropoutz i o MR layer calls | fumc  size  Stride

iteration -

2! 2 lterationdl| WE =35 Hakd

dropoutl Dropout rate {0.1, 0.3, 0.5, 0.7, 0.9} - o . ) )
droponts Drepoct 1ate 01 03 0507 69) Fig. 2. Optimization tendency according to iteration
num_lstm_cell # of LSTM cell {8, 12, 16} _ _ ~ B
opt_func optimization function {adam, sgd} 4 159 AN 20 MsS tHEok= ofo|H mzto|e 7
beta_l Adam prameter {05, 0.7, 0.9} Table 4. hyperparameter configuration that satisfy maximum
beta_2 Adam parameter (0.5 ,0.7, 0.9} performance in Phase 1
! 1 . " {0.00001, 0.0001, 0.001,
r earning rate 001} Hyperparameters value
conv_filter_size 3
num_conv_filter 12
CNN #lolol9} 170¢] max pooling #o]ol7} atrte] E8& conv_stride 1
tHEo] F 3709 CNN &3 3 3 7ie] LSTM #olol= ++ pool_size 2
/g =lo] Qlrt. strides 2
num_block 3
ey _ num_conv_layers 1
sto|H I 135l AlS] A
3. °|'0|'LL'|""'|'E|'D|E'| —)'C—P;-gl' == 7Eﬂ|' dropout1 0.1
Coarse—to—fine W40 2 2vtAlo] Ax AFS F335+9 dropout2 0.3
on 19AE baseline 2@ #8439 3slo|d g€ S u} num_lIstm_cell 16
$ow § 39 gol nd sebilel £% 29U + dES @ Tt i3
eta_ .
O uSE ATE, A g A9 we sl beta 2 096
WE 232 466FNE FRe AFE AUE AR Al BE Ir 0.001
3ol diste] {7kt 4= §lo] HyperbandE X*% ST,
% 2% Hyperband €1g]So2 B4 F7F U 3foly Neo 7

shebu] ] 23] o8 ShEE Y AEES YERH,
agze] 7tREL stololHven|E TR, Al
ol ateln| e o] 44 7S YelAT. Tteration®

‘HU

lFo=2 Age stolvgeiuy 23 AAHE A
< I F Sk AEFA AFANA AHEEE AdY
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Table 5. Search space of phase? hyperparameter optimization
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Fig. 4. Performance distribution according to number of
parameters in Phase 2
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Table 6. Search space of phasel hyperparameter optimization

Hyperparameters Description search space
convffilterisize Size of 3D convolutional layer filter {3}
num_conv_filter| # of 3D convolutional layer filter {6’ 12}
conv_stride stride value olfajlejr convolutional "
pool_size pooling value of 3D max pooling {2}
strides stride value of 3D max pooling {2}
o e ke T
num_conv_layers # of 3D conv layer per block {1, 2}
dropout] Dropout rate {0.1, 03, 0.7}
dropout2 Dropout rate {0.3, 0.5}
num_lstm_cell # of LSTM cell {4, 8 12, 16}
opt_func optimization function {adam}
beta_l Adam prameter {0.5, 0.7, 0.9}
beta_2 Adam parameter {0.5, 0.99}
Ir learning rate {0.0001, 0.001}
ARt g F5F @AM conv_stride® 12 S <l
¢ % AT e L AR Al A9 X 4
2 53 stride kol 2RTRH= 10] ¥ % AT Ui
zl ]
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Hyperparameters value
conv_filter_size 3
num_conv_filter 12

conv_stride 1
pool_size 2
strides 2
num_block 3
num_conv_layers 1
dropoutl 0.1
dropout2 0.3
num_lstm_cell 16
opt_func adam
beta_l 0.5
beta_2 0.99
Ir 0.001
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Table 7. Search space of phase? hyperparameter optimization

oy
oj

I
o
>
o
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# of parameters | Ratio of model size Accuracy (%)
5,401 2.6% 90.3
8,335 40% 88.2
8,929 4.3% 914
11,863 5.7% 90.9
12,713 6.1% 91.6
14,485 6.9% 89.3
15,647 75% 92.6
16,753 8.0% 93.3
19,687 9.4% 90.6
21,085 10.1% 90.9
26,185 12.6% 90.3
27,941 13.4% 92.3
32,785 15.7% 91.2
35,053 16.8% 93.7
39,641 19.0% 91.0
46,753 22.5% 91.7

Confusion Matrix(Minimum # of Params)

Confusion Matrix(Best Accuracy)

Fig. 5. Confusion matrix for mininum model size and best
performing experiment results
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