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ANN Architecture for Edge Device

air Accuracy [9]

= Random Weight Network (RWN) '=====-~- 1 = Architecture of RWN '======================-
| r 1 Random weights : , >
I ! —
[ [
' :
[ .
| Learning only once !
N,
: ) ® :
| Faster Learning “——+— = ),
" . Weight estimation !
[
|

Input Weight

[4,5, 6] ‘ Activation Function
[7]

Conventional ANN
forward pass

Iteratively

High dependency

P
<

backward pass

Architecture Search for RWN
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Conventional methods of RWN architecture search

Weight optimization [4, 5]
Max

min
s
..... MAX L w
-
N ? _ min o
- Input neuron selection with
Using Evolutionary algorithm (EA) [6] # hidden neuron optimization(2, 3]
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Motivation
r= RWN'’s properties
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Proposed method

Expected Advantages

" Better Learning Accuracy
e Eliminating noisy input neurons
* Setting proper weights

In addition, ...

Fitness Weight
fitness
MAX ~Max /< _/ J
S
By doing this
min J , J
y. ) ~

J
J
DRV g 0
. ) O ~
) ) J
/{nput neuron Number of hidden neuron

* Low computational cost (LWD)
N\

=

Particle Swarm Optimization [3]

Input neuron

Independent Optimization
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Proposed method: Encoding scheme
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Experimental Setting

Datasets Description

10 multi-label text datasets from RCV1 and Yahoo collections

Datasets Pattern Size Feature Size Label Size Cardinality Distinct.
RCV1(S1) 6,000 945 101 2.880 1028
RCV1(S2) 6,000 945 101 2.634 954
RCV1(S3) 6,000 945 101 2.614 939
RCV1(S4) 6,000 945 101 2.484 816
Arts 7,484 1,157 26 1.654 599
Business 11,214 1,096 30 1.599 233
Education 12,030 1,377 33 1.463 511
Enron 1,702 1,001 53 3.378 753
Medical 978 1,494 45 1.245 94
Society 14,512 1,590 27 1.670 1054
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Experimental Setting

Comparison algorithm

* |PE-ELM[3] : Input neuron selection and # hidden neuron optimization
e SaELM[4] : Input weight optimization

* CSO-ELMI[5] : Input weight optimization

Performance Measure

|T|
hloss(T) = — Y —|4; A Y]] Evaluates the fraction of misclassified instance-label pairs
T = L] l = Lower value, Higher Performance
|T| .
mlacc(T) = 1 [4; N Yl Evaluates the overall effectiveness of a model
T 4 - |14; UY;] = Higher value, Higher Performance
1=

[3] Tansel, D., Ender, S. (2019). Evolutionary parallel extreme learning machines for the data classification problem. Computers & Industrial
Engineering., 130:237-249.

[4] Nahvi, B., Habibi, J., Mohammadi, K., et al. (2016). Using self-adaptive evolutionary algorithm to improve the performance of an extreme
learning machine for estimating soil temperature. Comput. Electron. Agric., 124:150-160.

[5] Eshtay, M., Faris, H., Obeid, N. (2018). Improving extreme learning machine by competitive swarm optimization and
its application for medical diagnosis problems. Expert Syst. Appl., 104:134-152.
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Experimental Result

 Comparison results of four compared methods in terms

Hamming loss Multi-label accuracy

Datasets [ p oh0sed | IPE-ELM[2] | SaELM[3] | CSO-ELM[4] | Proposed | IPE-ELM[2] | SaELM[3] | CSO-ELM[4]
RCV1(S1) |0.037+0.001 | 0.044+0.001 | 0.044+0.001 | 0.042+0.001 |0.245+0.007 | 0.155%+0.010 | 0.153+0.009 | 0.163+0.007
RCV1(S2)|0.035+0.001 | 0.037+0.001 | 0.039+0.001 | 0.037+0.001 |0.281+0.012| 0.159+0.005 | 0.154+0.006 | 0.160+0.001
RCV1(S3)|0.036+0.001 | 0.038+0.001 | 0.038+0.001 | 0.037+0.002 |0.282+0.014| 0.161+0.007 | 0.159+0.008 | 0.165+0.005
RCV1(S4)|0.033+0.000| 0.036+0.002 | 0.036+0.001 | 0.034+0.001 |0.306%+0.219| 0.182+0.006 | 0.178+0.007 | 0.186+0.007

Arts 0.087+0.003 | 0.098+0.003 | 0.099+0.003 | 0.093+0.002 }0.315%+0.005| 0.221+0.009 | 0.218+0.009 | 0.230+0.009
Business | 0.030+0.001 | 0.030+0.001 |0.029+0.001 | 0.030+0.001 | 0.677+£0.008 | 0.676+0.008 |0.678*0.009| 0.676+0.010
Education| 0.058+0.002 | 0.060+0.001 | 0.060+0.000 |0.057+0.002]0.348+0.002| 0.255+0.009 | 0.252+0.008 | 0.255+0.006
Enron |0.056+0.002| 0.057+0.001 | 0.059+0.001 | 0.058+0.001 10.428+0.012| 0.408+0.009 | 0.408+0.013 | 0.407%0.011
Medical 10.016+0.002| 0.020+0.002 | 0.022+0.002 | 0.022+0.001 ]0.640%x0.027| 0.532+0.009 | 0.503+0.030 | 0.502%0.040
Society 0.062+0.001 | 0.062+0.001 | 0.062+0.000 |0.062+0.001{0.380+0.010| 0.370£0.009 | 0.370%£0.010 | 0.371£0.010
Avg. rank 1.30 2.80 3.70 2.20 1.1 2.9 3.5 2.5
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Experimental Result

1. Friedman test

Evaluation measure Friedman statistics  Critical values(a = 0.05)
Hamming loss 14.196
) 3.0724
Multi-label accuracy 14.936
2. Bonferroni-Dunn test
4 3 2 1 4 3 2 1
SaELM -T SaELM — _]
IPE_ELM Proposed IPE_ELM Proposed
CSO_ELM CSO_ELM
(a) Hamming Loss (b) Multi-label Accuracy
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Analysis

Comparison results between two methods in multi-label accuracy

* Proposed : Input neuron + Input weight + # of hidden neuron optimization

 Comparison : Input weight + # of hidden neuron optimization

Arts dataset (p=0.0013)
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— T
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Example

Final architecture!
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Conclusion & Contribution

* Improved Architecture search method for RWN by combining input neuron selection

with conventional methods.
 The experimental result show that the proposed method also can applied well to the

multi-label classification problem.

* Contribution
In International Publication (SCI(E))
-Compact Feature Subset-based Multi-label Music Categorization for Mobile Devices,
Multimedia Tools and Applications, 2019, Co-author
In International Conferences
-Multi Population Memetic Search for Effective Multi-label Feature Selection,
2019 Int. Conf. on Platform Technology and Service, 2019, 15t author
In Domestic Conferences
-Evolutionary Algorithm Design for Effective Multi-label Feature Selection, The SEBS Spring Conf,
2018, 15t author
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Appendix: Particle Swarm Optimization (PSO)

Concept
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Appendix: PSO Update

MAX Inertia Individual best

F
Update!! |
9 >
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Appendix: Encoding scheme

—(Proposed scheme) ,
Ve Input Weight (weight & bias) _Y- Neuron -\ Ne/uron
W11 Wy W24 W3y W44 by by I I I, IH

P

abs(H) ~ max_hid

CAU Machine Intelligence LAB



