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Reviving of
Deep Learning
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It’s time to move toward (Machine) Learning Science from Machine Learning

Engineering
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New turning point is coming, new machine learning techniques are on the way
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- Zakd Ui ae ) 3¥ (Universal Appr0x1mat1on capab1l1ty) [Leshno 1993, Park and
Sandberg 1991, Chen, et al 1995] : ’f’i"f—]— $ z 7]‘]?5—,' ’%’(T VA FH F]' Lp] 2 D28 V/(’f:fc INBY IR E
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- ke 1 2 (Classification capability) [Huang, etal 2000]: AT 3218 5T LA FF 69
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M. Leshno, et al., “Multilayer feedforward networks with a nonpolynomial activation function can approximate any function,” Neural Networks, vol. 6, pp.

861-867, 1993.
J. Park and I. W. Sandberg, “Universal approximation using radial-basis-function networks,” Neural Computation, vol. 3, pp. 246-257, 1991.

G.-B. Huang, et al, “Classification ability of single hidden layer feedforward neural networks,” IEEE Trans. Neural Networks, vol. 11, no. 3, pp. 799-801,
May 2000.
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X% 3 Deep Learning & 4% 5 Biological Learning
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(stream data learning)
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AR J M (Extreme Learning Machines, ELM)
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sigmoid networks
* RBF networks
* polynomial networks
e complex (domain) networks (& & %R %)

e Fourier series (1§ vt % 35%)
wavelet networks (/) M%&) | etc
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h;(x) = G;(a;, b;, X)
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ELMW%%&]L‘L(DC) = leﬁiG(ai,bi,x)
ELM#%'?J]:—H%% . h(x) = [G(al, bl,X), Yy G(aL, bLI x)]
fe &7 At B (58 -

Slngld G(ai, bi,X) = g(ai ‘X + bl)

RBF: G(ay, by, x) = g(billx — a;ll)

Fourier Series: G(a;, b;,x) = cos(a; - X + b;)
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G.-B. Huang, et al., “Universal approximation using incremental constructive feedforward networks with random hidden nodes,” IEEE Transactions on Neural Networks, vol. 17, no. 4,
pp. 879-892, 2006.
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O. Barak, et al,

iﬂMﬁ%&ﬁmé%mﬁ oMb, I K. BrEig. MIT. IBM Watson.
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"The importance of mixed selectivity in complex cognitive tasks," Nature, vol.497, 2013

M. Rigotti, et al, Journal of Neuroscience, vol. 33, no. 9, 2013

R. I. Arriaga, et al. “Visual Categorization with Random Projection,” Neural Computation, vol. 27, 2015

E. L Rich and J. D Wallis, “What stays the same in orbitofrontal cortex,” Nature Neuroscience, vol. 19, no. 6, 2016

J. Xie and C. Padoa-Schioppa, “Neuronal remapping and circuit persistence in economic decisions,” Nature Neuroscience, vol. 19, 2016
E. L Rich and J. D Wallis, “What stays the same in orbitofrontal cortex,” Nature Neuroscience, vol. 19, no. 6, 2016

T. Tuma, et al, “Stochastic phase-change neurons,” Nature Nanotechnology, vol. 11, 2016
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Situation of the wind measuring towers in Spain and within the eight wind farms. Wind speed prediction in tower 6 of the
considered wind farm in Spain obtained by the ELM network (prediction using data from 7 towers). (a) Best prediction
obtained and (b) worst prediction obtained. [Saavedra-Moreno, et al, 2013]
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# }j 7‘:7‘:&4 (for GTSRB dataset: 39209 training data, 12630 testing ) J 2 W 3] }:;: ‘i}ll gf—x H'j' JET]
data, 43 classes)
HOG+ELM 99.56% 2094) (%@ PC)
CNN + ELM Based 99.48% 58 (& :EPC)
MCDNN 99.46% 37/ B (GPU%E L)
Recognition Accuracy [%0]
.. Pl
CNN-ELM(Lab) | 0 .48 . X -!(
CNN-ELM 99.13 >
) e 2 S i I . i O
CNN-SVM : 198.93
CNN(Lab) ; 99.15 @
Plain CNN 98.93 OO ee0e
: - (a) (b)
BWELM . GOOCHOBI®
Random Forests
Multi-scale CNN _ . ©9.17 (D
Human Performance ; 98.84 AAALAALAAALAALALLA
CNNaug/MLP | | 99.15 H
MCDNN : : : : : 99.46
94 95 96 97 o8 99 100

Z. Huang, Y. Yu, J. Gu, and H. Liu, “An Efficient Method for Traffic Sign Recognition Based on Extreme Learning Machine,”
|IEEE Transactions on Cybernetics, 2016
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Different from Deep Learning, hidden neurons in multi-layer / hierarchical ELM (considered
as a single whole ELM) are not required to be iteratively tuned
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ELM orthogonal
random feature mapping
d > L: Compressed Representation Features represented by the output weights of
d = L: Equal Dimension Representation _ :
3 < T Bparse Repisssntariomn ELM-AE of MNIST OCR Datasets (with 60000

training samples and 10000 testing samples)
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ELM H-ELM [Unpublished] ~99.6% %% (CPU)

H-ELM [J. Tang, et al, 2015] 99.14 281.3747(CPU)

Multi-Layer ELM (784-700-700-15000-10) [Huang, etal 2013] 99.03+0. 04 444.7#5(CPU)
FEZ) Deep Belief Networks (DBN) 98.87 205804

(748-500-500-2000-10) (5.7 8, GPU)

Deep Boltzmann Machines (DBM) (784-500-1000-10) 99.05 6824647

(19/) B, GPU)
Stacked Auto Encoders (SAE) 98.6 >17/8F, GPU
Stacked Denoising Auto Encoders (SDAE) 98.72 >17/\B¥, GPU

L. L. C. Kasun, et al, “Representational Learning with Extreme Learning Machine for Big Data,” IEEE Intelligent Systems, vol. 28,
no. 6, pp. 31-34, 2013.

J. Tang, et al, “Extreme Learning Machine for Multilayer Perceptron,” EEE Transactions on Neural Networks and Learning
Systems, 2015.
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Methods ELM Based Tensor canonical Tangent bundles on special

correlation manifolds
Accuracies 99.4% 85% 93.4%

[J. Tang, et al 2015]
Conventional: Heterogeneous combinations

Class a:
Flar/Lefrwanrd

Class= Feature Classifier (SVM —_
Flay/Rightward —3>! extraction (PCA, > tc) ’
Class 3: etC)

Flat/Contract

Conventional: Homogeneous combinations

Class 4:
Spread/Lefward

i Feature Learning ELM as

Spread/Rightward > by ELM Auto- Classifier
Encoder

Class 6:

Spread/Contract

Class =:

V-shape/Leftvward

Class 8:
W-shape /Rightward

Class o
W-shape/Contract
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XA | 25 B 1]

ELM-AE 86.45% 6024

3D ShapeNets (Convolutional Deep Belief Network) 86.5% 2K

3D ShapeMets
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Volumetric T
representation  What is it?  bathub?

Princeton/MIT/CUHK'’s 3D ShapeNets for 2.5D Object Recognition and Next-Best-View Prediction [Wu, et al 2014]

another view? Where to look next?
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23 7 X MK R £
;gpg_%é 3] M ELM 0.02%
,;,’{&EJ& 3] Convolutional Neural 28.51%

Nets (CNN)

CNN-+video (test 7.75%

images of COIL)
CNN++video (COIL- 20.23%

like images)
Raw Input layer Feature layer Pooling layer Output layer
image I (P.GB maps) (K maps) (K maps) (m nodes)

®

| COIL Dataset: 1800 training samples, 5400
ot R testing samples, 100 categories

Types | J\ )

Tuning-free Least-squares
Nodes Solution /7

Z. Bai, et al, “Generic Object Recognition with Local Receptive Fields Based Extreme Learning Machine,” 2015 INNS
Conference on Big Data, San Francisco, August 8-10, 2015; Procedia Computer Science, vol. 53, pp. 391-399, 2015

C score

016 China softw
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MVD-ELM 81.39% 306.4§F(CPU)
CDBN 77.32% > 2K (GPU)

ModelNet40: 10695 training data, 8567 testing
data, 40 categories

- ~
UnpojecﬁonT Tlnpui mesh cropping
| R
Input \ayerbview 1 View N S lﬁ}?
Convolutian laye FA Inverse convolution
Feaiife map 1 Featurs map K F = | Feature map K1 e
Py = - —r— e
s | [ \ { ||I | | | || Unpoolin
Pooling Ia\.reﬂI ||| ||I |, \ |, || I‘ |I P 9
: | Poolin: K1
Pool 1 \ Pool K1 g nfian
- 4= 2 -2 . P ; '
Cli e N o I e A -T- - -
o weights B1 Output weights Bj hts Bm i T Maxmum nleumn activations y
Output layer —_—— O et Visualization network
J L J

Z. Xie, et al, “Projective Feature Learning for 3D Shapes with Multi-View Depth Images,” The 23rd Pacific Conference on
Computer Graphics and Applications, Tsinghua University, China, October 7-9, 2015.




£ M) (Hierarchical) ELM

(a) £HHELM
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Different from Deep Learning, All the hidden neurons in ELM as a whole are not required to be iteratively tuned
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G.-B. Huang, et al., “Convex Incremental Extreme
Learning Machine,” Neurocomputing, 2007.
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st 1 2 4 Hy K TR R AR ﬁi%#%i@%ﬁ%k*% FR, BREAZ (FA SR
KOTRE: LT ILAAAE T
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B 5y FAT Ao AR A 5% L FHAT Fe B A 5K LA A A 5 3] U6 RAR SR IR X

BHBBERFD; TREI OB, BHFASE WMAEEFD; RAFAZ BEREF RSk R REN

o $96 5 1 Ak A Aok KA LB S Rl ¥

RHFAAEL S ITHIES S (sequential learning) F= KRR LR BITREF S R IBAS
¥ A&7 5 3 (stream data learning)

223t BT AR RO R e B A 69 & ) A *i#%ﬁ%/k%'r B4 m

5 TARIN AR A 5% L TRaR A9 A 22 TLHAT 5 3

FIREMA R, BFIEE EREREAL L ﬁ%ﬁ??ﬁi mARAE, BRES T TFEIFE
3 % T

T A A A8 R H kA A A B REHE %“W” BAH A




ELM vs %% 3] vs i H

¢ i_l— —ﬁ-ﬂ%i 5& ;-% ° 'i% 'f? 'i?ié@ ]ﬂ %é [Neumann 1951, 1956]
- Aot EE R R AR ER AR AR GA, A A—AFLERE
EWNQ LS AEMMIGEREY (E4) WEREIRDS T EHTIT
£ 095 5] T H8? [Rosenblatt 1958]

e 60F)5...
e ELMZ ) 34 th ) & [Huang, et al 2006, 2007, 2008]
- REENZ EEHN (AIAEREREHWAL) ZEMELA P8y, 2eielEt—
NPT ERAYZ2AE R/ P AAR [ REL, IEALEML | « REIKRE, [ REXK
| TIARAFEZERI P EE, IHLEHEMLREHIIGEREGEM [ RTE ] 44
, FEFMR T AR T EGFIRS, QHEHERM, FE5 ., HARBDL, BL
N [‘3')3%‘357\75{5:%0 i?fbﬁ‘?—é{ T & e FEIR %‘E”'Lﬁ'if}h%’é >) a9k 2, [Huang 2014]
- BARARmA L RIF £ BARRAEKRE R, BAMMNGHHIEH . ELM
1w AR EARAE T EELF
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ELM: # A BAETFTIEF ) fedk 3] LR A K52 5] 31
(AR “FIJRF7)
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/' Universal

Learning
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AT B Fa LS 22 5] 2 AN Hﬂ%&%thﬂ%ku/

ﬁé‘ﬂ\ #Hﬁ«ﬁiﬁi%ﬁ] i)
T o

Al: Artificial Intelligence A L% #%

ML: Machine Learning #L % 52 5]

DL: Deep Learning X & % 5

ELM: Extreme Learning Machines #2 &2 5] #i
BL: Biological Learning &£ 445 3]

1950s 1990s 2010
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HRWIEKFM =& BN, FrRIEM., Fehita.
# 2 SHAE X

R AL A
( Society of
i mIE M (Internet [l Intelligent Things)

of Intelligent Things )  « & 4 & a9 444

o)

% o &0y S b
#H M (Internet . R FELMSL &8 7@% s G
of Things ) g0 g 4 K 09 45 e Ak iﬁ/l’g—?}"é*m%% & AE )

_ o AL Mh% B 7 .
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