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A Study on Polynomial Neural Networks for Stabilized Deep Networks

Structure
dga-ges o4y

(Pil-Han Jeon -

Eun-Hu Kim - Sung-Kwun Oh)

Abstract - In this study, the design methodology for alleviating the overfitting problem of Polynomial Neural Networks(PNN)
is realized with the aid of two kinds techniques such as L2 regularization and Sum of Squared Coefficients (SSC). The PNN is

widely used as a kind of

mathematical modeling methods such as the identification of linear system by input/output data

and the regression analysis modeling method for prediction problem. PNN is an algorithm that obtains preferred network
structure by generating consecutive layers as well as nodes by using a multivariate polynomial subexpression. It has much

fewer nodes and more flexible adaptability than existing neural network algorithms.

However, such algorithms lead to

overfitting problems due to noise sensitivity as well as excessive trainning while generation of successive network layers. To
alleviate such overfitting problem and also effectively design
introduced. That is we use the two techniques of both SSC(Sum of Squared Coefficients) and L, regularization for consecutive
generation of each layer's nodes as well as each layer in order to construct the deep PNN structure. The technique of L
regularization is used for the minimum coefficient estimation by adding penalty term to cost function. Ly regularization is a
kind of representative methods of reducing the influence of noise by flattening the solution space and also lessening
coefficient size. The technique for the SSC is implemented for the minimization of Sum of Squared Coefficients of polynomial
instead of using the square of errors. In the sequel, the overfitting problem of the deep PNN structure is stabilized by the
proposed method. This study leads to the possibility of deep network structure design as well as big data processing and also
the superiority of the network performance through experiments is shown.
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Table 1 Types of Polynomial Neurons

Type Polynomial Neuron

Type 1 Linear Y= ayt a Xt ax;

Type 2 Quadratic y = ag+ ax;+ Xyt axx;+ axi+ ax}

Type 3| Modified Quadratic Y= ag+ aXpt aX;t axx;

8 3 Polynomial Neural Networks(PNN)Q] F&|7E
Fig. 3 Overall scheme of PNN
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Table 2 Experimental conditions of PNN

Parameters Values
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Number of Inputs [2 3]
PNN Number of selected nodes 30
Polynomial type quadratic
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Table 3 Values of performance index of NOx data without

L, regularization

Without regularization | Without regularization
Layer (Method 1) (Method 2)
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3rd | 1516 | 3342 | 1926 | 2413 | 3.145 | 0512
oamput | atn | 1276 [ 3311 | 1980 | 3037 | 3852 | 0509

5th | 1195 | 3730 | 0.780 | 3.081 | 3594 | 0505
6th | 1115 | 3207 | 1.167 | 267 | 3.750 | 0508
7th | 1.079 | 51421 | 0659 | 2653 | 3717 | 051
1st | 2540 | 4970 | 0223 | 23422 [18823] 0.001
ond | 1.176 | 2596 | 86.733 | 2.584 | 3.324 | 0.857
Qig&%& o | 3rd [ 0859 | 2069 [ 3068 | 1068 | 1834 | 0.356

ath | 0682 | 16301 | 2912 | 1.084 | 1474 | 0367
5th | 0554 |2E+03| 3931 | 0905 | 2209 | 0462

Method 1 : Method based on selection of the best PI, Method 2 : Method
based on selection of minimal SSC
SSC 1 : Value of SSC of the best PI in each layer, SSC 2 :
minimal SSC in each layer

Value of

obstel © UEI TxE 98k ChaAl Asl2Yo| ol

With regularization With regularization

BROST g (Method 1) (Method 2)
of inputs
PI EPI SSC PI EPI SSC
Ist | 4.134 | 4.447 | 0529 | 2353 | 18366 | 0.001
2nd | 2878 | 3.609 |108.24 | 4.737 | 4604 | 0478
9 3rd | 1572 | 3283 | 2915 | 4.796 | 5612 | 0.446
input

Quadratic | 4th | 1.363 | 2.866 | 0.869 | 3.492 | 4.364 | 0.498
5th | 1.261 | 2.847 | 0.625 | 2432 | 3.097 | 0.514
6th | 1.186 | 2.908 | 4.341 | 2073 | 2575 | 0.505
Tth | 1.118 | 2.737 | 1.565 | 1.985 | 2286 | 0.513
Ist | 2562 | 4981 | 0.223 | 23422 | 18.823 | 0.001
2nd | 154 | 2901 | 0415 | 2601 | 3.336 0.85
3rd | 1.017 | 2.364 | 0.387 | 1.067 | 1459 | 0.356
4th | 0.957 | 1.251 | 0.396 | 1.049 1.3 0.357
5th | 0945 | 5145 | 036 | 0972 | 11.76 | 0.483

3input
Quadratic
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Fig. 6 Values of performance index of NOx data without L2 regularization

B 5 UE HUdie Hs v
Table 5 Comparison of performance of the proposed model
with other models

E 6 L, regularizationg HE5HA F
A4=9] gt
Table 6 Values of performance index of MPG data without

MPG HIOlH Hs

L, regularization

Model PI EPI

Regression Model[13] 16.862 19.684 Without regularization | Without regularization

FNNDS] 3.725 5.291 Oll\clul?llgsgs Layer (Method 1) (Method 2)
RBFNN [13] 0.703 3717 Pl EP[ | SSC Pl EPT | SSC
RBFNN Using K-means clustering 1.004 3.603 Ist | 3.038 | 2.845 | 0.001 | 3.038 | 2.845 | 0.001
Without Method 1 | 03859 2.069 ond | 2.801 | 2838 | 9.259 | 4.162 | 4114 | 0631
Proposed regularization Method 2 1.084 1474 3rd | 2655 | 3012 | 6748 | 3785 | 3621 | 0532

PNN With Method 1 0.957 1.251 Z2input

regularJi[zation Method 2 1.049 1.300 Quadliatic Ath | 2573 | 2876 | 8745 | 2919 | 2807 | 0.533
5th | 2499 | 7953 | 0960 | 3.00 | 3.059 | 0.494
6th | 2439 | 18.29 | 1801 | 2989 | 3.167 | 0.504
4.2.2 Automobile Miles per Gallon(MPG)H|O]H 7th | 2369 | 257021 6778 | 2958 | 3051 | 0683
AotEl mElo] Ay HrlE 9EIA AA"E mg 'z Al Ist | 2.866 | 2.737 | 0.665 | 2.986 | 2.91 | 0.004
‘%E]‘E H]/ﬂ% EHO]E{ Automobile Miles per Gallon(MPG)ZS /{]_ Sinput 2nd | 2546 | 3.032 | 6753 | 2.754 | 2637 | 0.338
83t (ftp://ics.uciedu/pub/machine - learning — databsed/ Quadratic 3rd | 2379 | 6919 | 2282 | 2746 | 2774 | 0357
auto-mpe) [11]. MPG HIOJE= xizko] 198t AHo| st 7| 4th | 2244 | 60.11 | 6457 | 2695 | 2625 | 0373
Z 82( Gallon)o] VBT Ao| =3t AT (Miles) HAS 2 5th | 2121 |2E+04 | 3371 | 2644 | 2756 | 1.029
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Fig. 7 Values of performance index of NOx data with L2 regularization

=Ch MPGE 392719 Q&9 role Ag 7KW, 199 -1&8¢
o FAL Q). YHWHSE cylinders, displacement, horse
power, weight, acceleration, model year, origin®@&Z TA%|0]
Qlom, EHHsE 9 Eo gallony FAAT|ZF HLE A
4ol HIE QI5to] MPG HIOIHE 5HI0lE (60%)2t HIAE
HOIE|40%)E HIOIHE FAQIZ WHeo] Ad83tt Asiles
RMSEE ARESIYAl THE HEEMO] Hudse 3 8o LIERH
ACH

H 62 L, regularizationg ZEGIK] ZUS A0 W 13}
2014191 PNN dsg HOFA Atk I 104= 28
6304 EPIV} 1829220111 39l mol= 4Z0lA 60.111%
27t P19 dsAbzt e AlstAl "HolRl= overfittingd]
A SIRATE H 20lA= 290HY wiet siEY m PIQF EPIO]
A A9 glRlal, EPI9 A5k mie ol Ze & += A

72 "W 13} 20 Ly regularizationS A &350 PNNOJ
€ Hlal ST 2d=lolA B9 13} 201A9] PI9F EPIO] A}
O17F A9l glol AAEQlon, W 19] 65049 EPI7L 26767
2 L, regularizationg HETOZH J50] Hol] JHAEHE &ol
ST} 3YEoAE Wl 19 Hs0] 15 o|F MATA &al 45
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Astrt Wl 2004 =

E§ 7L, regularizationS

Q]

Pt

A 25}

L ST

Sth

gs0] 7

(Esh=ley

MPG HIOlE] A2 &

Table 7 Values of performance index of MPG data with L

regularization
Numb With regularization With regularization
f“,m €T Tayer (Method 1) (Method 2)
of inputs Pl | EPI | SSC | PI | EPI | SSC
st | 3039 | 2.845 | 0.001 | 3039 | 2.845 | 0.001
ond | 2984 | 3103 | 1351 | 4.343 | 4347 | 0526
yoog |2 | 2685 [ 2782 | 1675 | 4226 [ 3815 [ 0531
Ut 2618 | 2741 | 0996 | 4226 | 3867 | 0501
Quadratic
5th | 2561 | 2729 | 0.633 | 2991 | 2983 | 0503
6th | 2518 | 2.676 | 0516 | 2951 | 293 | 0509
Tth | 2514 | 3.038 | 0.691 | 2.949 | 2929 | 0509
Ist | 2871 | 2743 | 0.665 | 2.986 | 2918 | 0.004
y ond | 2.649 | 2.962 | 8544 | 3.11 | 3323 | 0.376
Ut e [ 2473 | 2.984 | 1.979 | 2661 | 2659 | 0370
Quadratic
4th | 2352 |6.0333 | 1.142 | 2578 | 2821 | 0413
5th | 2266 | 27.24 | 2.073 | 2588 | 2735 | 0423
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Table 8 Comparison of performance of the proposed model
with other models

Model PI EPI

Regression Model[13] 3.202 3.485
RBFNN [13] 2233 | 2.342

RBFNN Using K-means clustering 2.32 2.924
Without Method 1 2.866 2,137

Proposed regularization Method 2 | 2695 | 2625

PNN With Method 1 | 2518 | 2676
regularization Method 2 2651 | 2659

=z 9 TIE rulglilo] ds "ol
Table 9 Comparison of performance of the proposed model
with other models

Model PI EPI

Regression Model[13] 4,741 3.956
RBFNN [13] 3.117 3.995

RBFNN Using K-means clustering 3.083 4.127

Method 1 3.787 3.927
Method 2 3.438 3.850
Method 1 4.156 4.266

PNN With regularization o
Method 2 3.327 3.439

Without
regularization

Propose
d

4.2.3 Boston Housing Data(BHD)

O] HolE= HAE A9 BEito] FHeL #elo] )lon, 13
dE-188ox FHE & 506719 YEHEoH HOFE o]Fo
A QACh.(ftp://ftp.ics.uci.edu/pub/machine — learningdatabases/
housing/housing.data)[12]. QM= Bt d8kg nix=
QRIEZ O|FOA o, E8lHes B4 Hut4Eg L
ERCE, Alotel HEol BIIE 9I5H0] boston housing EIOIHE
SIEH0IH (60%)8 HBHOoIHM@0%Z HESHA We3lal, Hs
Ag= Al(12)1} Z0] RMSEE AMESIYA T ZEHI] H
WEEE F 90 LIERAGICE

54 &

B =FojAE 7]E PNN9 overfitting EAIE 71A5H7] €15}
o] Nze dHE RAG, Ly regularizationg &E310] 7jA
¥l PNNE A|QH5to] Deep UIEHATR 7Fsde AMAIGHRITH
4 et ndgA 2AF S84 o
HRO] MEd kAl Xb=ob i
ol ost REFHAS] BHd, 2t VEQA 71X ARy

S| S| E510] FOT AlAE EMo] Y=
TR FgsEe SR Y 1R E AP Qlrt ST
Z0] E7ghol wet Yt tsdAas 24 2 Q18 1
g Eot Elet] wiRol olE aidsh] Qo] w9 A9
AFES 29 HIM ARSIl Ly regularizationg & E5H0]

rr
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AXAZ1 A} 6FGCE s B7E 98] Machine Learning TJO]
B¢l Nox, MPG, BHD HIOJEIE OI&3StAiLt. OlE 7|ES PNN
I AQHEl PNNE HuetRal, Ao AEge AlSshe H
b Ly regularizationg FESIUe wf WA @0 =30
T Ag Fog 5= At dFo2 A9 AMF HSum of
Squared Coefficients : SSC)71® @ L,-norm regularization 7]
WOl Tele S Ao BP9 PNN2  7|ES] PNNY
overfitting AIE EWFCE NI 4 AS ¥ ohle}, HF
ZE Sot Hgol" AzZlo] ggX¢ ATl 7tsdg AAGIT
TS OE HUds ds& Hlustod 5 #& PNN9 g50] 7
£9] PNN¥DH ofLgt o zaddHo] Hlisl dsE 459
HERF #%28 448 & Asg HArh
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