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Abstract

With the expansion and success of convolutional networks, the topic of deep learning has attracted
increasing attention in recent years; Since convolutional networks include many layers, optimal learning
of network layers is of great importance. In this paper, a new model, called the 4-stream model, is
presented with the aim of helping to linearize the data space using representational dissimilarity
transformation, and the effects of this transformation on standard classifications for artificial data and
Cifar10 images are investigated. Then, two models based on data preprocessing with dissimilarity
transform representation and Sobel and Edge Detector filters are analyzed. The 4-stream model
increased the accuracy by 3.2% due to the increase in the number of model parameters, and hence the
capacity of the network. Besides, adding the dissimilarity representation wherever the classifier cannot
perform a high-resolution classification by merely using the main features, can help to increase the
discriminability of classes by adding linear features.
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Figure (7): Convolutional neural network training for better generation of dissimilarity vectors [5]

0 hlpd ceae Gl ool aiss aS pl gy b e Slasle sl Jow oleil calls oo Jrvl &0y
WS oo G |y oledih awain by o ccodlad (Lo oSl paiins  Smin sl 098 o Sinlesl Wisled oo Saie |
L alio,e b alie Gt slocadlad slogSl 458> a5 040 oo iy oleiih alis poe s le lawgy a5 j5bjlen

A g e B oy )l
Ol el Al zalS alis pas gadge a4 sole drsl> Az gi (Baas (5Tl LRedx slold iy gy 0 AT ol
bS5 50 b cnl ciog 4395 y00 SewdlS slobg, o B a5 |, alis poe 5 e b by, i1 3y dad allie
Sotr 50 pledl wlis pac a5 Conl ge I gwyp g Sl (Baw 0 Ojle 4y aes 18 Lo 0550 Bres (5500
pas G 40 oo pll sla imgh g o e SYVEe yg,0 5 .aiS Ll Wilgs so 098l jeboas ] LS 0 b g Gues (5,50l
Gaos (530l LS o Wilgh co a5 ST g alis pue Eon AddS Jlo iz )0 aS Sy Gagez ol 4 Glg s alis
oS Hl SVl plos 4y Sl Corn ol 5o 00l Ol OVl slaws .l oaile j90 az i gilS 5l WS gl bjlo 4
i (6Me VeV L8 sl Lo Jay,al"wggw‘wb £y geog90 (pl A caadd jgbayaS Yl 500
Sloanaib sen p ol 5b ogou g Lad gl as 50 alas pac slad o ails ded g 3.8 ) p alis 03Kl 9,001 5]
‘\‘\"W CA})O )cYCjJ OOLM:}.:.} ¢ L;i}'w O.i).‘lil\)}.s —K ‘Ol—?—t—;&aﬂ) )‘&).‘1 WLA sf\w &W;) 4.1.0? )" k.é.l.’».?’bo
Sl S plasoms g el eoliinl (Koluwor 02005 -K g bttty oy il sloonaie b oty Y o
solinl K50 Bas .aiogs 00ls )18 yg03l 0,50 00 S jebay alid soe slad |y pgad i | slacols La5,a_> osls
S a8 sl iegh 5ST s el Baes 6 Fob 4SS sl olo s Gleie 4 alis pae glad clSS )
COS el 0als oolainl Baas cmac slaaSiil 5l aS Sl ojlae jo b g oouid colaiwl alis pas slad (o Gaes (5 ,50L
O e 9 00,5 oo gliminl (S Lay jllal a5 gemu 4y g o 43 )T (13 ac aSl | aw allis poc slad
wsmas a8l 5l 8 ks s leie 4 alis pae slad clil wloads clilS ol il alis pas s yile Lawgi b T
Gleasiil g 4 Sl pl g ail 0uisS SS aas omas sloaSll gl ools slad gilu s ploul b Wilgs o Gres
SO sras 4l 5 CVT) 7 gliy sladows b (309lS orae sloaSlds 1ol pgad (il a8,80 5 o
olin Joe g0 Coamd [0 el 7,8 ol s dlol jo alie [lislu 10,5 walgs S8 (RDenseCNN) Wousle b o510
G5 (rl 6 S At (Ol 5o g wd dales sy az e Joe 90 b dnalie 5 (2151 5B @ pow S )3 098 o0 Lo

D daleS o p plez Cwend

"ok sk @okeuiay Joo -Y
slad o aSul sla lbaiges ] jo a5 conl sols ol 5l o oledsb alis poe o pile s o lil a5 joblen

WS oo o ioles gz o glal b alold 51 6,10 0 & g0 il iuled 09> Lol sla S5

M



V-YANTF Lo/ SO g coads o)l o3l Jlu /50 Caro ;0 diadign slo by, a4 i3

robas 3l lacgere b laalold 5l sl p ©jygots o 0ols iuled JuSy (sLaS )0 oSl sl pgad So e Gloie &
5 ol alols ) Gaae o 4il,) Jom ;5 05 (6,503l cilizeo (sl b, b Wlsi e dlold Jloxe b o inles 2 5o

el o0 olitul  Siran alols 1 53 )50 4o
Cym e 1o, 90 alold D(Xs | Xt) g N L1810 S Xt g Xs 45 sdel (V) Jgaz ;0 calold sl lre (3 585 20 51 ]
Lad (siluihas 4 Glioe lap)] Al a8 0ls esite (gloo )5 s pas (aled ogd el 1oy 00lgil 5 5 (eSike
leisb alis pae o slo ol Jval &= o 50 Al g0 4 adlS s Wl Jas AyAl & s oaab g gl y
Jsil ogoss (A) UK 0,8 o)Ll V] gz jo o cliily; 5 (St sloo )5 (sl o] anslin 5 o (sloJUSms 53, 5|
ol (oS Vo JoblS” ad iy Slidon duwge) O ¢ - jlicw Canlins ams oo plis |, Talis sae (g)l0 5 (slad 4 guas
p% & siloleyi jlam o5 Sgods pslai LSy Gtalojl j2 (6l (IS b o ol PYXYYXY 5500 L pygai #ee e
P godyalispac gyloy slad asamyo Ve L alols auls b S50 jb g 09 o 00ls aipaide a0 VXYL VY Jls ) SO

Dgi oo Jlosl caias b ay VXY o el S

00 0310 jaue yyglal AXY VY Jls b & gods loads ools IS s Lol pglal sl oo [l 518 aix 50 eas &3] Jow
)‘ 03l oo‘o)}.& Su—olew ),{jLGS 0L MA,,;L..;—OL:.M )JBL\GJ ‘M‘Jg}u )..L.B )‘ IR oolo)s.}:. )g.jL.aS ‘MA.{J )L..J)LKMT ).,J...S )‘
Slas 1y sl 5l eolaws ol lyzl ogos (A) IS . bgms 72l 51 ool ooldjgue dnbwolw polas ad lu Sl L3
SiglgilS srac sloasil o3 yii9el i 5l A Ve liw canlns Sl pgas o ol (b e Jaw o IREX PN
el o 00lo [YA] x50 50 0ailesdl o510 iyl ilS coae a9 [VA] a0 10 VY Slis sloJos b

e 45 5 Sl Vo (S 5 ¥ PPV (olls (s o il Sy iy sloes b idgl5lS srae slaases
GY o el SbgdglS AV YT L Y. AP Jols Soly o aS oo aisle Sl T LY Jlg 5l oailendl o510 iiglgilS
5 5ol @ )a8 (ualdl jsliiedr el ond JSES (goam ¥ (p35J5il5 50 olyem 4 Mgl anis gile Sl 5 5l Sdglgils
02ileBl 151 e g lS cae Al ol 48,5 )18 laay Y aled o PMouilensl SYLasl (Lol 5 goee sauay 5l (55 gl
sl slass do a4 ¢ olon sl Joo b dglgilS crac (sloaSiils 9 VOQL6 wile ygai 55l sboaSiols plo Cond 4y
FB weiigr slaals ale 3w sl lidlacrn [0 0gd oo Cel iiaS Sloj (Sawzma bl )l 65 0mb cds S
b eolazul

5 ol G o b igdgils mac sloaSis Y wix g p daib 4 Slasie (V) 5 O 0) sl S 5o
emas a0 S LEle (V) s (V) o IS 10 5 obn o Joe b igdgils cnae (sloaSiil ouls oolawl a0l Juw
ol ol dslol jo ouilendl oSTyie iglgilS cuac aSih 0ol eolatul 4l Jaw 5 oailedl o1 iiglgils

Table (2): The most famous distance criteria
alold sl ylro (2 i Bg o :(Y) Jguer

abl alold
n
Dﬂ/ZXsJ ~xg)? smildl alols
=1
n
D=Z|ij’xtj| MLg).@(.i} lea alols
=L
D = max j{Xsj — Xyj} ¥ s> alols
zxijtj

=L

NG . 2
P o LSM’M 4.144[5
2 XsiXsj [ 2 XX
= =

(Xs —Xs)(X¢ =Xp)’

D=1- . a
J0% R (% XV (%~ X% %) (oo alols

D=1-

QY]



TP 1 CIU AP L CONNPURUNIN A T COWIIY ) PSRV VOV UE N PL- P KA PRVESE IV S P P U OO R M

Prototype
)
[ \
doer P ros bose  mip ek
3
EoaiXDF
. =) | 95.2 | 69.2 | 60.5 | 61.6 I 63.4 I 56.5 | 731 | 67.6 | 74.1 I 68.3 |
T L
1 ]
Y
Image in
pixel space Image in Dissimilarity Space

ol rglai g 22y yglai alold (M) i
Figure (8): The distance between prototype images and original images
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Figure (9): How to implement the process of a number of phases
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Figure (10): Multi-layer perceptron structure for classification [28]
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Figure (11): The base model of CVT used [28]
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Figure (12): General structure of the RDenseCNN network [29]
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Figure (13): RDenseCNN base model [29]
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Figure (14): Block diagram of 4-stream model for CVT
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Figure (15): Block diagram of 4-stream model for RDenseCNN
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Figure (16): Linear separable, non-linear separable and non-separable data, a) Linear separable, b) non-linear separable, c) non-separable
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Figure (17): RDM resulting from Cifar10 images and the amount of dispersion of the models, a) RDM resulting from Cifar10 images, b)
Amount of dispersion of the models
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Figure (18): Production of 1000 points in two-dimensional space
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Figure (19): Performance of classifiers before dissimilarity vector space
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Figure (20): selected prototype of points with blue and red and the position of the points in the new space
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Figure (21): Implementation of standard classifications on new points
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Figure (22): Performance of classifiers before and after dissimilarity vector space
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Table (3): Accuracy of different classifications before mapping to dissimilarity vector space
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Table (4): Accuracy of different classifications before mapping to dissimilarity vector space
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Figure (23): Examples of cifarl0 images and applied filters
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Figure (24): 10 prototypes selected from the deer class, separated by each filter
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Figure (25): The level of accuracy in different classifications, a) RDM with euclidean method and 10 prototypes, b) Color image by passing
the Sobel filter and applying the RDM with 10 prototypes, c) color image by passing the edge detector and applying a RDM with 10
prototypes, d) The RDM by euclidean method with 100 prototypes
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Figure (26): Accuracy level of linear svc classifier in different modes
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Figure (27): The accuracy of logistic regression classifier implementation in different modes
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Figure (28): The accuracy of KNN classifier implementation in different modes
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Figure (29): Accuracy of Random Forest classifier in different modes
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Figure (30): Accuracy of GradientBoost classifier in different modes

Table (5): The accuracy obtained after training the MLP layer of the CVT base model
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Table (6): The accuracy obtained after training the MLP layer on Cifar10 data of the CVT-13 4Stream model
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Figure (31): Accuracy of DecisionTree classifier execution in different modes
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Figure (32): The process of training the basic model of CVT, a) Training and validation accuracy, b) Training and validation loss
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Figure (33): The process of training the model of CVT-13 4Stream, a) Training and validation accuracy, b) Training and validation loss

Y)



V-YANTF Lo/ SO g coads o)l o3l Jlu /50 Caro ;0 diadign slo by, a4 i3

Sl YU (Sauzen b g Y FPY (s (s 2 anail o olio laore b (tiglgils orae sloasls o5 Lxl |
&S Hebylen 1) 0,00 0a2g Al 093 )0 Lo WS gy S jlae 4 laools (il s 5 (S glel Slles
Saiel a5 358 s 003k 4z BB Sgge 4 2 5930 0 LS Al pae alaiil oS ALSl il ala>de SIS sla i

by s 2 glosls (gilulaz 51 Il g 00gy (as asly
Jloil oo 9 slasi ali8l L g 098 Sgns a2 pomie Col (Seen (Sl i wax Gla Sy (0 S8l (&j0 0l 2 )0
) S5aSe LS 5o (TF) IS8 5 (V) Joozr bzl 9 b Joo 90y amlie sl oo (205 (3510 (A €685

louds

oilasdl 05T yio b gIgilS mas ASud A1l ALAT e b B3I 2oy 2 (Rim0 a6 7SOl o ~Y—F
Vel slaosls b asies JS g oo (s 5lwooly YAl x> po gllae oailasl o5 e (g ilS coae a8 sl Joo o
Do oo Hlis Vel (65, (gl 0,90 VY lam |y Joe cBs (YD) JSi 5 (M) Jgaz el o0sd (390! yao

@ (YF) IS 5 () Jgoz 50 Jow Lijeel 5l ol Cawdds zulis .o ool o590l 0,50 VF 50 0 Vo=l (g9, S0 JS
ol arils cds ili8l oo, o YIY s 4 b o= lea Jow aS aeo oo lis Juwe 90 duslie .l 750 oyl

o)l plyr—lez Jue 5o ad byl T a5 o glo ol olaw (528, Vb 4y Gl oo b Gl cle ol yo
s bl HYb (60 SIS (Lol sl Sy b wiles anasls a5 ol> jo alis sae oleisl o5 a8lal a5 0,5
5 ol gl Jos yige awslie glyp 0 SIS b W 6l SIS 4 as slo Shg 0,548lal b sog0> b Wilgs oo
Wl oad gy SGuSG JLS 5o (FV) JS25 (V1) Jgor ol

Table (7): The accuracy obtained after training the MLP layer of the CVT base model and CVT-13 4Stream
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Figure (34): The process of teaching the basic model of CVT and CVT-13 4Stream, a) Training and validation accuracy, b) Training and
validation loss

Table (8): Accuracy obtained after 17 training epochs on Cifar10 data of RDenseCNN base model
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Figure (35): The process of training the basic model of RDenseCNN, a) Training and validation accuracy, b) Training and validation loss

Table (9): Accuracy obtained after 14 training courses on Cifar10 data of RDenseCNN 4-stream model
— k2 0wilodl 5Ty (SlglgilS cmas ALl Joo Vo jlaew gdosls (g9, u’:;},ﬂ 0593 1F 31 s oul Cewods wBa:(d) Jguo

ok
<IN PY /AT <JAY ) Ol ke oxiledl (ST e dgeilS ceac 4SS o
Training and Validation loss Training and Validation accuracy
= ftrain 0.90 = frain
12 val val
\ 0.85
10 0.80
)
0.75
w vk} g
= g 070
m
0.6 065 _
0.4 060
0.55
02 . . . . i . i : . . . . . . .
o 2 4 6 8 w12 14 0 2 4 3 g8 1 1 1
epoch epoch
kel s Geel 0l (9) o lizel s (g0l 3o ()

Ol )k suilegdl oFT ke (Sbglgils (orac aSiel Juo (Agel Wl i(FF) S
Figure (36): The process of training the model of RDenseCNN 4-stream, a) Training and validation accuracy, b) Training and validation loss

Table (10): The accuracy obtained after 17 training epochs of the basic model of RDenseCNN and RDenseCNN 4-stream
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Figure (37): The process of teaching the basic model of RDenseCNN and RDenseCNN 4-stream, a) Training and validation accuracy, b)
Training and validation loss
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