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2. Pattern Recognition

3. Clustering

4. Modeling

5 Estimation & Identification
6. Forecasting

7. Supervised Learning



\A Ol gt (salacill (sla yins g doliliad

nb_‘.ﬂd}.:vdaa.)‘.)ui_jyi‘iji&wotﬁq&?ﬁqﬁéir\uhn|J.«..h ._):‘J'J"‘IJJ .Jn...Z-Ls “..Lau
U:_,..fadaj'lak}j_,,:lnﬂwjﬁﬂ&}wtgn‘ﬁLAJJ)‘J‘LB s))'b)lﬁﬁ‘r.ludsw\gjw'l{
JJ.J_ZSJ_nﬁcQ.wlaJJ_JL’JJJATASJ'IJJq&ﬁﬁ&kdud)‘jbéjkﬁﬁa)y)a@h\.’.ﬁ):
e AL 2 Ly 65,8 a5 e GG et s gl o glial Oy Wad gl 3 500 e
&S ol T 51 s &I;;Jl'LgLGJJ ok

.;)Tu‘-.J_L,‘.;SJ;m,.:.,.l.m;omglﬁaﬂ;w&:ﬂ\)myzﬁuj,_,:c;pﬂ}'jhww&,,;
Jﬁ)bﬁi))‘f&ﬁ))}dﬁ}nJJﬁanwJJ‘}GJ?'-J.:))G.UJHSL&JSG;QM At}
JJL....AL....vJ)_,_‘»-J.rJJk;‘_:.;_’)JJL‘J-LwQMﬂM&J&QLﬂJHJL&:‘)J;&Sd‘L}ML;.!_yll.'
G i o 0 9 o sl i K o L peeme 402 S0 00l lize 5 St il
el

O 5 et 4 (55l Olsn oo HUE S 25 gl e 53 55 Ceaige y Jl 3 45 6 S 0Lea
it 3o S 5l sl ol sl e Sl il o 50 4 el ST it B2 S o
gz 8l e b 0T 5 gl

s sy Uls b8y Gensd (gl e Gl bl 4 3l 1S G Sl e e 12 SO
JL;_M..!LL&L_HC._.."-nwna\ajjyiyﬁwﬁhﬁuﬁﬁh_gQM&DGF&AB@E{&_}}J

1. Unsupervised Learning
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10. Incremental Mode
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1. Faster Training
2. Heuristic Techniques
3. Numerical Optimization Techniques
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23 | Conjugate Gradient — 8 350 5-5-1 01 0.70 6.68
24 | Conjugate Gradient—11 | 350 5-7-1 0.1 0.70 6.68
25 | Conjugate Gradient - 8 350 8-10-1 0.1 0.80 6.68
26 | Conjugate Gradient — 8 350 5-8-1 0.1 0.80 6.68
27 | Conjugate Gradient—11 | 350 2-4-1 0.1 0.70 6.86
28 [ Quasi Newton - 13 350 2-4-1 0.1 0.70 6.86
29 | Quasi Newton —13 350 2-4-1 0.1 0.70 6.86
30 | Conjugate Gradient - 8 350 8-10-1 0.1 0.80 5.86
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i Conjugate Gradient - § 350 10-12-1 0.1 0,7 22.62
2 Conjugate Gradient ~ 9 400 10-15-1 0.1 0.5 22.62
3 Quasi Newton - 13 400 10-15-1 0.1 0.5 22.62
4 Cuasi Newton - 13 350 5-8-1 0.1 0.8 22,62
5 Quasi Newton — 13 350 5-8-1 0.1 0.8 22.62
6 Conjugate Gradient - 8 400 10-12-1 0.1 0.5 23.81
7 Conjugate Gradient - 8 40 10-12-1 0.1 (.5 23.81
8 Conjugate Gradient - 9 400 10-12-1 0.1 0.5 23.81
9 Conjugate Gradient - 9 400 10-12-1 0.1 0.5 23.81
10 Conjugate Gradient - 10 400 10-12-1 0.1 0.5 23.81
11 Conjugate Gradient - 11 400 10-12-1 0.1 0.5 23.81
12 Conjugate Gradient - 12 400 10-12-1 0.1 0.5 23.81
13 Quasi Newton - 13 400 10-12-1 0.1 .5 23.81
14 Resilient - 7 400 10-12-1 0.1 0.5 23.81
15 Conjugate Gradient - 8 400 10-15-1 0.1 0.5 23.81
16 Conjugate Gradient - 10 400 10-15-1 0.1 0.5 23.81
17 Conjugate Gradient - 11 400 10-15-1 0.1 0.5 23.81
18 Quasi Newton - 12 400 10-15-1 0.1 0.5 23.81
19 Conjugate Gradient - 9 350 10-15-1 0.1 0.8 23.81
20 Resilient - 7 400 10-15-1 0.1 0.5 23.81
21 Conjugate Gradient - 8 400 2-4-1 0.1 0.6 23.81
22 Conjugate Gradient - 9 400 2-4-1 0.1 0.5 23.81
23 Conjugate Gradient - 10 400 2-4-1 0.1 0.6 23.81
24 Conjugate Gradient - 11 400 2-4-1 0.1 0.6 23.81
25 Quasi Newton - 12 400 24-1 0.1 0.6 23.81
26 Quasi Newton - 13 400 2-4-1 0.1 0.5 23.81
27 Levenberg Marquardt - 14 400 2-4-1 0.1 0.5 23.81
28 Levenberg Marquardt - 14 400 2-4-1 0.1 0.6 23.81
29 Conjugate Gradient - 10 350 2-4-1 0.1 0.8 23.81
30 Resilient - ¥ 400 2-4-1 0.1 0.6 23.81




AY Ol gl (s alacaiBh (gLt 40t g2 dolibind

Sy Bl o5 s 0ye (7) Jadar I

il 5 i Lags ) S0 153 e 52 Conjugate Gradient Back Propagation oz, S e

\D a.\.hl.:-‘_ﬂu..%‘_;_)l.éb)ub \U:_-_’J,&-‘_;UAJJAJ 82y 3 ‘-'jlu:.ﬂ‘ssj‘)_,,jl.hd}nﬁ 8 ey .
Lophien o G 0500 S0 M Gpni

g Sl i) ol doys G )1 S Lo e sl 5500 @

N FRPRCHTE ([ PEP-JORRL N IL JUPVRCINIE IS § BFPR ESR S { U RN A P R EPS I

Loyt bl 3

pae = i e Yo 3l sukal c..u.\ﬂa_c_n'uag_fﬁ "—JJ-\#

iy u::.)'_,ﬂ ‘.:f_J,{l'f 3ldad ™ N gles oy A
role S S5k o | oSSl
iyl P (%) R (%)

1 Conjugate Gradient — 11 350 4-4-1 0.1 0.60 5.94

2 Conjugate Gradient — 10 350 4-4-1 0.1 0.80 7.42
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Incremental -1 0
Incremental with Momentum-2 0
Batch —3 2-4-1 9.6 2
Batch with Momentum - 4 2-4-1 2.6 2
Variable Learning Rate - 5 0
Variable Learning Rate - 6 0
Resilient — 7 5-8-1, 8-10-1 9 15
Conjugate Gradient — 8 10-12-1, 10-15-1 8 34
Conjugate Gradient — 9 10-15-1, 4-4-1 8 30
Conjugate Gradient — 10 4-4-1, 5-8-1 7 35
Conjugate Gradient — 1t 4-4-1,2-4.1 7 48
Quasi Newton ~ 12 5-8-1,10-12-1 8 20
Quasi Newton — 13 2-4-1, 8-10-1 8 28
Levenberg Marquardt - 14 2-4-1 8

Regularization - 15 0
Auto Regularization - 16 2-4-1 8 44
Early Stopping - 17 8-10-1, 10-15-1 8 15
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Neural Nets Training Methods

Categories:

> Incremental Training
I. Learngd {passes , Ir)
2. Learngdm {passes , Ir, mc)

) 2 Batch Training
3. Traingd (epochs, show, poal, time, min_grad, max_fail, Ir)
4. Traingdm (epochs, show, goal, time, min_grad, max_fail, Ir, mc,

max_perf inc)
> Faster Training

o Heuristic Techniques
® Variable Learning Rate
5. Traingda (epochs, show, goal, time, min_grad, max_fail, Ir,
max_perf inc, Ir_dec, Ir_inc)
6. Traingdx (epochs, show, goal, time, min_grad, max_fail, Ir,
max_perf_ing, Ir_dec, Ir_ine, me)

» Resilient Backpropagation (Rprop)
7. Trainrp (epochs, show, goal, time, min_grad, max_fail,
delt_inc, delt_dec, delta0, deltamax)

o_Numerical Optimization Techniques
= Conjugate Gradient
8. Traincgf (epochs, show, goal, time, min_grad,
max_fail, srchFcn, scal tol, alpha, beta, delta, gamna,
low_im, up_lim, maxstep, minstep, bmax)
9. Traincgp (epochs, show, goal, time, min_grad,
max_fail, srchFen, scal tol, alpha, beta, delta, gama,
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low_im, up_lim, maxstep, minstep, bmax)

10. Traincgb (epochs, show, goal, time, min_grad,
max_fail, srchFen, scal_tol, alpha, beta, delta, gama,
low_im, up_lim, maxstep, minstep, bmax)

11. Trainscg (epochs, show, goal, time, min_grad,
max_fail, sigma, lambda)

= Quasi-Newton
12. Trainbfg (epochs, show, goal, time, min_grad,
max_fail, srchFcn, scal_tol, alpha, beta, delta, gama,
low_im, up_lim, maxstep, minstep, bmax) — srchbac
13. Trainoss (epochs, show, goal, time, min_grad,
max_fail, srchFcn, scal_tol, alpha, beta, delta, gama,
low_im, up_lim, maxstep, minstep, bmax) — srchbac

* Levenberg-Marquardt
14, Trainlm (epochs, show, goal, time, min_grad,
max_fail, mu, mu_dec, mu_in¢, mu_max, mem_reduc)

» Improving Generalization

o Regularization
15. Trainbfg performFen = ‘msereg’ , ratio = 0.5

o Automated Regularization
16. Trainbr

o Early Stopping




