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1. Artifitial Neural Nets-ANN
2. Pattern Recognition

3. Clustering

4. Modeling

5 Estimation & Identification
6. Forecasting
7. Supervised Learning
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1. Unsupervised Learning
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1. Multi Layer Perceptron (MLP)
2. Back Propagation
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4, Activity Function

5. Weight

6. Input Layer

7. Output Layer

8. Hidden Layer

9. Gradient Descent Algorithm
10. Incremental Mode

11. Batch Mode
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1. Faster Training
2. Heuristic Techniques
3. Numerical Optimization Techniques
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9 | Conjugate Gradient— 11 | 350 2-41 0.1 0.70 6.12
10 | Conjugate Gradient — 11 350 2-4-1 0.1 0.70 6.12
11 | Conjugate Gradient— 11 | 350 2-4-1 0.1 0.70 6.12
12 | Conjugate Gradient - 11 | 350 2-4-1 0.1 0.70 6.12
13 | Conjugate Gradient - 9 350 10-15-1 ; 0.1 0.70 6.31
14 | Conjugate Gradient - 9 350 10-15-1 | 0.1 0.70 6.31
15 | Conjugate Gradient — 8 350 10-12-1 | 0.1 0.70 6.31
16 | Conjugate Gradient - 8 350 10-15-1 | 0.1 0.70 6.31
17_| Conjugate Gradient — 10 350 4-4-1 0.1 0.70 6.31
18 | Conjugate Gradient — 9 350 4-4-1 0.1 0.70 6.31
19 | Conjugate Gradient— 9 350 8-10-1 1038 0.70 6.49
20 | Conjugate Gradient -9 350 4-4-1 0.1 0.70 6.49
21 | Conjugate Gradient - 8 350 8-10-1 0.1 0.80 6.68
22 | Conjugate Gradient — 11 | 350 5-7-1 0.1 0.70 6.68
23 | Conjugate Gradient — 8 350 5-5-1 0.1 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 2-41 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 6.86




" 2l BLAG i (i g8 el Sladsad oy ls AP

385 bl iy a)lse Ol o Wb dyr 5

WoD *urIThHRW

ok i s Loy S0 g s o Conjugate Gradient Back Propagation z,,Siie
Abfjb)adshuw.h) :)b w‘l ‘;7-})? J‘MLJ.AJ g:...f)\.xfj.::‘l: d‘.\.{&.&)b‘.ﬂ.
Cabr soota & 65 S e (usiy
(o kil 3) cad 1% 51 28 o i sl KL

(o Bl 8) Al o b3t by (6 SAST,s & Cus 6% 5pu  SuS1yy 0dd o i e pa 3

093 o= it 350 YFEY sdal s & gulS op g Y- gk

3, u::j,n] w295 yobie slass aSs Jsle s pd R S ERWINY ;.ufl,,.u,a
s st | POgmin | R
1 Conjugate Gradient - 8 350 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 Quasi 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 - 8 400 10-12-1 0.1 0.5 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 0.5 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 24-1 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 24-1 0.1 0.5 23.81
27 Levenberg Marquardt - 14 400 24-1 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 - 7 400 2-4-1 0.1 0.6 23.81
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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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R (%)
Incremental - 1 0
Incremental with Momentum-2 0
Batch -3 2-4-1 9.6 2
Batch with Momentum - 4 2-4-1 9.6 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 - 11 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 2
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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Use with MATLAB. MathWork Inc.
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Neural Nets Training Methods

Categories:

> Incremental Training
1. Learngd (passes , Ir)
2. Learngdm (passes , Ir , mc)

> Batch Training
3. Traingd (epochs, show, goal, 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_inc, Ir_dec, Ir_inc, mc)

= 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, srchFen, scal_tol, alpha, beta, delta, gama,
low_im, up_lim, maxstep, minstep, bmax)
9. Traincgp (epochs, show, goal, time, min_grad,

max fail, srchFcn, 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, srchFen, scal_tol, alpha, beta, delta, gama,
low_im, up_lim, maxstep, minstep, bmax) — srchbac
13. Trainoss (epochs, show, goal, time, min_grad,
max_fail, srchFen, 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_inc, mu_max, mem_reduc)

> Improving Generalization
o Regularization
15. Trainbfg performFen = ‘msereg’ , ratio = 0.5
o Automated Regularization
16. Trainbr

o Early Stopping






