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1. Artifitial Neural Nets-ANN
2. Pattern Recognition

3. Clustering

4. Modeling
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1. Faster Training
2. Heuristic Techniques
3. Numerical Optimization Techniques
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Incremental Training 2-4-1 0.1 300 Train Jal i
Without Momentum 4-4-1 0.2 200 Test
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Batch Training 8-8-1 150 Test
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15-15-1 100 Test
Faster Training 15-20-1
Heuristic Techniques 20-30-1 el S
Variable Learning Rate
Resilient Backpropagation 4-4-4
(Rprop) 4-8-4
8-10-4
Numerical Optimization 10-15-10
Techniques 20-30-10
Conjugate Gradient
Quasi-Newton
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Improving Generalization
Regularization
Automated Regularization
Early Stopping
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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 2-4-1 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 6.86
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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 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 2-4-1 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 — 7 400 2-4-1 0.1 0.6 23.81
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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 10-15-154-4-1 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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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)
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o  Numerical Optimization Techniques

Conjugate Gradient

8.

10.

11.

Traincgf (epochs,
show, goal, time,
min_grad,
max_fail, srchFcn,
scal_tol, alpha,
beta, delta, gama,
low_im, up lim,
maxstep, minstep,
bmax)

Traincgp (epochs,
show, goal, time,

min_grad;
max_fail, srchFcn,
scal_tol, alpha,

beta, delta, gama,
low im, up_ lim,
maxstep, minstep,
bmax)

Traincgb (epochs,
show, goal, time,

min_grad,
max_fail, srchFcn,
scal_tol, alpha,

beta, delta, gama,
low_im, up_ lim,
maxstep, minstep,
bmax)

Trainscg

(epochs,

show, goal, time,
min_grad,
max_fail,  sigma,
lambda)

Quasi-Newton

12.

Trainbfg (epochs,
show, goal, time,
min_grad,
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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, srchFcn,
scal_tol, alpha,
beta, delta, gama,
low_im, up_lim,
maxstep, < minstep,

bmax) — srchbac

=  Levenberg-Marquardt
14. Trainlm (epochs,
show, goal, time,

mingrad,
max_fail, mu,
mu dec, mu inc,
mu_max,
mem_reduc)
> Improving Generalization
o Regularization
15. Trainbfg
performFc
n = ‘msereg’ ,
ratio = 0.5
o Automated Regularization
16. Trainbr

o Early Stopping




