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Backprop Variations

• Heuristic Modifications
– Momentum
– Variable Learning Rate
– Quickprop

• Classical Optimization
– Conjugate Gradient
– Newton’s Method
– Levenberg-Marquardt Method
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Common Theme

• Gradient Descent, as used in ordinary backpropagation,
will find a minimum, but it can be very slow, especially for
problems with a large number of weights.

• These techniques try to speed up the gradient descent
algorithm.
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Error Surface Example

Network Architecture

w1 1,
1 10= w2 1,

1 10= b1
1 5–= b2

1 5=

w1 1,
2 1= w1 2,

2 1= b2 1–=

Nominal Function

Parameter Values
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MSE vs. w1
1,1 and w2

1,1

w1
1,1w2

1,1

w1
1,1

w2
1,1
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Squared Error vs. w1
1,1 and b1

1

w1
1,1

b1
1

b1
1w1

1,1
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Squared Error vs. b1
1 and b1

2

b1
1

b2
1

b2
1b1

1
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Backpropagation Convergence Example

w1
1,1

w2
1,1

start B

start A

local min

global min
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Learning Rate Too Large

w1
1,1

w2
1,1

start B

wide oscillations (“rattling”)
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Momentum Backpropagation

!Wm k( ) "sm am 1–
( )

T
–=

!bm k( ) "sm–=

!Wm k( ) "!Wm k 1–( ) 1 "–( )#sm am 1–
( )

T
–=

!bm k( ) "!bm k 1–( ) 1 "–( )#sm–=

Steepest Descent Backpropagation
(SDBP)

Momentum Backpropagation
(MOBP)

w1
1,1

w2
1,1

! 0.8=

γ = Momentum
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Variable Learning Rate (VLBP)

• There are three additional parameters: ζ,  ρ  both between 0 and 1 and η>1.

• Batch mode: weight updates are at the end of epoch.

• If MSE increases by less than ζ, then the weight update is accepted, but α
and γ are unchanged.

• If MSE increases by more than ζ after a weight update, then:

• the weight update is discarded,

• α is multiplied by some factor (0 <  ρ  < 1), and

• γ is set to zero.

• If MSE decreases after a weight update, then:

• the weight update is accepted and

• α is multiplied by factor η>1.

• If γ has been previously set to zero, it is reset to its original value.

α = Learning rate, γ = Momentum are both variable
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Example

w1
1,1

w2
1,1 ! 1.05=

! 0.7=

! 4%=

MSE Learning Rate

Learning Rate 
Increase Factor

Learning Rate 
Decrease Factor

MSE Increase
Threshold
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Toward Conjugate Gradient Optimization

xk 1+ xk !kpk+=

x! k xk 1+ x k–( ) "kpk= =

pk - Search Direction

αk - Learning Rate

or

xk

x k 1+
!kpk

weight change
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Steepest Descent (Gradient Descent)

F x k 1+( ) F xk( )<

Choose the next step so that the function decreases:

F xk 1+( ) F xk x! k+( ) F xk( ) gk
T x! k+"=

For small changes in x we can approximate F(x):

g k F x( )!
x xk=

"

where

g k
T x! k " kg k

Tpk 0<=

If we want the function to decrease:

pk g– k=
We can maximize the decrease by choosing:

x k 1+ xk !kg k–=

(learning rate * gradient * direction)

(direction = neg. gradient)
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Example for an Analytic Function

F x( ) x1
2 2 x1x2 2x2

2 x1+ + +=

x0
0.5
0.5

=

F x( )!
x1"
" F x( )

x2"
" F x( )

2x 1 2x2 1+ +
2x 1 4x2+

= = g0 F x( )!
x x0=

3
3

= =

! 0.1=

x1 x0 !g 0– 0.5
0.5

0.1 3
3

– 0.2
0.2

= = =

x2 x1 !g1– 0.2
0.2

0.1 1.8
1.2

– 0.02
0.08

= = =
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Steepest Descent Plot

Note:
Lots of
small steps
toward end
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Conjugate GradientSteepest Descent

CG is a batch-mode algorithm
Gradient is based on all samples.
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CG Accelerates by Minimizing MSE Function Along a Line

F xk !kpk+( )

d
d!k
--------- F xk !kpk+( )( ) F x( )" T

x xk=
pk !kpk

T F x( )"2
x xk=

pk+=

!k  
F x( )" T

x x k=
pk

pk
T F x( )"2

x xk=
pk

------------------------------------------------–  
g k
Tpk

pk
TAkpk

--------------------–= =

Ak F x( )!2
x xk=

"

Compute learning rate αk to minimize

where

Derivative wrt αk of Taylor expansion:

pk is some chosen line direction,
e.g. -gk (negative gradient)

is value where
derivative is 0

Set derivative to 0 and solve for αk :

(Hessian)

This is the analytic version, which assumes we know the Hessian,
but we often don’t. Later, we show how to minimize by search.

where
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Analytic Example for Illustration Purposes

F x( ) 1
2---x

T 2 2
2 4

x 1 0 x+= x0
0.5
0.5

=

F x( )!
x1"
" F x( )

x2"
" F x( )

2x 1 2x2 1+ +
2x 1 4x2+

= = p0 g– 0 F x( )!– x x0=
3–
3–

= = =

!0

3 3
3–
3–

3– 3– 2 2
2 4

3–
3–

--------------------------------------------– 0.2= = x1 x0 !0g0– 0.5
0.5

0.2 3
3

– 0.1–
0.1–

= = =

Quadratic function

Gradient

Starting Point

Initial Direction

Solve New Point
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Successive Line Minimizations
with different directions

How to choose directions?
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Conjugate Vectors

F x( )
1
2---x

TAx dTx c+ +=

pk
TAp j 0= k j!

A set of vectors pi is mutually conjugate with respect to a positive
definite Hessian matrix A provided

One set of conjugate vectors consists of the eigenvectors of A.

zk
TAzj ! jzk

Tzj 0      k j"= =

(The eigenvectors of symmetric matrices are orthogonal.)

Conjugate is like “orthogonal with respect to A”.
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For Quadratic Functions

F x( )! Ax d+=

F x( )!2 A=

g k! gk 1+ g k– Axk 1+ d+( ) Axk d+( )– A xk!= = =

xk! xk 1+ xk–( ) "kpk= =

!kpk
TApj xk

T
" Apj gk

T
" p j 0= = = k j#

The change in the gradient at iteration k is

where

The conjugacy conditions can then be rewritten

the last term not requiring knowledge of the Hessian matrix A.
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Forming Conjugate Directions

p0 g0–=

pk gk– !kpk 1–+=

! k
gk 1–
T" gk

g k 1–
T

" pk 1–

-----------------------------= !k
g k
Tg k

g k 1–
T gk 1–

-------------------------= !k
g k 1–
T" gk

g k 1–
T gk 1–

-------------------------=

Choose the initial search direction as the negative of the gradient:

Choose subsequent search directions to be conjugate:

where βk is chosen according to one of these formulae:

or or

Hestnes &
Steiffel

Fletcher-
Reeves

Polak &
Ribiere
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Conjugate Gradient algorithm
• The first search direction is the negative of the gradient.

• Select the learning rate to minimize along the line.

• Select the next search direction using

• If the algorithm has not converged, return to second step.

• If the function were quadratic, it would be minimized in n steps, where
n is the number of dimensions.

p0 g0–=

pk gk– !kpk 1–+=

!k  
F x( )" T

x x k=
pk

pk
T F x( )"2

x xk=
pk

------------------------------------------------–  
g k
Tpk

pk
TAkpk

--------------------–= = (e.g. for quadratic
functions only.)

βk is from previous slide
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Previous Example, with Follow-On

F x( ) 1
2---x

T 2 2
2 4

x 1 0 x+= x0
0.5
0.5

=

F x( )!
x1"
" F x( )

x2"
" F x( )

2x 1 2x2 1+ +
2x 1 4x2+

= = p0 g– 0 F x( )!– x x0=
3–
3–

= = =

!0

3 3
3–
3–

3– 3– 2 2
2 4

3–
3–

--------------------------------------------– 0.2= = x1 x0 !0g0– 0.5
0.5

0.2 3
3

– 0.1–
0.1–

= = =
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Follow-On

g1 F x( )!
x x1=

2 2
2 4

0.1–
0.1–

1
0

+ 0.6
0.6–

= = =

!1
g1
Tg1
g0
Tg0
------------

0.6 0.6– 0.6
0.6–

3 3 3
3

----------------------------------------- 0.72
18---------- 0.04= = = =

p1 g1– !1p0+ 0.6–
0.6

0.04 3–
3–

+ 0.72–
0.48

= = =

!1

0.6 0.6– 0.72–
0.48

0.72– 0.48
2 2
2 4

0.72–
0.48

---------------------------------------------------------------– 0.72–
0.576-------------– 1.25= = =
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Conjugate Gradient vs. Steepest Descent Plots

Conjugate Gradient Steepest Descent

x2 x1 !1p1+ 0.1–
0.1–

1.25 0.72–
0.48

+ 1–
0.5

= = =
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Conjugate Gradient:
Line Minimization Searches

for General Functions
(not necessarily quadratic)
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No Single Line Search is Best

Matlab NN Toolbox:

Available Searches
Golden Section (srchgol)
Brent’s (srchbre)
Hybrid Bisection Cubic (srchhyb)
Charalambous (srchcha)
Backtracking (srchbac)



30

Example Numerical Line Search for Minimum

• Part 1: Locate an interval containing the
minimum.

• Part 2: Reduce the interval’s width successively,
until the interval is sufficiently small that we are
close enough to the minimum.
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Part 1: Interval Location to Bracket Minimum

x0 = a1 b1
a2 b2

a3 b3

a4
b4

Evaluate F(x0 + nεp0), for n successively doubling ...

ε
2ε

4ε
8ε

x

F(x)

Stop when two successive increases occur. Minimum is bracketed.
Proceed to Part 2.

Start
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Part 2: Interval Reduction:
Divide&Conquer

Dividing in two parts

Bracketing interval
not reduced.

c > d ⇒ minimum is
between c and b.

d > c ⇒ minimum is
between a and d.

a c b a c bd

x x

Dividing in three parts

What doesn’t help: What does:
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Golden Section Search Logic

From the diagram above, it is seen that the new search interval 
will be either between x1 and x4 with a length of a+c , or 
between x2 and x3 with a length of b . 
The golden section search requires that these intervals be equal: b = a+c. 
If they are not, a run of "bad luck" could lead to the wider interval 
being used many times, thus slowing down the rate of convergence. 
To ensure that b = a+c, the algorithm should choose x4 = x1 −  x2+ x3.
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Golden Section Search Logic, continued

However there still remains the question of where x2 should be placed in 
relation to x1 and x3. The golden section search chooses the spacing between 
these points in such a way that these points have the same proportion of spacing 
as the subsequent triple x1, x2, x4 or x2, x4, x4. By maintaining the same proportion 
of spacing throughout  the algorithm, we avoid a situation in which x2 is very 
close to x1 or x3, and guarantee that the interval width shrinks by the 
same constant proportion in each step.
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Golden Section Search Logic, continued

To ensure that the spacing after evaluating f(x4) is proportional to 
the spacing prior to that evaluation, if f(x4) is f4a and our new 
triplet of points is x1, x2, and x4 then we want c/a = a/b.

new
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Golden Section Search Logic, continued

However, if f(x4) is f4b and our new triplet of points is x2, x4, and x3 
then we want c/(b-c) = a/b.

new
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Golden Section Search Logic, concluded

c/a = a/b

c/(b-c) = a/b



38

Conjugate Gradient BP (CGBP) Demo

w1
1,1

w2
1,1

w1
1,1

w2
1,1

Intermediate Steps
(showing line searches) Complete Trajectory
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Methods Involving Solving Equations
to get the Next Point

• Quickprop
• Newton’s Method
• Gauss-Newton Method
• Levenberg-Marquardt Method
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Quickprop (QP, Qprop)
Scott Fahlman, CMU, 1988

• This is a batch-training method.

• Local optimization of backpropagation based on using a parabolic estimate of
the MSE is used to determine the weights for the next step.

• The focus of QP is on updating a single weight at a time.

• It is applicable when, between two steps, the gradient has decreased in
magnitude and has changed sign.
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Quickprop, step k, in 1 dimension

x

True
MSE

True minimum

w(k-1) w(k)

Parabolic approximation
minimum

Parabola

J(k-1)

J(k)
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Quickprop
• Assume a parabola:

J(w) = aw2 + bw + c

• First derivative of J is a line:

∂J/∂w = 2aw + b

abbreviate ∂J/∂w as J’(w).

• To find: value of w(k+1) such that J’(w(k+1)) = 0.
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Quickprop
• To find: value of w(k+1) such that J’(w(k+1)) = 0.

• We have
 J’(w(k)) = 2aw(k) + b
 J’(w(k-1)) = 2aw(k-1) + b

• Solving for a and b in terms of the other quantities:

2a = [J’(w(k))-J’(w(k-1))]/ Δw(k-1)
b = J’(w(k)) - [(J’(w(k))-J’(w(k-1)))w(k) / Δw(k-1) ]

where Δw(k-1) = w(k) - w(k-1)
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Quickprop

• Set J’(w(k+1)) = 0, since we are looking for the parabolic
minimum.

• Then 2a w(k+1) + b = 0, i.e. w(k+1) = -b/2a.

• Substituting in previous equations, we get

w(k+1) =

w(k) + [J’(w(k)) Δw(k-1)] /[J’(w(k-1)) - J’(w(k))]
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Performance Comparisons

2004

The idea is interesting, but uniform superiority of
Quickprop over ordinary backpropagation (BP)
has not been established. Nonetheless, related ideas were
in subsequent improvements to BP.

1997
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Example
2000
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The Modification

• QP based on Secant Methods
• Instead of:

w(k+1) =

w(k) + [J’(w(k)) Δw(k-1)] /[J’(w(k-1)) - J’(w(k))]

• Use
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Examples (Modified Qprop)
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Newton’s Method
for finding zero of a function
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Newton’s Method
for finding minimum of a function

To find a zero:

To find a minimum, apply the method
to the function’s derivative:
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Newton’s Method
Use Taylor’s series approximation to F about xk

F xk 1+( ) F xk !xk+( ) F xk( ) g k
T
!xk

1
2---!xk

TAk!xk+ +"=

gk Ak!xk+ 0=

Set F(xk+1) - F(xk) = 0 and solve to find the minimum
(more accurately, a stationary point):

!x k Ak
1–– g k=

xk 1+ xk Ak
1– gk–= Iteration formula

scalar analogue
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Newton’s Method for Locating a Minimum of MSE:
Solving rather than searching

(Notation shift: x’s are weights, not inputs)
xk 1+ xk Ak

1– gk–=

Ak F x( )!2
x xk=

" gk F x( )!
x xk=

"

For the SSE function, νi = error in ith sample:

F x( ) v i
2 x( )

i 1=

N

! vT x( )v x( )= =

the jth element of the gradient is

F x( )![ ] j
F x( )"
x j"

--------------- 2 vi x( )
vi x( )"

x j"
---------------

i 1=

N

#= =

Hessian
= vector 2nd 
derivative

Gradient
= vector 1st 
derivative
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Example

F x( ) x1
2 2 x1x2 2x2

2 x1+ + +=

x0
0.5
0.5

=

F x( )!
x1"
" F x( )

x2"
" F x( )

2x 1 2x2 1+ +
2x 1 4x2+

= =

g0 F x( )!
x x0=

3
3

= =

A 2 2
2 4

=

x1
0.5
0.5

2 2
2 4

1–
3
3

– 0.5
0.5

1 0.5–
0.5– 0.5

3
3

– 0.5
0.5

1.5
0

– 1–
0.5

= = = =

xk 1+ xk Ak
1– gk–=
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Plot of Newton’s Method for a Quadratic
Solve for minimum in one step
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Non-Quadratic Case:
Use Quadratic Approximation Iteratively

F x( ) x2 x1–( )
4 8x1x2 x1– x2 3+ + +=

x1 0.42–
0.42

= x2 0.13–
0.13

= x3 0.55
0.55–

=Stationary Points:

F(x) F2(x), Quadratic Approximation
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Different Initial Conditions
and Quadratic Approximations to Each

F(x)

F2(x)
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Levenberg-Marquardt Method
(blends Newton’s method with

steepest descent)

Also a batch method
A very fast method for training

(but storage intensive)
The algorithm was first published in 1944 by Kenneth Levenberg, while working at
the Frankford Army Arsenal. It was rediscovered by Donald Marquardt who worked
as a statistician at DuPont and independently by Girard, Wynn and Morrison.
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Matrix Form

F x( )! 2JT x( )v x( )=

The gradient can be written in matrix form as a 
matrix-vector product with v as the vector

of errors on a per-sample basis:

where J is the Jacobian matrix
first derivatives of errors based on weights:

J x( )

v1 x( )∂

x1∂
----------------

v1 x( )∂

x2∂
---------------- …

v1 x( )∂

xn∂
----------------

v2 x( )∂

x1∂
----------------

v2 x( )∂

x2∂
---------------- …

v2 x( )∂

xn∂
----------------

… … …
vN x( )∂

x1∂
-----------------

vN x( )∂

x2∂
----------------- …

vN x( )∂

xn∂
-----------------

=

ν are the
error values
for each sample

samples

weights
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Express the Hessian of F in terms of the Jacobian:

F x( )!2[ ]k j,
"2F x( )
xk" x j"
------------------ 2

vi x( )"

xk"
---------------

vi x( )"

x j"
--------------- vi x( )

"
2
v i x( )

xk" x j"
------------------+

# $
% &
' (

i 1=

N

)= =

F x( )!2 2JT x( )J x( ) 2S x( )+=

S x( ) vi x( ) v i x( )!2

i 1=

N

"=where

Hessian

(outer product)
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Gauss-Newton Method

F x( )!2 2J T x( )J x( )"

xk 1+ xk 2J T xk( )J xk( )[ ]
1–
2JT xk( )v xk( )–=

xk JT xk( )J xk( )[ ]
1–
JT xk( )v xk( )–=

Approximate the Hessian matrix by neglecting S:

Newton’s method 

then becomes:

!x k Ak
1–– g k=

(Unlike Newton's method, the Gauss–Newton algorithm can 
only be used to minimize a sum of squared function values, 
but it has the advantage that second derivatives, 
which can be challenging to compute, are not required.)

(outer product)
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Levenberg-Marquardt

H JTJ=

G H µI+=

!1 !2 …  ! n, , ,{ } z1 z2 … zn, , ,{ }

Gz i H µI+[ ]zi Hzi µzi+ !izi µzi+ !i µ+( )zi= = = =

As seen, Gauss-Newton method approximates the Hessian by:

This matrix may be singular, but can be made invertible as follows:

If the eigenvalues and eigenvectors of H are:

thus Eigenvalues of G

xk 1+ x k JT x k( )J x k( ) µkI+[ ]
1– JT xk( )v xk( )–=

for some µ > 0

Thus use
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Varying µk

As µk→0, LM approaches pure Gauss-Newton.

x k 1+ xk JT xk( )J xk( )[ ]
1–
JT x k( )v xk( )–=

As µk→∞, LM approaches pure 
Steepest Descent with small learning rate (1/µk).

x k 1+ xk
1
µk
-----JT xk( )v xk( )–! x k

1
2µk
--------- F x( )"–=

Converges fast in the vicinity of a minimum, but may diverge in general.

Generally converges, but may do so slowly.
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Adjustment of µk

• Begin with a small µk to approximate Gauss-Newton.

• If the step does not yield a smaller F(x), then
  repeat the step with a larger µk, until F(x) is decreased.

• F(x) must decrease eventually, since for sufficiently large µk we
will be taking a very small step in the Steepest Descent direction.
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Application of LM to Multilayer Networks

F x( ) tq aq–( )
T tq aq–( )

q 1=

Q

! eq
Teq

q 1=

Q

! e j q,( )2

j 1=

SM

!
q 1=

Q

! vi( )2

i 1=

N

!= = = =

The MSE for the multilayer, multi-output, network is:

The error vector is:

The weight vector (across all layers) is:

vT v1 v2 … vN e1 1, e2 1, … e
SM 1,

e1 2, … e
SM Q,

= =

xT x1 x2 … xn w1 1,
1 w1 2,

1 … w
S1 R,
1 b1

1 … b
S1
1 w1 1,

2 … b
SM
M= =

N Q SM!=

The dimensions of the two vectors are:
n S1 R 1+( ) S2 S1 1+( ) … SM SM 1– 1+( )+ + +=

SM =
number of
outputs,

Q = number
of samples
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Jacobian Matrix for Levenberg-Marquardt

J x( )

e1 1,∂

w1 1,
1∂

--------------
e1 1,∂

w1 2,
1∂

-------------- …
e1 1,∂

w
S1 R,
1∂

----------------
e1 1,∂

b1
1∂

------------ …

e2 1,∂

w1 1,
1

∂
--------------

e2 1,∂

w1 2,
1

∂
-------------- …

e2 1,∂

w
S1 R,

1
∂
----------------

e2 1,∂

b1
1

∂
------------ …

… … … …

e
SM 1,

∂

w1 1,
1∂

---------------
e

SM 1,
∂

w1 2,
1∂

--------------- …
ee

SM 1,

∂

w
S1 R,
1∂

----------------
ee

SM 1,

∂

b1
1∂

---------------- …

e1 2,∂

w1 1,
1

∂
--------------

e1 2,∂

w1 2,
1

∂
-------------- …

e1 2,∂

w
S1 R,

1
∂
----------------

e1 2,∂

b1
1

∂
------------ …

… … … …

=

M rows
(one per output)
for every
input sample

Repeated 
number-of-
samples timesweights
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Computing the Jacobian

F̂ x( )!
x l!

---------------
eq

Teq!

x l!
-----------------=

Steepest descent computes squared-error terms of the form:

J[ ]h l,
vh!

xl!
--------

ek q,!

xl!
------------= =

For the Jacobian we need to compute terms of the form:

F̂!
wi j,
m!

------------ F̂!
ni
m

!
---------

ni
m

!

wi j,
m

!
------------"=

si
m F̂!

ni
m!

---------"

using the chain rule:

where the sensitivity

is computed using backpropagation.
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Marquardt Sensitivity
Define the Marquardt sensitivity (q is the sample’s index):

s̃i h,
m vh!

ni q,
m!

------------"
ek q,!

ni q,
m!

------------= h q 1–( )SM k+=

then compute the Jacobian as follows:

J[ ]h l,
vh!

x l!
--------

ek q,!

wi j,
m!

------------
ek q,!

ni q,
m!

------------
ni q,
m!

wi j,
m!

------------" s̃i h,
m ni q,

m!

wi j,
m!

------------" s̃i h,
m

a j q,
m 1–

"= = = = =

weight

bias

J[ ]h l,
vh!

xl!
--------

ek q,!

bi
m

!
------------

ek q,!

ni q,
m!

------------
ni q,
m!

bi
m!

------------" s̃i h,
m ni q,

m!

bi
m!

------------" s̃i h,
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Computing the Sensitivities
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Levenberg-Marquardt Backpropagation Summary

1. Present all inputs to the network and compute the corresponding network
outputs and the errors. Compute the sum of squared errors over all
inputs.

2. Compute the Jacobian matrix: Calculate the sensitivities with the
backpropagation algorithm, after initializing. Augment the individual
matrices into the Marquardt sensitivities. Compute the elements of the
Jacobian matrix using previous equations.

3. Invert the matrix in the following equation

to obtain the weight updates.

4. Recompute the sum of squared errors with the new weights. If this new
sum of squares is smaller than that computed in step 1, then divide µk by
υ, update the weights and go back to step 1. If the sum of squares is not
reduced, then multiply µk by υ and go back to step 3.

xk 1+ x k JT x k( )J x k( ) µkI+[ ]
1– JT xk( )v xk( )–=
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Example LMBP Step

w1
1,1

w2
1,1

Gauss-
Newton

Steepest
descent
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LMBP Trajectory

w1
1,1

w2
1,1
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A Few Examples of LM Training for NN Applications
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LM Drawback

• Because inversion of a relatively large matrix is required,
the problem size is probably limited to a few hundred
points.
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Rprop (Resilient Backpropagation)
From Wikipedia, the free encyclopedia:

Rprop, short for resilient backpropagation, is a learning heuristic for supervised learning in
feedforward artificial neural networks. This is a first-order optimization algorithm. This
algorithm was created by Martin Riedmiller and Heinrich Braun in 1992.

Similarly to the Manhattan update rule, Rprop takes into account only the sign of the partial
derivative over all patterns (not the magnitude), and acts independently on each "weight".
For each weight, if there was a sign change of the partial derivative of the total error function
compared to the last iteration, the update value for that weight is multiplied by a factor η− ,
where η−  < 1.

If the last iteration produced the same sign, the update value is multiplied by a factor of
η+, where η+ > 1. The update values are calculated for each weight in the above manner, and
finally each weight is changed by its own update value, in the opposite direction of that weight's
partial derivative , so as to minimise the total error function.

η+ is empirically set to 1.2 and η−  to 0.5.

Next to the cascade correlation algorithm and the Levenberg–Marquardt algorithm,
Rprop is one of the fastest weight update mechanisms.

RPROP is a batch update algorithm.
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Rprop Theory, 1994, part 1



76

Rprop Implementation, 1994, part 2
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Rprop Algorithm

sign(x) = x > 0? +1 : x < 0? -1 : 0



78

Rprop Parameters
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Backprop Variations in Matlab NN Toolbox

from http://www.cs.ucr.edu/~vladimir/cs171/nn_summary.pdf 
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Speed Comparisons
(Matlab Implementation)

A 1-10-1 network was trained on a data set with 41 input/output pairs 
until a mean square error performance of 0.01 was obtained.


