First, the Descending Epsilon technique cannot learn from training patterns with a con-

tradiction | i.e. two or more training patterns have identical inputs but di�erent outputs.

These training patterns are not 100% satis�able and the Descending Epsilon technique will

not b e able to reduce the v alue of epsilon b eyond a limit.

Secondly

, the Descending Epsilon technique takes more cycles than normal back-propa-

gation since it requires more rigorous conditions for a back-propagation to o ccur and it has

do it many times for di�erent v alues of epsilon. Both of these problems may b e eased by

relaxing the condition for decreasing the v alue of epsilon by requiring that 90% of the errors

fall within the v alue of epsilon and the other errors b e within the previous v alue of epsilon.

However, such a relaxation might degrade the correctness ratio and generalization.

Despite these problems, our exp erimen ts show Descending Epsilon improves back-propa-

gation with resp ect to satisfactory completion of training, higher correctness ratios, and

improved generalization to novel examples.

References

[Allen 87] R. Allen, Several Studies on Natural Languag e and Back-Propagation, IEEE

International Confer enc e on Neur al Networks, 1987.

[Hornik 89] K. Hornik, Multilayer F eedforward Networks are Universal Approximators, Neu-

r al Networks, V ol 2, pp. 359-3 66, 1989.

[RHW 86] D.E. Rumelhart, G.E. Hinton, R.J. Williams, Learning Representations by Error

Propagation. In D.E. Rumelhart, J.L. McClelland and the PDP Research Group

(Eds.), Par al lel Distribute d Pr o c essing, V ol 1, pp. 318-362 , MIT Press, 1986.

7 task " � top olo gy trials �nishe d avg cyc avg RMS avg c orr e ct gener alization

parity-3 0.3 0.9 3-3-1 25 22 2212 0.1 98.6 n.a.

case 0.1 0.9 40-10-20 5 5 144 0.03 100 77.6

symmetric .05 0.9 70-20-70 10 0 600+ 0.04 93 57.5

(a) Normal Back-Propagation.

task " � top olo gy trials �nishe d avg cyc avg RMS avg c orr e ct gener alization

parity-3 0.4 0.9 3-3-1 25 25 3674 0.1 100 n.a.

case 0.2 0.9 40-10-20 5 5 192 0.04 100 83.2

symmetric 0.1 0.9 70-20-70 10 10 211 0.06 100 100

(b) Descending Epsilon.

": learning rate; �: momentum; �nishe d: numb er of trials �nished with 100% correctness within the maximum cycles b elow.

avg cyc: average cycle of �nished trials; avg RMS, avg c orr e c t: averages of all trials.

maximum cycle: 10000 for parity

, 400 for case, and 600 for symmetric.

Figure 4: Parameter V alues and Performances

have b een generated. Among them, 90 (25%) randomly chosen sentences are used in training

while the other 270 are used as novel patterns. Each sentence may have up to 8 words, each

of which is represented by 5 input units. Each v alue for a role in the output also takes 5

output units.

The last task is the auto-ass o ciative German/English symmetric translation mentioned

in previous sections. In this task, the inputs and outputs are each pairs of English and

German sentences. Some of the inputs have only English or German parts while the other

parts are left blank. The outputs are always the complete pairs. Therefore, after training

this auto-as so ciative memory

, the network should b e able to generate a pair of English and

German sentences given only one of them | a symmetric tr anslation.

Figure 4 tabulates the v alues of v arious parameters and p erformances of the normal

back-propagation metho d, and the Descending Epsilon technique. As this �gure shows,

the descending epsilon technique outp erforms the normal back-propagation metho d in the

numb er of �nished trials, the correctness ratio, and generalization. One drawback of the De-

scending Epsilon technique is that it generally takes more cycles than the back-propagation.

Also, the RMS of the Descending Epsilon technique is larger than that of the normal back-

propagation. However, the RMS can b e reduced to a smaller v alue by reducing the v alue of

the �nal epsilon, if it is necessary .

6 Discussion

While training patterns are treated as we ak constraints in normal back-propagation, they

are treated as str ong constraints in Descending Epsilon. Therefore, in reducing epsilon step

by step, all those constraints should b e satis�ed. This requirement has two unfortunate side

e�ects.

6

1 For symmetric; At Cycle = 0; With RMS = .51

                      Before Learning

 -1. -.9 -.8 -.7 -.6 -.5 -.4 -.3 -.2 -.1 +.1 +.2 +.3 +.4 +.5 +.6 +.7 +.8 +.9 +1.

                                                  0

Error Error

Percentage (Total #Errors: 9240)

1

<1

  92

  <12 3
       6 9
           1314

               7 4

                   2 3 35<1

                                       50

                                       <1
                                         43

                                         <12
                                            4 5 7 8 6 3 63

                                                        <1

                                                         16

                                                         <1
                                                           3

                                                           <1

                                                            2 For symmetric; At Cycle = 99; With RMS = .24

                                                                                 After Epsilon 0.4

                                                                                 -1. -.9 -.8 -.7 -.6 -.5 -.4 -.3 -.2 -.1 +.1 +.2 +.3 +.4 +.5 +.6 +.7 +.8 +.9 +1.

0

Error Error

Percentage (Total #Errors: 9240)

                                                                                                                2
                                                                                                                  8
                                                                                                                    1516

                                                                                                                       11

7 3

1

18

<11 3
6
1010

6

1

3 For symmetric; At Cycle = 154; With RMS = .11

                     After Epsilon 0.2

 -1. -.9 -.8 -.7 -.6 -.5 -.4 -.3 -.2 -.1 +.1 +.2 +.3 +.4 +.5 +.6 +.7 +.8 +.9 +1.

                                                  0

Error Error

Percentage (Total #Errors: 9240)

9

  23

    19

      13

       4
         10
           15

             7

                                          4 For symmetric; At Cycle = 236; With RMS = .05

                                                            At The End: Epsilon 0.1

                                                         -1. -.9 -.8 -.7 -.6 -.5 -.4 -.3 -.2 -.1 +.1 +.2 +.3 +.4 +.5 +.6 +.7 +.8 +.9 +1.

0

Error Error

Percentage (Total #Errors: 9240)

27

  36

    1720

Graphs Epsilon

Generalization

goal alization elit is the that, correctness

training but for el some

global and ratio training a er

correctness than error a ratio.

as far generalization is

all ts, Descending Epsilon normal k-

in usually 100% though not orks in balance to a big

e settles the ts e doing the most mapping

inputs and the just the h pair of and errors not balanced.

erformance

the hnique one

problem is an extension theOR wn

that of a This

is hosen to orks error spaces.

The second English to as instrumentset simple grammar 360 tences

= on

= 0 attern .ue

op i for unitute(tpi

.opi

) >

then ori

(tpi

� opi

or se

ori

= 0:0.

op

if or

=1.

otherwise agate. op

ect = er of patterns then to 5.

otherwise go 2.

aining.

.on � step;

step 2.

Epsilon

y ignoring small errors.

hnique ending Epsilon as manipulates

the of Figure 2.

One for epsilon, step, the

this er 0.1 the only

the errors than are are all errors

.0.5, of 0.4 reduces within

the es til the alue epsilonThis

.ork reducing o rapidly at the increasing other the the limit is

decreased, algorithm a with ossibly error if the training

ws graphs of the translation

using graph are epsilon the at end, 0.05,

is the same normal k-propagation, the ratio is

100%.

unit3

around the and graph of and

ws w its

RMS.

the second though alues most

errors een there whose that, in

.

after 2

there are 70 fact that some the errors at

.

y

whose �nal en errors| 99.9%

.out | are cess around the 80th further progress to 1000

The at whether hed global , and

ed ery

.�nal e training and for .patterns is a .result

of sed learning a er

[].in inappropriate ologies few or units),

t training or of arning ate

[].

is k-propagation on es

not at training through k-

d, patterns called since some satis�ed the

criterion for completing k-propagation ends the global error, t result larger for though the

smaller.

h trols in

�nal ork y e a ratio.

Epsilon

phenomenon in previous it necessary kerror

.reductions of do this ossible the

.ximates balancing done manipulating

optional called epsilon h of the

it used learning, k-propagation is when error an

unit is epsilonfor to reduce

3

R= q

E

�O is the

is er

of output units.

measure of er of output units.

p

1 For symmetric; At Cycle = 0; With RMS = .52

                                                  0

         1 3 3
               6 9 8 8 9 6 5 3 56

                              <1

                                              23

                                              <11 2 4
                                                      7 6 5 4

                                                             3 2 2 72<1

                                                                  2 For symmetric; At Cycle = 2; With RMS = .22

                                                                                         Around RMS .4

0

                                                                                            3

                                                                                            <1

                                                                                              7

                                                                                              <1
                                                                                               7

                                                                                               <1

                                                                                                 10

                                                                                                 <1
                                                                                                   20

                                                                                                   <1

                                                                                                     28

                                                                                                     <1
                                                                                                       44

                                                                                                       <1

                                                                                                         55

                                                                                                         <1
                                                                                                          56

                                                                                                          <1

                                                                                                            55

                                                                                                            <1
                                                                                                              83

                                                                                                              <1

                                                                                                                91

                                                                                                                <12 2 3 4
6
11

30

13

5 4 3 2 2 2 90

<1

78

<1
84

<1

48

<1
31

<1

43

<1
45

<1

48

<1
32

<1

25

<1
8

<1

9

<1
11

<1

3 For symmetric; At Cycle = 4; With RMS = .17

                       Around RMS .2

                                                  0

  6

  <1
    7

    <1

      6

      <1
       7

       <1

         10

         <1
           12

           <1

             17

             <1
               20

               <1

                 15

                 <1
                   20

                   <1

                    26

                    <1
                      51

                      <1

                        70

                        <1
                          74

                          <11 2 3
                                 5
                                   11

                                     38

                                       17

                                         7 4

                                            2 2 1

                                                  91

                                                  <1
                                                    64

                                                    <1

                                                      51

                                                      <1
                                                        34

                                                        <1

                                                         25

                                                         <1
                                                           15

                                                           <1

                                                             24

                                                             <1
                                                               21

                                                               <1

                                                                 26

                                                                 <1
                                                                   20

                                                                   <1

                                                                     11

                                                                     <1
                                                                      8

                                                                      <1

                                                                        4

                                                                        <1
                                                                          6

                                                                          <1

                                                                  4 For symmetric; At Cycle = 1000; With RMS = .04

                                                                                          At the end

0

                                                                                          9

                                                                                          <1 3

60

33

4

Graphs Normalk-Propagation

In the section, yaglobal a ratio.

Distribution Graph

a in most tpi opi are

near 0.0 while the near e though

another all of

training near ratio

.though the

than one.

is ell the Distribution

.in Figure these

the ts size, y-axis the

of on of bars tages

\< 1" less

\1" actual

.errors.

The in en ciative

.is 70-

20-70 feed ork and are the of

70 = errors.

�rst error distribution ork second through

second

of the re output duction

are y ardtraining

wn w.

=

P

X

p=1

N

X

i=1

(tpi opi

)2

training and units.

tpi itarget p-th pattern

opi i-th output it.

opular for agation based dthis measure [ zes the

global through in N error N

is of connections2

the k-propagation

where e gest t the error

space so um as kly as the

ork the in error

leads ork a the error

is ts but in tire

though not as a

close to global practice, since alue

of um wn, error t.

measure is

.outputs the

en inputs of measure the of the are to binary through 0.5.

are to target of binary

output the as target output, it to and correctness

for of generates correct

binary solution measure de�nitely of correctness this is that really no

training based measure.

Then, the question arises; es global

error a if error y

k-propagation, .the correctness ys is ossible

.e a error a ratio ork

with global that a

her orkbut and is out wrong.

2

Here, biases considered the to a 1.0.

Epsilon k-Propagation:

A

Generalization1

u

Simmons

of Sciences

and

ratory y of exas Austin,

exas

AI90-130

Abstract the of a trained ork

for is global the

squared di�erences outputs all

outputof training most k-

Rule, the alue of

this theerror the measure the ratio h ork’s outputs erted to binary what

training outputs.

that that

those are parallel a h the

d results high w

with hnique high ratios

patterns for el patterns.

o ardings

International Joint eNetworks

1990

1

ork onsored h under .