References

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

International Confer enc e on Neur al Networks, 1987.

[Kukich 88] K. Kukich, V ariations on a Back-Propagation Name Recognition Net, A d-

vanc e d T e chnolo gy Confer enc e, 1988.

[Nilsson 65] N.J. Nilsson, L e arning Machines: F oundations of T r ainable Pattern Classi-

fying Systems, McGraw-Hill, New Y ork, 1965.

[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 Re-

search Group (Eds.), Par al lel Distribute d Pr o c essing, V ol 1, pp. 318-3 62 , MIT

Press, 1986.

[T ouretzky 89] D.S. T ouretzky

, Connectionism and Comp ositional Semantics, T echnical Re-

p ort, CMU-CS-89-147 , Carnegie Mellon Universit y , 1989.

7 agent action obje ct instrument

Mary (0 0 0 1) �xed (0 0 0 1) car (0 0 0 1) hammer (0 0 0 1)

George (0 0 1 0) cleaned (0 0 1 0) ro om (0 0 1 0) v acuum (0 0 1 0)

Bill (0 1 0 0) chopp ed (0 1 0 0) wo o d (0 1 0 0) sp onge (0 1 0 0)

Sally (1 0 0 0) washed (1 0 0 0) table (1 0 0 0) ax (1 0 0 0)

Figure 6: Semi-Lo cal Enco ding of V alues

�elds | is used. While the v alues in the original output are enco ded by using a distributed

enco ding scheme, the v ariation uses a semi-lo c al enco ding scheme [Kukich 88] in which, for

each �eld, the p ossible v alues for it are enco ded by a lo c al enc o ding scheme like the example

in Figure 6. Note that, since there are only four p ossible v alues for each �eld, each �eld

requires 4 units.

In the �rst exp eriment in which all the extra output units were fully connected to the

hidden units as in Figure 5(a), there was no improvemen t in generalization. This is b ecause

the additional information do es not restrict the network much more than the original output.

Therefore, to get a tighter restriction, the extra output units were connected to hidden units

as in Figure 5(b). Note that, the extra output units for a �eld are exclusiv ely connected

to the same numb er of hidden units. This divides the hidden layer into four parts each of

which is mainly concerned with a �eld in the output. The second row of Figure 4 shows the

p erformance for this network. The generalization is ab out 89%, a 5% improvement over the

network without the extra output.

6 Conclusions

A metho d for improving back-propagation based training by augmenting the output patterns

with additional relev ant information is presented. W e account for the metho d’s success

by arguing that the augmented output provides additional constraints that more precisely

sp ecify the allowable function. This results in faster training and b etter generalization.

Of course, it may not always b e p ossible to provide another mapping function relev ant

to the desired mapping function. However, even very simple information sometimes results

in improvement in training and generalization. Improvemen t dep ends on the size of the

intersection of the two classes of p ossible mapping functions. In so far as the intersection is

not empty

, p erformance may improve.

An empirical adv antage of the \extra output" technique is that after a network has

b een trained to realize a desired function, the extra output units may b e detached. The

resulting network is a version that computes more rapidly in that it has fewer connections

to manipulate.

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

case-dist 0.1 0.9 40-16-20 5 5 77 .03 100 84.0

case-dist-lo cal 0.1 0.9 40-16-36 5 5 85 .03 100 89.4

Figure 4: Extra Output Biased Generalization

extra output

(a) ull

Extra output

Connections Extra Output

.

not are wn.

Figure

Analysis

mapping function t one,

the osing functions the partial

eci�cation. this terms, ctthanto the

correct is the space as h as more

e [Allen 87], es somewhat trivial.

in also used obtaining correct is, y the as

of generalization increased en the

same patterns.

.

t, natural understanding as inputs

English hammer" outputs are

to agent, instrument. es from a of simple rules lexicon, 360 .are

generated. ted adheme [ ].

The longest tence

.the 40 the output

20 are used and the

(i.e. 270) are el inputs.

table hidden units are

as trained duces correct

all the training and of el patterns.

y another outputs h

are t function our instead

of a a of output alues four case task " � gy trials d cyc RMS ct

y-3 0.3 0.9 3-3-1 25 22 2212 0.1 98.6

ter-3 0.3 0.9 3-3-3 25 24 390 .07 99.6

ter 0.3 0.9 3-3-4 25 25 217 .07 100

y-5 0.3 0.9 5-5-1 10 0 10000+ .19 95.7

ter-5 0.1 0.9 5-5-5 10 8 2159 .06 99.2

ter 0.1 0.9 5-5-6 10 9 1712 .06 99.7

": � dof within cycle.

avg cyc of RMS, tof RMS e error

um cycle: .

and for others.

Output Biased raining

Input

(16 units)

action instrument

Mary the car hammer

... 0001 atterns

a more mapping

to h is hthee the problem to

.of the and is is a ork

1(a) e for

N-bit unit p the N units

(c1

; cn as i1 units 0 i

the w e extra out the

er

1’s.ws of and ,

ter, tertrials age

cycles + | erforms training h

means other to common

solution.

One the extra is training, the

output original c1 cn

1(a) e

after training, desired y

problem.

Generalization

training and of desired

a the desired without

Output

Input

p1 c0 c1 c2 c3

y ter

Figure

ter

In case, itis as o the mapping-function t

(1) parallel f1 and f2

f1

� h1 f2

.h2 in ork

the merged g together o trainingawill

of freedominfunctions are

t, merged results degrees hAlso,

cases eci�cations, er for g er degrees

freedom some mappings terfere with | lead or functions to minima.

.

erfor e ed y ecifying

f

0

, space units an output eci�cation. f

0

can a ter indicates the

1’smapping f

0

e or

information.

raining

conclusion training when there

training ork increasingly

to minima gets en if there a ork

it [RHW 86].

ork, itsologydetermines themappingcan repre-

a ork and do

ittovide ofpatternsh ation

for mapping inputs training patterns the

whole problem3 and one for eci�cation, en though there y of and hfor

subset case, the

training patterns

.ossible functions,

f1 f2 fn it.

the ts mapping

one, and mapping one

to training �nal function

will one to algorithm

.

minimum. functions minima e as are only space lyct

.functions.

training eci�cation, ys used training el ary drastically er trials, ork

osing elonging the

eci�cation.

Therefore, to is h

er h input as this for a of

input units [.

or the cal minima h correctly

er only a of patterns.

.sections, to vide additional mapping as part outputs the

patterns.

unctions

patterns are usually onding

and OR, one output is zero to the

or output er

onding pair there no this ossible a has t tics for t parts

of in 1(a), one for the input while

4 the 1’s input.

3

.is true only when e t the input and 1’s.

duction

through k-propagation requires�nding set ts

so duces correct training

setin presence it hard to h

a set.

t training ork y

so duce output a el y tialof es

patterns.

practice, except

[88arious factors h thethehemes, and of These fording

heme us deciding

.for en problem place.

most ed factor so matter

of the to the and to training

a training and to explain

w based t, a

for and generalization is ed.

of unctions

to ard orks2

to as functions ine output

[Nilsson ]. ork of units,

and output has space, I,

N-dimensional

.Then, is t a another

as w.

7(1)can e a M-

mapping osition as w.

f h (2)

.77O

2 this one hidden ard orks er, are to hidden ers.

Learning1

u

Simmons

of Sciences

and

ratory yofexas Austin,

exas

AI90-128

Abstract

to view to as mapping

.ethe ate

of agation in a to a correct mapping ossible mapping functions the .

�nding one sometimes not task, .when

there are harder to train ork so that it

not but patterns

h the has er seen alization y

orly d, for hieving a etter the training and a .

and generalization t.ardings

International Joint eNetworks

1990

1

ork onsored h under .