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i nvention rel at es to pattern recognition apparatus or the like

using neural networks, and a nethod of pryaducing such appar a%i&?g@
tT- 5

particul ar, but not exclusively, using neural networks of the

perceptron (M.P) type. Neural networks of this type in general conprise a
plurality of parallel processing units ("neurons"), each connected to
receive a plurality of inputs conprising an inBEE vector, each input being

connected to one of a 10 r espeicts Y of weighting units,

the weighting factors of which conprise a respective weight vector, the
out put, of the neuron being a scalar function of the input vector and the
wei ght vector. Typically, the output is a function of the sumof the

wei ghted inputs. Suffiisnetimwvensidrs relabes beawn ppahesred siecognitiien1950s -
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factors of which comprise a respective weight vector, the
output of the neuron being a scalar function of the input

vector and the weight vector. Typically, the outpur is a

function of the sum of the weighted inputs. Such networks
15 have been proposed since the 1950s (or before), and have

been applied to a wide variety of problems such as visual
object recognition, speech recognition and text-to-speech
conversion. |
It is also known to implement such networks using a
20 single, suitably programmed, digital computing device to
perform the processing of all such neurons. Although the
speed achievable by such an arrangement is of necessity of
lower than that of a parallel netv)ork. the advantages of
adaptive pattern recognition can give such an
implementation greater speed and sil_nplicity than would the
use of conventional 'pa'ttern recognition techniques.

The perceptron illustrated in Figure 1, consists of
simple processing units (neurons) arranged in layers
connected together via 'weights' (synapses). The output of
30 each unit in a layer is the weighted sum of the outputs
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these wei ghts are adjusted so that a pattern on:the out put. Iayer .i
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since a sequence of non-linear transformations is not,

generally, equivalent to a single, - non-linear
transformation, the new perceptron could have as many
layers as necessary to perform ltS compl:.cated mappings. A

25 Thus the new dev1ce came to be known as the multi-layer

perceptron (MLP). The generallsed delta rule enabled it to

learn patterns by a simple error back propagation training

process. A pattern to be learned is sunplied and latched

('clamped') to the. J.nput units of tne dev:.ce. and the

30 corresponding required output is _pr_esented to the output

units. The weights, which conmect input to output via the

multiple layers, are adjusted so that the error between the

actual and requ:.red output is reduced. The standard back

propagation training algonthm for these.networks employs a

35 gradient descent algorithm with weights and biases adjusted

by an amount proportional to the gradxent of the error

function with respect to each weight. The constant of
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speech technology”, N. McCulloch et al, and are well known

20 in the art. -Similar training procedures are used for other

types of neural network.

To be efféctiv_e,- the network must learn an underlying
mapping from input patterns to output patterns by using a
sparse set of examples (training data). This mapping
should - also be applicable to previously unseen data, i.e.
the network should generalise well. This is especially
important for pattern classification systems in which the
data forms natural clusters in the input feature space,

. such as speech data. '

30 In the following, generalisation is defined as the
difference between the classification performance on the
training data set and that on a test set drawn from a
population with the same underlying statistics. Why does a
given network fail to generalise? A net is specified by a

35 set of parameters that must be learned from a set of
training examples. If the amount of trainihg data
available is increased, the better in general will be the
weight estimates and the more 1likely & net will

to
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vector whether or not it is close to a class boundary.
Boun_dary effects, and as importantly for “real-world"
problenms, noise at the level of the feature “deseription,
-0 ~ mean that, to -m;’.nimise the output error, fast transitions
of the output nodes in the input space are reguired. To
build up fast transitions, large weight values need to be
used. The back-propagation algorithm, if run for a large
number of ite'rétions_, huila_s__ up such large values. : -~
z5 ~ It can be seen that generalisation in the presence of : e
noise and limited training data is promoted if smooth
decision sur_facés are formed in the 'input feature space.
This means that a small change in input values will lead
to only a relatively small change in output value. This
10 smoothness can be guaranteed if the connection weight
magrutudes are kept to low values. Although it may not be
possible for the network to learn the training set to such
a high degree of accuracy, the difference between training
set and test set performance decreases ‘and test set
35 performance can increase.
Prevzously, the_ generalisation problem has been
tackled smply by uutial:.smg a network us:.ng small -
random weights and _stoppmg the training process after a
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perform precise arithmetic, so it might be hoped that
weights in a neural network would be robust to
quantisation. Normally, quantisation takes place after

20 the network has been trained. However, if as described
above, the network has built up large weight values, then
node output may depend on small differences between large
values. This is an undesirable situation in any numerical
computation, especially one in which robustness to

25 quantisation errors is required. |

* The issue of weight-quantisation is also an area that
has not been approached with a view to performing MLP
training subject to a criteria - that - will improve
quantisation performance. MLP weights would normally be

30 examined after training and then a suitable quantisation
scheme devised. It is true that the prior art technique
‘of limiting the number of training cycles as discussed
above, will improve weight quantisation simply because
weight values will have not yet grown to large values, but

3s the extent to which it does so depends, as discussed
above, on a number of parameters which may be
data-related. It is thus not a general-purpose solution -
to the problem of providing readily quantised weights.
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15 -~  selecting. a sequence of _s'ample input vectors

(corresponding to predetermihed net outputs);

- generating therefrom an . approximation“ to the
outputs of the net corresponding to the respective input
vectors; and _ _ _ { '

20 - 1terati§ely modifying the weight vectors so as to
reduce the difference betVeen-the=sai&-apprOXimated net
outputs and. the predetermined-routputs: and when this
modifying step results in the magnitude of a weight, or
weight vector, exceeding a predetermined value M, then that w

25 weight, or weight vector, magnitude is constrained to be
equal to (or less than) M; and ' o

- subsequently quantising the thus derived weights
or weight vectors.

Our results clearly show the effectiveness of the

30 weight ‘range-limiting technique in _ " both improving
quantisation performance and increasing the robustness of
the structure to weight quantisation, altﬁough it may seem
surprising that good test-set accuracy can be obtained by
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35

node to compute small differences between large (welghted)
inputs. This in turn gives rise to sensitivity to
numerical inaccuracies and leads to a lessening of the
inherent robustness of the MLP structure. The weight
limited MLP according to the invention is able to deal
with inaccuracies in activation function evaluation and
low resolution arithmetic better than a network with.
larger weight values. These factors combine to mean that
the technique is wuseful in any limited precision,
fixed-point MLP implementation. The numerical robustness
is increased so that, with suitable weight limits, as few
as three bits per weight can be used to repre.éent' trained
weight values.

Simulations on a ‘"real-world" speech recognition
problem show that,. for a fixed MLP structure, although
classification performance on the training set decreases,
improved generalisation leads to improved test set
performance.

A neural network employing weights derived ac'cording'
to the above method will be distinguishable, in general,
from prior art networks because the distribution of the
weight values will not be even (i.e. tailing off at high
positive and negative weight sizes), but will be skewed

eberfpemanesorisordieetioi nto t he
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Such @& networ ISucl(wIau chetword (which ineeda noﬂtulhe Raymrltpelayept ron net wor k
but could b I R er gper n) as discussed
above, use?%?mfe?{r spee ‘ﬁrlr‘e?ggnl tg+fedn ut” d}e e%?g%iéase ufi@%ew sual obj ect
recogni ti on laweg RﬁrﬁéPtlQﬂ)asslﬁ‘rl CA | éﬁcﬁégisabovﬁindlsqfﬁllcfor estimation

t asks such 0 eé'giﬂlthbﬁl gﬁtogtlam §atug@fh1ta§,ks, 8&rh t el ephone
net wor k mﬁ%%%ﬁgmrﬁ g appl.i casilonsJeq(ﬂu :I':ftrr%:IEeohj%%t

speaker - depe?ﬁ!@ﬂfml"’&i‘ogrﬁnfjl oﬂf'heqt GHagsHfdcati %ﬂJpM ad®" unt r ai ned"

. networ klovhi céstiingt iohe tasksi sucly a&aetho( eagcelding Cdsmoapmisiﬁmﬁr ogramred 15

{0 20000t 2 S Salh. 55! SUThRR arkoc) CtadlibelEl | 'Sy oat™ o1
magni t ude r edpplieationsi £fgermaaplg/. tdpeakdr-dependeqt . Eecqgan.tj_,m)cragnl tude, .-
o onon) LAY S WA 0ty RS ol S
described byingdydes traiming tmnsz (evg« l@ misregomputer ) @mgtamdorrpanyu ng
drawi ngs, igh Wicept -a series of test data input vectors and derive
the weights therefrom in the-_manner__diScussedi. above during
a trai ining phase. |
The magnltude referred to is generally the absolute
(1 e. %) magn:.tude, and preferably the magnitude of any
<0 single weight (i.e. vector componen_t)__ is constrained not
to exceed M. | |
The mvent:.on w1ll now be descrlbed by way of example

only, with refe_z_'ence_ to the accompanying drawings, in

which:- _ _ _ o : _
25 - Figufeﬂ 1 shows schematically a (prior -art) Q;}
perceptron; . B o .
- Figure 2 shows schematically a multi-layer
perceptron; | |
- Figure 3 shows schematically a training algorithm
30 according to one aspect of the invention

- I-‘J.gure 4a shows schematlcally an 1nput stage for
an embodiment of the invention, |
- Figure 4b shows schematically a neuron for an
enbodiment of the invention, and |
35 - F:Lgure 5 shows schematlcally a network of such
neurons.



25 - PBigure 1 shows - Chematlcally a (prior art)
per cept roHV09l/00591 gure 2 shows =schematicafly a nulti-I aYFCr/GBm/omoz

perceptron; - - Figure 3 shows schematiigally a training algorithm 30
according to one aspect of the invention - Figure 4a shows schematically
an input stage for an enbodi ment of the .invention, - Fi gure 4b shows
schematically a neu ntio and 3

- Figure 5 showsﬁg@rf@r}g{’?% %&Qgp%mép L"béé}gﬂéﬂ:ﬁe Bhuation @8 91/ 00501
- 9-  the weightTraBgiiniingTmethiodl boHvihey inventiohes Birst,

experi ment al a f t
i n\F/)ent ion. Fi rs'?éhg ﬁ*ﬂ@)]('g {Aébg.girﬁ'g%tﬁ;%sg glsioc(ﬁ;gltfa?ﬁ%e Eﬁe};bggg{ arg
deschébed foll (f\%bo‘!ﬁﬂ BYs%ﬁieééeﬁ)Pfeﬁmmsa%Gheh@Sﬂdﬁkt s. The probl em

was requirgd to be phe’ rp?abléhpfda‘é ré% %Bﬁt@%ﬁ 39 "E‘QAP%:oer&*' U?f‘o%lQHt al so
-being of Iim teg@dL nmensi on. | em chosen was one ot speaker

i ndependent r ec#§¥iR9 HRLSY fleéF oRBE (ﬁ}ﬁPlti%mEthell&Hé@ gimeRgion. and " no"

using a sinple featTie ptebLdn rzihbgﬁn wakhithe t@ifek ofaspddker inbépdrdRnteduired
properties |isted ab(ﬁe and_a é he add g adv%nta es of knovvq perfor mance
usi ng several oL FEPIRIELDM; Bf ke @Q/‘(ﬂﬁ -es of "wes'|apd w

(1989) . "Fi xedoti neimg madmpllessedum'es démrmmc.h rghiggniabkORas I N

Speech an La a | Lin an- Page.
The speechﬂ)dat aggg %ﬁﬁageggf’%%om&pggflge@ \é{}?gg‘gsébé%q I@g‘? fﬁ?/ gﬁgtlsh

Tel ecom from | oaddeti satdazantagesl eﬁhbnmrm Performance using sewdralc othert ched

t el ephone netvvo hniqubd %%e consisted of a single utterance of the words
"yes" .and ' f'rom fore than 700 tal kers. 798 utterances were

avaitabl e’ for M_P twogdhandg anBCa f Ukt h8illare f ot t e61989J. *Fixed

dimensional classifiers for speech recognition". In

i5 Speech and Lanquage Processing Eds. Wheddon &

Linggard. Kogan—Page. '

The speech data used was part of a large database
collected by British Telecom from long distance telephone
talks over the public switched telephone network. It

20 consisted of a single utterance of -the words "yes" and
"no* from more than 700 talkers. 798 utterances were
available for MLP training and a further 620 for testing.
The talkers in the traihing set were completely distinct
from the test set talkers. The speech was digitally
sampled at 8kHz and manually endpointed. The resulting
data set included samples with impulsive switching noise
~and very high background noise levels.

The data was processed by an energy based segmentation
scheme into five variable length portions. Within each
30 segment low order LPC analysis was used to produce two

cepstral coefficients and the normalised prediction
error. The complete utterance was therefore described by
a single fifteen dimensional vector.
A number of MLPs were trained using this database to
35 assess the effects of weight  range-limiting on
generalisation and weight quantisation. 1In all cases the
MLPs had a single hidden layer, full connection between
the input and hidden layers and full .connection between

.



The talkers in the training set were conpletely distinct fr6n1 the test -
set w@bkmoser The speech was digitally 25 sanpleqwgtggégﬁpﬁﬁﬂ
manual | y endpoi nt ed. The resulting data set included sa

I mpul sive switching noise and very ﬂﬁh background noi se |l evels. The data
was processed by an energy based segnmentation scheme into five variable

| ength portions. Wthin each 30 segnent | ow order LPC anal ysis was
used to pr ddecehiddenc aang r entputoelaveri entTheranwere hao nodmdcmsed

prediction ﬁ*@“%"“" gg conRpealiens! t e-h?glcg Mf?ﬁﬁ gs_g,ge bed by a

single fifte nsi onal _vector. er 0 were- ralned using this
dat abase t @lgerithm,yassysed (with “@ﬂ?@é\gs aftey eacdficiepaeh, ¥age-1imiting.

on general 'a?%broévé?diﬂ?i%ﬁtﬁutalﬁhtﬁﬁtnl Bls tbéénabfemsa thg M Ps had a4
singl ¢ hidden |ayer 1.| connection between Snd hgdden | ayer’s

o0 T o1 CORARES ) ege, sRENFEs  ther oRpeCuBIBnts are ' CHange S
(Fj’Cr/ Gt390/ OHtiQBctJ;Hﬁ- thet hieddees éﬁﬂ'ﬂﬂr Ottjﬂvmgt allayftmte tirili.tﬁmﬁ wer e an fh-
i rect input/ou nnec. e_back-pro iQ ral ning al gorithm
was used wiFeh gﬁ'ﬂ% #’ﬁg l# gcl"?hﬁp&Eﬂmllnge OE%P é{;’EFy MRput / out put
pattern hasepemh anehemomnr oﬂpas:tendepmsenﬁatnenenﬂlﬂ.eneﬁ%&kst he wei ghts
are change . re o] the training
patterns aﬁabae g# érgl?&r‘iileng procgdu%{@hgé gg% %%d‘é‘ﬁa on the order
of pat@er noptplstan%ﬁlsﬁt tCAIO Sefar eests anda toi Myile fourt mnb"node Duri ng
training, tnﬁflﬂfstéﬁ‘hae all Ohit antbncges Eﬁ‘é}t t&a& 9att Obut. nd to 0.1 for

"no". During —testing utterances gave an tpu ~of greater .
than 0.5 9Reaker CFB§%|f9-§d wgee 'cla §91f1&ﬁd ag he'Ypetmiaider the "no". Thel/

| earni ng r #efaiifee W8S Aol amed- tlb&rﬁmeﬁ'bﬂéﬂ g tiast 0)03 8R4 10 0.9. 15
Vi ght rangg. I|mt d netg\%ng_‘n were t d.subject: to a maxi mum absol ute
val ue of M“R€ RORERE ‘é}'} con P %p??&t articular wei ght exceeded this

val ueis hen it Waghtemgekmmiudnuntmmvabw traﬁ:hesssﬁbmtl ta performance
results fOL poyimum absolute value of ¥. If after a weight update a
particular weight exceeded this value then it was reset to
the maximum value. Classification performance results for .
values of M of 1.5, 2.0, 3.0, 5.0 and no-limit are shown

z0 as Tables 1 to § .

TABLE 1 - Performance with ¥ = 1.5

Number of Training Set Test Set A
Hidden Nodes Accuracys - Accuracy

2 80.4 90.7

3 92.2 92.3

4 92.7 - 93,2

5 93.9 . 94,7

10 95.7 S "~ 95,5

15 . 96.6 . 85,7

20 ) 97.1 95.5

25 97.4 95.3

30 | 97.0 _ 5.5




valueé of ( ' 2.0, 3.0, 50and no- I|mt are shown 20 as Tabl es '1
W Sdasmy |

to 5 TABL PEftormance with M= 1.5 Number of Tr aPET/GB29£01002
Test Set Hi dden Nodes Accuracy@b -1l- Accuracy% 2
90. 4 90.7 3 92.2 92.3 4
92.7 93.2 6 93.9 94.7 10
95.7 TABLE 5. Bedformance with ¥ = 2.096.6 95.7 20
97.1 95.5 2b . Q7. 4 W5 95.3 30
97.0 95.5 WO 91/ 00591 PCT/ GB90/ 01002 -11- TABLE 2 -
Performance with_ M= 2.0 Nunber of Training Set Test Set
H dden Nodes racy% curac 92.9
00 7 3 Numbe\GF! oa ) Training Se1.AC gf%% set 916
95 2 % Hidden Nodeg 9  Accuracys 95_ Accyracys : 96. 9
95.0 15 . 97.9 95.7 20 97.6
95.3 25 938, L 96. 3 30 97.9
95.2 TABLE 3 - Performance with M= 3.0 Nunber O Trai ni ng Set
Test Set Hi dden kodes Acagr.acy % : g2Agcuracy % 2
94. 4 95.0 3 95. 95.2 4
96. 2 3 95.3 5 4.1 97.%4-0 94. 8
4 94.6 95.2
5 94.9 - 95.3
10 . 96.9 95.0
\ 15 97.9 95.7
20 97.6 95.3
25 98.1 96.3
30 97.9 . 95.2

TABLE 3 - Performance with ¥ = 3.0

Number Of Training Set Test Set
Hidden Nodes Accuracy % - Accuracy %
2 94.4 95.0

3 95.2 95.2

4 - 96.2 85.3

5 897.0 94.8

10  98.9 . 95.3

15 ' 99.0 95.2




»

10 98.9 .95. 3 15 - 799.0

95. 2 WOY0989100591

PCT/ GBO0/ 01002 - 12- TABLE 4 - PerfoLgance with M= 5.0 Nunisat Cope/01002
- Trai ni ng Set Test Set Hidden des Accuracy %

Accuracy % 2 95.6 95.5 3

96.5 97.6 _ . 94.7 5
97.9 zABLE 4 - &ffénii"ce with 4= 5.0  “g9 5 94.3 15
99.5 _ 93.7 TABLE 5 - Performance with no weight limts Nunber
of Tr ai ni ng Set Test Set H dden Nodes . Accuracy %
Accuracy % 2 ' —§76 — 952 :

97.9 Number of 93 7 4 Tralnlng Set - Qgsts Set "95.0 5 ,J
98.9 5 10 : ' 94.0 15
99.8 idden Noae%“ 4.0 It Acgtérr']acybfé seen ?onzt%c hese tables that as
Mis increased. the traLnlnn set_accuracy increases for a given nunber of

hi dden nodes, tending t owar ds the flgures with no weight constraints. It
can al so be geen that trai nlg set and # t set accuracies converge
as Mis decreased, i.e., & eﬁal I sation ? mance i nproves. Furt her,

as the nunbeg of hi dden nodegs sncrease, the P83 set performance gets wor se

for the no | jmt case, whil 6 WO 91/ 00591 94 _
PCT/ GB90/ 01002 - 13- ( Me) %? smal | values?tt M this effect is not
in 5 97.9 95.3
10 99.5 94.3 o
i5 98.5 93.7 it
TABLE 5 - Performance with no weight limits
Number of Training Set Test Set
Hidden Nodes Accuracy % Accuracy %
2 87.0 95.2
3 97.9 1 93.7 | L
4 98.6. ' 95.0 - o/
5 ' 98.9 94.5
10 ' 93.8 94.0
15 99.8 9.0

It can be seen from these tables that as M is
increased the training set accuracy increases for a given
number of hidden nodes, tending towards the figures with
no weight constraints. It can also be seen that training
set and test set accuracies converge as M is decreased,
i.e., generalisation performance improves. Further, as
the number of hidden nodes increase, the test set
performance gets worse for the no limit case, while

ut



evidence. ‘It should be noted t hat _the:best test set per formance occurs

for M= Av0 94665925 hi dden nodes Also, for all finite val uespg;f}.éwwgz

there is at least 5 one. confi gg:; ation that gives
test-set performance to the. best achievet" with no weight limting.
Experinents to ascertain the relative degradations due to weight
~quantisation wefe also performed.. Once the network had been fully trained
using a floatin i §Pr105mall, YAlNeR: i QF ¢ Hai Fhify BFERSE t BSn Moe Mbights and
bi ases were quagiridende] nt gta sfhbumi b@d@lbtéwrrbmn the Obestupbdty s@aced
| evel s. The mum _absol ut vaI N trig r}gt ‘Qﬁdﬁ determ ned the
maxi mum posi t i v%eri%‘? ?ﬁq‘régatq ve' | ev@l O, MGk 22, ER wJPReSwei ght and
bi a\%ﬁwas t hen nnmmedfbn dH finite vatwescof ¥umestedatthevel v alt \leéstf and f
network testing erf ti ri ffects o
wei ght qugnt [ sa %OH?Q]%&%&? tgg‘;?sa %‘xﬁgﬂldfchltfgg tFode
net wor ks descnpmfomm tﬁaﬁiaabﬁsglazesevedeWH\ISnerwengh(:bkimﬂnngact ual and
- desired outputs) on tLai n | evel s
and a range’ of maxi nggﬁeabso?ust eéﬁeigé%téﬁ{mg& gélai.'gﬁ EE%%O%&H ai ni ng
set for differiup [togweight d;uantlsatlon were also performedys Bneerthen Trai ning
Set Levels L Mr'e%o?k nii=%eln f'i{h.fy?’tPameM -usine a '\fluaEﬁg% pandx 1540

0.2674 Q._1700 1954 0. 4849

0.1374 1B, 451411‘1“'"9*'-14299:3'3151119 algo@'¢ﬂ65the Qe?f_@itﬁ and (piasgs werep. 1920
8- ﬂzg 310 L5 ﬁnﬂé&idmnﬁolag?gée%qo&@ﬂ&uggsﬁr 100@f e lﬂalll Zggﬁé’e .
0.1079 0. 097AFve veld S9. 1 ' 365"%3 “fzsé“ t’t? 188BWOrk o 0962

0. 8 0.1441 detetffited the. mﬂﬁihum pdkif9%d and Magikdd Eeganlviabé\ﬁal 6 the
o TRor o VAR, Chact SURMREE "HISRE a0 NS en Wil %o 15 Per
15 the nearest gquantisation level value and network testing
performed using floating point arithmetic. The effects of
weight quantisation after training was tested for the 15
hidden node networks described above. Table 6 gives the
RMS error (between actual and desired outputs) on the

20 training set for different numbers of levels and a range
of maximum absolute weights.

TABLE 6 - RMS Error on training set for differing L & X

N\ No of | RMS Error on Training Set
Levels L M=1.5 M=2.0 H=3.0 =50 M=o

0.2674 ° 0.1700 0.1954¢  0.4849 = 0.5391
0.1458 0.1540  0.1374  0.4514  0.4993

15 0.1465 Q.1277  0.1162  0.1920  0.3770
31 0.1445 0.1255 = 0.1212  0.1000  0.1428
63 0.1443 0.1254  0.1079  0.0875  0.0977
127 0.1441 0.1253- 0.1079  0.0970  0.1205
255 0.1441 - 0.1253  0.1080 0.0962  0.0958
# 0.1441 0.1253 0.1077 0.0961  0.0923

From Table 6 the approximate number of levels-
required, and hence the number of bits per weight, for no



significant degradation can be cal cul ated. «Table 7 lists thé nunb_er of
bits p¥O 9009 required such that the RVS error is |ess tpg-@,éﬁ/wbmtzer
er

than for unquanti sed wei ghts for eachlg_t__ t he val ues of M un

consi deration. 5 TABLE 7 - Bits/weight required Maxi mum wei ght
Bits per weight M required 1.5 320
4 3.0

. 6 5. 0 . Lo lerr] oo . 8

Al t hough, é'égnlfd'f:gﬁﬁs@%,-adat’f%e can; Iﬁ%e‘?ﬁlf:g#’edl‘s Thea i A%t ended for

i npl enent at i thei numbeor af bitsvpers veighthaeguirtedk suein fatcé&her RXs t ype which
need no furt Chipdi t g t | l; enbodi nent s
1o i 11" noby e 1oy Lef ian By Ratey enSl {1 R ELF WRBRY, 10 U 0
(with parti £or :achref &henvaluescof dpurdasr Ferigeration). A real -world i npude
(speech) signal is received, sanpled, digitised, and processed to extract
a feature vector by an input processing circuirt 1. For a speech input, the
sanpl i iy r at SARRE, Thz Bitg/ieightcrequiredsati on nay i nvol ve A-| aw PCM codi ng;
and the feat yseingdCheightry f @itexXwIheighenprise a set of LPC coefficients,

Fourier Transform coefficients or preferably nelfrequency cepstral 20
coefficients. Fdt speech, '-t"W@qg’tzrf%t and end points of the utterance are
determ ned by end pointing device |a, using for exanple the nethod
described in W'Z.g;gon J. G Rabi n'_eéj_ and Martin T:. 'An inproved word-detection
al gorithmfor t.el ephone quality speech incorporating both syntactic
and semantic cahwgtraints - AT&T4Bel |l Labs Tech J, 63 (1984) (or any other
wel I known net hpd), and bretvveensthese poi nts n-di nensi onal feature vectors
X are supplied periodically (fof exanple, every 10-100 nmsec) to the inputn/
node 2 of 5.0 N : , ' :

© 8 o
Although, as discussed, the invention is
primarily inténde_d for implementation in neural networks
of the well 'k_nqw_n._ perceptron --ty_pe'_which- need no further
description to the skilled man, some éxemp_lafy embodiments
10  will now be briefly disclosed with reference to Figures
4a, 4b & 5 (with particular reference to speech
‘recognition). N | |
A real-world input (speech) signal is received,
sampled, digit.ji.sgd,' and processe_d- to extract a feature
vector by an input processing circuit 1. For a speech __
input, the sampling rate may be 8 KHZ; the digitisation o
may involve A—la_i;- PCM coding; and the feature vector may
for example comprise a set of LPC coefficients, Fourier
Transform coefficients or preferably melfrequency cepstral
20 coefficients. | o
For speech, the start and end points of the
utterance are determined by end poin_tiixg-- device la, using
for example the method described in Wilpon J.G, Rabiner
and Martin T: 'An improved word-detection algorithm for
25  telephome quality speech incorporating both syntactic and -
semantic 'constrai_nts' . AT&T Bell Labs Tech J, Q (1984)
(or any other well known method), and hetv_een these points
n-dimensional feature vectors X are supplied periodically
(for example, evéfy_ 10-100 msec) to the input node 2 of

[ 5
wy



WO 91/ 00591 ° . '

PCT/ GB90/ 00d9r the net. The vector X may be a set

8-bit Coe?:‘t?g?ents [err] (i.e. n=15) The feature vectors are c%qf/}&#@ﬂ@z
supplied in tinme-division nultiplexed fom to a single input 2a5
connected to comon data bus 2b. The input bus is connectable to each
neuron 3a, 3b, 3d, in the input layer. Referring to Figure 4b, each
conprises a wei g vBet.or T®A VeStar i Xg A DB wei‘'ght \of uas. s-bite cl ock

10 signal  coiRlekdidicnts #.N¢i.duhki®lex also control s the address bus
of the ROM 5, so that as_sudcessive input values [err = 1to n) of

the input vector X aree SHRALRERi¥REEYTS AfiS F@W%e&t ﬁgpplkﬂﬁjtinof

har dypar e di gltaltmw-dixnhmr mltiplekees PRl Neo awesﬂzhjle iﬁ%&lf_sz [err]
are aﬂdressedagﬁ d,_on the agous f the RON 5 and su |e_a to a
second i nput of P BCLRG B9 Fﬁopg?n uﬁ,@ wei ghted input value produced

at the output of theTltmImuppt i Bus s conngytabke to eacHi fédrtn 3a¢unul ating
adder 7, and ad €. ,GULG mJI ated total. 20 The

cl ock signal alg corft?"‘g téh%aaf@{{c g‘ﬁgo'n t he output of the accunul ating
adder 7 so that when al | Referging:cta ﬁ‘pgure/aémesaolﬁ compriges & eseightare
accunul at ed, I o] I for he duration of
the next cycle. %ﬁléés\tal Lg(macil é\e;éed'hgy tgbvr% leh 9$]b Tlh 6’3’ - The
accunul atiilﬂg ad§égnad | contrailingetthep E@lbl K t ;alsoy demrrcds ptkelet er m ned

‘bias value). Thgaérdsyl bas (oF[ ehel Roks 5SURR! |tq,gtt QF sﬁ@ébééﬂ@a g ression.
.circuit 9 which nerates ,i,n respaonse ?n output of conpressed Tange
gguqsne X5 ukdt

‘typjcally given inlclp) 1Pf| fep inppF) vegtor X are The
conmpressi on ci r guctesS ively (%ubpl@d' Q@kalpn'?%/l J.riﬂh@. bptlf&rdbé’té‘%ﬁg?ﬂ ied to

the address |ing L he 8Ut pu from ata lines

t
but is pref eraBﬁJytJé’ 18 sc bseHOWFSBHFgW ap‘g%ggfat | ¥3LUgS89®52838 and t he
article 'Efsfici eddrdsspd candit pldced oh mhecmsebﬁé of tﬁéﬁemn fckpgation

function for L raI wor ks' El ect roni cs
letters, 23 Novgﬁ#é'ﬁ%d e84 sbfeha mpu thie "Mt tlpher 6

weighted input value produced at the output of the
multiplier 6 is supplied to a digital accumulating adder
7, and added to the current accumulated total.

20 The clock signal also controls a latch 8 on the
output of the accumulating adder 7 so that  when all
weighted input values of an input vector are accumulated,
the (scalar) total is latched in latch 8 for the duration
of the next cycle. This is-achieved by dividing the clock

U 25 by n. The accumilating adder 7 is then reset to zero (or
to any desired predetermined bias value). The total
y (= Ex wi) is supplied to a non linear compression
circuit 9 which generates in response an output of
compressed range, typically given by the function

ly) = 1/(1+exp (-y))

30 The compression circuit 9 could be a lookup RON,
the total being supplied to the address lines and the
output being supplied from the data 1lines but is
preferably as disclosed in our UK application GBB922528.8
and the article 'Bfficient Implementation of piecewise

35 linear activation function for digital VLSI Neural
Networks'; Myers et al, Electronics letters, 23 November
1989, Vol 25 no 24.
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1989, Vol 25 no 24. WO 91/ 00591 .
PCT/%@ -16- Referring to Figure 5, the (Iatched) scal ar output Y of
each connected as an input to the neurons 10a, PCT6GB0 2f the
internediate or 'hidden' layer. Typbcally, fewer neurons will be required
in the 5 hi dden | ayer. The output values may be nmultiplexed onto a
common internedi ate bus 11 (but clocked at a rate of 1/n that of the

ihnggt v?l ues by, foRefexeimy etciomi;hwf I50p e clalér%cnfa)\tMst:akxcasel each

i dden | ayer._pe a, c.m ivalent, to.the jn ayer
neurons 3a, 5{;9&1% oF écgrg%‘g"% g é%n'lﬁ% V‘@BFOF out put val ues
of the i npunetsonsr . 10athi Xbi, s I8cu st Lﬂheenhmérmedntaten drha'chlld'dera'l lows a =
flexible i % egtlon 4
conpl exi tymi%'ﬁe neg&g l?gé ?ﬁ%%u%e% s VM}J‘E bg %;ﬂfﬁ'% giril g’gé Iikevvi'“éfqé .
suppl y5 scal hiddan parer. wAhe HouLPHt aalups puays beomndipbexed oppaa 12b,  of
the out p”Eommdnaﬁ?AEermedlh lﬁlSCll"iS?b%t‘. Cﬂtd R8q 20P'd ch‘%ttboﬂf 1ere is

typically an out put neuron or each ass and poss y others; for exanple
one for "hBAt PEchAi dapuy  valyes by £9rccenrmPlecodni HAPEIOR ended to

recogni se Mfﬁcuﬁ’)dm %J.ch\’\@aééltdwh Hfﬂﬂeﬁniaﬂe}a,neuii&b mvl doe provided as
shown (althi g scrjm nate between

t ot
two cl asses ?"(O%@Rg t‘?t@‘q r‘]‘BH’L‘t v]e?(,y_teBr “?'%F%née?aof Byut puts of the
hi ddeng ayeBcbei'aw,lvmr;i @pthets inputwegtor the ocutputt walﬁes wfed, as above,

out put | aycFi s Tay 8 | 2hfs "l iRyl enHiety, BB ST UL 1T
corr espondsalh:ktshe dliexiilel ama:]remnetert(mnpof)dmnmgstm&*.:sl aw_a.gheslomut put val ue.a‘
is allocat eg%t% c\@ﬂﬁedtﬂeﬂt Eﬂt (al though ot her ' decision rul es’

coul d be us I oUS nmo |ca ons and substitutions to the above
exanpl e are possi bl &heFmenrens i ¥aer A8k aﬁ@l%@eﬁ@ neipdeR Layeruded.

i3 likewise supply scalar outputs which act as inputs to
neurons 12a, 12b,. of the output layer.. In a'
classification application, there is typically an output
neuron for each class (and possibly - others; for _exam_ple'.

one for "not recognised"). For a . speech. reCoghiSer

oy intended to recognisé- "yes" and "no" two outpu’é neurons
12a, 12b could be provided as shown (although a single
output could be used to discriminate between two
classes). ' Each receives as its input vect;.o_r the set of
outputs of the hidden layer below, and applies its weight

5 vector (stored, as above, in ROMs) via -a multiplier, to
produce a net output value. Preferably the output layer
neurons also use a compression function. The class which
corresponds to the output layer néuron producing the
largest output value is allocated to the input vector

20 (although other 'decision rules' could be used).
Various modifications and substitutions to the
above example are possible. '

Further intermediate layers may be included.

* The skilled man will realise that the functions of all

35 neurons of one input layer(s) could be performed by a
single computing device sequentially, in environments
where high. speed ds inessential; the multiply and
accumulate/add operations are of course common in

microprocessors and in dedicated digital signal processing




The ékilled‘nan'mﬁll real i se -t hat: the-functjohs of -all 35 neur ons of.one
I nput | ayer(s) could be perforned by a single conputing device

sequentially, ~in environments where high speed is inessential; the
mul tiply and accunulate/add operations are of course conmon in
m croprocessors and in dedicated digital siyhat processing - 17 - (DSP)

devi ces such agg mscéé‘sédm S e r']]exﬂ@%%@séﬁfﬂéﬂtém ¥M8320 family
Mot orol a[err] TNMb6Q00 fanlky &y the ROMB+5 could be realised as

areas of a sin@%? 3#?%94 Mﬁﬁgépnﬁﬁmeéwy, the invention may 5 be
real i sed using hybrlgi;@nanlp,gu@mugué a&omtw&;@mrbmwmsedtaé wes@tsf

t I 11
o v 561 02134 % MG meBo TR AEPLERD, “AeeanSel iy b fodrthedhen
as hybrid @i dedoecumbialig.,s@whmg thnﬂeangmbguendmg:.tpéahetwdepsnﬂamhlch
speech recogni t4;0 S@{% §c£‘6895 Pgue si' %‘i‘e us tné&roﬂ%'%fbe

capabl e of deV|S|ng satl ry wei h a Phi n
. Accordingly, |mhﬁﬂtyanﬁthnappaFagas1& ﬂ@ﬂgmBaﬂﬁlﬂﬁ|&ﬁ/Qﬁ%ﬁ%e(§$SLBned

provi ded; typi ¢@l lohe? JBSIOPE USSR adRiey ati ng 15 accordlng to a stored
program The input teéest patterns are supplied to the input 1, and the

#initial weight val ué® ARPLIFRIEIRRE FNFRganh¥PFIR FiAeSDr i ohpeaker
al gorithmoto &édumﬁﬁiendl bl esprandicianinddif n@f»eeanp&te%c(gtrﬁwargh the

device 13 is connect redet er ed ol uts 20 carrespondj ng
to the inputs. efﬁ'@ e?&ﬁsl%q quspctaqwgﬂ %r] the*th gt 9y ?b%a‘f%fﬂn%i%s
t he necessary wofi glavising bsatisfestolryr wedaghtwevaltes | bmi ttraive ngei dgata.

mSt of - cour sASERrER gty 3yl CAEF G368 bECaHEtARs R SRR UG iy

adds the increfieNiseadd ievprowideds ‘ﬁmmgmamczmmcemogt@w@nqhe
met hod i s44i SCH%%%%&W% Gog%%an grhhe aﬂh&Siﬁgﬂtd\?&{ég?é@téfns are

k¥
connected to the address busses of F stores the n out put s.
It is also confiBBPddedy te dhe dampt the initial weight values are

adjusted, using an error back propagatlon algorithm, to
reduce the difference between the net outputs (to which the
device 13 is connectable) and the predetermined outputs
20 corresponding to the inputs. The device 13 thus calculates
the output error, calculates the necessary weight value
increment for each weight; limits the weight magnitudes (if
necessary) to M; accesses the weights in each store 5
(which must, of course in this embodiment, be a read/write
25 store, not a ROM), adds the increments and rewrites the new
weight wvalues to the stores 5; the method is discussed
above. Consequently, the adjusting device 13 is connected
to the address busses of all stores 5 and to the net
outputs. It is also connected to a source of correct
30 output values; for example, in training a speaker-dépendant
word recogniser these are derived from a prompt device (not
shown) which instructs the speaker to speak a given word.
The correct output (say 0.9) for the output neuron
corresponding to that word, is supplied to weight adjuster
35 13 together with correct outputs (say 0.1) for all other

output neurons.



R

30 out put values; for exanple, in training a speaW:
recogni ser these are derived froma pronpt device (not shown “
instructs the speaker to speak a given word. The corr \)\\\ “\ . 9)
for the output neuron corresponding to that word, is I\ B I ght -
adj uster 35 13 together with correct -q@t puts (say 0. *1) “for all other

out put neurons. -18 - CLAIMS 1. w%d of deriving weight vectors
(each conprising a plurality of multi ital weights each having one of
a range of discrete values) for a neural net conprisi ng:- - vector input
means for recei ViNindepbalr 8F B¥r@bing weRiH W&@&&O@ééﬁ'agmﬁgfﬁlﬁgt
vector; and - vec.torﬁgroces'syng .rre.ag f_fr _gengr.at_lllng. anp urafl t%
of scalar oft PR teRhdurkel Rivo ik et ahpees 9’@?’?0? ehdhagbpaconeeof 34
ol octing A Seatones o B e D e Ch Lot e Ss gt sing: -

sel ecting a sequence of sanplge input vectars i.ch ¢ _ o :
predet er ni ned net” out p‘{ﬁ"s"f"n’-? 1npYlenBraps ng°f’h§te§ﬁr’-(ymn‘-’ar? Bbreatheyief to

t he out put s imputheralates aromspisiidgah of hifwet respest) vananput vectorz; an;jh
15 - I teratiye difyi.ng the wel ght vectors so as tq reduce the
di f ference between theyegéaqof ap %f:grg?n?%Lgl% ne'f‘g%ﬁ put’s>and SPRE“F-Ed& er fi ned
net out put sPajFalitten ohi scabarf pukpudisepin edependencet mporngitid uthepot a

wei ght, or web&@&-wﬂa(yésﬁa%%%¥ﬂ*Ehfbf&ﬁ%%*&%f%EEdva YggM then that 20
wei ght, or weight vector, magnitude is constrained to be equal to (or |ess
than) M and - CORRFSEGhtTRP FkARS Q%ig t he thus nodified wei ghts or

wei ght1gectors. 2. AdIRdHIh@CEOr slbddlehfe ClcH Mshmpllel t DREUEONPEESHAY 25
quanti sing %ge hhu%— m)%i fﬁ_mi}"q{ht or_said weight vectors to a |ower :\u'
precision, YORE of OFFESRPAR P rRed) et PYEPYES M

' - generating therefrom an approximation to the
outputs of the.net corresponding to the respective input
vectors; and _ o “ '

15 - iteratively modifying the weight vectors so as to
reduce the difference between the said approximated net
outputs and the predetermined net outputs and, when this
modifying step results in the magnitude of a weight, or
weight vector, exceeding_éfp;e@etermine&:value_M,_then.thgt,_f

20 weight, or weight Qecter, magnituderis constrained to be
equal to (or less than) M; and - o

- ubsequently ghantising the thus modified weights

or weight vectors. . | : N

2. A method according to claim 1, further comprising

25 quantising the thus-tiodified weiéhts‘or said weight vectors
to a lower precision, one of the quantised levels being
said value M. -

3. A trainable neural'network comprising: -
- vector input means for receiving an input vector;

30 and '
- vector "processing' means -~ for generatihg a
plurality of scalar outputs in dependence upon the input
vector and a plurality of respective reference, weight,



3. " A trainabl é neural network conprising:- - vector input neans for

receiving an input vector; 30 and - vector processing nmeans = for
generating a plurality of scalar out puts in dependence upo

vector and a plurality of respective reference, weight, uwm mmlu:uml“lll
conprising a plurality of wultibit digi taLw/eLghts each havi g bne" of" a®
range of discrete values, further caonprisin ai ni ng neans_for
deriving, in aVPF§|°|¥snge?J‘Fll&s€°m§’rlst1W@ viei Qﬂf‘é'a&flté’al?ifré‘ﬂ’é%élli’&é: vith ghtal

vectors, the twelights s hawdnylicie refns faige i of taigeréuei nglise,

trai ni ng phase, sai ereng ht_vectors or weights to a predetern ned
maxi mum val ue M by %&ﬁthr al rﬁo‘r?]" V\%'hsc‘JL i ue of wei ght vectors or weights

whi gh. woul d ot herw se exminmrmmeamst for derdyingndiguartiaimingephaséor
quariti si ngssai ‘éld-ll (SLTSS rt'sv%% \WRl thtr%t%il&ﬁ:@%i Ht %&cff@' ”l‘.tw @f@ﬁlné

A networ k accor ng to claim3 arranged to corrprlse 1|
perceptron. 5. meansncinelugihgomeansgyi HRr walgatitget ARrRY | \’Fé& bVQW‘i‘BS

- method of clai gh&s@r chai@ 2re§erenéen%f¢h@etww&maaccwdl Weightel atm Sa
: connected to corrp A neural _netwo

e a rrultl-l ayer per.ce
according to aRyegpteqmined maximup 7alp % g‘ﬁ’ tq%‘s&ﬁir‘?’jo‘lﬁ e o‘fai\)é‘f'g‘?ﬁ
val ues is skewedizht vevoxrs oa welghts wagrlt wieubduatheawife ®xceed M
substanti g, nu r | [ s d
met hod of rai %%g &; n%%ra&ﬁ g\%}rk 'gﬁl sr?éfafngg %ﬁ%ﬂbhgqﬁ s,aiva\nath
reference to tﬁéuéc@@rmawﬁ e iethgisr §®S%lem9.t° soaxféutraalnemopkase

substantially as herein described with reference to Figures 3 to 5 of the
acconpanyi ng draW| n%s
R\/ network according to clalm 3 arranged to comprise a

multi-layer perceptron.

5. A neural network having weight vectors derived by the
15 method of claim 1 or claim 2.

6. A neural network according to claim 5, connected to
comprise a multi-layer perceptron.

7. A neural network according to any one of claims 3 to
7 in which the distribution of weight values is skewed
20 towards a maximum magnitude equal to M, a substantial

number of said weights having said maximum magnitude.

8. A method of trainihg a neural network substantially as
described herein, with reference to the accompanYing Figure
3.

25 9. A neural network substantially as herein aescribed
with reference to Figures 3 to 5 of the accompanying

drawings.




