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Abstract

Recurrent neural networks readily process, recognize and generate temporal sequences. By encoding
grammatical strings as temporal sequences, recurrent neural networks can be trained to behave like de-
terministic sequential finite-state automata. Algorithms have been developed for extracting grammatical
rules from trained networks. Using a simple method for inserting prior knowledge (or rules) into recurrent
neural networks, we show that recurrent neural networks are able to perform rule revision. Rule revision
is performed by comparing the inserted rules with the rules in the finite-state automata extracted from
trained networks. The results from training a recurrent neural network to recognize a known non-trivial,
randomly generated regular grammar show that not only do the networks preserve correct rules but that
they are able to correct through training inserted rules which were initially incorrect. (By incorrect, we

mean that the rules were not the ones in the randomly generated grammar.)
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1 MOTIVATION

It is important to be able to revise rules in a rule-based system. A natural question is: w ati t e input data
disa rees wit t e rules ow ant e rules be an ed e problem o an in in orre t rules as been
addressed or traditional rule-based systems 1 . e onte t o t is wor ist e use o re urrent
networ s as tools or a quisition o nowled e w 1 requires idden-state in ormation. In parti ular we
are interested in appli ations w ere a partial domain t eory is available. In ases w ere t is nowled e
is in omplete re urrent networ s per orm nowled e re nement in ases w ere t e prior nowled e is in-
onsistent wit some iven data re urrent networ s per orm rule revision. is wor demonstrates t at
re urrent networ s an su ess ully revise rules i.e. on e rules ave been inserted into a networ t ey an

be veri ed and even be orre ted

Insertin nowled e as been s own use ul in trainin eed- orward neural networ s or e am-
ple see 1 1 . eresultin networ s usually per ormed better t an networ st at were
trained wit out a priori nowled e. e urrent networ s are in erently more power ul t an eed- orward net-
wor s be ause t ey are able to dynami ally store and use state in ormation inde nitely due to t e built-in
eedba . In parti ular t ey an be en oded 1 and trained 11 1 1 to be ave li e
deterministi sequential nite-state automata. et ods or insertin prior nowled e into re urrent neural
networ s ave been previously dis ussed 1 1 1. It as been demonstrated 1 1 t at prior
nowled e an si ni antly redu e t e amount o trainin ne essary or a networ to orre tly lassiy a

trainin set o temporal sequen es.

ur interpretation o rule revision onsists o t ree sta es: 1 insert all t e available prior nowled e by
pro rammin some o t e wei tso anetwor re ently t is as been s own to be e perimentally and
t eoreti ally 1 stable train a networ on a data set ompare t e rules e tra tedint e ormo a
deterministi  nite-state automaton A wit t e previously inserted rules. e rammati al rules t e
rammar an be easily e tra ted rom t e trained neural networ 1 1 . e say a networ
is preservin a nown rule i it appears in t e e tra ted A. e networ is permitted to an et e
pro rammed wei ts. In order or a networ to be a ood tool or rule revision we e pe t a networ to
preserve previously inserted initial rules and to orre t initial nowled e. or a testbed we
trained networ s tore o ni e are ular lan ua e enerated by a random non-trivial 1 -state A. es ow
t at asmi tbee pe ted networ s are able to orre t in orre t prior in ormation and to preserve enuine

prior nowled e. us t ey meet our riteria o ood rule revisors.



INIT TAT A TOMATA A AMMA

e ular lan ua es represent t e smallest lass o ormallan ua esint e oms y ierar y 1 . e ular
lan ua esare enerated by re ular rammars. A re ular rammar is a quadruple W ere

ist estart symbol and are non-terminal and terminal symbols respe tively and are produ tions o

t e orm or W ere and . ere ularlan ua e enerated by is denoted

Asso iated wit ea re ular lan ua e is a deterministi  nite-state automaton A w i is an
a eptor ort elan ua e ie. . A a epts only strin s w 1 are a membero t e
re ular lan ua e . ormally a A is a -tuple W ere is
t ealp abet o t elan ua e is a set o states is t e start state is a set
o a eptin states and de ne state transitions in . A strin isa eptedbyte A
and en e is a member o t e re ular lan ua e 1 an a eptin state isrea ed a ter t e strin as
been read by . Alternatively a A an also be onsidered a enerator w i enerates t e re ular
lan ua e

NT N A NT O

e re urrent networ used to learn re ular lan ua es onsists o re urrent neurons wit bias
nonre urrent input neurons labeled and se ond-order wei ts labeled 11 . e
omple ity o t e networ only rows as aslon ast e number o input neurons is small ompared to

t e number o idden neurons. ereer tot e valueso t e idden neurons olle tively as a state
int e nite -dimensionalspae 1 . A networ a epts atime-ordered sequen e o inputs and evolves

wit dynami s de ned by t e ollowin equations ure 1 :

1
W ere is a si moid dis riminant un tion. otet att e wei ts modiy a produ t o t e idden
and input  neurons. is orm dire tly represents t e state transition dia rams o a state pro ess
and an be onsidered as a anoni al ormo a A neural networ 1 . e
input neurons a ept an en odin o one ara ter o a strin per dis rete time step . e above equation
is t en evaluated or ea idden neuron to ompute t e ne t state ve tor o t e idden neurons at
t e ne t time step 1. it unary en odin a separate input neuron is assi ned to ea ara ter in

t e alp abet o t e relevant lan ua e. A denser input en odin may be used or lan ua es wit lar e

alp abets. ewel ts are updated a ordin to a se ond-order ormo t e learnin al orit m



1 ure 1: A se ond-order sin le layer re urrent neural networ . and represent t e values o t e
state and input neuron respe tively at time t. e blo mar ed represent t e operation

1s t e s1 moidal dis riminant un tion.

or re urrent neural networ s . A spe ial neuron  is sele ted as t e output neuron o t e networ t is
output neuron is used to de ne a quadrati error un tion. e t an es o ur atert eendo
ea 1nput strin t ey are proportional tot e radient o t e error un tion wit respe t to . or more

detail see 11 .

IN TION

eall t at a A is a quintuple wit alp abet states
a start state a set o a eptin states and state transitions
e insert rules or transitions by pro rammin some o t e initial wei ts o a se ond-order re ur-

rent networ state neurons. Alt ou t e number o states ina A is not nown a priori we assume

t rou outt is paper t at

ur ollows dire tly rom t e similarity o state transitions in a A and t e dy-
nami s o a re urrent neural networ . e all t at t e networ an es it state  at time 1 a ordin
to q. 1. onsider a nown transition . e arbitrarily identiy = A states and  wit
state neurons and respe tively. ne met od o representin t is transition is to ave state neuron

ave a 1 output 1 and all ot er state neurons in ludin neuron ave a low output atert e



input symbol as entered t e networ via input neuron . ne implementation is to ad ust t e wei ts
and a ordin ly: settin to a lar e positive value will ensure t at will be 1 and
settin to a lar e ne ative value will uarantee t at t e output o will be low. el ts w1
are not are initiali ed wit small random values. e set t e value o t e biases o state
neurons t at ave been assi ned to nown A states to . is ensures t at all state neurons w 1
do not orrespond tot et e previous ort e urrent A state ave a low output. us t e rule insertion

al orit m de nes a nearly o all nown A states.

In addition tot een odin o t e nown A states we also need to pro ram t e response neuron indi at-

in w et erornota A stateisan a eptin state. A spe ial end symbol mar st eend o ea strin s.

epro ramt e wei t as ollows: I state is an a eptin state t en we set t e wel t to a
lar e positive value ot erwise we will initiali et e wei t to a lar e ne ative value. I it is un nown
w et er or not state is an a eptin state t en we do not modiyt e wei t . e end symbol is
not a ru ial omponent o t e rule insertion al orit m it ust improvest e onver en e time. e de ne
t e values ort e pro rammed wei ts as a rational number and let lar e wel t values be

and small values . ewillreerto ast e o arule.

e assume t at t e A enerated t e e ample strin s startin in its initial state. ere ore we an

arbitrarily sele t t e output o one o t e state neurons to be 1 and set t e output o all ot er state neu-
rons initially to ero. en all nown transitions ave been inserted into t e networ by pro rammin t e
wei tsa ordin tot e aboves eme we traint e networ on a iven trainin set. oti et at all wei ts

in ludin t e ones t at ave been pro rammed are -t ey are not  ed.

T A TION

e e tra t symboli rules about t e learned rammarint e orm o A s. e e tra tion al orit m is
based ont e ypot esist at t e outputs o t e re urrent state neurons tend to luster w en t e networ is
well-trained and t at t ese lusters orrespond tot e stateso t elearned A 11. wus rulee tra tion
is redu ed to ndin lusters in t e output spa e o re urrent state neurons transitions between lusters

orrespond to A state transitions. e employ a simple state spa e partitionin al orit m alon wit
prunin  euristi s to ma e t e e tra tion omputationally easible. e A e tra ted rom a networ
depends on a partitionin parameter. A small value or t e parameter yields a oarse des ription o t e

learned A w 1 may not be onsistent wit t e trainin data lar e values o t e parameter yield A's



wit a lar e number o states t at tend to over t t e trainin data. us we determine t e value ort e
partitionin parameter e perimentally as ollows: ee trat A s orin reasin values o t e partitionin
parameter and oose t e rst A t at is onsistent wit t e trainin data as t e model o t e nite-
state sour e t at enerated t e trainin set. e ave empiri al eviden e t at t is model sele tion poli y

ooses amon all possible A st e simplest model w 1 also best des ribes t e un nown nite-state

sour e 1 . Alle tra ted A are minimi ed in number o A states 1

VI ION

In order to e plore t e rule revisin  apability o re urrent neural networ s we used a non-trivial randomly

enerated A wit alp abet 1 ure a . e networ s we trained ad 11 states neurons one neu-
ron or every state o t e automaton and an additional output neuron. e trainin set onsisted o 1
strin s alternatin between positive and ne ative e ample strin s in alp abeti al order. e wei ts and

biases were initiali ed to random valuesint e interval - .1 .1 and some wei ts were pro rammed to

or as required by t e rule insertion al orit m alon wit t e biases.

e distin uis ed t ree di erent inds o rules: 1 ulest at ave partial orre t prior nowled e t e

networ s supplement t e missin states and transitionso t e At rou trainin ont e iven data set.

ules t at ave partial in orre t in ormation ules w 1 ave no resemblan e wit t e a tual rules

o te A to be learned. e prior nowled e we used to initiali e networ s prior to trainin do not

ne essarily re e t nowled e ound in a parti ular real-world problem. 1 erent prior nowled e may be

available or di erent appli ations. ome appli ations may require lar er A modelsort e ind o prior
nowled e available may be di erent alto et er. Instead we view t is wor as a on eptual study w 1
i i tst e advanta es and limitations o usin re urrent networ s as nowled e a quisition tools wit

emp asis on t eir apability to revise rules.

e rst investi ated t e ability o t e re urrent neural networ s to supplement in omplete rules by learnin
rom a trainin data set. o demonstrate t e e e tiveness o our rule insertion te nique we inserted rules
ort eentire A ure a 1.e. we pro rammed all t e transitions andt e a eptin A states into t e

networ . e onver en e times in table 1 row a s ow t at t e networ did not need any trainin at all



(9) (h)

1 ure : tate 1ist e start state o t e partial A. A eptin

states are drawn wit double ir les. tate transitions on input symbols and 1 are s own as solid and
das ed ar s respe tively. Insertion o a allrules entire A b allrulese ept sel -loops partial A
d rules orstrin 1 1 1 e rules orstrin 1 1 1 rules orstrin 1 1 1 rules
or strin 1 11 11 wit out pro rammin loop rules or strin s and 11 but no transitions

s ared 1 rules or 1 -parity ransitions or symbols in parent eses are not nown.



Rule time DFA size

a time

a DFA size

b time

b DFA size

C time

C DFA size

d time

d DFA size

e time

e DFA size

f time

f DFA size - -

g time

g DFA size -

h time

h DFA size - -

a time

a DFA size - - - -

b time

b DFA size - - - - -

c time

C DFA size - - - - -

d time

d DFA size - - - - -

e time

e DFA size - - - -

able 1: e trainin times and t e si e 0 e tra ted minimal A ss own or

di erent rules ures and  inserted into re urrent networ s wit 11 state neurons. or ea rule t ere
e ists a rule stren t su t att eideal 1l -state A an bee tra ted rom a trained networ . or some
values o networ s ailed to onver e wit in epo s sinet ee tra ted A s are not onsistent

wit t e trainin set no data on A sl elss own.



or lar e enou rule stren t . eperet 1 -state A wase tra ted or all valueso . el -loops

i.e. transitions rom a state to itsel ure b are easily learned in re urrent networ s row b o table 1 .

In order to demonstrate a networ s apability to supplement orre t but in omplete prior nowled e ot er

t an t e easy ase o sel -loops we inserted t e rules o a subset o all states and transitions ure
e networ learned t e trainin set and preserved t e inserted rules row o table 1 . or some values
o t ee tra ted A wasidenti al wit t eori inal A.In eneral t is was not t e ase a networ

ould developed an internal representation o t e A wit more states but t e inserted orre t rules were

preserved.

uppose we new t e state transitions or a sin le strin in t e trainin data set. ow elpul is t at
in ormation e inserted t e rules or a sin le strin w 1 visited almost all states o t ¢ A but used
only a small subset o all transitions ure d . In ormation about t e transitions o a sin le strin  an

improve t e onver en e time si ni antly rowd o table1 .

ven partial in ormation about t e transitions o wurrin or a sin le strin  an be o elp and t e networ

is able to learn t e remainder o t e rules rom t e trainin data set. e inserted t e rules 1 1 1
ure e and 1 1 1 ure w ere parent eses mean t at we do not now t e transition or t at
parti ular symbol. e trainin times rows e and o table 1 support our ypot esist at nowin t e

transitions rom t e start state is more elp ult an nowin state transitions deeperint e  A.

e de nein orre t rules as rules w 1 orre tly represent some aspe tso t eruleso t e A butw i
ontain some error in t e way t e rules are represented. ten strin s visit states several times w en t e
A as loops. uppose we are iven a strin but we do not now t at t ere is a loop. Is t e networ
able to dete t and orre t t at error e inserted rules or t e strin 1 11 11 w ere t e transitions on
substrin 1 1 ormaloopint e A ure . eprorammedt e wei tso t enetwor asi t ere
were no su  loop i.e. a new state is rea ed on every symbol o t e strin . e trainin times are s own
in row o table 1. e e tra ted A demonstrates t at t e networ re o ni ed t at t e inserted rules
were in orre t and it orre ted t e error by ormin t e loop alt ou a A di erent rom t e ori inal

automaton was e tra ted or some values o

any strin s o a iven trainin data set s are some o t e transitions in t e orrespondin A. wo



0] (m)

1 ure : e ollowin mali ious rules were inserted into networ s prior to trainin a

modulo-1 A b - e randomly enerated minimal A s wit 1 states.

strin s obviously s are transitionsi t ey ave a ommon pre and i t e rules or two su  strin s were

nown t en t e inserted rules would re e t t is transition s arin . owever we wanted to test a networ s
ability to re o ni e t at transitions were s ared ure . wo separate pat s wit distin t states ort e
strin s 11 and were pro rammed into a networ . e networ was able to mer et e ommon parts

otepat st rou te Ataenbyt etwostrin s row o tablel .

It is di  ult to ive a pre ise de nition o a mali ious rule be ause t ere are many ways in w 1 a rule

an onvey in orre t in ormation su as t e wron number o states wron a eptin states and wron

transitions. or t e purpose o our investi ation we used t e lan ua e 1 -parity ure a and randomly
enerated minimal A s wit 1 states ure b-e . elan naeo t e A a a epts all strin s
inwi t enumber o o urren es o t e symbol is a multiple o 1 . e would ave e pe ted rule

revision to be di  ult or a re urrent neural networ int is ase ast e rules de ne a omplete internal state
representation i.e. transitions or every possible input are a ounted or. Ast e rulestren t in reases t e

dynami s o t e re urrent networ be ome de ned more ri idly w 1 potentially ma es t e unlearnin o

t e 1 -parity A even more di  ult. e simulation results s ow owever t at t e networ learnst e
un nown rammar rat er easily or small values o row a o table 1 networ s initiali ed wit lar er
values or ailed to onver e wit in epo s. imilar results an be observed or networ s initiali ed



wit randomly enerated 1 -state A's ures b-e or small values o t ey learn t e pere t A

ure a butt ey ail to onver e to any solution or lar er values o

ON ION

e ave demonstrated t at re urrent neural networ s an be applied to rule revision. iven a set o rules
about t e un nown deterministi  nite-state automaton A and a trainin data set networ s an be
trained on t e data set a ter t e partial nowled e as been inserted into t e networ s. 'y omparin
t e rules e tra ted rom t e trained networ sint e ormo a A wit t e prior nowled e t e validity
o t is nowled e an be establis ed. e tested t e networ s ability to revise rules by trainin t em to
be ave li e a non-trivial random A wit 1 states. ur simulation results s ow t at re urrent networ s
meet our riterion or ood tools or rule revision i.e. t ey preserve enuine nowled e and t ey
orre t prior in ormation. In some simulations t e e tra ted A was identi al wit t e ori inal
randomly enerated automaton. In eneral owever it is not required t at t e e tra ted A be identi al
wit t e un nown A and we onsider a re urrent neural networ to be ood at revisin rules as lon as

enuine rules are preserved and in orre t rules are orre ted. ule revision be omes more and more di  ult
wit in reasin rule stren t w en in orre t rules are inserted into networ s. e results we obtained or
rule revision usin se ond-order re urrent neural networ s are promisin . It is an open question as ow t 1is
approa  will andle lar er rammars and more omple rules and ow ot er rule-e tra tion approa es

1 will ompare to t is one.

Anot er open question is t e ombination o rule insertion and e tra tion trainin .y on-
tinuously insertin and e tra tin rules rom a networ startin wit little or no prior nowled e t esi e
o t e networ would an e ater ea rule insertion networ trainin rule e tra tion y le and ould be
determined by t e urrent partial nowled eo t e A ie.t ee tra ted symboli nowled e would on-
trolt e rowt and de ay o t e networ ar ite ture. urt ermore t e symboli nowled e may substitute
or trainin samples i.e. t e networ may sele t e ample strin s or urt er trainin based ont ee tra ted
nowled e rat er t an usin all strin s or trainin . ope ully t is symboli ally- uided trainin pro edure

ould lead to aster trainin and better enerali ation per orman e.
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