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Linguistic Domain:

D E P A R T M E N T O F C O G N ‘ T ‘ \/ E S C | E N C E *Subcategorization: transitive and  *Subject-verb and determiner-noun

intransitive verbs agreement

J O H N S H O P K ‘ N S U N | \/ E R S ‘ T Y *Modal verbs and do-support *Recursive modification: PP and

relative clause modifiers

. . . Simple subjects PP-modified subjects | RC-modified subjects
P“ZZIE I' the blgra‘m ObleCtlon Dradhirsive Some boys should visit the | The girl near the senator A boy who can love
. . L chinchilla who can laugh. can cough. some lizard coughs.
Structu re Dependence Re.all anc! ;hrl§tlansen (2005) s:how that examplesu(l) and (2) can be | . e o the boy with the
reliably distinguished through a simple bigram probability model. LRSIt 'l the dog trip! senator love the lizard?
Chomsky’s (1975) poverty of the stimulus (POS) argument: p(is the boy who is smoking crazy)= Simulation details:
| The rule for forming questions in English is sensitive to p(ls)p(the|ls)p(boy|the)p(who|bo@)p(smokmghs)p(crazy|s@ *SRN with 100 hidden and context units, 34 input and output units
. ¢¢ . o ’ . S . . . — o o o . .
structure (“move the main auxiliary”) rather than linear p(is the boy who smoking is crazy)= Tralglng.data. IOOOK sgntences generated stochastically (avg. length 5.54,
order ("move the first auxiliary”). P p(i)pithelis)p(boy the)p(whol boy)p(smokinglwho)p(islsmoking)p(crazy is) ~15% with PP, ~8% with RC), half followed by D cue, half followed by Q
. . : » cue, with appropriate declarative/interrogative target sequence.
(1) s the boy who is smoking crazy? NP VP Kam et al. (2005) observe that it is one bigram, the high frequency “who Traini . . . L
' el L o e 1 *Training with BPTT, cross-entropy error function, batch size 50, initial
(2) *Is the boy who smoking is crazy? PN is,” which yields a significant probability difference betwee (1) and (2). In ning "oPY
' A AdiP . . . AN weights in [-.01,+.01], 295K weight updates
. T . ux J a more realistic subset of English without such distinctive bigrams, such a )
2.The relevant evidence that distinguishes the boy who is smoking | | o . . . . ) Results:
e distinction is no longer possible (Is the wagon your sister is pushing red? vs. , e
these two possibilities is absent from the - . _ » . *For sentence types included -  :|
s crazy ? YP
0 Is the wagon your sister pushing is red?). s the SRN exploiting such a linear , .
child’s input (but cf. Pullum & Scholz 2002). . . . N , in  training data, network ;
bigram model, rather than hierarchical structure, to achieve its success! | L come
3.There must be an innate bias in favor of structure sensitive grammatical L, correctly generates novel . n the
. . Puzzle 2: the Correspondence Ob'eCt|on declaratives and interrogatives 051 love
generalizations. . | 08 -] |
The prediction task does not demonstrate knowledge of the mapping *With questions with RC- vouns) | couehs
between declarative and interrogative sentences. It is only in the context modified subjects, network - ‘
. . of this correspondence that the question of structure dependence arises. fails, generating an alternative . - I
The COhneCtlonlSt ReP')’ Otherwise, the two sentence types may be treated independently. 2 boy  who can  love  some lizard  coughs
09 | does the . .
Lewis and Elman (2001): Chomsky’s POS argument ignores e sentence type (preserving
the rich statistical information present in the input. Simple . boy e sul?sequencgs or length).
recurrent networks (SRNSs) can induce structure sensitive Tra_nSfO rmathnaI NetWQ I‘I(S zround love This  behavior 15 robust
generalizations without any innate language-specific senator with o e (singular across changes in network
| 03 1 senator nouns) I
machinery. _ To represent the relationship between sentence types, we trained an SRN to | a'.’jzltecwre . (numfelj .Of
: Y Hidden Units [ Context Units erform a generation task. Following Botvinick and Plaut (2006), we trained ] | | | idden units),  training
The simulation: [500] [500] > 8 g
. . an SRN to output a sequence after an output signal: Ve used two such does  the  boy  with  the senator love  the lizard
*Train an SRN to do word prediction over a corpus of . . . .
. . . . signals: IDENT required an identical sequence to be output; TRANS ioes :
English declarative and interrogative sentences. . regimen (batch vs. on-line see the |
) required a transformed sequence (e.g., reversal) - e cenator izards
*Words are locally represented at input and output. training, learning rate, . .
*During training withhold interrogative sentences target vocabulary size). Vet
. ° ° t t ] ] 0.5 -
V_I\_/hose s.ubjjcts are Twodlﬁe.dhl:]y Ilzjelatlve clauses. outpu These results indicate -
est trained network on withheld sentence type. . A . R} . that SRNs do not acquire ° boy |
N . senators
The results: P a single abstract structural -
M . . . 0.0 - —al L
... At relative pronoun who, generalization governing - .
] Simulation details: ) ) does a boy who sees the lizards  cough
reny | OET Length of vertical network predicts an ‘ ‘ . ‘ . question formation and
oeT bars indicates strength auxiliary, suggesting that it 'SRN )’V'th |OQ hidden and context units, 7 input and output units therefore they do not at present undercut Chomsky’s POS argument.
e of prediction has not induced a linear *Training data included 72K examples from {a,b,c,d}" of length | through 8
rule for auxiliary fronting . (in equal numbers) with no target output, followed by one time step of
, IDENT or TRANS, followed by target output which was the original or
Ving ADJ At end of relative clause d y e P 5 References
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