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Current deep
learning research

Uses large corpora
of linguistic data

Uses complex, structured
mathematical models

"Computational

Linguistics" \

- -
Computational
Formal Linguistics

\ / (and computational psycholinguistics,

mathematics of language)

Studies the nature
of human language

Sam BowmanX (Za2—3—7KFE) DXZA4 KHSEILE - B8 ; cf. Lake et al. (2017), Linzen & Baroni (2021)
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Current deep
learning research

¥ Proces:
|

ACL | —1
Uses large corpora Uses complex, structured
of linguistic data "Com putational mathematical models
/ ngwstlcs"

Corpus Computatlonal
Linguistics Formal Linguistics

\ / (and computational psycholinguistics,

mathematics of language)

Studies the nature
of human language

Sam BowmanX (Za2—3—7KFE) DXZA4 KHSEILE - B8 ; cf. Lake et al. (2017), Linzen & Baroni (2021)
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Current deep
learning research

7 Proces:
|
ACL | "‘
Uses large corpora Uses complex, structured
of linguistic data "Com putational mathematical models
ngwstlcs"
Corpus Computatlonal
Linguistics Formal Linguistics
\ /' (and computational psycholinguistics,

mathematics of language)
Studies the nature

of human language
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Sam BowmanX (Za2—3—7KFE) DXZA4 KHSEILE - B8 ; cf. Lake et al. (2017), Linzen & Baroni (2021)
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Current deep
learning research

ACL | "‘
Uses large corpora Uses complex, structured
of linguistic data "Com putational mathematical models
ngwstlcs"

( Corpus Computatlonal

Linguistics Formal Linguistics

\ /' and computational psycholinguistics,

mathematics of language)

Studies the nature
of human language
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Sam BowmanX (Za2—3—7KFE) DXZA4 KHSEILE - B8 ; cf. Lake et al. (2017), Linzen & Baroni (2021)
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Brennan & Hale (2019); cf. Brennan (2016), Hale (2016)
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Brennan & Hale (2019); cf. Brennan (2016), Hale (2016)
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Rumelhart & McClelland (1986: 222)
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BRI =2 —ZJ)LxXv T7—% (recurrent neural network)

Elman (1990: 194)
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FEXRRXIRBEH>GE (probabilistic context-free grammar)

previous prefix
Log( .
current prefix

garden-pathing
14 ¢
12

10}

5.90627

0.190684.0641303

A — ) ——— 8

the horse raced  past the barn fell

Hale (2001: 5); cf. Jurafsky (1996)
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Dundee Corpus (English)
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Inui (2021) ACL,; cf. Vaswani et al. (2017)
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Kuribayashi, Oseki, Brassard & Inui (2022) EMNLP; cf. Merkx & Frank (2021)
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Yoshida, Noji, Oseki (2021) EMNLP; cf. Dyer et al. (2016), Noji & Oseki (2021)
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RIS =2 —Z LR w T —2 3K (recurrent neural network grammar)



FEFERKOELOIEESS

NZ VAT A —N—3 % (transformer grammar)

first pass reading time P600
o
400 - 5.0 A B LSTM
8 ActionLSTM
40- ©  mEE RNNG
o
300 A Transformer
o 3.0 - o PLM
o 2.0 A
8 e
100 7] 1_0 -
° 8
0 = O O __& A

Yoshida & Oseki (In preparation); cf. Sartran et al. (2022), Yoshida & Oseki (2022)
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ChatGPT CEIESHEF IO 5DH ?
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Computational \f ) maximize:
Why do things work the way they do? W — ...
What is the goal of the computation? {/ Rf st g T Tl

What are the unifying principles?

Algorthmic

What representations can implement
such computations?

How does the choice of representations
determine the algorithm?

Big reward
cue

. Predicted
Implementational .
How can such a system be built in A S T
hardware? = ARG T 2 T ST R

Small reward Predicted
HOW Can neuronS Carry OUt the cue small reward
computations? w4
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