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はじめに 
自然言語処理と計算言語学・認知科学 
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Sam Bowman氏（ニューヨーク大学）のスライドから修正・再掲；cf. Lake et al. (2017), Linzen & Baroni (2021)
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Brennan & Hale (2019); cf. Brennan (2016), Hale (2016)

はじめに 
計算心理言語学（computational psycholinguistics）
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2. 人間：眼球運動、EEG、MEG、fMRI、ECoG
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3. 機械 × 人間：

• サプライザル

• エントロピー（減少）

• …

Brennan & Hale (2019); cf. Brennan (2016), Hale (2016)
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はじめに 
本講演のメッセージ 

• 計算心理言語学は、人間の言語処理・言語獲得を計算論的にモデリン
グすることを目標としている。（＝古典的なAIの目標）


• コネクショニスト時代は人間の言語処理・言語獲得が明確に意識されて
いたが、深層学習時代は大規模言語モデルの開発が先行している。


• 大規模言語モデルをそのまま援用するだけでは不十分で、計算言語学・
認知科学の立場から人間らしい言語処理モデルを開発する必要がある。


➡ChatGPTで計算言語学はまだまだ終わらない。。。！
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Rumelhart & McClelland (1986: 222)

コネクショニスト時代の計算心理言語学 
順伝播型ニューラルネットワーク（feedforward neural network）



Elman (1990: 194)
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Figure 6. Graph of root mean squared error in letter-in-word precition task. 

DISCOVERING LEXICAL CLASSES FROM WORD ORDER 

Consider now another problem which arises in the context of word sequences. 
The order of words in sentences reflects a number of constraints. In lan- 
guages such as English (so-called “fixed word-order” languages), the order 
is tightly constrained. In many other languages (the “free word-order” lan- 
guages), there are more options as to word order (but even here the order is 
not free in the sense of random). Syntactic structure, selective restrictions, 
subcategorization, and discourse considerations are among the many factors 
which join together to fix the order in which words occur. Thus, the sequen- 
tial order of words in sentences is neither simple, nor is it determined by a 
single cause. In addition, it has been argued that generalizations about word 
order cannot be accounted for solely in terms of linear order (Chomsky, 
1957, 1965). Rather, there is an abstract structure which underlies the sur- 
face strings and it is this structure which provides a more insightful basis for 
understanding the constraints on word order. 

コネクショニスト時代の計算心理言語学 
再帰的ニューラルネットワーク（recurrent neural network）



Hale (2001: 5); cf. Jurafsky (1996)

(1)

1.0 S ! NP VP .

0.876404494831 NP ! DT NN

0.123595505169 NP ! NP VP

1.0 PP ! IN NP

0.171428571172 VP ! VBD PP

0.752380952552 VP ! VBN PP

0.0761904762759 VP ! VBD

1.0 DT ! the
0.5 NN ! horse
0.5 NN ! barn
0.5 VBD ! fell
0.5 VBD ! raced
1.0 VBN ! raced
1.0 IN ! past

This simple grammar exhibits the essential character
of the explanation: garden paths happen at points
where the parser can disconfirm alternatives that to-
gether comprise a great amount of probability. Note
the category ambiguity present with raced which can
show up as both a past-tense verb (VBD) and a past
participle (VBN).
Figure 3 shows the reading time predictions5 derived
via the linking hypothesis that reading time at word
n is proportional to the surprisal log
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Figure 3: Predictions of probabilistic Earley parser
on simple grammar

At “fell,” the parser garden-paths: up until that
point, both the main-verb and reduced-relative
structures are consistent with the input. The prefix
probability before “fell” is scanned is more than 10
times greater than after, suggesting that the proba-
bility mass of the analyses disconfirmed at that point
was indeed great. In fact, all of the probability as-
signed to the main-verb structure is now lost, and
only parses that involve the low-probability NP rule
survive – a rule introduced 5 words back.

6.2 A comparison
If this garden path e↵ect is truly a result of both the
main verb and the reduced relative structures be-
ing simultaneously available up until the final verb,

5Whether the quantitative values of the predicted read-
ing times can be mapped onto a particular experiment in-
volves taking some position on the oft-observed (Gibson and
Schütze, 1999) imperfect relationship between corpus fre-
quency and psychological norms.

then the e↵ect should disappear when words inter-
vene that cancel the reduced relative interpretation
early on.

To examine this possibility, consider now a di↵er-
ent example sentence, this time from the language
of grammar (2).

(2)

0.574927953937 S ! NP VP

0.425072046063 S ! VP

1.0 SBAR ! WHNP S

0.80412371161 NP ! DT NN

0.082474226966 NP ! NP SBAR

0.113402061424 NP ! NP VP

0.11043 VP ! VBD PP

0.141104 VP ! VBD NP PP

0.214724 VP ! AUX VP

0.484663 VP ! VBN PP

0.0490798 VP ! VBD

1.0 PP ! IN NP

1.0 WHNP ! who
1.0 DT ! the
0.33 NN ! boss
0.33 NN ! banker
0.33 NN ! buy-back
0.5 IN ! about
0.5 IN ! by
1.0 AUX ! was
0.74309393 VBD ! told
0.25690607 VBD ! resigned
1.0 VBN ! told

The probabilities in grammar (2) are estimated from
the same sample as before. It generates a sentence
composed of words actually found in the sample,
“the banker told about the buy-back resigned.” This
sentence exhibits the same reduced relative clause
structure as does “the horse raced past the barn
fell.”

S

NP

NP

DT

the

NN

banker

VP

VBN

told

PP

about the buy-back

VP

VBD

resigned

Grammar (2) also generates6 the subject relative
“the banker who was told about the buy-back re-
signed.” Now a comparison of two conditions is pos-
sible.

MV and RC the banker told about the buy-back re-

signed

6This grammar also generates active and simple passive
sentences, rating passive sentences as more probable than the
actives. This is presumably a fact about the writing style
favored by the Wall Street Journal.

コネクショニスト時代の計算心理言語学 
確率的文脈自由文法（probabilistic context-free grammar）
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Kuribayashi, Oseki, Ito, Yoshida, Asahara, Inui (2021) ACL; cf. Vaswani et al. (2017)
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深層学習時代の計算心理言語学 
トランスフォーマー（transformer）



Kuribayashi, Oseki, Brassard & Inui (2022) EMNLP; cf. Merkx & Frank (2021)
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深層学習時代の計算心理言語学 
短期記憶トランスフォーマー（short-term memory transformer）



Yoshida, Noji, Oseki (2021) EMNLP; cf. Dyer et al. (2016), Noji & Oseki (2021)

深層学習時代の計算心理言語学 
再帰的ニューラルネットワーク文法（recurrent neural network grammar） 



Yoshida & Oseki (In preparation); cf. Sartran et al. (2022), Yoshida & Oseki (2022)

深層学習時代の計算心理言語学 
トランスフォーマー文法（transformer grammar）
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ChatGPTで計算言語学は終わるのか？ 
ChatGPT自身の見解



ChatGPTで計算言語学は終わるのか？ 
Marrの3つのレベル

菅原朔氏（NII）および日高昇平氏（JAIST）との議論から再掲
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ご清聴ありがとうございました！


