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Neural Basis of Language
ﬁ% 45 5%

o JZEMEZFZK Broca BT TR IIEE
(aphasia) A A, IARFEERNXEE
FESEERERN ], R Broca IX.

» TEINEE: THXRIFIRITIRIE (production),

 ZR RS SEUERM LIS ggu
(expressive aphasia): S
- TiEhE, ETLIEBESNEA.

- HIFEIEEANER.
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https://en.wikipedia.org/wiki/Broca%27s_area
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Expressive Aphasia

* Broca’s patients:
* LVL (Tan): He was able to repetitively produce only the word temps (French word for "time").

* Lelong: He could only say five words, 'yes', 'no’, 'three’, 'always', and 'lelo’ (a
mispronunciation of his own name).

s Exampler o o em . m...QmAPeter H(BIER) ...,

R v e oFl. . BB .. & .. BHA=... BHA= N &, . . AR
, B...BHi_. .. T3,
fo, BE4...WME...B4%...KM]...F6E. .. 851,

e Sarah Scott’s case: and


https://www.youtube.com/watch?v=1aplTvEQ6ew
https://www.youtube.com/watch?v=Zi1yQhYpfFM
https://www.youtube.com/watch?v=Zi1yQhYpfFM
https://www.youtube.com/watch?v=Zi1yQhYpfFM
https://www.youtube.com/watch?v=Zi1yQhYpfFM
https://en.wikipedia.org/wiki/Broca%27s_area
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Neural Basis of Language

Human brain

s EEMHZLFIK. [ELE Wernicke IBH Broca
Wernicke X, &8 ABNZIX Xx?szﬂaﬁgblb
FidiE, BiRHHNEEEXHNES. 15
a+,

« i/ FEa B8 Broadman 22 X,
- FEINRE: EFENENREIES

(comprehension),

. 1271_25\17/5 SECRFIMERT Ffluent aphasia,
IES %’iﬁEjJFI B4R, B 1ENRFERE
PEEYIERNE

Wernicke

u—
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Source:

Fluent Aphasia

* A patient with Wernicke’s aphasia was asked what brought him to the hospital.
His response was:

Is this some of the work that we work as we did before? ... All right ... From when wine [why] I'm here. What's wrong
with me because | ... was myself until the taenz took something about the time between me and my regular time in
that time and they took the time in that time here and that's when the time took around here and saw me around in
it's started with me no time and | bekan [began] work of nothing else that's the way the doctor find me that way...

XEBAAEMSIT N ITIEE? ... FIE..... . EMBBTHEZE, BM—EEXE, BEAT? BNHK.....—H#HEHKEC, B
AMARE T BB EENEZBARELERA, MIETREXENNE, RENEMEXERT, tERBRILHES,
—UIEMMNEIRBIN BT R, BFREEMENSE, EEMEXFERINEKN......

- EEBEERIRAZBCHEIEEENSR, AAMMINBE S S 1IERE#RENA
47T,
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https://en.wikipedia.org/wiki/Wernicke%27s_area
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Source:

Language Center

s KIPREEE. EELENXERNES.

« IEfA: Broca X

o %R Wernicke X

- & Al8] angular gyrus
- e FRTRRE

- Eff: & [o

%4///

FEIfgE: ey —"
&&5_

« 1IEEIEESHX (Broca)
o IFRMHEESFH (Wernicke)
o WHEMESHIX (Wernicke, £[A])


https://en.wikipedia.org/wiki/Language_center
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Overview

* Part-of-Speech Tagging 1a) [ #&F T
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Part of Speech

* Words can be classified into grammatical categories determinator: n. FRA

Determinator Noun Verb Determinator Noun

>~ 1 ] / /

the Sun rises every morning

Results returned from:

* These categories are known as part of speech (POS, POS tags), word
classes, or simply grammatical categories.


https://corenlp.run/

A3 M LY
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POS in Chinese Language  notacomplete s

5£73 Notional Words  or content words

=13 Measure .
. . B/)iE o . £i3 Pronouns
&A @@ o0 pEA B Words
Nouns  Verbs Verbs Adjectives Numerals EF&i5 #)EiE AfiE RN ARG &t a)415
Nominal Verbal Personal Demonstrative Interrogative
E=xR. %k IfE. F Niz. A _ T & RCBE. B R,

Z‘J‘b\ AN TN — s 5\(\ AN x\ / AN AN
thoBB. . E. BB P Nk Ap. B oo o o o AR
e, ARz, 3T =. 18 = = & ] ) » BA

FE£18%% Functional Words
Bhid Particles

- i3 s %33 513
=235 Fia j i yE i5 SBhia E
&l13 Adverbs Prepositions #13 Conjunctions caliklle BB bt Interjections  Onomatope

Structural Aspectual Modal
?E\ %B\ ’I-J%I:jt\ }A\ rEU\ E\ EE\ 1EE\ EE%\ # N ug\ I]E\ HR\ [IXDH: IL:\\

A \\ i Y /\E Y Y q‘ I]4b|]4b\
t. B2 W B. ¥ N e R
source:
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https://chinesenotes.com/grammar_intro.html
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Two classes of words: Open vs. Closed

* Open class
* Usually content words: Nouns, Verbs, Adjectives, Adverbs

* New nouns and verbs like Al or GPT ... continuously being created/borrowed

* Closed class
* Relatively fixed membership

e Usually function words: short, frequent words with grammatical function
« determiners (fRxE1F)): a, an, the
« pronouns (AFRMIE): she, he, |
* prepositions (f118): on, under, over, near, by, ...

Adapted from:

FA 2026 CSE5026 CogSci 10


https://web.stanford.edu/~jurafsky/slp3/slides/8_POSNER_intro_May_6_2021.pptx

Common POS tags in English

Adapted from:

Open class ("content") words

Nouns Verbs
Proper Common Main
Janet cat, cats eat
Italy mango went

Closed class ("function") -
Auxiliary
Determiners the some can
had
Conjunctions and or

|

Adjectives old green tasty
Adverbs slowly yesterday
Numbers Interjections Ow hello
122 312 ... more

one

Prepositions o with

Particles off up ... more

Pronouns

they its

FA 2026

CSE5026 CogSci
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https://web.stanford.edu/~jurafsky/slp3/slides/8_POSNER_intro_May_6_2021.pptx
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How difficult is POS tagging in English?

* Roughly 15% of word types are ambiguous

Hence 85% of word types are unambiguous

E.g., Janet is always PROPN, hesitantly is always ADV

But those 15% tend to be very common. So ~60% of word tokens are
ambiguous

Some ambiguous examples:

Love loves to love love. _ yjysses
JAMES JOYCE

NP VP VP NP

Source:


https://web.stanford.edu/~jurafsky/slp3/slides/8_POSNER_intro_May_6_2021.pptx
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Difficulty of Automatic POS Tagging (in English)

 How many tags are correct? (Tag accuracy)

* About 97%
* Hasn‘t changed in the last 10+ years; HMMs, CRFs, BERT perform similarly
* Human accuracy about the same

 But baseline is 92%!

* Baseline: stupidest possible method -- "Most frequent class baseline”

* Tag every word with its most frequent tag (and unknown words as nouns)

Source:


https://web.stanford.edu/~jurafsky/slp3/slides/8_POSNER_intro_May_6_2021.pptx

POS Tagging in Chinese

* Similar performance as English

System F1 score
Tian el. al. (2020) 96.92

Meng et. al. (2019) (Glyce + BERT) 96.61

Meng et. al. (2019) (BERT) 96.06
Shao et. al. 2017 94.38
Data source:

Example:

o P B AR U Bkid T s B A
* [PR3E] VA [HY] DEC [ 5] NN [JRFE] NN [Bkid]
VV [ TTAS [#fifE] VA [#J] DEC [¥f] NN

FA 2026
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Maybe true for modern Chinese (with
better labeled data), but not
necessarily true for all cases:

INNJ \PN] [NN| [PU] NN]J

z2 B € , HURAZZE

@ ™ CE5 BN FU/ BN BN @ 6N
A Z E ,\ W /Z MR

Noun or Verb?

CSE5026 CogSci 14


https://chinesenlp.xyz/docs/pos_tagging.html
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Overview

» Syntactic Parsing AliZ 3t



Grammar = Syntax

* Greek: , meaning “setting out together”
* The way words are arranged together
* Syntax: n.8l%, ALEMN;

* Part-of-speech is already a kind of syntactic notions

Determinator Noun Verb Determinator Noun

>~ 1 ] / /

the Sun rises every morning
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Constituency x5

« Groups of words can behave as single units, or constituents (1. 557)

* Ex. noun phrases (NP, sequence of words surrounding at least one noun)

Harry the Horse a high-class spot such as Mindy’s
the Broadway coppers the reason he comes into the Hot Box
they three parties from Brooklyn

 Why they form constituents? (the following NPs all appear before verbs)

three parties from Brooklyn arrive. .. Invalid sentences:
a high-class spot such as Mindy’s attracts. ..
the Broadway coppers love. . .

they sit

*from arrive... *as attracts. ..
*the is. .. *spot sat. . .



Evidence for constituency (more examples)

* Preposed (BUE) or postposed ([ E) “On February 2nd” is a

prepositional phrase (PP)

On February 2", I’d like to fly from Shanghai to Osaka.

I’d like to fly on February 2" from Shanghai to

Osaka.

I’d like to fly from Shanghai to Osaka on February 219,

BORESBEE. 1°d like to fly 2" from Shanghai to Osaka.

* RENONISIORIREBRSNARN -om Shanghai to Osaka.

I’d like to fly SilNCDENERY from Shanghai to Osaka Bl

FA 2026
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Terminology

* Phrase: 17|40

* Noun Phrase: 23151528 ; Prepositional Phrase: 4 \Maia)4H

* Proper Noun: E85%319)

-

* Nominal: 231a]4£HAY1A]




( ;j A3 MLY%

How do we use constituency to describe grammar?

* How do we describe rules such as “Noun Phrases can occur before
verbs”, “Prepositional Phrases can occur after verbs” and so on?

* Need a more formal way!

* -- Context-Free Grammar (CFG)

FA 2026 CSE5026 CogSci 20
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CO nteXt_ F ree G ra m m a rS (C FG ) Wundt, German psychologist

Chomsky, American linguist
Backus & Naur, American

* Also called Phrase-Structure Grammar computer scientists (FORTRAN,
ALGO)

* Wilhelm Wundt (1900), Chomsky (1956), Backus (1959), Naur (1963)

* A set of rules (JIll]) or productions (F=H) that express the ways
symbols can be grouped and ordered together.

EX. NP - Det Nominal A NP (noun phrase) can be

NP - ProperNoun composed of
P  either a ProperNoun (L 4414))

Nominal -» Noun | Nominal Noun « ora determiner (Det 5 1])
followed by a Nominal (441714 15])
A Nominal can be one or more

Nouns (45 17))
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_______________
——————————————————
—————
- -~
’ A Y

EX. NP - Det Nom1r_1-é“1_ """"""""" - " Det » a
NP - ProperNoun T Det - the
Nominal - Noun | Nominal Noun _-Noun > | flight

~ -
- -
N —— ——
e ——
v

Two classes of symbols: terminal and non-terminal

e terminal: symbols that are actual words in language (“a”, “the”, ...)
* non-terminal: symbols that express abstractions over termlnals
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CFG as a device for generating sentences
(k)

Rules Start from NP
1 NP > Det Nominal Use rule (1) to rewrite NP as: Det Nominal
]
2 , NP - Pr‘oper'Noun. . Use rule (3 to rewrite Nominal as: Noun
(3 Nominal - Noun | Nominal Noun : NP
1 v :
Use rule (4) to rewrite Detas:a
@ Det > a | ; DQ
5 Det - the . Userule ©® to rewrite Noun as: flight cb om
® Noun - | flight : ‘
a Noun

________________________________________________________

Result: parse tree # flight
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CFG: More terms and rules

A grammar must have one designated start symbol, often called S.

Common rules:
NP dominates all

nodes in the tree A sentence can consist of a noun phrase followed by a verb phrase
NP S > NP VP I prefer a morning flight
Det Nom

A VP can consist of a verb followed by assorted things

‘ VP » Verb NP prefer a morning flight

a Noun

flight Or VP may have a verb followed by a prepositional phrase
VP - Verb PP leaving on Thursday

A PP generally has a preposition followed by a noun phrase

PP » Preposition NP Jfrom Los Angeles
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CFG: Examples from AITS corpus

A sample of grammar rules £,

Grammar Rules Examples
S — NPVP I + want a morning flight
NP — Pronoun I

| Proper-Noun Los Angeles
| Det Nominal a + flight
Nominal — Nominal Noun  morning + flight

|  Noun flights
VP — Verb do
| Verb NP want + a flight
| Verb NP PP leave + Boston + in the morning
| Verb PP leaving + on Thursday

PP — Preposition NP  from + Los Angeles

Air Travel Information System (ATIS) pilot corpus https://aclanthology.org/H90-1021/



https://aclanthology.org/H90-1021/
https://aclanthology.org/H90-1021/
https://aclanthology.org/H90-1021/
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Use ATIS grammar to generate “AlTS-language”

S - NP VP Start with S, expand it with NP VP

| ) NP — Pronoun
Choose a random expansion of NP: / os Angeles

Det Nommal a + flight

Choose a random expansion of VP: Verb NP VP — Ve do
Verb NP want + a fli
|  Verb NP PP leave + Boston + in the morning
| Verb PP leaving + on Thursday

want + a flight

. . 4 o 1l
Iprefer a mormngﬂzght _ Verb NP <  want + a morning flight

@-F a morning flight

FA 2026 CSE5026 CogSci 26
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Syntactic Tree: Bracketed Notation

S

////A\\\\ (S (NP (PRO I)
NP Vp - (VP (V prefer)
////A\\\\ (NP (Det a) (Nom (N morning) (N flight))))))
Pro Verb NP
I pre‘fer Det/\Nom * Sentences that can be derived by a grammar
‘ A are called grammatical;
a Nom Noun * those cannot be derived are referred to as
\ ungrammatical.
Noun flight
| This distinguishment is vague, and only a very simplified
morning

model of how natural language really work.
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Dependency Grammars {KifiK ZK1E;

» Different from context-free grammars and constituency-based representations

* Dependency Grammars describe syntactic structure of a sentence solely in terms
of directed grammatical relations between words .. , 7 4

(root) . Labeled arcs from heads to dependents
(nmod]
. — nsubj _
prefer — | prefer is the head of /

I prefer the morning flight through Denver obj o
prefer — flight  flight is the dependent of prefer

root is the head of prefer and also the
head of the entire structure (root of
the tree)

root = prefer
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Overview

» Cognitive Processing TAXAINL



Source: Gibson (2000),

Cognitive Effort in Processing Language

* Theory: Locality (FER[%) of syntactic dependencies
e 0: The reporter admitted the error.
 1a: The reporter who the senator attacked admitted the error.

* 1b: The reporter who attacked the senator admitted the error.

* Both relative clauses (RCs)
* 1a => “who” is extracted from the object position of RC. => Hard

* 1b => “who” is extracted from the subject position of RC. => Easy

EEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEE


https://doi.org/10.1016/S0010-0277(98)00034-1
https://doi.org/10.1016/S0010-0277(98)00034-1
https://doi.org/10.1016/S0010-0277(98)00034-1
https://doi.org/10.1016/S0010-0277(98)00034-1
https://doi.org/10.1016/S0010-0277(98)00034-1
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Dependency parsed sentences

 1la: The reporter who the senator attacked admitted the error.

«Nsubj

aclrelcl punct
«obj ‘ obj
DT g Nvey  \vey/ pr"\mm Yy more stacked arrows
—_—— —_—— ——

—_—— — A

The reporter who the senator attacked admitted the error.

«NSubj punct
\@ﬁacl:relcl . obj obj
DT et ”Sm*det % B fewer stacked arrows
— —

—— —_—— — — — A

The reporter who attacked the senator admitted the error.

* 1b: The reporter who attacked the senator admitted the error.

FA 2026 CSE5026 CogSci 31
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The memory costs are different

* One explanation: the distance between “who” and “attacked” determines the
memory cost to resolve their dependency relation -- locality.

«nsubj
acl:relcl : punct
«obj . obj
13 DT NN NvBD VBD/ %

—— — — A

The reporter who the senator attacked admitted the error.

\ J
|

less “local”, more memory cost to wait for “the senator” to be parsed.

«Nsubj punct
aclrelch— obj obj
—— —— —— —_— — —_—A

The reporter who attacked the senator admitted the error.
\ J
|

more “local”, less memory cost

FA 2026 CSE5026 CogSci 32



Source: Jaeger 2010’ EEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEEE

Cognitive Effort in Processing Language

* Theory: Uniform information density (UID).

* Human speakers tend to distribute the amount of information uniformly in
natural language.

e 1a: My boss confirmed we were absolutely crazy.

* 1b: My boss confirmed that we were absolutely crazy.

* Which one reads more smoothly?


doi:10.1016/j.cogpsych.2010.02.002

Source: Jaeger 2010,

Uniform Information Density

a
(a) 1
]
6 Il
'
=
S I
2 I
25 ]
p I
=
2 | |
@ 4
S _QOQ?[_mgd I |
T confirme '
c ol ,__.22$Wﬁ91 e — ..
o My ;—E%§ that, =" - absolutely .
- Y oss | e e e e e -
[+ 3 + My We _wer.e - l C(_a.ZY.—.- - -
£ crazy
|
)
£
2
T 1
100.5 101.0 101.5 102.0 102.5 103.0 103.5 104.0
seconds
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Human speakers tend to
avoid the sudden changes
in information.

34
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