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1, b
refBlkHor, refBlkver

t sun_gy, sun_gx;
t L= (int)

t point;

h = n_nHeight
( (p+1)
SDSPFlag, cornerflag

a9y [M_SIZE + MB_SIZE]

9% e un M8_SIZE]

d refBlk = ne g MB_SIZE]

d curBlk = ne gned ch MB_S1ZE]

costs

t scosts_s f

9; ke+) costs[kl = 10000.07;

A_WIGHhHB + n_nHeighthB (Motionvector));
0; 1 <= h-MB_SIZE+1; i += MB_SIZE, bi++)

WHB_SIZESL; § += MB_SIZE, bj++)

(curBlk, curlng, w, h, j-1, i-1, MB_SIZE, MB SIZE);
(9%, gy, Ssun_gx, Gsun_gy, curBlk, MB_SIZE, MB_SIZE);

(sun_gx < GRAD_THRES || sum_gy < GRAD_THRES)

vs [(bi) sm_nwidthB+bj ). isOutlier = 1

(refBlk, refIng, w, h, j-1, i-1, MB_SIZE, M_SIZE);

costs (] (refBlk, curBlk, MB_SIZE)

v (k= 0 k< 9; ki)
{

refBlkver = y + LOSPIK] [1]

refBlior = x + LOSPIK] (0]

( refBlkVer < 1 || refBlkVer+MB_SIZE-1 > h || refBlkHor < 1 || refBlkHor+#B_SIZE-1 > w)

(refBlk, refIng, w, h, refBlkHor-1, refBlkVer-1, MB_SIZE, B SIZE);
costs(k] (refBlk, curBlk, MB_SIZE)

Source: Presenter(Daekeun)’s own materials

023, Amazon Web Services, Inc. or its affiliates. Al rights reserved. Amazon Confidential and Trademark.




2 Xl: Entry barrier is low

I Chip Huyen [ - Following Update Logs

Real-time ML @ Claypot Al | ML Sys @ Stanford | Hiring strong streaming engin
6d - ® 2023.04.20

Now is the time to get into Al o KoAlpaca v1.1 GlOJE{Al 274

o @IPolyglot-ko 12.8B 7|4t KoAlpaca-Polyglot-12.8B-v1.1b fp16 22 X @8bit 2= S/
o ChatKoAlpaca Web Ul(v1.1b) 37

In 2016, Google launched its Al residency program with around 20 people in their
first cohort. They all went on to do amazing research, making ChatGPT and
Claude possible, or launching startups like Character.Al, Adept, Harvey. 2023.03.26: @LLAMA 30B 7|8t KoAlpaca 22 Z4BILICE (LORAR 3H5)

A few weeks ago, | caught up with David Ha, who was in the first Al residency o LLAMA 30B 8t&2 GIST Sundong Kim 24H2] A100 XIS 2 SISE|USLICE ZARBILICH &)
cohort and is now heanxd f’f research at Stability Al. | asked him: “"How did Google 2023.03.24: EILLAMA 138 7|4 KoAlpaca 2EIE BIILIC} (LoRAZ &)
do it? What made their first cohort so successful?”
2023.03.23: @ILLAMA 65B 7|8t KoAlpaca 22S ZIHEILICE (LoRAZ &tE)
“Timing," David told me. _
2023.03.22: 771250l ZEE KoAlpaca 20| F7IEI4&LICH

as the year when many breakthroughs in Al research were just shaping
up: attention mechanism, transfer learning, architecture search, distributed

training.[Nobody was yet an expert |it was possible for smart and motivated KoAlpaca: Korean Alpaca Model based on Stanford Alpaca (feat.
LLAMA and Polyglot-ko)

newcomers to quickly catch up and establish themselves.

| see the same thing happening with generative Al.
Stanford Alpaca 2% BH=0{E 0l3H3H= Alpaca 2HLICE

Everything is new. Nobody is yet an expert. There's not yet a mountain of _
established literature to waddle through. There are so many possibilities, and the HIZ2 WE7|: 22 ¥ T|0|X|(v1.1b-chat) E2 17|25 £, Telegram Bot2 2 FHEEA[Q!
entry barrier is low.

ChatKoAlpaca: x{2/% KoAlpaca (Polyglot-ko-12.8b-v1.1b)
Now is the time to jump in.

[Inspired by a tweet by Chris/ Albon]

€RIO You and 3,625 others 93 comments - 113 reposts

©2023, Amazon Web Services, Inc. or its affiliates. All rights reserved. Amazon Confidential and Trademark.
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Source: “Language Models are Few-Shot Learners”, 22 July 2020, OpenAl
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« 20213 ARHZELD] HAI B O M Th2 00|48 Z2O|2H &0 LiF =t (EA: 217|241

« 20224: 0t2 40| 2 & (Stable Diffusion, 21GPT) 2| CH &
« 20234: XA OfetHEHTOIC 2 ORI H S Salshe CHYSH 7|8 &

Unlabeled 3 Foundation
data ‘ model

Pretrain

© 2023, Amazon Web Services

nt2 oo nEo| HE
Large Language Models (LLMs)
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Models SAM
DINO
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Midjourney
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Multi-Modal

©2023, Amazon Web Services, Inc.
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EoRfgHEaton Data Collection

Data Verification

ML
Code

Machine
Resource
Management

Monitoring

Analysis Tool

Serving
Infrastructure

Feature
Extraction

Process

Management Tools

“Only a small fraction of real-world ML systems is composed of the ML code. The required

surrounding infrastructure is vast and complex.”
source: Hidden Technical Debt in Machine Learning Systems [D. Sculley, & al.] - 2015
https://proceedings.neurips.cc/paper/2015/file/86df7dcfd896fcaf2674f757a2463eba-Paper.pdf
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English a/l-cleft constructions: A corpus-based approach

English all-cleft constructions

L4 English all-cleft constructions consist of a copula, a pre-copula a//-cleft clause, and a
post-copula element (Kay 2013; Tellings 2020).
(1) AllTwanted was the right to develop my ideas . (Bonelli 1992: 32)
L— ALL-CLEFT —! L —— POST-COPULA ELEMENT ——!
[ ]

The construction can be subcategorized into two types in terms of its readings (Homer
2019; Kim To appear):

2) a. All T ate for dinner was a salad. (Tellings 2020: 4) [specificational]
b. All that John ate for lunch was tasty. (Homer 2019: 4) [predicational]

1724

English a/l-cleft constructions: A corpus-based approach

Motivation and research questions

The specificational al/-cleft construction induces the exclusive reading, like exclusive
particle only (Homer 2019; Tellings 2020).

3) All John ate for lunch was a banana. # He ALsoO ate a strawberry. (Homer 2019: 2)
(=~ John only ate a banana for lunch.)

The current study tries to look into linguistic patterns of English all-cleft constructions.

Research questions:

1 To conduct a corpus investigation with the actual usage of the construction with
authentic corpus data from the COCA (the Corpus of Contemporary American
English, Davies 2008-)

2 To discuss the possible theoretical implication observed in the quantitative
investigation

2/24
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Key properties

English a/l-cleft constructions: A corpus-based approach
Syntactic property

Filler-gap dependency

° Specificational alfl-cleft constructions usually display the filler-gap dependency between
a syntactic gap in an a/l-cleft and a post-copula, focus-bearing ‘pivot’ (Kay 2010, a.0.):
4) a. All that John ate ; for lunch was a banana;. (Homer 2019: 1)
b. John ate a banana for lunch.

° However, the filler-gap dependency gets noticeably weaker in some specificational uses,
or even disappears in predicational ones (Homer 2019; Tellings 2020).

(5) a All they could do i was embrace each otherx;. (Tellings 2020: 4, adapted)
b. ?? They could do embrace each other.

6) a. All that John ate i for lunch was tastyx;.. (Homer 2019: 4)
b. *John ate tasty for lunch.

3/24
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English a/l-cleft constructions: A corpus-based approach
Semantic property

Smallness reading

° In addition to the exhaustiveness, the all-cleft construction displays scalar readings,
presupposing some sort of scalar model (Fauconnier 1975; Kay 2013; Tellings 2020).

(7) a. All I can eat is HALF a pizza. (Kay 2013:4) [quantity-scale]
b. All he is is a SIMPLE employee. (Tellings 2020:8) [fame-scale]

® In addition, the scalar reading induces the smallness effect under some occasions,
implying that the denoted entity “is not much” (Homer 2019; Tellings 2020).

(8) All John ate for lunch was a banana and a strawberry. (Homer 2019: 2)
(= A banana and a strawberry aren’t much for lunch)

41724

Previous analyses
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English a/l-cleft constructions: A corpus-based approach
Previous analyses

A derivational approach

° Tellings (2020) argues that the af/-cleft is a phonological realization of a relativization of
only. This can account for the exhaustiveness of the constructions (Tellings 2020: 21):

9) a. Ed only eats a salad. [non-clefted counterpart]
b. [rocr [a salad]; Foc® [Ed only eats t1] [movement to Spec, FocP]

¢ [rorcep allm [ropp [(that/what;) Ed erby, eats ti]; Top® [rocp [a salad]; Foc® 111
[all-relativization]

d. [Foreer @llm [ropp [(that/what;) Ed enty, eats t]; is [rocp [a salad]; Foc® 4111

[copula insertion]

° However, since the analysis presumes the filler-gap dependency between pre- and
post-copula entities, it can cover limited cases of the specificational alfi-clefts:

(10) a [All that one has to do 1is to start training earlier. (Kay 2010: 4)
b. * One only has to do to start training earlier.

11) a [All that John ate for lunch] was tasty. (Homer 2019: 4)
b.  *John only ate tasty for lunch.

5724
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Previous analyses

A deletion-based approach of pseudocleft constructions

L4 A deletion-base approach on pseudocleft constructions is sketched by Ross (1972). The
analysis is based on the deletion of objects of overlapping materials:

a. What John read was novels. (den Dikken 2006:381)
b. John read novels.

C. [[What Johnread _ ][was [Jehn-read novels]]]

(12)

O This one can only cover restrictive instances of the specificational al/-clefts, as the
derivational analysis can (cf. Tellings 2020).
(13) All that one has to do is to start training earlier. (Kay 2010: 4)
* One has to do to start training earlier.
[[All that one hasto do ___ ][is [*al-thatene-haste-de to start training earlier]].
(14) All that John ate for lunch was tasty. (Homer 2019: 4)
* John ate tasty for lunch.
[[All that John ate __ for lunch] [was [*Jehnr-ate tasty]]].

6724
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Corpus investigation

English a/l-cleft constructions: A corpus-based approach
Methodology, dataset, and variables

Methodology

. To propose a plausible, robust analysis of both usages of all-clefts, we conducted a
corpus investigation with authentic usages from the COCA."

(15) Search strings:
a. PUNC all PRON (500)
b. PUNC all that (500)
° Then, irrelevant tokens are manually filtered-out from the initial dataset:

(16) a. All compares are done using the effective address, [...] . (COCA 1994 ACAD)

b. All that other stuff is secondary. (COCA 1999 NEWS)
C. This thrum, it is mine, and we beat together : All worry is a desperate wanting
of my own way. (COCA 2012 BLOG)

'COCA stands for the Corpus of Contemporary American English (Davis 2008-), one of the members of the BYU corpora

family. It contains 1000+ million instances of English sentences. e
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English a/l-cleft constructions: A corpus-based approach
Methodology, dataset, and variables

Dataset and variables

° The final dataset contains 597 instances of all-cleft constructions.

Type [ Initial dataset Filtered token [ Final dataset
PUNC all PRON 500 53 447
PUNC all that 500 350 150
Total 1,000 403 597

Table 1: Search strings and final dataset

° The following variables are adopted in analyzing the dataset to see the linguistic
patterns of the construction:
17) Variables:
Syntactic categories of post-copula elements: NP, AP, VPyse1, VPiing;, CP, S, ...
Filler-gap dependency: Violation / No violation
C. Reading of a/l-clefts: Specificational / Predicational

° Additionally, we conduct a co-varying collexeme analysis to see the overall constructional
properties.

8724
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Syntactic and semantic properties

Syntactic categories of post-copula elements

° Various types of post-copula elements were found during the investigation:

(18) All I need is an opening, a moment of weakness. (NP, COCA 2008 FIC)
(19) All that we see is noble and good and pure. (AP, COCA 2010 MQV)
(20) a. All that did was make everyone angrier. (VPpse;, COCA 1997 SPOK)

b. All that's the latest is covered 24 hours a day on CNN. (VPe,, COCA 1991 SPOK)

C. All T wanted was to be with Bethany. (VPito.ins1, COCA 1996 MAG)
21) All T want to know is how he found out. (wh-cl, COCA 2003 TV)
(22) All T can remember is my parents had nothing. (S, COCA 2010 NEWS)
(23) All that remains is for you to open the gates. (CP, COCA 2019 MOV)

° The most frequent post-copula element was NP, followed by VP(pse;, CPithat; @and so forth.

v h-CLAUSE s P
bse | en | ing | to-inf wh- for | that
Freq. | 214 | 2 | 170 | 5 | 22 | 28 5 & [ 9 | & 557

Filler NP AP Total

Table 2: Distribution of syntactic categories of post-copula elements (Raw freq.)

9/24
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English a/l-cleft constructions: A corpus-based approach
Syntactic and semantic properties

The filler-gap dependency

° The dataset indicates that, frequently, the filler-gap dependency is preserved (cf. Tellings

2020).
(24) a. All you need to add is [y a little mifk]. (COCA 2013 MAG)
b. You only need to add a little milk.

° Still, there are instances of alfl-cleft constructions with the filler-gap discrepancy.

(25) a. All I've done is [yepse) take off your sock]. (COCA 2015 MOV)
b. *Ionly have done take off your sock.
(26) a. All he's doing is [wing) being a cheerleader for them]. (COCA 1997 NEWS)

b. *Heis only doing being a cheerleader for him.

Syn.Cat | AP NP wh-cl 5] CP VPipse VPren VPing] VPito-inf1 Total
No violation - 214 15 67 74 - - 15 22 407
Violation 2 = = = = 170 5 7 6 190

Table 3: The filler-gap dependency between cleft-clauses and post-copula elements (Raw freq.)

10724

English a/l-cleft constructions: A corpus-based approach
Syntactic and semantic properties

Specificational and predicational a/l-cleft constructions

° The dataset indicates the construction is usually construed in its specificational reading.

(27) a. All that remained of any use was the desk. (COCA 2017 FIC)
b. All he's doing is being a cheerleader for them. (COCA 1997 NEWS)

L4 The data indicates the construction can be used in its predicational usage, even if not so

frequently.
(28) a. All that we see is noble and good and pure. (COCA 2010 MOV)
b. All that's the latest is covered 24 hours a day on CNN. (COCA 1991 SPOK)
Type [ Specificational Predicational [ Total
Raw Freq. | 590 7 | 597

Table 4: Distribution of the predicational and specificational copula (raw freq.)

11724

27




English a/l-cleft constructions: A corpus-based approach
Constructional properties

A co-varying collexeme analysis

° We conducted a co-varying collexeme analysis to investigate whether there are strong
attraction/repulsion relations between gap-licensing verbs and post-copula elements.

(29)  Collexeme analysis:’
- “to quantify how much words in one slot of a construction are attracted to or
repelled by words in a second slot of the same construction” (Gries 2019)
(30) a. All T know is that the ink is 600 years old. (COCA 2003 MOV)
b. [AIT know 1is [ that the ink is 600 years old ].
L ]

ATTRACTION / REPLUSION

° The dataset yields 79 types of verbs. To get a clear result, the lexical items with low
frequency (less than 3) in the dataset were excluded from the analysis (See Table 5).

“The analysis was conducted on the R (ver. 4.2.2) environment on the Rstudio (ver. 2023.3.0.386), using

the package ‘' Coll.analysis 4.0 12124

English a/l-cleft constructions: A corpus-based approach
Constructional properties

Gap licensing verbs

Rank. Vlex Freq. [ Rank.  Vlex  Freq. [ Rank. Vlex Freq. [Rank.  Vlex  Freq.
1 do 188 2 know 51 3 say 43 4 need 39
5 want 23 6 matter 22 = remain 22 8 leave 18
9 see 13 9 take 13 1 hear 11 1" have 1"
13 care.about 10 14 be 8 14 get 8 16 require 7
17 tell 6 17  be.missing 6 17 happen 6 20 remember 5
21 ask 4 21 mean 4 21 think 4 21 find 4
21 think.about 4 26 think.of 3 26 talk.about 3 26 ask.for 3
29 hope.for 2 29 change 2 29 accomplish 2 29 bring 2
29  be.important 2 29 come.out 2 29  be.necessary 2 36 learn 1
36 talk 1 36 agree.on 1 36 assume 1 36 expect 1
36 deserve 1 36 act.on 1 36 saw 1 36 become 1
36 seem 1 36 seek 1 36 seen 1 36 address 1
36 read 1 36 write 1 36 claim 1 36 present 1
36 carry.out 1 36 give 1 36 offer 1 36 be.sure.of 1
36 go.by 1 36 concern 1 36 hold.on 1 36 love 1
36 imagine 1 36 suggest 1 36 be.good.for 1 36  distinguish 1
36 legitimate 1 36 coach 1 36 achieve 1 36 greet 1
36 go 1 36 come 1 36 glitter 1 36 be.holy 1
36 prove 1 36 separate 1 36 keep 1 36 stand 1
36 teach 1 36 endure 1 36 list 1

Table 5: Distribution of gap licensing verbs and their frequency (Raw freq.)

13724
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English a/l-cleft constructions: A corpus-based approach
Constructional properties

A co-varying collexeme analysis: Result

° The result indicates that the verb lexeme do displays the most strong attraction with the
post-copula element whose form is the VPpyse;.>

(31) a. All you gotta do is say yes. (VPbse;, COCA 2012 TV)

b. All he's doing is being a cheerleader for them. (VPpse;, COCA 1997 NEWS)

° Meanwhile, the verb lexeme do repels other types of post-copula elements, such as:
(32) a. AllT had done is clicked on the group page and then clicked away.
(VPen;, COCA 2012 WEB)
b. If I stuck the plug in the socket, all I had to do was to throw the lever.
(VPpro-inf1, COCA 1997 FIC)

° The Coll.str. is followed by other combinations such as say-S (28 tokens, LLR = 76.90),
need-NP (36 tokens, 65.55), and so forth.

(33) a. All T can say is thank you for appreciating all my hard work. (COCA 2008 FIC)
b. All you needed was a good memory, that's all. (COCA 1993 FIC)
3Verb lexeme do; Collocational strength (Coll.str) = Logged Likelihood Ratio (LLR) = 553.30. See Table 6. 14724

English a/l-cleft constructions: A corpus-based approach
Constructional properties

A co-varying collexeme analysis: Result (Cont'd)

W, (pre.cop.) W, (post.cop) W1 xWitreq. Waisreq. Waireq. relation LLR (Coll.str)

do V_bse 170 188 170 attraction 553.29667
V.ing 7 188 18 attraction 0.12973
V_en 1 188 3 repulsion -0.00319
V_to-inf 6 188 23 repulsion -0.85534
NP 4 188 179 repulsion -159.93242
know CP_-that 24 51 57 attraction 51.83528
wh-cl 5 51 12 attraction 9.00864
S 21 51 66 attraction 31.42489
NP 1 51 179 attraction -35.03238
say S 28 43 66 attraction 76.90187
V_en 1 43 3 attraction 1.58528
CP_that 10 43 57 attraction 6.32251
NP 4 43 179 repulsion -14.63629
need NP 36 39 179 attraction 65.55040
CP_that 2 39 9 attraction 2.07311
VP_to-inf 1 39 23 repulsion -0.34283
want VP_to-inf 8 23 23 attraction 24.67694

Table 6: The results of the co-varying collexeme analysis on the dataset

15724
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Data discussion

English a/l-cleft constructions: A corpus-based approach
Two types of all-cleft constructions

Allin its specificational, exhaustiveness usage

O The corpus research yields both specificational and predicational a/l-cleft constructions.
The observation parallels the properties of pseudo-clefts (Higgins 1979).
° Granting the observation, we can sketch the semantic representations and their
information-structure as the followings (cf. Higgins 1979; Lambrecht 2001):
(34) All I need is an address. (= I need nothing but an address')
1x[need(i, x)]: an address
b. Info-st
Presupposition: ‘I need something x’
Focus: ‘an address'
Assertion: ‘X = an address’
[ ]

The exhaustiveness reading that is induced by the construction can be notated with
the iota operator, as shown in (34a).

16724
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English a/l-cleft constructions: A corpus-based approach
Two types of a/l-cleft constructions
All in its predicational, universal quantification usage

° However, things are different in the predicational all-cleft constructions, since it serves as
a "pseudo-adjective” (Lambrecht 2001).
(35) All that we see is noble and good and pure.
(= ‘We see something and all of them are noble and good and pure.’)
Vx[see(we, x) & noble(x) & good(x) & pure(x)]

b. Info-st
Presupposition: ‘We see a set of x’
Predicate: ‘All x is noble, good, and pure'

° Unlike a/l in the specificational one, it seems that all here functions as a universal
quantifier, and the post-copula element serves as a predicate, as shown in (35a).

L4 This assumption concords with the function of other predicational pseudoclefts (cf.
Higgins 1979; Lambrecht 2001; Kim To appear).

171724

English a/l-cleft constructions: A corpus-based approach
Verb lexeme do in all-cleft
Syntactic patterns of verb lexeme do in all-cleft

L During the investigation, we figured out that the verb lexeme do in all-clefts with a VP
pivot only appears in specificational a//-clefts.
(36) “All we can do is relax and get it going,” said manager Art Howe. (COCA 1992 NEWS)
= 1x[Odo(we, X)1: relax and get it going

° We assume that this is the realization of the constructional interaction between the
specificational all-clefts and the do-be constructions (Flickinger and Wasow 2013: 2):

(37) a. [wine-c. The thing I'm doing] is trying to learn from my mistakes.
b. [a-ce All the government does] is send out checks.
C. [wi-ce What you have to do] is get ready.

18724
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English a/l-cleft constructions: A corpus-based approach
Verb lexeme do in ail-cleft
Syntactic patterns of verb lexeme do in all-cleft

° We observed three syntactic patterns, also noticed by Flickinger and Wasow (2013).

Pattern 1:
If The embedded do is in its finite form, the VP pivot should be in its bse form.

(38) All that [vein did] was [vepse) Make everyone angrier]. (COCA 1997 SPOK)
Pattern 2 & 3:

If the embedded do is in its nonfinite form, the VP pivot should be...
- eitherin its bse form;
(39) Meantime, all she can [vese; dO] is [yepse; Maintain hope]. (COCA 1992 NEWS)

- orits form follows the form of pre-copula do;
(40) All we're [vfing) doing] now is [yping locking everybody up]. (COCA 1993 ACAD)

19724

English a/l-cleft constructions: A corpus-based approach
Smallness reading
Contrastive focus inducing smallness reading

O One of the unique semantic properties of the specificational a//-cleft construction is the
smallness effect, implying that something “isn’t much” (Kay 2013; Tellings 2020).
O The dataset implies that a pivot requires a counterpart material that receives contrastive
focus to induce the smallness reading:
41) a. All I got is [roc the garagel].
(='Tgot nothing more than the garage’ # The garage isn't much)
b. All T got is [roc the garage]. You got [conr.roc THE WHOLE REST OF THE DAMN HOUSE].
(='I got nothing more than the garage’ = The garage isn't much)

° Granting this observation, we assume that the contrastive focus is one of the factors that
have to do with inducing the smallness readings of the construction.

20724
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English a/l-cleft constructions: A corpus-based approach

On derivation-based and deletion-based analyses
Derivation-based and deletion-based analyses

L The corpus investigation shows that the most salient construct of the construction is...

(42) All we can do is try to do our best. (COCA 1990 FIC)

Both the derivation-based and the deletion-based views cannot analyze such cases (cf.
Ross 1972; Tellings 2020).

(43) a. *Wecan only do try to do our best.
[All we can do il is [try to do our best];

b. *We can do try to do our best.
[All we can do 1[is [*we-ean-de try to do our best]]

° Furthermore, they cannot account for the predicational ones either.

(44) All we see is noble. (COCA 2010 MQV, adapted)

a. *We only see noble.
[All we see 1is [noblel«;

b. *We see noble.
[All we see 1[is [*We-see noble]]

21724
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A non-derivational analysis
Two types of copula and two types of a/l-clefts

O As an alternative, we propose a construction-based approach to a//-cleft constructions.
We assume that it is the copula constructions that decide the types of all-clefts.

(45) a. Specificational Copula (T cop-Ixm) b.  Predicational Copula (1 cop-ixm)

spec-cop pred-cop
ARG-ST  (XPLx[P(X)I], YP,) ARG-ST  (XP, YP)
SEM identify_rel(x, y) SEM [YP(XP)]

° Given the two types of copula constructions, we can analyze the copulas in (46) as the

followings, respectively:

(46) a. All you need is love. b.  Allyou need is in this box.

spec-cop pred-cop
ARG-ST (NP[cx[need(you, x), NP,] ARG-ST (NPain, PPginy)
SEM identify_rel(x, y))] SEM Vx[need(you, x) & in(x, box)]

22124
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English a/l-cleft constructions: A corpus-based approach
A non-derivational analysis

Advantages

° The non-derivational direct-licensing approach can take the following advantages:

Construction-based approach:
The analysis can account for the constructional properties of the all-cleft constructions,
that are shared with the other members of the pseudocleft construction family.
(47) a. What you have to do is get ready. (Flickinger and Wasow 2013: 2)
b. All you have to do is get ready.

Non-derivational approach:
The analysis can cover not only the specificational afl-clefts with canonical pivots, but
also idiosyncratic VP pivots.

(48) a. All we can do is try to do our best. (COCA 1990 FIC)
b. All we can do is not even close to our goals.
23/24
Summary
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English a/l-cleft constructions: A corpus-based approach

Summary

. We started by introducing the linguistic properties of English a//-cleft constructions and
some theoretical issues that the previous literature holds.

° To see linguistic patterns of the construction, we performed a corpus investigation
accompanying a co-varying collexeme analysis. The dataset indicates that there are
cases the previous literature cannot properly account for.

° Based on the observation, we briefly sketched theoretical implications and basic analysis
of the all-cleft constructions. The analysis can cover not only linguistic properties of the
construction but also constructional properties shared with the other members of the
psuedocleft construction family.
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Table. 1. Length, Participants, and Date of Each Interview
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Figure 2. Comparison between ‘ne/ye’ with Pause or Inhalation and the others
(229 2] ool Aol W Sl el 299} 1 slo] 49

S

L

A, A8 Fols wa JERY =R, A2-UE d5A, $2%F ZFoA /ol

AREgst, olnf Ul/ol's gAY AR UERE = i, FIEEAIRA Ve
Aths Aol FojAoltt. qref JIEFo7t o A5 AIAE miotch Y/o" oAl A
ro] LAY AlALS d2le Tt 7S 7 BAIS ARSRIHH, AHROIZEH F
FEE 202 4 ¢S 7ol AR, AH ROl TAHE AUX|A A= 4
BA0IA] 2, UMY HER AAR Thedol A mEtA AR w7l
EIROIZE &2 Al A1 Hi/ol" Holl I8 Fo]e] o] oJojA[X]= YE=A]
EAS EU= ALl TARE AlASHIUIHY, IERol= Al ERS S AE
FES =5 AT JIERol9 "U/d's YA Alfte dele mAlz ¥
AL, Rpplol AEskAL A2 AE7E obA gtHtd 58 #A|Z Holso WA ASsiy
Ao A= H/d'e dEFeld 534 HES HAA] g AR 7]SstH AEFOI7 A
B AgARE Aol Aol SAsHA stal, tistAr P e Argol Fast 71¢ Weol tisto
A EAE 1#8E 98 &olsH slire ARI=H FEE SsS E 4 o

ol

2

0:;

o Hn

i)

B 0 A0 ofy

Lol mE 2 M o > nfu
r 2o N m-lﬂ
rlo

ol
_ =

un Rl

o
i)

&

R o2

4. 28

B EROML dFol kA QEH et 6UL BAStel, kA R iatlA AEE 2
ElRolo] AARES W'Y of'S) 715 NSl WHlL, U o9 S4L vEoR o]So]
UurEol ARSI ] QlEjiolo] FUMS A Rk o WolSolxl: olgd o
sl obmorch, PAMOR, B =oAL CIEIHO/L AGE Ul/dl'e) Hxo] EAH Sof
olde selstn, ul/dl'el FuAol QElRolo] ARl /ol Abgat, /o7 FHA

48



© 7159 SAdoA vEET 245kt 2] ERojet AHFo|7t o] ofgA &
&ote] JeAgsty TARE wHS RIS ol oAlE Sl AmEit

2 3 o] ¥ H Uehd AdEFY Y/dl'e & ZAC AlAtS
Bles A2 7158 2 e ET AR otA AERoI7E EAddS M 4
EQPFROME R4S BARE Ul/ol'eh @ Al Ras Bolon], gined] A
/ol e Al AlAfstE Ra2 Bk Al WA BEo G FA] IE|Ro|7} ofA] e
7FR17] 7do17] W0l QIEjRol= obfsl &A] Qlo] A TARS AlAfSh= Zlo] 7Hs5HA]
o S di/olT tiAl AV S ARESIE skt old A AR AR dRle Vs
& 7HItke oA 4 AR ARRR Ul/ol FAT BRI AR Dl Vs
Lk ls= € 4 Al

SHAIRE QIEfRol7t Eetet w40l 8 H YEhd =& Ul/d7h AE RO YA, =
BE-UY AEA AlFez olojXXl= AATH olm] IR0 U/ol'= §-&EX2A
Worzoq /M=t AEFY /ol Ao Ue= Td, 5% 59 &AL AEFY Y
/61" AL olojX|= B R0l U F2 S5l UEI RO AEROITL FEAESY TS
wetsiuzb] gl2ds Bt IERo9 Yo Agof offd BAIZF YEUA] k2 H&
IE|Rol= Qe ROl gHol LA okokthal sl Al LAME AIAISHA] 9L, Q1
wol Al AHY gRio] EUA] k7] Hiwoll olF 5-&®;Al= Rotalt BFH QIE RO
o] "Hy/oll" Aol oy &0l YEUe 4%, AERol= ERO|Y gRlo] SRty
sl Aol RS olofrte B5S B AERoY Yl/d A& Qe Rolo] Y7t
olojR]= 4% olh AEFolS U AR g¥o] E%on QIERo|7F AHS Fsto]
= E0= sE&EXZAN 7|55, AERO FA] olF EMiz IERo|Y FwWol SR thl
st ARlef FAYE AlAtste a2 B

2 =wolAl gAY 639 A QIER tigtolA d/dl'eh A BE-tig AEATT
A A7 of 82%= 1A 32 FeET foulstA wen, dEFols AR

5 AE-UY AdE5AL 525 ZRoA U/ol' s d¥EAler AEste 25S BT O
2al ojmf QB R0l H/ol's AR AAZ dele VI s&RA VeS BF Ut
A7] digoll FoAloltt. QIEfRo|et AAEfRolE ol H/ol'9 5o4& EHE A2 &Y
glo] d=Argste xRS Fsiud 4 A Hol, 1 A dHRos S84 HES
GA FoHAE QIEROIZRY FE FJEE ol AEA AEslor ste Al A
o 4% 4 A "o

o mlo riF .

rt Mo g2

0

J >

49



ANFA 5 o] Rule] 4 oA
s sk & arzk

—ol -8 el ol A S} SLb S FAl o -

1. A5 A
R I EEE S

(1) 1. @7)e] A el 744 ek,
L H7E QU 7h Sk FEA AL Tk,

(2) 1. =Dolukol A AR & Tk

L. #H]7F 2pA] ks 7R Ther

= xd2 TN o] Aol AR O FehE A HAAE.
=+ Z9 7k eyt Eols
|,

relh ReAA FEekS Haln,




- AT AR

D Q1eAE o] o] ‘ol & YEhl= —ojA et -7}
olo] FHAg 23] P71

2) A A s Ao Bdllo] Ak g3 o] ‘-ojA et~z o di s
AEA 28e) T 8k AT

2.7 A4 £ A AL A

R

EEEERIET
LRSS
- wh5te] 47

]
A EL AAA A

51




3.7
* ChatGPT:

. gpt—-3.5-turbo-0301 (Bl R 2 4)
L, text—davinci-003(thyl x] = =)

e Temperature: 0.5
* One—-shot

(3) ZFZE: AL Fol AdsHA o]old W85 olob7]sl] 542
xﬂ/‘]—r A FF7F L}Uﬂ A
A A 01]/\] 7 A vl 7E ol AT

A A {orlgmal_prompt}

(4) Al goletr] d4ds] &5 oF At

52




4. A A3

<E1> ¥nmdo] AT B B

AgA T34 =3
EETE  dz 92 JETE
-0 A 77 20 3 100
et 02 17 0 100
-Y7t 69 31 0 100
-RoY7t 77 3 0 100
k2| 306 90 3 400
<E2> vkl x| R dlo] AAIE o] B
RS T 55
= T s A2 AR
-0 A 91 9 0 00
-3R91 4] 91 9 0 100
! 88 9 3 100
-S5O L7} 93 6 1 100
A 363 33 4 00




<E3> HRwEe] 4 Ao 44 e

e A AA9] AAA A
A ]
o] A 56(72.73) 21(27.27) 77(100)
- A 57(68.67) 26(31.33) 83(100)
U7t 48(69.57) 21(30.43) 69(100)
- o7t 21(27.27) 56(72.73) 77(100)
SHA 182(59.48) 124(40.52) 306(100)
<EA> x| R de] A ldo] 414 et
Ao A dAe] HAEA A
A HAA
-0] A 59(64.84) 32(35.16) 91(100)
-0 A 60(65.22) 31(34.07) 91(100)
Ll 45(51.14) 43(48.86) 88(100)
- o7t 42(45.16) 51(54.84) 93(100)
S 206(56.75) 157(43.25) 363(100)

54




<ES> EREU 0 Fi &4
e 713 AZdojn|
I IS VS B - K B )
7k
olu] o] 6 6 12 11 35
Ab2) 4 5 1 3 13
=% 10 11 13 14 48
) (47.61) (42.3) (61.9) (25) (38.71)
x3 T 1 3 3 5 12
HA} 5 1 1 « 2
K %0l 1 2 i 1 4
3 2 6 4 6 18
(9.52) (23.08) (19.05) (10.71) (14.52)
o] =AEAL = . 1 1
4= - - 1 1
AlA| - 1 19 20
Adojn] - - - 9 9
13 - 2 - 2
AEAL . 1 « 1
ZA} = < 1 |
5 - 1 - - 1
=3} 0 4 1 31 36
(0) (1538)  (4.76)  (5536)  (29.03)
0% olf&AE] 2 . 1 . 3
o] fr&=A 1 - L
A2 &2 0] 1 - 1
TE&A A s 1 1
Aol &40 1 - 1
ZA&HALS A 1 = : z 1
=% 6 0 1 1 8
(28.57) (0) (4.76) (1.79) (6.45)
ol &7} 3 5 2 4 14
(1429)  (1923)  (9.52) (714 (11.29)
A 21 26 21 56 124
(100) (100) (100) (100) (100)

55




7ol & AZdo]r]
-0 A - A U7t -1 o] SHAI
7}
o]u] e . 3 2 5 2 12
o] 9 15 17 13 54
=% 12 17 22 15 66
_ (37.5) (54.84)  (51.16) (29.51) (42.04)
) T . . 5 3 8
™ A} 5. - - 1 3
A= 3 4 1 - 8
=% 5 4 6 4 19
(15.62) (12.9) (13.95) (7.84) (12.10)
=3 =9 = - 3 - 3
Al =0 F Ej - 1 1 2 4
o d AL 1 1 2
FA} 3 1 - 2 6
AR A =F - 2 - - 2
Al A = - 3 12 15
AAdojum] = - 2 6 8
Q13 - : = 1 !
% 2 3 1 . 3
=% 6 4 10 24 44
(18.75) (12.9) (23.26) (47.06) (28.02)
o A& T - 1 - - 1
‘&2 & FH - - 1 - 1
o] &A= HE| - 4 = 1 1
o] f-&* &0 - - - 1 :
o] Fr&ZFA} = 1 . 1 2
T-E&H ] - : 1 F 1
=U&A =] ] 1 g - i 1
Azojeddon] - : . 1 -
A A & - 1 1
AN A &A =0 = - - 1 1
A A &AL . | g - _
3 1 3 2 6 12
(3.13) (9.68) (4.65) (11.76) (7.64)
olaf| &7} 8 3 3 2 16
) (25) (9.68) (6.98) (3.92) (10.19)
A 32 31 43 51 157

(100) (100) (100) (100) (100)

56




,_.mm_

alg)

sl
_.mwo

ale
pH

ERE

REE

O~ o0 —
iy =fF o
] ] [}
] ] ] ]
] ] ] (]
BRES
ﬂ_n11rﬂ~|
uﬂﬂﬁq
GIMM.JHO_
] ]
)
]

182

182

AT

g4

o

59
60
45
42

11 v e

206

204

57




4.2 534 o] AA

]

F11> HEREAS S3d o) A4l & &4 (H 2

)

A

A3 S31Ae] < FF
s A=
oA 3(5.36) 53(94.64) 56(100)
_9 oA 0(0) 57(100) 57(100)
U7}t 10(20.83) 38(79.16) 48(100)
-2lo U7t 5(23.8) 16(76.19) 21(100)
SHA 18(9.89) 164(90.11) 182(100)
<E12> gl x| Ed o] S8l o] AlAo] wE 7 (H4)
AeiA SPdo] - R/ HA
S S
o] A 32(54.23) 27(45.76) 59(100)
-] A 4(6.67) 56(93.33) 60(100)
U7t 31(68.89) 14(31.11) 45(100)
-A.2 47} 16(38.1) 26(61.9) 42(100)
S 83(40.29) 123(59.71) 206(100)

58




4.3 -8 de JHEd

<GE13> HE ] 3 o] ofefol] whE &7 (H3)

A4 R ERREER
R OF g &2 #FOOF 9 A
R - = S
= (A28
6 4 - 1 - 1 - - 12/56
_oA4 (21.43)
~9101 A 1 5 - 1 - 1 - 3 11/57
(19.3)
Ut - 2 4 s 2 s = 2 10/48
(20.83)
Qeyz -1 2 - 1 - - 3 7121
T (33.33)
0]
7 1 6 2 3 2 o g Umw
(21.98)

<E14> Thi X Ee] Fado) obujo] th2 BF (17)

RG] R ERIREEL
7} B OF 8 2 ZA ¢ 9 H|
T 7 5 = %3 A & F geyEA
5 (W E-8)
-0 A 2 5 - 2 2 . 3 14/59
(23.73)
_9Jo]A] 1 7 - - 6 . . 1 15/60
(25)
Uzt 1 3 = 7 6 < = 2 19/45
(42.22)
-9l Yzt 4 2 2 1 2 1 7 19/42
o1 (45.24)
O
o 4 19 2 11 15 2 1 13 67/206
(32.50)

59




:.L —_ T
- N
X f= D
7. Ry W
% o R o X
T oM it o
N ° O# o ﬁNEHE
S - e
N -~ ) ﬂ
ZOE L ML
N wm — 9 ﬂdlwm
o - o773
N T o, TR
0 alle ol
I < — = ol
7 O~ o A..# 0 ﬁl
X < B <0
=  OX . M#H._,A
W_v L ol u_o ﬂ@l&o
ol ° wmm N E%
R T R
a ﬁwm ohy O ol
I~ R E I3

waMo M M Mﬂﬂe qr——=

— .O —
s T B w w7
TRY TR TS B
R UERT WE mR T B

60




o}t (5124R) <AMGE>(1908)9 TAF AALHY

A d et

1 folshe, o Ade 74

B IEHAGRER), <ATGE>(1908)042] AA  transcription) €} HSA ol ts)

Yais folelg, & Br) 24 5] fokat JeRe(TEM, 1762 — 1836)0] 1801497-E] 181817}

x] x%a}uh: AR o2 SHIE g A7)0l A&d 1A} S5 olt) Wl Ual= Byo|xqlk Aekg o]

& BIrRA(TER 1872 — 1927)2 HokR9] P45 dAdheo® Fefsto] Azkek Q1 IR
E({A++5'E$$uj§)g (1921)0llA  folst; o] 1804d(x 41d) woll St =43k

(1) #iHMAEF Am+t=m& RERIEL (L=TX - 95)

E 49 A, HoRgol 4347 SR o) el felslES), B alon, BE el 23 Ak

fols, ARy B} ofgoll Al A3hst o] kAt ShszAle] oS w7 Aedst dojy,
R qu Oi Lol F 2,00077} FEE o 10%1 AR (EFF) ol e BTk o714

ol e A FdS A FHAERE) 1,00027F 55 o] 9o, sk 3o
obd, ey T4s A AsHE FHA(EHE) 1,00027F FEE o] )

FEAE FPAET WA QA = A2 Hekgo] skl A HIZE It A okg-S o5
A AAfEE Al oist ?J*—Ml o3| Fdevta Mo, Sy £AE 1Y om eFal A1
MAde dA AAE= H2RE & 8 Hﬁi A& R o}‘iitk AME kg ool e we
SA}Eo] opEslsEA el BAHE, & n|BEd, HEAHOR A 23] ofFexl A (it
%, 1463 — 1542)& 152238 (FIEFe); (1527)00A “ofoto]7} 25 wjg) 2A= <A &tdd
REA7] WA AR 1 AbES 7HY 7| Folge 2o SR Ao EA sl ojof gt FAst

vp7b Qltk (o] 3k, 2014a:33.)

T3k TolshH; o] Ao JES T A FHAMEE  RISHEFHEEA); (1576)01 w3l
13 2902 o]FofA] glom, e AHEES ‘l‘—uo}—L o}: °ﬂ 2 el S 7IAlgtE
z%oﬂ/q + xﬂo] Eol—csL :rL/Ho]ﬂ LIHD ]1:1r To}ab# }Qﬂ 1/]. [A) ?%—?—ﬂ]—j y_\jr :Lx}_a
A =S U], @) 54719] B sM o= —lx%w xﬂxﬂ ol Wb, © Bk ¥ sl
o5 Apmjrt T( i) vHro] SRS 957] &olst, © A E tY B T38he Y T AE
dolgor He 7S gsisith wol 9] HEAES dEM(HE+.1580 — E+PU.1723) 3}
S (FH . 1724 — I++.1812)0.% WEdA YE Ao EA o}

?“U o]0 7o, XA (MhiFk, 1855 — 1935)% 71 Al (RAsE, 1858 — 1940)  To}d}

£ oldo]E 98t o]} YA =E Agslof sttt gl om, 11 AMYE 217 19059 (33T 99)
1906@(” 10l &2 7 AollA] Bk (Hojar]ef MY Fxjol| o3 o3 5Y.)

(2) =T "BHHELR )\ﬂTZEIFH%i’:ﬂEJ_E AERAZRB 23K
C4EHE A998y B old AR, $903) Y08 FHSUA 92 dold urkt s AEE Al
% A S, o shitel ¥ Bol ofdlelel slo] Lhuls} 2 watelc)
(3) ﬂi'imﬂ?%)‘( ﬁﬁk%ﬁ%%ﬁﬁ'ﬁf‘ﬁ%)\? THRBDE R THZEBHLE
FEAe AR, & B ojglelgo] A7) ) 29 Ao oAk, 7 @Fe] Hojshii ojglo|Eol
FRaE vl Qo) Ao gt o] Heon), o)t w7k T solg Belk

o AN 100841(§:8] 2x)ol] §AtelA] Toleha, of Almg PR F7HHOw, o] 5

i

1) o7l M= o]#3H2014a)9] 7¥S w21A}; gt

61



FUR m@ -
o | e i f=
W
A LIRS " gi% o 25w
o LB @
ALk
k53 Jﬂp"” e 23

.
-
o
vk
Prz
o
x

£ A%
".\t
i}

3T
=
5
R i
AR

|
ok
Minister
e

¥

T

LT

A

"ot

s
WEHEA

AR
Eiws iy

ﬁ‘é
Ev
b
)
Ml
-
A
=

e

Female

i o ol . a4 ELEl =
fo}st,  EH 1%, 1836 AL, | folgtyl; T 1%, 18364 HAME, | foldld, <AXGE> 1%,
THTYEA T 2% THEGEAT 2%, 19084 24 <13, FHITYEA T A%

(o]

<A HE>ole} gtk <AHGE>E Bl 6380 FAF0] gLom, Ausl ol A F7t
Qelglon e FEAE 200242 STk <Al b 2 wske A4 go] 9ol S5
W AGTHEREE, 7 — 9] £32 ol Wi 4 FAlolel] Frie] gol, o], Yol WP
F(E)E GYTE Aol AN AT BAE Il 2 B ol E 1] (4)% 2o
MR, o)t gk Slael WS YES Gl E o ANk

(4) tbE BPER REFESE FBRALE REFF W
o] AL aANte]l FH(FTOD), HHe]), T)n FHARoDe &3} Fom Folsh Srtel Aghsel

SRl Eg teAe Hel B3 = 4 vk

AP o) R3] o (BIEREEE); (1895)01M % =0l —3At—golE M= 88k Als B3
o, =@go); = PP (EESER) 2 AEHlen, daolE 71 Aol dstolvt
EATHE AolA 2 o] et 2EE <AXNYE>2 R EE@EEEs); (1890)
Asshs o] F WA 3 dojola} d= H 2o 47l=rof Apdelgks 2 oo E AdHh

= 1
%@}&%zaﬁ D ARl FE | @ BT & | @ 23 4x | @ a3
9" 90 80 95 23
0209 © 291 ® B%E o) | @ WARY) | o S
N0, o] AL 3]
Dhid @ || OD d¥o] &3 [ @ Fol Moo | ® Folol ha
40 Farol AAF 7] | WiF =ekxk 27 | §2 WAL 27

<N ¥>o] TARAE G715k 2ol & 470 Fol, 13 7l F7k wor], 7 Bvhtt 1647
F2o) gl Bad A o] 7 AR WolE FEE (@ TR, G 28K, D W)L
A S thiole] sk W FAHE AjeFe o Au R,

2) 2,0037F FollA B(‘olshH’e] &)L sl ol FFFo| glerng FE FRot) (—.2, M+.1255)

3) “goji= AAF 072 194)7] FFuE HAIEFH ] B3} 7 oA dhato] Folalote] ol yakel 3 H&
S zpelle] dgto|lon Jojago) tigh Bulgd} AR o=rojo] et waf WSl A4S 24
Hold s Atald didoldeh (399, 2014:210.)

62



<A GE>elM e o] F7]= D F=o] EEI® T ol7'E v o kel
‘@ g=ro] Faoll wsto], BA 2ol el = (KERRISO), o] #719] 71eol Ak ek
Ty oAM= A Eo] uiEARe WHAF Aol tiel BRI CGiET AFE ) ol ek olFoE AR 7Y
S A7Isked, 2 RS SHekAd 1) (5)9F Eh

(5) JU sEZzmBol ip—8s () HERBE HF L 2L 50 id B e d g
HiE REE 42 A FE plgol Botolr LT &% Shoks I?“Eaa Ho| 'Al BfsEstH HFEI}
TR WlAx WiaE 28

B7] (5)& foftAb, olXAERY = 2¥E 1IE AR, I3 A P FHise
= A8t Boshs WAs] 913 Fela wo] 342 290 Selrh. 53] 2AdA] <]
B olE Mol & - glmd), o) 7 AkmA] A 27 A FEMRA 24
Agshe dlalel, Felh Tkl ol Eom 17157 Hiolth.

FE— A 7] (Z+=.708)  (cf. ‘AP, (1915))
(7) & — Z 4ol A (++.522) (cf. ‘Z7]E] Fhd=d; (1890))
B - &2 (HE+Z1636) I — &4 ¥ (EHK.1704)

e SR 7R 39319 L9STINE 2rolk ALY YA 24} —o's) Hsed
2YE 9w O)04 ($)2 el 2900 ik Tl LA A'e 1] (634 Lo

2} Abolol] wi A7) % &4, ®7] (7)3 Fo] o] %7l d sk y)rqs,l‘;g_ REES i
LDH) 17 (8)L o]g|&, ‘o] FE|A Alo]7} obd o] 9x]5}e] ol B A= u|g] ANZ&D}
olget A= n7] (8)el] 71AE T Ao A g ERAT

(9) £77 (=.46) 5 (=+m.1071) Y ("+=.1341)
(9) 579 (—.1) A (Z+. 615) fEA (PU9+=.1335)
(10) A (m+7.1420) £y (A+X.1762) e (A+4.1801)

E O g50] 79 ® F5g oI 554 FolA] 2.4 4802H(EAloI9] 23.98%) 7
sszrlo] Qom w9 A, Oy oA o] 2H: FOIg ofulalen] m WAle
S grou} 1 9Re 1] (9)3F (10002 TR, 17 (@)l 148 AAFE A9 ol
I #550) glom, 1] (10)el] 7 AR NSl AgAelA SHE 7t $55o] Qnt,
£ g9 7hed 9 B8 tehly] Sla) 2291 B9 GEA O st Sold He 204)7]

o - (oldlel)7t MElal] AGSNE (908 WER, -7 B4 o FAEE AN A Wl
Falrks st

),

H r1

B A

3. go] #7]9 HY
oaq Z3)9] %)= Hsy A X oA, <xmogi>% g, v Fog  Td-5-(HEN),
71 At “ﬂ%ﬂ < A Wi(fﬂiﬁxﬂ ZA(Z71A), et = 57He vlskH,
1 Aol Feto] W5 ALl Qo] AR Al 2 Qo) o] Al A 1Y) (1) 2om, Mgk

[

D) ol 22 3 <r>ol e 5719) ARlelehs £AY As] AT AL UE B3 6
812 Fahe Johe T YA <ANPu> QAo Ao ks SAolt, o) @ - 479 &
(F+=.1366) 18 — A = (E+A1526) B - B2 7 (5T.1896)

¢

63



By o A AR <ANGE>) EAA EIEE AN,

(11) — HFS B #Hst = EnEiZshy oolnle] 47
—. el nEEEIET LT aEY EEe @io}‘”} =
—. WFE AXOE FES F 5] et = 5 S BEESH HEshd 2
(12) "W — Throat — 2E (#.186) Bt — Vinegar - ¥ U|¥} (=+—.988)
= — Three - %28 (5x+—.1934) % — Female — &MY (—.15)
(13) [ — Eyebrow — o}o]| F29- (F.133) fif — Meatsauce - U]'E| 292 (=+—.981)
8 — Old woman — 25 %-9%F (=.49) (cf. £ — Old man - =1+ (=.48))

(14) ¥& — Duck - A= (+5x.491) B — Ignorant - U Ix'HE (=++.1167)
¥ — Asp - oks5F (+1.599) /8 — Smoke - 223 (+4.605)
(15) & — Love - 59 (A +/\.1848) (cf. 5 — Rot - &2E (A +.1760))

H7] (1D)9] A /A &2 sk AAR dAkh7] ofdR o] 718 S8l 241 24 ool AR (BHE)
‘o'S BQl o FEHAE AFEE gl <A GE>0A 9;719 oA %leib & oA
TRE, %0, 0/, % N/, % Jal, /6, 3/, ® /f/Z P o] heE] @ & $AE B gke FAsi,
® 2 NS AE BRit) 7]E $UAS 5 A Uil oA A e e & iﬁ‘i@ AL Bolalall
dl, AN B} a8 S (HEE) ] /T/9 /05 Erlehs SRR 2oly] wiiolnt (4. 3
ZAA ER 3 A 7] oF FaLl)

O F79] oAl FEHA Tkl ¢ = TdaE oA Z Ak g ﬁ%)% 20

Ho|w(*Z - AE »7) B+ ’%OW gt FEA 44 XA eHES e R
Ashes = oFI2X (+.315)4 ¥ — Gauze — #F9-22(=+A.888)%0] A7 H“ioi At
ok, YA oA A« @ o w@ o 1y (12)9F o] o] mpEg HAje] 2roln
<AMGE>o= 328719 &7 Atk ARE Wk ® (19270, 58.5%), ® (7670, 23.2%), *
(5170, 15.5%), * (970, 2.7%) %01943}. (e]A1&d, 2018:866.) thit oAl AL} e A
A FEHAE dagl JAF o) 9oE zkx] Kdith ALRET o] 1547] THREEH WS
Ao Aaele AAPEATE ohd §ERA R BV 18417] Fube] oj=w w ok w,
o dnksly]y] wielth, Al FEHAY ASES B A7 SUFE AW AeT
(cluster)ollor} ‘Ao S77F A "Hxzl ®7] 71w 9otk (984,
2014:149-152.)

7] (119 F HA & ogrto] Atolol| Hrlsh= 72 (HE) 'S 28, o] 7123
T TolE OMH =y L}E‘rlﬁ% FAZ 7)Eeh 1] (13)o] 714" Ar} fEEA, ¢
o] @ o] W 24 7%, © A (compound)E ATA T HEjA 719 S FE, © Hoj2
712 79 DPOF A e 9 s & 4 Uth <X1*4°ﬂi>°w% delel 3+
dol E WAME HAold] uigk WYgo2 AAEE B9 ey, Old man - &Y
(Z.48)°llA Holxo] o] BE § *JOM A 471011 AHEE = A2 ofUt),

vprlEto 2 wy] (1) Al HA &2 AN e S dig Agoz 2 A" 2
A2 07}-% UARE §lzo] WA stetal AAlgth Aazte F 52 ARRE s, v T4
(coda)ell 8 Samte] x|t 4 %’i% st AAE Hgshy] 93 fxolth 1Y (14)9] 44
EXY, Aazks wo] £ B 548 2o wixEHo] Sgdel ZX o]F Ab(ambisyllabic
geminate) S FAsIE FAo] T FHAZ A3 FYHA EEF Vs TS s

SHAINE <A GE>o] MaAtE B7] (14)9] ‘Smoke — 253 (+4.605) A7 %4 (onset)<]

ofj vt
7]

SAES @ $dr MOHES FU RS $U) Qv vel & Er 84 2ol WA
£ B ARG 1] F40 & A AL SRS, 2 AEE w159+
o Gtk ol WA Bg AT T E AL FHow WSHES oz 5/ Aow

64



A RS 44 RS fra
/f/ /8/ N/ /3/ /r/ i
o T [ oC X o8 H [ oC Q, =, Q’ =,
B ’ ’ ’ o} zA Joe—/ 2AA &/

FEth (o]44), 2020:233.) ok /fe] AiAl R ErIshs @, BAX /2 At
old ‘0’7 F7|3te] T &4y} vtEgs A4S Bz

aduR gad 3 A7) Oﬂ’\]e‘)ﬂ’\ﬂ ‘/‘r‘gr‘)r <A A gHE>o] Grto] ‘%}% AA EHES
A7) weF o] AElEd = k. A2 o]AA(2020)F Farsty] BAke] AFE BEUlR S
A

(16) 5 - Dhid - Y= (—.1) 8 - "Armmour - &' (Z+h.934)

(17) # - Wheel — "3]¥ (=+p4.740) ﬂ?;l - Earthworm — “o]o}ot9-2 (=+.600)

(18) fiti - *Porpoise - EHA (+/\.584) - Cicada — "7}t (+h.603)

(19) & — Scentherb - ME, 2L (+—.338) Eéﬁ - Felicityherb — FUAE] &% (+—.332)

o}, <7<]“°ﬂ—”i>°ﬂ"14 ol AARY 7w H7] (16)d4 (194 vl F-7= g0kt 4
ALt H7] (16)2 A 5 e Haf Q10 = QIgh T it QERE, EAlA F 4471(2.20%) <]
G- LEPL ]?‘—'_]'71:]_5] AT B7] (17)2 <A 2> A 7P E3tA Kol HAF &7 frEolthd)
250 A f5-5 SQlste] wAgh Q{7 7 widglon ohgo® 53 ¢ F+ I — Island
- o]& T (N\.247)E Y]ESH Yo "lvﬁ_% aHsHA] ek AT

17 (18)4 (19)& dojo] W #3t RFES YepdT) 17 (18)° 4‘3] Q1 ETEri, 5
()7} 2= 312 (porpoise) = 29531 W57 ()7} vliw](cicada) 2 2.4 9] mus
218k 977} Belth 3k ¥ (19)E Q9HTR= 899 7ke- dalEo] E‘ WA 4 ‘angelica,
orchid & H&}= thalel] olo]2 WA ‘scent herb, felicity herb' S o}gﬂu} <A]A e E>of qkd sk
Q.93 oA Ao Fafo A% vER=H], ofof thEiA & 5. dito] T E7IeF Mo 6.
Fol-dEo] MAoA ] FRPHE A thET

4 % A 5A% A4 B 0%

<AME>ol 3 R A olu] BHU(2021)0] AL R ThE v} JowT Bt
4G HODT) S5 AL 12U e, el 3
WEARE RRE e el SRR, ol o Ra ed, 2 v

sk w7 (2003 Zot

(20) Ef+BELFO EMEETTFO hfiEs 180 BEMRE£80

BEL 4ED FOLMTOIL FEY LormEely BEST WEMY () FoEMEY EnEE
2D fE -5 -0 (=63 A -2 - ® (K.164) -4 -0 (=+=.1004)
(22) Xk = % - O© (—.10) fii — ol — ® (F.441) -8 -0 (~t+=.1970)
(23) B - ¥ - O (=+=1041) £ -9 - O® (=+m.1068) & — % - O (+—.324)

17 (20)9] 832 k& AP /M, T/ RS dha AAF ot <A gE>L A4 @,
Joh= A=

=
O, ©, ®F 27 3H(1A), 3B (24, PG, A4S BAtE 42 F52 AHgan
5) kel festol ol i, 31 g wolsl 9ol A B J1EE 204 H ) sitalel A4
g e glonz, < wow» te] ol WA oF e el Wl Al 249 Zolt, Bl s

248 A 2R AI5E Ak ot

65



5 /R/9F /TS 27 SIS A7, TR O R AR, 7E ek 9 Abole] aElE, (R
U9} 9 Abol o] 4] E SEdtthal 7| S0t BY) (21)9] GAE(RX, [T, BY)S H]FEa}e],
<AA@E>o FHE 2270(FA ] 1.10%)9] /0 AEAE 25 A 0] opd A& ‘A'0 %
H7]%]] 9t} TA Chinese-English Dictionary; (1892)0l14 A% Ho]=—2tdx Zwixl ®7]A1A)
(Wade—Giles)ollA] /LI/E Z&2=0]9] j[3]¢} frAlstth rate] T2 ERd%ol, <A Q>
A ARES el Bl B whgo] JAFgke TsAde] At

B1e, & AR /U/E s o7 AARMS dFog FAutk VPR ZAn|3k Soll= AX(EE)
‘o'S gt E AH S Fdsith 1Y) (22)9] AE(T X, T\, ThH)S HIZEE, <AAGE>d
TEE /U AR s 8 B oA A w0 E HANE Y|, o= A '8 EE
WS ARSEEAE o E et o7 FA L o} Sk A& W o]l e F A TR
o7 FEHAE 2o, Bl (23)o Eal7F = * /7Y, ® /T, = /578 AR Bt 53] (B
gol mhEE /z/o] tigk ARl 0 o] shgelA = S AR /P/H digete AL ol#El Aol

(24) & -3 -"© (L\.233) B - - "© (++.536) £ - 41 - '@ (Im+5.1445)
(24) - -"0O (=1+.944) 15 -3 -"O (=1+mM.1066) & - 5 - "© (A1+/\.1826)
(25) # — & — Q) (+.192) ZH-"T -0 (Z1+A891) -4 - (l+—.1304)

folsl; & $AtE HA R A AR, <AMYFE>9 F83 Foo] WAFHY R/ 1Y
(24)8} (25)2 Q90| 7Faslth Hy] (24)+= AZx F7] OF/ 2, A OF 1367A(FA012] 6
7he-dl 9874(72.06%)° NFECE T @712 AF- EASHY A HE X LRES 5U3 FS
=), uhE FERP ol AR EEE) T A GE )] AZE HolE Flo|th B (24)<]
A Bl = AFAGEIH L], A[H L], E[RH DL AMde] ®7]Edem, 7] (24)9] orEd=
FGAHE [ =57, BT X\, ig[T L ])e] Aol 27|53t

H7] (25)% 23 A BFolA S5V e AES "t o9 B2 LREL FEAE Al
Lot el dhatel Qolste] wARl ‘RQ = FEA} el FUs WA s B8 s
mlalol gigk s7leH, ‘O'= 752 B3k} FrAAl A F&ICXY] 2ke] S7telt), gt
AO'S ARA B o)A Y—1 10 ek &717F 7199 Algloltt.

5. U] ¥& #7119 WY
<A GE> Yd2 FAofdl] o] T FE HVIRTONE, ol =2, oy =
T B2 G S FESHA &gkt AR o] - 19121 U AbAlo| = (=8%E) EdAkl o4
"AolFel(BEEMIR), , "TARR(FENL), 3 Aol S0 dol= "AELSE(AAREN),; ©f
e ol 59 A& Aol F7HEh BY] (26)F TUESE(BARE), oA @3 Zlo]t).

o

(26) #% 772 Axd F Tl BabH RS 4stoF bFoll fratol et ey RkFEFY
R A7 X A7) 78T L FA v ada gt
HET 7T AEE fhFE Tl B oS 4tol Lol fralor BEsta ARyt £tk
ofol 9o 07k HU £ Aol nx o] g Fordel e ZHET

(27) & — 7Hy — 7 (=+TA.1102) M — vrx — okdo] (+=.399)

(27) 1 — ¥ 2 — Sk (=.66) - ey — ek (A+2.1534)

1] (26)€ <ANGU>NN) A3} 7B EEE TR 8] (20)9] HAb A EH T,
<ANQE>S 4 ol 0 Ao B4 'S Haka, 44 Fol 0 2] 4 o' Hshe
P olF ALOA T/} ML PRI URIE, & HH()S N FHOZ MY
S AHOE T}, AR FLe wr) (27)9] kb AY RS o)F Aol AEH/|E Wk

66



(28) B — =7 — 2E% (A +/.1838) - 77 - 989 (A+/\.1839)

|- Fry — A (K+.1966) W — +rF — A (O5+2.1967)
(29) # — T2 — "BAZ (Z+1.914) B — v — AAE (E+2.1637)
B o — AR (Z.73) B - P — R (=1+A1205)

T3k <A diE>0] Ao q7] B2 B (28)AH A 7 18I 24 7o) S o
ATH= Addl, 53] &4 ( 7)ol dASA H7I5 A &k aHE 2 JAE dio] HAF oF
130716) 7}e-d tjH-E-e g3 BEEo] ok B (29)9] ‘RARE v A} ggolg st
Q7o AT = W= A7E Aol gk @ ®oo|t), 1 vl o %ﬁﬂi—”— AlE(<y
E)E HEE 224 oy SRE(<T s ToLe] AR §7))8F e Z2; e¢lo] FH It

(30) B - Akt H - 2027} (+.207) 5 -"7X5h=2 - oI A (Z+A.1243)
(31) % - "Ht /4~ - 7to|Cha} (+.300) FE - '# A vy - TR (PU+K.1428)

go] w7Iet mPTIA R, <AA S E>9] dio] Fao A= o] Wol] JAHAE gHL F
FEo ¥, shis 1] (30)3 22 Eo] T3 s v ooz 3474 (FA 0]
17.32%)°] AAEAL. o3 FHLE rhA#(<SKEL)S} 7T 7 =2 (<X F /= x)ﬂa 2
o] F i =g Ayl dre] S ARlEth & gE §3e R Fo e 55 ¢t
7352 12773 (FA019] 6.34%) 0] FAEAL B7] (31)2] #k / 2<(<B /¥ &1+ (<f&EE
7)) B o oldlE w7] H% FF AHS HISS & F Atk

X R o-3he = ENC ERRERT))
1564} (7.79%) 1,088%F (54.32%) 6252F (31.20%) 452} (2.25%) 892} (4.44%)
(32) 3 - vz — ZFF (£.159) o g — Ao] (+F.450)
(33) ® — Exw — "H (+7A.468) ?‘w’f‘?‘ - kv — "gI2 (=+.935)
<AAGE>e] QHo] S0 oo WFEH AeFS Hol=d)| o] 3 FAlojol shite] &ut 7)AE
5 9l Falo] A wfo|t), YR FojAo] S FHE Aol ¥y 97 B (32)¢) = AA}
QFe H7] (33)0% ofrHr}

<A JH>0] ool.Qio] Fajo] EAL (H
#717h Befe] ol A %wa

(34) &) — '+ 7 — Ten—days B — o2 o= - Ides

B — 3% — Dark ¥ — 4 %+ — Calends (=+74.1064 - 1067)
(35) Z — 'e v 74 — Felicityherb # — 7% %% - ‘Fragrantplant

# — 7K 7% — ‘Fragrantplant g - "> xw7 — Calamus (+—.332 - 335)
(36) # — /1) — Model # — 1) - Model

Bl — " %% — Model & — "1 7% — Model (x+=.1988 - 1991)

H7] (34)°llA (36)+= B FAoJ gof-d&e] o9 Felle 2tk B7] (34)= 9 %(+h,

6) oLH‘;__
d

[e)
) T .
7) oA 2olx) gobA] Age] Gl Ak, e 23t 9] FelA) BE ASE BH R Ak



TER)O] FA T (EE-RE-1H-Z3)0l sl JuldoR 2 Fold oAelrh © Dark'=
A} T2 A gl AdellA BlEe g o Aol FAA ot FAOlE MFS rhe
SHAIZE Qleh REA 27 (35)% oHo] A (A x—dEx—8|x2-F¥ )9} 58514 = oA o]
ZAR] dHol F ko) s ZAPE Bl HT (2R S EY] wlitel HAE oo A,
#w2lo] oJo] F3) Fragrantplantt Y0] & K1) 7ol digh F ot}

ShH <AMQGE> WA dR= A E He RS AHIA] oA AIZE Hrk Bo] (36)9]
A S Frofo] Bl () oF FH (Al o= 3% o] Atk =22 1 o7t FrAFsEA|RE st
Al Model?} £ 7 2 (<RAANZE o]u]o] QoA FA|o] ko] o] £4E He=th

(37) W — "5y /+ — "Tail 8% — ") /9 - Catty—and—half (+=.1962, 1963)
(38) £ — "5 4 ¥+ —'Thyyo 3% — ‘743 2> — "Thyshoon

& — ‘7772 - Hawsi B — 2 — Soup (NT=.1996 - 1999)
(39) fL — 7+ — Orifice # — 7% — Chief

B — # % - Phiz & — #v7 — Past (55+=.2000 — 2003)

H7] (37l A (39)F 5olgh Hedo] 485 or]Eo|t) H7] (37)2] M) L) T
9] FAOo s, Yo Foll= 24 AHede d(8Y) /) olgtal T A g,
o] Fafloll = Tail(Tael T Tahile] 23%7])3} Catty—and—halfgh= @2 X]3kE] o] )8

H7] (38)€ 2 (EREFR) O FEAEE AAH glon # & FAkl 3 o F&
7)1 Foll Hd AHE Bl T4 X r v (<FHEE), T4 22 (<FR), 17 (<KESK)E HIF o
gl w3l odo] 38 Thyyo, Thyshoon, Hawsit oS0l that AAlo|t), s qk HE-o] F-AJofA]
FHBET) S 5ot BAE g2 A Ak g Aol i 9ol A8 o] x| gom, a9
Soupt BT BARY] 25 BH(ES A)'S 9fw]sit)

®7] (39)= folskH, Hajo] F1A] w=rh Mool Wl A] B3tk o Ajolt), FHoE(flLAEE)S
frete] ] AE ZHzF 3}, WAt oks], SARS Sk, FEAES 5] (7, Orifice),
Wol( 7+, Chief), D= (K, Phiz), o]dA(# v 7, Past) 0.2 HAF AL}

7. vHAH

oM ol <AA > gt gl ol sk AR Pds AfEf o R aosl
ou, A 5ol Aol Aol ZARE viE A, 1 AT, Zads @ o] FE w164
o N AR, @ GOl AAtellf el g8gA, Tk S, Alaate] ARE, @ ke Aol A 9] AiAle}
A, B AR, @ Aol AN A ofF A AR, @ Fof-de] FalelAe] e
<AHGE>e] 5o Akl

ol Aol folel; & o e thgrlelre] @77} o]fA ghek S| thaio] Al ow
Ao <AMGR>L ok Ak a.oro] gloj AFE Hshs Bt ok & mEol itk 9=
WO R g Hetat PA AN G o] F 5L dgaly] Hal, FFle <AHGE>l tit
AT7F TRk dofef N FHEHTIE LSk Holth.

8) AR () oF 600g, F(@) oF 37.5g ( TEE=ro|thAbd, o 9labd 37.7g)2] FAIS %3t
= aRom, e catty(<ZE|0]o] kati)Z, F tael(<eo]o] tahil) = 2= ATE D(#) 203 B
2458 A=Y, ‘18 = 37.5¢ A2 AASPH 248 = 900g = 1.5 (*°600g = 1<8)’°|t) 18P g
EA0] Y $8ol that HYo] "Taild} Catty—and—half+ A3stiar o4 4 ok
“A catty - comprising 16 taels (since the 16th century; in the 14th century it was 20 taels) - is
traditionally equivalent to one pound avoirdupois, formalised as 604.78982 grams in Hong Kong, with
similar values for Singapore’s and Malaysia’s kati; but rounded to 600g in Taiwan, Japan, Korea and
Thailand.” (Lim, 2018. ®M&2 Il 9g})

68



FRE (2006). T5E4E, 2 TOEEEMR <
11, 337—-353.

32 (2014). 301 H4g 47]mg &

o] A A (2020). “o}SHA(SLEHR)" JTho]
201—-228.

o|=3t (2014a). TolstA(RE4R), o 43 StFole] 54 diste]. nhulo]idts], 36,
29—64.

o|=% (2014b). HthiFk TR GOl o139 d= w719 ol S A dle P
g o s sto] —. oA, 18, 249-292.

o|A1& (2018). A|A1d H(1908), <oFsHAGREHR) >l el FRIAE S HEHAE &8
wews gyATt E3kebgd 40(8), 855—876.

MR (1998). 43588 — Jime] ke Xd%ﬂr B TEES] B WiAckre] wSEE ) 1 ek
stk - 21(0), 113—150.

A (2000). FLe] <GHEHRE>, wolAl Am AT S, ojARsls], 15, 1-174.

i (2014). ol Ao wjmrdo] W] Mg Z=wb vl=AkdTE, 40, 201-238.

59 (2021). AMG TREME (1908) 32 5 ‘#HEF 9 ol diste]. 9], 46(3),
859—895.

Lim, Lisa (2018). How catty and tael entered the English language, along with picul, mace
and candareen — Asian weight measurements. South China Morning Post. 18 Jan, 2018.

69



On the Diverse Paradigm of
Rising Declaratives in English

Junseon Hong

Seoul National University
jshong512@snu.ac.kr

KACL-KASELL Spring Conference
June 3, 2023

Introduction

* Assertions and questions are basic direct speech acts.
* In English, they canonically align with distinct syntactic forms.
* Assertions correspond to declaratives as in (1a).

* Questions correspond to polar interrogatives as in (1b).

(1) a. She’s home®. (Falling) Declarative
b. Is she home'? (Rising) Polar Interrogative

* However, (2), which involves a declarative sentence with rising intonation, conveys a marked

meaning.

(2) She’s home'? Rising Declarative (RDs)
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Introduction
Purpose of the Study

¢ To shed some light on specific functions of RDs that have not received as much attention

* To propose how the interpretive effects of RDs arise from the combination of their semantics
and pragmatics, which allows them to be interpreted as one function over the others

Paradigm
Rising Declaratives

* RDs that overlap with assertions are referred as Assertive Rising Declaratives (ARDs; Jeong, 2018).

(3) Assertive Rising Declaratives
A: Where’s Sally?
B: (Um...) She’s home?

* RDs that overlap with questions are referred as Inquisitive Rising Declaratives (IRDs; Jeong, 2018).
(4) Inquisitive Rising Declaratives

A: (flight agent) There’s one flight to Seoul.
B: (customer) The flight leaves at 10am?
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Paradigm
Assertive Rising Declaratives: Epistemic Uncertainty and Metalinguistic Uncertainty

* ARDs can be further categorized into two, in terms of the uncertainty they implicate.

* Epistemic Uncertainty ARDs implicate the tentativeness on to the truth value of the expressed

proposition.

(5) A: Where's Sally?
B: (Um...) She’s home?
B’: (Um...) She might be home.

e Metalinguistic Uncertainty ARDs implicate the tentativeness on the relevance to the current
Question Under Discussion (QUD; Roberts, 1996, 2012).

(6) A: Do you speak Chinese?
B: I speak Cantonese?
B': #I might speak Cantonese.

Paradigm
Assertive Rising Declaratives: Politeness

* Both subtypes of ARDs can be used as a politeness strategy as they are more indirect than
canonical assertions (Jeong, 2021).

(7) A: Do you want a glass of water?
B: I'll have a beer?

(8) [Context: A waiter A is introducing himself.]
A: Hello, my name is David? I’m your water today?
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Paradigm
Inquisitive Rising Declaratives: Confirmative and Contradictory

* |IRDs encompass confirmative and contradictory functions.
* Confirmative IRDs implicate the speaker’s bias toward the expressed proposition.

(9) A: (flight agent) There’s one flight to Seoul.
B: (customer) The flight leaves at 10am?

* Contradictory IRDs implicate the speaker’s bias toward the negation of the expressed
proposition.

(10) A: | went to the concert last night. Dave is a good singer.
B: Dave is a good singer? No way. You must be thinking about John.

Paradigm
Inquisitive Rising Declaratives: Mirative

* RDs can express mirativity (Goodhue et al., 2015).

* Mirative IRDs are a specific subtype of Contradictory IRDs.
* To express her surprise, the speaker should not have been committed to p prior to the
discourse act.

(12) A: | met Dave’s brother yesterday.
B: (What?) Dave has a brother?
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Preliminaries

* | adopt the expanded Table model (Farkas & Bruce, 2010; Malamud & Stephenson, 2015).

(12) Discourse Components

a.

CoMMON GROUND (CG):
the set of propositions that all speakers are publicly committed to
(Stalnaker, 1978)

DISCOURSE COMMITMENT (DC,):
the set of propositions that the speaker has publicly committed to during the
conversation up to the relevant time, and which are not shared by all the other participants

(Farkas & Bruce, 2010)
TABLE (T):
the stack that records at-issue content in the conversation

(Farkas & Bruce, 2010)

Preliminaries

(12) Discourse Components

d.

PROJECTED COMMON GROUND (CG™):
the set of potential CGs that gives possible resolutions for the top issue on the Table in
the next expected stage of the conversation
(Farkas & Bruce, 2010; Malamud & Stephenson, 2015)
PROJECTED DISCOURSE COMMITMENT (DC,):
the set of propositions that the speaker is expected to become committed to (Speaker’s
Projected Discourse Commitments; DCSp*) or the best guess of commitments made by other
interlocutors (Addressee’s Projected Discourse Commitments; DC,;’)
(Malamud & Stephenson, 2015)
PROJECTED TABLE (T7):
the stack that records at-issue content which the speaker expects to be relevant to
the current Question Under Discussion (QUD)
(c.f., Malamud & Stephenson, 2012; Bhadra, 2020)

10
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Contributions of Rising Intonation

(13) Conventional Discourse Effect (cpe) of Declaratives (Farkas & Bruce, 2010; Farkas, 2022)
(i) Table,= Table; U {p}
(ii) DC,,, = DC,,; U p

* | propose that rising intonation overrides the convention of falling declaratives in two distinct

ways.
1. increasing the inquisitive content of the proposition => Semantic Convention
2. projecting discourse components => Pragmatic Reasoning
11
Interpretation

Semantic Convention

Inquisitive

Informative

Figure 1 Informative Content and Inquisitive Content

* In the framework of Inquisitive Semantics (Ciardelli et al., 2019), a sentence not only conveys
informative content but it also expresses inquisitive content by raising an issue.
* Falling declaratives are non-inquisitive by default.
* Rising polar interrogatives are basically non-informative with informative content being
trivialized.

12
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Interpretation
Semantic Convention

Inquisitive

IRDs

ARDs

Informative

Figure 2 Informative Content and Inquisitive Content of Rising Declaratives

* ARDs: informative > inquisitive (a singleton set {p}) = Falling Declaratives (Hamblin, 1971)

* IRDs: Informative < Inquisitive (a non-singleton set {p, -p}) = Polar Interrogatives (Karttunen, 1977).

Interpretation
Semantic Convention

* The convention of two RDs derives from their steepness of their intonation.

Assertive Rising Declaratives Inquisitive Rising Declaratives

Weak Rise Steep Rise

Jeong (2018)

e A weak rise (H* H-H%) increases inquisitive content up to the point where it is no higher
than informative content.
* The proposition remains primarily informative, resulting in a singleton set {p}.

* Asteep rise (L* H-H%) increases inquisitive content to surpass informative content.
* The content is shifted from a singleton set {p} to a non-singleton set {p, -p}, turning the
primary speech act into a question.

14
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Interpretation: ARDs
Pragmatic Reasoning

* An ARD that conveys a proposition that 1S a subset of the current QUD is construed as an

Epistemic Uncertainty ARD.

(14) A: Where's Sally?
B: (Um...) She’s home?

* The content of an ARD, {Sally is home}, is a subset of the current QUD, {Sally is home, Sally is at
school, Sally is at the café, Sally is at the gym, ...} (i.e., p € P).

15

Interpretation: ARDs
Pragmatic Reasoning

* An ARD that conveys a proposition that 1S NOT a subset of the current QUD is construed as a

Metalinguistic Uncertainty ARD.

(15) A: Do you speak Chinese?
B: I speak Cantonese?

* The content of an ARD, {I speak Cantonese}, is not a subset of the current QUD, {/ speak Chinese, |
don’t speak Chinese} (i.e., p & P).

16
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Discourse Effects: ARDs

(16) Discourse Effect of Epistemic Uncertainty ARDs (updating c; with {p})
(i) Table, = Table; U {p}
(i) C,," ,=DC,,"; U p
=> Commitment is projected to the DCSp*: Speaker’s uncertainty on the truth value

(17) Discourse Effect of Metalinguistic Uncertainty ARDs (updating c; with {p})
(i) Table,” = Table,” U {p}
(ii) DC,,, = DC,,; U p
-> Table is projected to the Table™: Speaker’s uncertainty on the relevance to the QUD

(18) cpE of Declaratives (updating c; with {p})
(i) Table, = Table; U {p}
(i) DC,,, = DC,,; U p

17

Discourse Effects: ARDs

* The politeness is analyzed in terms of the speaker's updating p to the projected components for
each subtype of ARDs which result in enhancing the addressee’s face.
* Epistemic Uncertainty ARDs: the DCSp*
* Metalinguistic Uncertainty ARDs: the Table”

18
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Interpretation: IRDs
Pragmatic Reasoning

¢ An IRD that is used in the context wiTHOUT contextual evidence on addressee’s belief or bias is

attested as a Confirmative IRD.

(19) A: (flight agent) There’s one flight to Seoul.
B: (customer) The flight leaves at 10am?

* No evidence in the context directly supports that the addressee would believe the flight leaves at
10am.

19

Interpretation: IRDs
Pragmatic Reasoning

* An IRD that is used in the context wiTH contextual evidence on addressee’s belief or bias is

attested as a Contradictory IRD.

(20) A: |l went to the concert last night. Dave is a good singer.
B: Dave is a good singer? No way. You must be thinking about John.

* The addressee’s belief on p is known to the speaker from the explicit expression.

20
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Discourse Effects: IRDs

(21) Discourse Effect of Confirmative IRDs (updating c; with {p, -p})
(i) Table, = Table; U {p, -p}
(ii) DCsp*/o = DCsp*/,- Up

=> Commitment is projected to the DCSp*: Speaker’s positive bias

(22) Discourse Effect of Contradictory IRDs (updating c; with {p, -p})
(i) Table, = Table; U {p, -p}
(ii) DCad*/o= DCad*/,- Up

= Commitment is projected to the DC,,": Speaker’s negative bias

(23) coE of Declaratives (updating c; with {p})
(i) Table, = Table; U {p}
(ii) DC,,, = DC,,; U p

21

Discourse Effects: IRDs

* Mirative IRDs are modeled as illocutionary not-at-issue content (Rett, 2021) which updates

flavored commitment to the DC, (Rett & Sturman, 2021).

(24) Discourse Commitments

Let DCa be sets of propositions of the form is-surpriseda(p), representing the public
commtments of a with respect to a discourse in which a and b are the participants, where:
a. is-surprised,(p) is a public commitment of a iff ‘a is surprised with p’ is a mutual belief

of a and b.

(25) Discourse Effect of Mirative IRDs (update c; with {p, -p})
(i) Table, = Table; U {p, -p}
(ii) DCy’ o= DCoy”; U p
(iii) DC,, , = DC,,; U is-surprised, (p)

(Rett, 2021, p. 326)

22
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Conclusion

ARDs IRDs
EU MU Conf. Cont.
Semantics Rising Intonation Weak (H* H-H%) Steep (L* H-H%)
Subset of the
YES No -
. QuD
Pragmatics
Contextual
. - No YES
Evidence
Semantic Content {p} {p, -p}
Projection DC,’ Table” DC,’ DC,,”
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As you progress in your English studies, you'll find that personalized language instruction becomes
increasingly significant. This approach recognizes that each student's language learning journey is

unique, shaped by individual strengths, areas for improvement, and personal interests. Personalized
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instruction allows for learning at your own pace, focusing on areas that may be particularly challenging
or intriguing to you. Whether it's mastering complex grammar rules or expanding your vocabulary to
. i - : olg 55§
express yourself more precisely, a tailored learning approach helps you to achieve these goals more
. < 5 5 o : == chof =
effectively. It ensures that your learning experience is not only educational but also engaging and St = =
personally rewarding. Each English phrase you master, every grammatical concept you grasp, are as ~BH Y, ~ S0 me, ~I20], ~ K3, ~2(M), ~312
stepping stones on your path to becoming a proficient English speaker and writer. With personalized A 43, 6l
you , 84,43, o2&
instruction, you're not just learning English—you're sculpting your own linguistic journey.
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You are writing an English textbook for high school students in South Korea. Write a
paragraph on the importance of personalized language instruction, Itis most important that
the vocabulary and grammar level be understandable to Korean high school students.

ikicdes X You are writing an English textbook for middle school students in South Korea. Write a
paragraph on the importance of personalized language instruction. It is most important that
You are writing an English textbook for elementary school students in South Korea. Write a the vocabulary and grammar level be understandable to Korean middle school students.
paragraph on the importance of personalized language instruction. It is most important that
the vocabulary and grammar level be understandable to Korean elementary school
students.

As you progress in your English studies, you'll find that personalized language instruction

becomes increasingly significant. This approach recognizes that each student's language

Studying English becomes more exciting when lessons are tailored to your unique needs

learning journey is unique, shaped by individua , areas for improvement, and

and interests, and this is what we call personalized language instruction. This approach is P al interests, Personalized instruction allow focusing on

Learning English is a wonderful adventure and every adventure is unique, just like you! extremely valuable because it considers your individual learning style, pace, and goals. With

Personalized language instruction is very important because we all learn in different ways. It lessons designed especially for you, you can focus on mastering the areas that challenge complex grammar rules or expanding your vocabulary to express yourseff more precisely, a

ing lessons that are made just for you! This way, you can learn new words and Vo the i _ e } ot tailored learning approa s you to achieve these goals more effectively. It ensure:
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at your [oWnl [pacel, and [fSGUSINGA] what you are most the areas that [challénge| you the most and [Explore| fopics EEpiESS yourself more [precisely, a [fallored [learning
you [filily enjoy. This way , learning English becomes not @pproach helps you to @chievel these goals more effectively

interested in . This makes [learning English more fun and §

B . . just a school subject, but a fascinating JOURiEy that you It [ensiifes| that your lleaming [experience is INOHNGAIY

easier. Just remember, every fime you learn something new educational but also [EfGAGING and personally rewarding
control. Remember, each new word you learn, each grammar

Each English [phif&s8 you master, every (grammatical E8neepl

in English, you are ladding a [valuable piece to your rule you understand, they are the bricks that build your you grasp, are [Sfépping sfones on your [@&ffil to becoming
language |puzzle. And when all the pieces ffifl fogether English language 'skills. With |pérsonalized] iRSTuetion], you 're a [proficient English [speaker and Wirifer. With [persanalized

SHiGiEHon. you're nof just learing English —you're Sculpfing

you'll be able fo speak and write English confidently! notonly] studying English, you're shaping your [GWl
language adventure!
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Learning English is a wonderful adventure and every
adventure is unique, just like you! Personalized language
Instruction is very Iimportant because we all learn In

different ways. It means having lessons that are made just

for you! This way , you can learn new words and grammar

at your lown |pace, and [foclis on what you are most

inferested in . This makes learning English more fun and

easier. Just remember, every time you learn something new
in English, you are adding a valuable piece to your

language puzzle. And when all the pieces [fif together ,

you'll be able to speak and write English confidently !
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You are writing an English textbook for high school students in South Korea. Write a
paragraph on the importance of personalized language instruction, Itis most important that
the vocabulary and grammar level be understandable to Korean high school students.

LR You are writing an English textbook for middle school students in South Korea. Write a

paragraph on the importance of personalized language instruction. It is most important that
You are writing an English textbook for elementary school students in South Korea. Write a the vocabulary and grammar level be understandable to Korean middile school students.
paragraph on the importance of personalized language instruction. It is most important that
the vocabulary and grammar level be understandable to Korean elementary school
students.
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Learning English is a wonderful adventure and every adventure is unique, just like you! extremely valuable because it considers your individual learning style, pace, and goals. With areas that may be particularly challenging or intriguing to you. Whether it's mastering

Personalized language instruction is very important because we all learn in different ways. It mmar rules or expanding your vocabuiary to express yourseif more pre

lessons that are made just foryou! Thiswavyoucanlearnnewwordsand Il 1 1 mosiancaia . ~ aliored caning spploschhelps jou to Achicrs the e goals mote St

£5-F2  ax 52-33 * 12-33 ¢ @) a school st S OE5-B2 ee 3283 4 * 2233 g AE@E) st (v k| wasas] v
Count Percent Count Percent Count Percent Count Percent Count Percent [T— ot P, o, Por, Coto (v, Sow e, Cont o
2 Mm% 7 er | 0 o 2 . 0 ox e PO As you [prGGiEsS| in your English studies, you'll find that
L . English i derful dvent q Studying English becomes more lexciting when lessons are ) personalized language [MSHUEHOGH becomes lincreasingly
earnint nglish is a wonderful adventure and ever shaping yo| - = - " , .
g 4 . IR failored to your unique needs and interests, and this is significant. This [@pproach| recognizes that each student's
i j i ! i - - - . language learming j@uineyl is \unique. [Saped| by [ndividual
advenfure is unique, just [like you! Personalized language what We cd [EEEEEE lEnoiise NEEEEER. e 1 |
- . . : el R : = Sfféfigiisl, areas for [provement. and [BeFSoRal inferests
instruction, is very importan approach is [Exiremely Valuablel because it CORSIAERS your Personalized [ifistitiction EIISWS for learing at your [
different ways. It means _having lessons that are made just individual learning style, [paGEl, and Igoals. With lessons pce. WOSUSWGUNGR areas that may be |parficularly
. ; : " lleng inti to_you . Whether it" t
for you! This way , you can learn new words and grammar designed especially for you, you can [f8EWSIGR| mastering BN o ESGNNE 15 Vou MWhAfher if's WESfering
e — Eomplex| grammar rules or ‘expanding your vocabulary fo
at your [oWnl [pace], and JfGEUSINGAI what you are most the areas that [challengel you the most and [Explore topics EEpiESS yourself more [precisely, a [fallored [learning
you [filily enjoy. This way , learning English becomes not @pproach helps you to @chievel these goals more effectively
S g g

interested in . This makes [learning English more fun and =

B . . just a school subject, but a fascinating JOURiEy that you It [ensiifes| that your lleaming [experience is INOHNGAIY

easier. Just remember, every fime you learn something new educational but also [BAGAGIG and personally rewarding
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you'll be able to speak and write English [confidently'! HofliGhly] studying English, 'you're [shaping your [GWi| BN . 5l e ot just SRR English —you're EEIENG

your [ linguistic oUAEY.

231315 1% @
T L 1215 ot @ e

Learning English is a wonderful adventure and every adventure is unique, just X Studying English becomes more exciting when lessons are tailored to your uniqu X . . . .
like you! Personalized language instruction is very important because we all and interests, and this is what we call personalized language instruction. Thisap AS ¥ou progress in your English studies, you'l find that personalized language instruction becomes %
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English, you're shaping your own language adventure! stepping stones on your path to becoming a proficient English speaker and writer. With personalized
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gessine handship, oe thatisaight leal thea o stay fnhorn’s | |V
+way rather than flee to safety. Proponents of price-gouging - https:/fatn, e, altld ATH HZ ASS dhe 2 =EELICH
laws argue that any estimate of the general welfare must - =AY S2 UAHEHE
include the pain and suffering of those who may be priced
out of basic necessities during an emergency.
P
/
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Before the concert. | thought that the instruments
might sound strange. After a few minutes, a group of
young people began to walk on the stage. The first
thing | noticed was their instruments: a cello made out of
a shiny ofl tank, a violin made with forks, and a fiute made with a water

« pipe and buttons. The concert began with a girl playing Bach's Cello Suite
No. 1 on her shiny cello. | was shocked by the deep sound. | was o into
the music that | forgot that they were playing with instruments made from
recycled materials.

“The world sends us garbage, we send back music.”
This was written on the back of a concert ticket I was given.
The musical group was called “The Junk Orchestra.” They played -
\ instruments made entirely out of garbage. I could not imagine

m@M*MMMwNMmImwr Water Pipe
5 2
&' @ what wero tne mstruments o The Junk Orchestra made outof? @ Which instrument did the concart bagin with?

D guwbage  instument  entroly  imagne  send back  bo eager to D rotco  shiny  tak  shocked  recycle  water pipe

e sy o 173
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Before the concert, | thought that the instruments
might sound strange. After a few minutes, a group of
young people began to walk on the stage. The first
thing | noticed was their instruments: a cello made out of
a shiny oil tank, a violin made with forks, and a fiute made with a water
pipe and buttons. The concert began with a girl playing Bach's Cello Suite
No. 1 on her shiny cello. | was shocked by the deep sound. | was so into
the music that | forgot that they were playing with instruments made from
recycled materials.

Before the concert, | thought that the instruments might sound strange. After a few minutes, a group of young people began towalkon X
the stage. The first thing | noticed was their instruments: a cello made out of a shiny il tank, a violin made with forks, and a flute made

with a water pipe and buttons. The concert began with a girl playing Bachs Cello Suite No. 1 on her shiny cello. | was shocked by the deep
sound. | was S0 into the music that | forgot that they were playing with instruments made from recycled materials.

LXPER Al, HO| = & 22{5

LXPER Ind¢ x: E3(F)-

$t= DI (K-12)

ol X228 20 oM Q. A7t HO| =5 YRl

Before the concert, | thought that the instruments might sound strange. After a few minutes, a group of young people began towalkon X
the stage. The first thing | noticed was their instruments: a cello made out of a shiny oll tank, a violin made with forks, and a flute made

with a water pipe and buttons. The concert began with a girl playing Bachs Cello Suite No. 1 on her shiny cello. | was shocked by the deep
sound. | was so into the music that | forgot that they were playing with instruments made from recycled materials.

LXPERAI, HHOI= 8 2213

LXPER Inde ¢ BT + =2 & 0| ZgtL|Ch

R A B S 7| E(CEFR)
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3 ol 2o uziol Soj2 YRS WL D=MR.

Q

A When I went to a small town called Cateura in Paraguay to work on a recycling
program in 2005, I saw children living in a town that was mostly filled with
garbage. | wanted to add something positive to their lives, so I decided to share

my love of music with them. So I started The Junk Orchestra.

@ Why did you visit Cateura in Paraguay in 2005?
@ Why did you start The Junk Orchestra?

@ Why did you work on a recycling program?

@ Why did you live with the children in Cateura?

Fill in the blank question

Grammar

“Your father was not a gambler. He @ sent the family money to the
independence fighters in Manchuria. He made himself ® look like a gambler to
keep this a secret from the Japanese officers.” At first, I was not sure if he was
telling the truth. But afterwards, 1 found out the truth about my father and 1
realized that I ©have been wrong about him. Ever since that moment, I have been
proud to be the daughter of a parakho who @ had devoted his life to the
independence movement.

2 53025 2 @~@ F0IM 048! 242 o A TRMS.

->

D What were the instruments of The Junk Orchestra made out of?

(D Which instrument did the concert begin with?

@D What did Chavez want to share with the children of Cateura?

D How did Gomez help the children to play music?

Wh- type comprehension question

Multiple choice question

1  oisiE =2 opxpt sk B208 D2Me.

2 2o oREM Laixls Sojo] AZoE Yate 2ig nEMe.
@ sad @ touched @ worried

@ bored

90
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1. Begore the concert, | thought that the instruments might 1. What did the instruments sound like before the concert?
soun .

2. After a few minutes, a group of young people began to walk 2. What type of instruments did the young people play?
on the stage. The first thing | noticed was their : acello

made out of a shiny oil tank, a violin made with forks, and a 3. How were the instruments made?

flute made with a water pipe and buttons.

3. The concert began with a girl playing Bachs Cello Suite No. 1 4. What song did the concert begin with?

on her shiny

4. | was shocked by.the deep .

S. | was so into the music that | forgot that they were playing

Before the concert, | thought that the instruments
might sound strange. After a few minutes, a group of
Fill in the blank question e e vk 0 i sige T Wh- type comprehension question
thing | noticed was their instruments: a cello made out of
a shiny oil tank, a violin made with forks, and a fiute made with a water
pipe and buttons. The concert began with a girl playing Bach's Cello Suite

Grammar N 1/0n her sty celo, | was shocked by he 0o sound. | was 50 o Multiple choice question
S et | forgot et wiern plesino weh nskmants [k o 1. What materials were the instruments made from?

hich of th li f the followi Il el @ Metal, plastic, and wood
Which of the underlined parts of the following arucie @ Oil tank, forks, and water pipe
is grammatically incorrect? ® Glass, rubber, and stone

@ Paper, cloth, and cardboard

Before the concert, | thought that the instruments 2. Hg)IV\; dIS7the writer feel about the sound of the cello made from

. . an oll tank
might sound @ strange. After a few minutes, a group @ Disappointed
of young people @ began to walk on the stage. The @ Surprised
first thing | noticed ) were their instruments: a cello @ Confused
made out of a shiny oil tank, a violin made with forks, @ Impressed o
and a flute made with a water pipe and buttons. The 3. What piece did the concert begin with?

i . d R (@ Beethoven's Symphony No. S

concert began with a girl @ plaving Bachs Cello Suite 2 Chepin's Noctume Op. & No. 2

No. 1 on her <hinv cello. | was shocked by the deen @ Bach's Cello Suite No. 1

@ Vivaldi's Four Seasons

Personalized, Al-based English Education Platform Company
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doMa. A7t HO|=E YHF !l

Y

| thought the instruments would sound weird before the concert. But then, some young people played music on unique instruments made X
from recycled things like an oil tank, forks, and a water pipe. They played Bach's Cello Suite No. 1 and | liked the deep sound. | forgot
about the strange instruments and just listened to the music.

LXPER Al HO|= 2 22{7

LXPER Index: $2(2 &) +=2 2 0| =8FL|CE

Before the concert, | thought that the instruments might sound strange. After a few minutes, 2 group of young people began towalkon X
the stage. The first thing | noticed was their instruments: a cello made out of a shiny oil tank, a violin made with forks, and a flute made

with a water pipe and buttons, The concert began with a girl playing Bachs Cello Suite No. 1 on her shiny cello. | was shocked by the deep E‘l % -?-I 2 xl =20z (% 2 .T'.E.‘)
sound. | was S0 into the music that | forgot that they were playing with instruments made from recycled materials.

Gl ofg{2 X222 (13 _1F)

Prior to the commencement of the performance, | harbored concems regarding the potential peculiarity of the instruments to be utilized. X
However, as a troupe of young individuals strode onto the stage, my focus swiftly gravitated towards their visually striking instruments - a
cello fabricated from a polished oil reservoir, a violin fashioned from forks, and a flute crafted using a water pipe adorned with buttons.

The concert was launched with a rendition of Bach's Cello Suite No.1, being beautifully executed by a young lady playing the

aforementioned cello. The profundity of the melody rendered me stupefied, to the point where | had completely forgotten that these were
indeed, recycled instruments.

LXPER Al, HO| =2 223

LXPER Index: Z3(d &) +=F2 2 0| FgfL|CL
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Al S2 22| A28 J2iHY
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Grammar PEEP

[Grammar Predictor & Evaluator for English Proficiency]

=3 Pinpoint
I3 7k Flofst 2 Hets| nef

Diagnose

suo| 28 458 BT “ M

1gt
0F
fuln
L=

Repetition
24| HS e aytx| Hts
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BASIC LEVEL 1 BASIC LEVEL 2 BASIC LEVEL 3
I 2ZE X
zojzn
' ZUS-be SAAAZ
SA
o4 YA -23.26
YA
B M-1325
24}
CHEA e Ee-077
w8A B0l 8¢ - = 327/ B 307/ 28 290
A HUE-938%
EENM
b GRAMMAR PEEP'S Comment
ol FUS Y be SN TR MAS SASPA OHOIT, i BNIS ¥ B
AU, O, TUE BAE T ol o S0 2 2 2400
HAIA
2 23 200 -
HEA ELS B4 Bol 2¥ Holsp|
(201 oYUt
A

4.Match the contractions to the words.| 2.Put the sentences in order on the timeline.

itis

are not
past present (now)

3.Type the contraction that matches the words.

she will =

25
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Grammar PEEP's Comment
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Al Application for (( pORS pls
Primary Education in BangladéQ( ‘n <

Byeonglo Kong

Digital Technology Specialist (Data Analytics and Big Data)
Digital Technology for Development Unit,

Sustainable Development and Climate Change Department
Asian Development Bank (ADB)

INTERNAL. This information is accessible to ADB Management and staff. It may be shared outside ADB with appropriate permission.
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Al Solution — Automated Al Test Maker

1. English Level Assessment

Selection of Difficulty Level

English Level Test
1]

Step 1: Choose your level

] e Result

Step 2: Select the words

Select all the words you know

Choose the level you befong to

Your level is Pre-Intermediate

< Al adjusts the difficulty based on your previous selections
«  Repeats until Al is convinced of your level (Normally 3
Next iterations. If randomly selected can keep going)

*ADBO| &2 atE|A| WSE Chet AA Personalized, Al-based English Education Platform Company
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Al Solution 1 — Automated Al Test Maker
2. Personalize Learning Contents
Vocab-Level Text Analysis and
Vocab Classification by Difficulty Levels
mﬂ 2enn s-n 2 na - anm X
BANGLADESH' (lass e R R S R = = Froquency
AND GLOBAL :Et« The history of Mynamati, G8ledl from the sth EERRORY is
STUDIES o | . 1 oo R, 8 N

of Bangladesh. This was a [KAWe of Buddhist
dvilization, though there are Hindu and Jain statues too
& It was also a [GEATE of BUCHNGN. with accommodation
facilities for teachers and students. The [lleS Inclide
o terracotta [BIEES with wonderful [HBEORNONS of animals,

wage K8 2 mongoose fighting a c a [RGIE elephant
etc. The museum olso [BPIYE coins and stone

Q0 iseiipiions

=29)
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Al Solution 1 — Automated Al Test Maker

29

2. Personalize Learning Contents

Personalize
Difficulty Levels

Make harder
(from MID-3 to HIGH-2)

The history of Mynamati, dated from the Bth century is related 1o the story of King Manik Chandra X
and his wife Mynamati. It is near Cumilla city, to the south east of Bangladesh. This was a centre

of Buddhist civilization, though there are Hindu and Jain statues too. It was alsc a centre of
education, with accommodation facilities for teachers and students, The relics include terracotta
plates with wonderful decorations of animals, like a mongoese fighting a cobra; a running

slephant etc. The museum also displays coins and stone inscriptions.

Mynamati, situated to the southeast of Bangladesh's Cumilla city, is steeped in history, X
dating back to the Bth century. This revered site is inextricably linked to the tale of King

Manik Chandra and his wife Mynamati. The center of Buddhist civilization, Mynamati

also features Hindu and Jain statues. The locale was a hub of education and boasted
accommodation facilities for teachers and students alike. A visit ta Mynamati affords an
opportunity to behold an array of remarkable relics, including terracotta plates, intricately
adorned with depictions of animals such as a mongoose locked in combat with a cobra

and a galloping elephant. Moreover, the museum showcases a variety of ancient coins

and stone inseriptions, offering valuable insights into the region's past.

CALCULATE READABILITY

Inde ¢ MID-3 (Intermediate) Level

Make easier
(from MID-3 to MID-2)

» Analyzes the article-level difficulty level

» Bangladesh difficulty level analysis need to be added

Mynarnati is a historical place in Bangladesh. It has a lot of old things that are from a x
long time ago. People used to learn there and it was an important place for education.

There are many things 1o see, such as pictures of animals like a mongoose fighting a

cabra, and an elephant running, There are also old coins and writings on rocks that you

can see. Mynamati is a special place that has many interesting things 1o explore!

CALCULATE READABILITY

Inde x: MID-2 (Beginner) Level

YZ2AEAl R]E oY A

LE A2

nx
L
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Personalized, Al-based English Education Platform Company

Al Solution — Automated Al Test Maker

3. Assessment Question Creation

The ?h

the story of King Manik Chandra and his wife Mynamati.

of Mynamati, dated from the Sth century is Y,

Pt
It is near Cumilla city, to the
south east of Bangladesh. This was a centre of Buddhist civilization, though there are Hindu

and Jain statues too. It was also a centre of education, with accommodation facilities for

teachers and students. The relics include terracotta plates with wonderful decorations of

animals, like a mongoose fighting a cobra; a running elephant etc.

<k 7>

history, include

The V.

King Manik Chandra and his wife Mynamati.

of Mynamati, dated from the 8th century is related to the story of
The relics

th erful d t of anin like n mongoose fightin

Fi

in the blank question

The history of Mynamalx dated from the 8th c-nm s related 1o the swry of King Manik Chandra X
This was a centre.

Tt
and students,

education,
plates. animals, ke
elephant stc. Th lso di d it

8 nunning

This was © centre of Buddhist civilsation,
and Jain statues foo. It was also a centre of education, with
The relics

30

The history of Mynamati, “dating from the Sth century is related ti

Manik Chandra and his wife Mynamati.

1 dating -

This was a centre of Buddhist civilization, though there ®is Hindu and

2 is =y

The relics include terracotta plates with wonderful decorations of anim

9fought a cobra; a running elephant etc

Grammar questions

there ore Hindu
Include

True or False question for

Multiple choice questi

mongoose fighting a cobro;

The history of Mynamati, dated from the 8th century is related to the mmmmumlm

Chandra and his wife Mynamati. It is near Cumilla city, to the south 24§

Sunrning saphce ok, e tei

animaks, like a

§ [plates can be seen at the Mynamati mu:
b) Ceramic plates

This was a centre of Buddhist civilization, though there are Hindu and Jain statues too, It

was also a centre of education, with accommodation facilities for teachers and students. The

Index 2 i L
e CAND:S (latermediats) | relics include terracotta plates with wonderful decorations of animals, like a mongoose fighting

a cobra; a running elephant etc. The museum also displays coins and stone inscriptions.

Enter texts and Select 1) The history of mynamati dates back to the 8th century. (T/F)
question types 2) King manik chandra’s story about mynamati is from the 17th century. (T/F)
3) East of bangladesh is close to cumilla city (T/F)

(T/F

c¢) Terracotta plates  d) Porcelain plates

2. What type of civilization was centered in Mynamati?
a) Christian b) Muslim

¢) Buddhist d) Hindu

3. What type of facilities were available for education a
a) Sports facilities  b) Science labs
¢) Accommodation facilities  d) Cafeterias

4. What is the story of King Manik Chandra related to
Y The founding of the ity

YZ2ACA DSE e H LB XE Y

4
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On Repair of the Subject
Condition by Parasitic Gaps™
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*This works was supported by the Ministry of Education of the Republic of Korea and the National Research Foundation of Korea (NRF-2022S1A5A2A0103824711)

Setting Stage: Subject Condition Violation and
Repair by Parasitic Gaps

(4) a. *a person who [(not) shaking hands with t] would really bother Sally
b.  *aperson who [us shaking hands with t] would really bother Sally

C. *a person who [Terry shaking hands with t] would really bother Sally

(5) a. a person who [(not) shaking hands with e] would bother t
b.  aperson who [us shaking hands with e] would bother t
C. a person who [Terry shaking hands with e] would bother t

(e = parasitic gap; t = real gap)
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1. Introduction

. The elements inside the subject cannot be extracted, which known as the
Subject Condition (Chomsky 1982). From this perspective, look at the
following complex-looking examples (Culicover and Winkler 2022, CW)

(1) a. *a person who, [talking to t;] about this would prove to the Mayor that
there is a problem.
b. a person who;, [talking to e,] about this would prove to t; that there is a
problem
(e = parasitic gap; t = real gap)

(2) {who, t, the Mayor} vs.
{who, e, t}

(e = parasitic gap; t = real gap)

the Mayer = uninvited guest

99




2. Extraction from the Subject and Parasitic
Gaps
Major Claims of CW

(3) a. There is no specific parasitic gap _mechanism that has the effect of

making extraction from a subject island grammatical.

b. The link between the two is a matter of processing complexity, and that
the amelioration associated with the parasitic gap configuration is a

consequence of differences in complexity.

* They further elaborate that the extraction out of the subject is itself acceptable,
marginally complex though.

* The introduction of a new discourse referent, however, "increases complexity
and pushes the sentence over the threshold of unacceptability”, eventually
leading to the judgment of ‘'ungrammaticality.

* |f stated from the opposite point of view, the absence of a referring expression
(i.e. the uninvited guest) keeps the sentence closer to an acceptable status.

* Allin all, after rejecting what they call "Syntactic Islands Hypothesis" and "The
Gap Repair Hypothesis", they support "The Uninvited Guest Hypothesis" for the
contrast given in (1).

100




2.1 Subject Condition and Repair

* The typical examples of the Subject Condition are given below. All the examples

are ungrammatical in that some element is extracted out of the subject.

(4) a. *a person who [(not) shaking hands with t] would really bother Sally
b.  *aperson who [us shaking hands with t] would really bother Sally

C. *a person who [Terry shaking hands with t] would really bother Sally

* |In contrast, if the referring direct object in (4) is replaced by a true gap and
the gap in the subject is replaced by a parasitic gap, grammaticality is
dramatically improved.

(5) a. apersonwho (not) shaking hands with e would bother t
b. aperson who us shaking hands with e would bother t

c. aperson who Terry shaking hands with e would bother t
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* The repair by parasitic gaps is possible in adjunction but is not in coordination
(Chaves 2012, Overfelt 2015).

(6) a.
b.
(7) a.
b.

*Sam interviewed ti and showed ti his secret laboratory, [the members
of the incoming class of graduate students]i.

Sam interviewed ti before showing ei his secret laboratory, [the
members of the incoming class of graduate students]i.

*Kim surprised ti and offered ti a raise, [everyone who showed up
earlyl]i.

Kim surprised ti by offering ei a raise, [everyone who showed up early]i.

9

2.2 Invited Guests

(13) a.

... spirit fond of encountering difficulties, which to avoid would incur no

censure, but which to meet would be impertinent and hazardous.

By this she meant, if someone is making me feel bad about myself or is
causing me pain and upset, they should be in my life, and that | should

value those who spending time with always feels like a positive

experience.

10
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2.3 Challenges to Uninvited Guests

(15) modified from Chaves (2012)
a. Thatis the photo that | found t without looking for e.

b. [?]That is the photo that | found Mom in without looking for t.

C. [?]That is the photo that | found t while looking for e.

11

(16) a.  Thatis the library that | hung around in t without looking for e.
b. ?That is the library where | spotted the book without looking for t.

C. That is the library that | hung around in t while looking for a book.

12
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2.4 Uninvited Guest Issues in Korean

(20) a. [ Mary-lul cafe-esey manna-n] namca
M-ACC cafe-at meet-rel man (rel=relative pronoun)

'a man that met Mary at the cafe'

b. [John-i __ cafe-esey manna-n] yeca
J-NOM cafe-at meet-rel  woman
'a woman that John met Mary at the cafe'

C. [John-i Mary-lul __ manna-n] cafe
J-NOM  M-ACC meet-rel  cafe

'a cafe where John met Mary'

13

(21) a. [[__Mary-lul cafe-esey mannasstako] ney-ka  sayngkakhanu-n] namca

M-ACC cafe-at meet-rel you-NOM think-rel man

'a man who you that met Mary at the cafe'
b. [[John-i __ cafe-esey mannasstako] ney-ka sayngkakhanu-n] yeca

J-NOM cafe-at meet-rel  you-NOM think-rel woman

'‘a woman who you think that John met Mary at the cafe’

14
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(22) a. ?[[pro t hug-lul hamyen] [John-lul koylophikye toynu-n] namca
hug-ACC do-if J-ACC  tease become-rel man
'a man who if pro hugs will tease Mary'
b.  ??[[proehug-lul  hamyen] [t koylophikye toynu-n] namca
hug-ACC  do-if tease become-rel man

'a man who if pro hugs will be teased'

15

3. Proposal

3.1. Proposed Analysis

(23) a. This problem was to have been looked into, but obviously, nobody did.

b. Roses should have been brought by somebody, but surprisingly, nobody
did.

(24) a. *This problem was looked into by John, and (similarly) Bob did, too.

b. *Roses were brought by someone, and others did.

16
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(25) (=8)
a. *Sam interviewed t and showed t his secret lab, [the members of ...].

b. Sam interviewed t before showing e his secret lab, [the members

of ...].

(26) *John [11.nsitive S@W t] @and Bill [5iansitive 8aVe t a book], Mary.

17

(27) a. *a person who, [talking to t,] about this would prove to the Mayor that
there is a problem.
b. a person who, [talking to e] about this would prove to t, that there is a
problem (e = parasitic gap; t = real gap)
(28) a.  ...who; [g,p PRO talking to t] ...

=

<« Who, [paep [supjp PRO talking to e 1] ...

18
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3.2. Consequences
3.2.1. LBC
(30) Quantity how
a. i. *How many should | buy __ peppers for the dinner?
ii. *How much did she find __ gold?
b. i. |should buy some peppers for the dinner, but | don’t know how many.
ii. She found gold, but won't say how much.
(31) Degree how
a. *How does she want [a __ detailed list]?
b. i. *He wants a detailed list, but | don't know how.

ii. *She bought an expensive car, but | don’t know how.

19

3.2.1. Adjunct Islands

(33) a. a person who Susan went to Washington to work with t

b. War and Peace is a book that | always fall asleep while reading t.

(34) *War and Peace is a book that | always amuse Sandy [4;,np While reading to
work with t].

(35) War and Peace is a book that | always fall asleep with t [, ,.p [agjuncte While
reading eg].

20
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4. Conclusion

* This paper showed that the uninvited guest hypothesis has both over and
undergeration problems.

* To overcome the difficulties, this paper proposed that the RPG effect is real and
that syntactic analysis is more plausible from derivational perspectives.

* |n particular, this paper that the derivationally dynamic phases can provide a
better solution to the effect that covers the examples with strong islands like LBC
and that-t effect.

* Eventually if the conclusions of this paper are correct, this paper gives tribute to
the effort to incorporate discourse-pragmatic notions into syntax, leading to a
collaborative syntax, which is an evolved stage of autonomous syntax.

21
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Homonyms-based
word replacement algorithm
for generating adversarial examples

%9 (Fdre)
% o 2 (Fdhetin)

1. Introduction

1.1. Motivation

* Replacing words has been used to extend corpus data.

* Kim Jae-kyun(2021) augmented the Korean named entity tagged corpus by using synonyms, and
reported that the performance improved when an augmented corpus was added to the existing
corpus.

* In a similar context, it would be possible to expand the existing corpus using homonyms and their
synonyms.

Quesetion: [s it possible to fool the model using homonyms-based word replacement algorithm for
generating adversarial examples?

e Goal

To examine how much homonyms-based word replacement algorithm can fool the model in the
course of natural language inference machine learning
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2. Previous Studies

2.1. Analysis of cross-text implication relationship

* Proper labeling of a given pair of sentences (premise sentences & hypotheses) by inferring
whether the relationship between the two sentences is entailment, neutral, or contradictory

* Entailment: definitely correct
* Neutral: neither definitely correct nor definitely incorrect

d COntI‘adiCtiOl’l: definite]y incorrect 2022 Adversarial Implications Analysis Explanatory Material

» neutral

|ot

premise F3|= AFOA 7|2t ARHE MEL

|of
rr

hypothesis G5 = A|F0| 7rA ab2F MEL

premise  F3|= AIZOIM T7|Qk ALTHE ML,
Contradiction
hypothesis Q3| 1YL st ZEOF ACH

2. Previous Studies

2.2. Adversarial Examples

* Data that intentionally mixes noise with the original context, which aims to fool the natural language
processing model that has received the adversarial examples as learning data

* For example, the ori%in_al implication relationship of an adversarial example is contradictory, but
inputting the example in the model leads to misinterpretation of the implication relationship as
entailment or neutral. (2022 Adversarial Implications Analysis Explanatory Material)

 Inputting adversarial examples as learnin% data on several natural lan%uage processing models, including
BERT, has shown to improve robustness of NLP models. (Jin et al., 2020)

T A

g

Fake data

Generator

Discriminator

MA® Mo MAL ATl Website). (2023, May 27).
\ Real data / https://paseul.github.io/deeplearning/gan_introduction/

B
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2. Previous Studies

2.3. Lexical

* One of the inference methods that can generate adversarial examples

* Lexical information about things like synonyms and antonyms
premise R|ef AF =zH2 MELCH] 9f 27% SIUC

» neutral

2022 Adversarial Implications Analysis Explanatory Material

* An example of using homonym information to make adversarial cases as part of a lexical inference method

» Contradiction

+ The Korean word ‘A| &’ is a homophone with two meanings, 'market’ and ‘head of the city’.
+ Inthe sentence, the original word 'A| &}’ was changed to the meaning corresponding to the side that
does not fit the context, so that the relationship of implication was contradiction.

iy
+

hypothesis X[ of 4 EH2 MECH| oF 27% ZARCE

—

premise  Hp= AIFO|A ALDHS AMCEH

hypothesis A== A|Q| AHQUXIO| A ALZIE ML}

3. Research Method

» Dataset: KLUE NLI Dataset(https://klue-benchmark.com/tasks/68/data/description)
* Model: Roberta

e Qutline

» A: Original dataset(consisting of premisethypothesis{implication relationship)

-

Word replacement algorithm

Make a dictionary of homophones
Extract the noun words in the sentence y

When finding a word in the dictionary of homophones

Replace the word with the synonym of each meaning synonyms  AMILER A

Zoj

e}

-

» B: Expanded dataset(consisting of premise-new hypothesis-implication relationship)
» Train the model on A and B, and find the accuracy of the result.
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3. Research Method

3.2. Procedure
* Make a dictionary of homophones
» Korean Vocabulary Learning List from the National Institute of Korean
Language(https://www.korean.go.kr/front/etcData/etcDataView.do?mn_id=46&etc_seq=71)
chof \ ZA =D
195 TP ]
898 712103 o (B
2986 71203 %0 201 E K== [
7434 1204 ] FA 802 A =i
2964 J(PFIAICH =
1695 70 =
3560 21010] ]
648 7121Ch El JH=103 = RO
1747 J120y & Jt304 o ®A
852 712 =
5071 21401 o
1716 Jpctoict 5
2757 Jt=C 5 = = W
6942 5 o wThe A B e
183 54 o ATt Ar 08 3 B
501 JH551CH £ -
6003 7HSBHAICH = AT
25 710101 =
150 21CHO1 2 Words that have homonyms are given a superscript number in the dictionary.
1196 21501 = ~ AC -> Extract nouns with superscript number to make a dictionary of homophones
3561 7HS5HCI01 5l

3. Research Method

3.2. Procedure

* Make a dictionary of homophones

read_excel('C:\\U

o) —

noun, "&
B

onym_db["EH01"]

noun in keys():

if list( .keys()).count(noun) >
du s.append(nou

{noun}: {noun_dict[noun]}")

prin

_db.to_excel('C:\\Users\\user\\Desktop\\outputs.

Initial state of )
column D
= \ T
=1 BE| =] 3
A8 EER
15% HA g L El
K LTI s 2
xH 471 ] #A=27|
a2 3 =T
249 olgy
a2 - PYE]
8 754l
=7 g 7|
37| g Has)
ot 3 Staf
at 3 U BN
.values[0] = % ot
un, "=0I"].values[0] aJHE A =] E|Lp7H of
wTHEME e o iy
D) jn/z3| =1 =it
wTRE- e | e
3 9 75
= 3 20
~ RICH = ] 2 ATE|
ZAb ] =
A ] 2%
\ —

* Each of the ‘0|’ columns written in Chinese characters is modified with words that can be replaced in the sentence.
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3. Research Method

3.2. Procedure

* Homonyms-based word replacement algorithm
» Download KLUE NLI dataset

guid | source ( premise hypothesis label : : : : :
Kue-nli-v1_tNSMC | @12 714! 2| 1C} 1 oj 3[0j==Ct Six|Tt PEENEREY- = 0 Labels represent implication relationships.
Klue-nli-vi_tiINSMC | 10027 27 Jajc A4 s@o 25 EC} 10027t BtLH, 2 0: entailment
klue-nli-vi_tt NSMC | 1002 7F 22 ez adzdo) o =0t 2420 Y AQlIrt 1 1

2 ! : neutral
Kue-nli-vi_tiNSMC | 10027 272 Taje 4 umdo] 2R ECt 10022 AH=A ©f LIRES 74 5 1 o
Klue-nli-vi_tiairbnb | 10129 20| LI§ Z272|7t YU 10149 2HOM SUAH2| & 2 2: contradiction
klue-nli-v1_t airbnb 10128 X0 LS 2727t E&L 1012 E FH0| H20150 & )
klue-nli-v1_tiairbnb 10128 2Hof| LS SZA2|7F BELCH 10128 B30 M= O 27X 0
Kue-nli-v1_tiwikipedia] 104 @Hojl 2t TE S AT| WmsiA| Srojsbn 1AC|S TES AL 20|30 2
Kiue-nli-v1_t wikipedia] 101 BHO|l &= TS | Tps=olA| 2ojotn 13T} 07| = TE Hygo] 44! 1 Th : .

- s el i e goal is to increase the number of
Klue-nli-v1_tiwikipedia] 1014 THO|| At TIE|E T|E wpsEaA| Qrojstn TT]E Y, &, 0j7|& HojAto| 0 g i i
Kiue-nli-v1_twikipedial 1014 F 2t SAUIA 28l F91 o 2147 AFE| = WA AFH 24E z;g—_lz adversarial examples by replacing words
Klue-nli-v1_ti wikipedia] 104 H ot 20| 2ol S ¢ 21471 AFs/= 104 © o HAYN Y2 S0 d— . :

- £ = B in hypothesis sentences.

Klue-nli-v1_tiwikipedia] 104 ot H@lo|q 2 F9 8 21971 4B 104 $ 2} 7|20] 22 1 yp
Klue-nli-v1_t wikipedia QOE H, ZSS015 072 HOj4 020 S0{2t 24 E 8= 287 dojit 2 )

» After tokenizing hypothesis sentences, if there are noun words in the homonym dictionary,

replace the noun words with words in the dictionary’s ‘% ©]’ column.

3. Research Method

3.2. Procedure
* Homonyms-based word replacement algorithm

» Select 400 random sentences

> Get new hypothesis sentences for the original hypothesis sentences by running the algorithm

hypothesis ‘ label
ZFOM 20 E AIZ2 AL St mo| Xj2lsta UL} 0
HEZ AZY A7 - ES ot 7150] 2l 0
S99z merZ2 gpl gERe = A dasta QUi 1
oF 100 O] AIEFCY 1
oh2o] SlAt] ojsl pdstH B = A dhFE G256 0
dste BAHX| Hoppn F7tE ¥ 4 QUCH 0

new_hypothesis

BFOM 2 E 02 ALY SHEEO Xj2[3t 0 Q/CH
BFHM 2E Ale] HYR= AU ool AtZ|sta QUCh
ZF0AM 2AE AlE2 Al eteuko] 3zhsta AUk

BFOM 22 E AIZ2 AL SHEE0| ZA2|5ta A0t
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3. Research Method

3.2. Procedure
* Homonyms-based word replacement algorithm

» As aresult, we get about 1000 sentence pairs.

premise | new_hypothesis

label

ALHZEE ZOfM ZOjA AlLfo] Z 2 S UL
AMUE 2 20{M Z0IM Al 2 =A

ZAF UASULE
Eot AT R MES YT AREBHY| B ES ot 70| UCH
Eok AT WR MRS =0 AR8S7| OEES St 2 210] UCH

S o - O

|

» Enter the correct answer label for accuracy comparison after learning the model.

» Train the model and input the sentences.

» Compare the accuracy of training on 400 original sentence pairs

with the accuracy of training 1000 extended sentence pairs.

3. Research Method

3.2. Procedure

* Train the model

( 1) Install the libraries

import

import log

import num as np
import

import

2) set up the options for model

XX

task = "nli"

model_checkpoint = "klue/roberta-base"
batch_size = 32

(3) Download the KLUE-NLI Dataset
Set up the metric for evaluation
Load the tokenizer
Preprocess the dataset

"gnlit)

ction, batched=True)

U /

2023 15t Semester Applied Linguistics Lecture Materials
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3. Research Method

3.2. Procedure ("

¢ Train the model

4) Define the Model

num_la

model =

AutoModelForSequenceClassification.from
_pretrained(model_checkpoint,
num_labels=num_labels)

5) Train the model

1pip i
from tr mmm me

berta-

base-nli",

0.00026854651514440775},
{'label': 'NEUTRAL', 'score":
0.0006742397672496736},

0.9990572333335876}]]

label is correct

[[{'label: "ENTAILMENT", 'score:

6) Evaluate the model],
Make a Prediction

{'label: 'CONTRADICTION', 'score':

Highest score = model thinks that

3. Research Method

3.2. Procedure
» Output

premise ‘ new_hypothesis ‘ label ‘
AlLiER2 Zo{M ZoiM Ao Z g iSLICH 0
AlLHE2 ZO{M 2OoiM AlLjO| Z =Xt A LICH 1
£ A2 YRS X A8 P =S st 7| 20| QU 0
Eot 238 ARARS =0 AHgS7| P sHe 4 2l0] QUL 0
Y= MO ZESE= Mot 22 7| AEAe Y2 FAF dasta QoL 1
SY= M Z2ESTT Mot 22 Yol dEXe A= A Zastn Qloh 1
YEA F ARt A 100F0] HEUCH 2
AHAL S AL oFAl 10080] HEMC 2
o2 A agsi2el datof Ofsh SdstA B gy oAl Fe R2ER & 0
o2 BA P Eo=22 At Oish SWotA FE 24 U dFE REEE S 1
geie o o 7 gt 27K Bjof 1 FriE 2 2y A 0
G T W7 gst s A BofF 1O TIE L <A ALk 1
372 AT ZF0AM 22 E OI2 Al she ol AR2[3t o Qlok 0
BFO BHTEBFUM 22 E A2 HYAts AL SH=Eo| Aelota ALt 7]
BF0| A= FFUAM 2 E AlEe AU ste e 37hsta Qloh 0
7o R x M @2 E Alg2 Al geeo] £ARR[sa Qlok 1
OfR BALE ZHZ 01 Al2 TEAZ oA SHLES U2|7| 2lshA OrASICH 0
Ot HALE 2H20|H 2s2 Ao Sdetge 22|7] 8iA oraigio, 0

» Output column is the result of training.

» The accuracy is obtained by comparing the output column with the label column, which is the correct answer column.

premise ‘ new_hypothesis label |oftput
AlLHEI2 ZOoIM ZO{A Ao Z e A& Lo 0
A2 2o ZOfM AL 2 =X} A5 LICE i
ESH AT YRMEE AZO| AHS7| YR St 7|20 QAT 0
EDF A2 PRUES AZ AB7| P =S st 40| QIO 0
Y= Mot ZESET Wot 22 ol AERe Wy FA Zasta ol 1
583 Nt ZE583 Nt Z2 F7| dERte £Ah= HA g8t QL 1
HEZF Aozt 48 1000] AEAMCH 2
LEA S ALZoiorAl 10080] MM 2
o2 HA argE o2l gAr Ol SdstA HE U A dFE fEsE 0
g2 A args il AAtof Ofsh SWstAl B 24 Ml sfFE f2ER 1
Pt B O 7 Pote SR Hof 11 FI7hE o W 2l 0
Bz 2 W 7 Yot SA| Hof 1 §I7kE ¥ At gl 1
gxo grlT= 470l 22E o2 AU st Afelsta Qlrt, 0
BFY BHTE BF0M 22 A2l MAX= AlY =) Aefst A 2
BFO FHT = ZF0M Q& AZES AU st= o Z7tsta Qlok 0
BFY FHTE ZF0M 22 A2 AL et Eo| EAe[sta Uk 1
O]t A= TZO[H 42 HHMESOH S AT H2|7| {s)M Dp2SAC, 0
Ol WA= H201H S5 HFASUA -S—‘&IJ%’% Cé"’-|7| Q3 A DFASHCE 0

O - O = OO0 000 A aaas 0000
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4. Analysis Results

4.1. Accuracy

* This can be said to have succeeded in fooling the model.

* Compared to inputting 400 sentences of the original KLUE NLI dataset, as a result of
inputting 969 sentences of the expanded dataset, it was confirmed that the accuracy of the
model dropped from 0.992481203007518 to 0.7458677685950413.

4. Analysis Results

4.2 Confusion Matrix

Original KLUE NLI dataset

Extended dataset

label ! 0 1 2 label 0 1 2
0 139 0 0 0 158 41 8
1 1 125 0 1 49 317 58
2 0 2 132 2 15 75 247

following order:
1) contradiction is recognized as neutral
2) neutral is recognized as contradiction
3) neutral is recognized as entailment
4) entailment is recognized as neutral
5) contradiction is recognized as entailment
6) entailment is recognized as contradiction

* From the results of running the extended dataset, the model recognized incorrectly in the
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5.1. Summary

* The purpose of adversarial examples is to trick the model by deliberately adding noise to the data.

* In order to create adversarial cases that can be used to train a model for analyzing the implication
relationship between texts, hypothesis sentences from the original dataset were taken and noun words
in the sentences are replaced with synonyms of their homonyms.

* By running the word replacement algorithm, a newly extended dataset(consisting of premise-
hypothesis-implication relationship) is obtained.

* As aresult of training the expanded dataset with the Roberta model, the accuracy was reduced.
* In the case of errors, the most common case was to misidentify the contradiction as neutral.
* As aresult, we succeeded in fooling the model.

* Therefore, it can be expected that a homonyms-based word replacement algorithm will help generate
adversarial examples.

* Kim, Jae Kyun. Copus Augmentation Using Synonym Replacement, Insertion, Deletion: A Focus on
Korean Named Entity Tagged Corpus. MA thesis. Korea Maritime & Ocean University, 2021.

* Lee, Y. 2022. Adversarial Implications Analysis Explanatory Material. Daejeon: Chungnam National
University.

* Lee, Jaehun. “AJ4d & A o] 2174 4 7)|” Paseul’s Devlog. 2019. Web. 27 May 2023.
* “Korean Vocabulary Learning List.” National Institute of Korean Language, 2003. Web. 27 May 2023.

* Park, sungjoon and Others. 2021. KLUE: Korean Language Understanding Evaluation. arXiv preprint.
arXiv: 2105.09680

* Han, Jiyoon, et al. “KLUE-NLI-Natural Language Inference.” Klue-benchmark. 2021. Web. 27 May 2023.
* Lee, Y. 2023. Applied Linguistics Lecture Note. Daejeon: Chungnam National University.
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1. Introduction

* The present study aims to examine a quantitative method (TTR) in
identifying the discrepancy of the productions of Machine Translation
Systems (MTYS).

* As a text becomes longer, the type-token ratio becomes lower. This
is because the number of word-tokens continues to rise while the
number of word-types rises more and more slowly.

* One reason is that the speaker-writers vocabulary is finite.

* The speaker-writers must continually choose between ‘old’ words or
‘new’ words consciously or influenced by grammatically rules
(Tuldava, 1998).

1. Introduction (“New words and new topics”)

 The speaker-writers need to consider two opposing matters:
* new words are needed to develop and broaden the topic
* old words are needed to make the text cohesive (Stubbs, 2001)

So, the speaker-writers make choices from the available vocabulary, alternating
between repeating old words and introducing new words, which not only
influence the whole texts but also the smaller sections of texts.

These ideas imply that it is plausible to predict new topics in essays or new
episodes in stories by detecting alternations of new and old vocabularies.
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1. Introduction (“Implications of the ideas”™)

The above ideas about TTR have implications for topics such as measures of reading
difficulty and the amount of given information in discourse, identifying the
discourse boundaries and estimating how adequately a corpus represents a language.

Youmans (1991) has proposed a computational method of text analysis based on
these ideas. By sampling the type-token ratio within a moving span of running word-
tokens, the author’s program will identify points in the text where new words are
used for the first time.

Stubbs (2001) has adjusted this method to detect the significant boundaries of the
short story Eveline written by James Joyce, by setting the span at 151.

1. Introduction (“Present study & research questions”)

* The present study will apply this technique to identify the significant boundaries both in
English original text and the Chinese and Korean translated text generated by different
Al-based MT systems. The assumption is that, since the idea about TTR can be applied in
English texts, it should be plausible to predict new episodes in its corresponding
Chinese and Korean translated versions. It will then shed some light on the
discrepancy of the translated texts generated by different MTS.

* Research Questions

Q1. Whether or not the translated Chinese and Korean TTR curves correlate with the three
discourse boundaries claimed by literary critics?

Q2. Do their TTR graphs show any discrepancies in the three Al-based machine translation
systems such as Google Translate, DeeplL, and GPT 3.57 How do we evaluate which is
better or worse?
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2. Literature Review (“Two main directions in using TTR”)

* Two main streams in using TTR:

* Overall TTR (or STTR) is commonly applied in English overall text
analysis based on lexical diversity:

e.g., Measuring reading difficulty

Authorship attribution

Corpus representativeness

Lexical diversity of human translations and outputs of MTS
‘Separate TTR’ is used in discourse analysis based on segments of text:
e.g., 1. Information flow — given/accessible information, new information

2. Discourse constituents

2. Literature review (“Studies related to machine translations and
lexical diversity (using overall TTR)”)

* Toral (2019) studied lexical density and diversity and found that post-
edited machine translations, compared with human translations

* Vanmassenhove, Shterionov, and Way (2019) studied the output of 12
different machine translation systems with original and back-translated data.

* Vanmassenhove, Shterionov, and Gwilliam (2021) examined the lexical
diversity of MTS by comparing training data (human translations) and the
output of machine translation systems trained on the same dataset using
different architectures (phrase-based statistical system, neural long short-
term memory (LSTM) network, and neural transfomers).
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2. Literature Review (“Studies calculating TTR separately™)

Youmans (1991) extended Chafe’s (1987) categories of three informativity — given,
accessible, new information by analogy to vocabulary management in text.

According to Youmans, repeated words might be classified as ‘given information’, new
function words as ‘accessible information’, and new content words as ‘new information’.

To visualize the rich rhythmic variations, i.e, to detect the ebb and flow of new vocabulary
and show their boundaries clearly, he proposed a new method called vocabulary-

management-profiles (VMPs).
* There is a thythmic alternation between new and repeated vocabulary in the typical

well-crafted story (Youmans 1991, span=35).

» No obvious peaks and valleys (span=101). They can’t detect patterns shorter than the
span. In other words, longer spans can generate smoother VMPs.

2. Literature Review (“Stubbs 2001”)
* Stubbs (2001) applied the method proposed by Youmans (1991) to examine the
correspondence of the text boundaries in the TTR graph with the literacy

critics made by literature experts.
Literary critical interpretation vs. TTR

(Eveline by James Joyce)

First part Second part Third part
o i First Part Second Part Third Part
# Eveline thinks about | Brief interlude in which | Third part ends in
os{+—1 Hart (1969) | the past and she reasserts her her psychological
H}“ 5 possible future decision to choose life | failure
e : TR N | ,l ® Up-slope: High TTR means that a group of new vocabulary is
sl | = ) introduced to make a new turn in the story.
1 Stubbs ®“These three parts correspond astonishingly closely to the troughs
=, (2001) and peaks identified by the program”
®“The literary critic’s impressions are quite correct, but they can now
W—— . | - F be given an objective textual basis.”

Eveline, span 151
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2. Literature Review (“Significant boundary and the present study”)

* According to Stubbs (2001), if a prominent up-slope occurs late in the text,
it is likely to show a significant boundary. By concentrating on the lowest
point and the following single most prominent rise in the curve, he
found the correspondence of the lowest point to the late sentence which
shows most identical words to the opening sentence.

* Based on our knowledge, despite some linguists studies MT using the TTR
technique, there seems little study using TTR by calculating it separately,
and even less testing this method in translated texts either by human or
MTS.

* The present study will extend the use of VMPs by examining the validation
of the VMPs in revealing the discrepancy of Korean and Chinese
translations both by human and MTS.

3. Methods (“Basic definitions related to TTR”)

The method applied in the present study is to calculate the type-token ratio separately
for different segments of text, by sampling the type-token ratio within a moving span
of running word-tokens.

I. Counting words

* English words: the present study identifies the words as the graphic tokens-word divided
by spaces; only hyphens and apostrophe are included. (Francis & Kucera, 1982)

* Chinese words & Korean words: Both the Chinese translated texts and Korean translated
texts are tagged with part of speech and then tokenized as words, which are calculated as
word-tokens (e.g., Chao,1968; Norman, 1988).

II. Counting TTR

Moving span: The moving span proceeds token by token through the text, e.g., from word 1
to 151, from 2 to 152, and so on. For each span, the program calculate the ratio of new
words and old words and the ratio is stored (Stubbs, 2001).
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3. Methods (“Pilot study about the span™)

The span is an intuitive decision with the aim to obtain interesting results which can reveal
significant boundaries within text. If the span is too short, no detail and no clear patterns
emerge. If it is too long, it will be too smooth (Stubbs, 2023, personal communication).

It seems that the decision of the span is related to the length of the novel.

0.8

—— original_EN — original_EN

074 0.344 1

0.6 1 0.343 -

0.5 1
0.342 +

0.4

0.341 4
0.3+

L 0.340 4

0.1+

T T T T T T T T T T T T T
o] 250 500 750 1000 1250 1500 1750 Q00 905 910 915 920

Fig.1 Original English £veline, span=35 Fig.2 Original English £veline, span=1800

3. Methods (“Three metrics for evaluation of the MT outputs”)

* In the present study, comprehensive metrics (BLEU scores, METEOR,
ROUGE) have been adopted for evaluating the quality of MT productions
which were then compared with the results obtained from TTR.

* As for the benchmark of the three metrics, they all require human-generated
translations as a standard basis for comparison. So both Chinese and Korean
translations of Eveline were selected from professional translators.

-- Chinese version is translated by Wang, Fengzhen
-- Korean version is translated by Han, IL-Dong

* The scores produced by these metrics are typically normalized to a scale
between 0 and 1 for easier interpretation. A score of 1 indicates a perfect
match or similarity, while a score of 0 indicates no overlap or similarity.
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3. Methods (“Major steps”)

* Getting TTR results for the original English Eveline, as well as for
human and machine-translated Eveline (Chinese & Korean)

* Getting the scores of the three MTS using metrics of BLEU,

METEOR and ROUGE.

» Comparing the average scores of the three metrics with the TTR
graphs for each MT model, so as to assess the validation of the TTR

technique.

* Take a closer observation of the TTR graphs to make comparisons
between original English version and all translated versions.

3. Methods (“Tools: Python™)

ANACONDA: https://www.anaconda.com/
* Jupyter: It can be used through the website or in the Vscode.

* Python+Vscode: www.python.org + https://code.visualstudio.com/

O Anacon da Navigator

) ANACONDA NAVIGATOR

( Note:
For Chinese and Korean POS
. tagging, TagAnt 2.0.5 was used for
Chinese translated texts and
KiwiGui v0.15.0 for Korean

puting, based on the

LLLLLL

Fig.3 Website to get access to Jupyter
v Jupyter Untitled Last Checkpoint: 2 /NA38T  (autosaved)

rile Edit  View Insert  Cell Kemel  Widgets Help

B+ & B 42 ¥ | PR B C W Code v =

translated texts.

POS tagging for Korean:
@ e https://github.com/bab2min/Kiwi#
Irmon2 yeernen 0 YoECY%IDY%BE8%ECY%9IA%AI%E
D%95%98%EA%B8%B0

POS tagging for Chinese:
https://www.laurenceanthony.net/so

0]: True

Fig.4 Jupyter input cell

ftware/tagant/
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4. Results and Discussion (“TTR separately counted for Chinese and Korean human translations™)

—— EN_Original
—— KR_human
—— CN_human

—— EN_Original
—— KR_human
—— CN_human

o 250 500 750

Fig. 5 English Eveline, Korean Human Translation, Chinese Human

Translation

EN: span=151, total number of words: 1,820
KR: span=231, total number of words: 2,794
CH: span=131, total number of words: 1,807

1000

1250

1500 1750

Fig. 6 English Eveline, Korean Human Translation, Chinese Human Translation

(Normalized comparison)

Fig. 5 and Fig.6 show that both Korean and Chinese human translations have relatively clear two main lowest
points, which is important to indicate the two significant boundaries. Since the total number of each text is different
from each other, the two lowest points don’t coincide with that of English version. In the normalized graph, it can be seen
that the two lowest points in two lines are very near the those of the original English version.

4. Results and Discussion (“Three MTSs in Korean”)

—— KR_human o8 \
KR_Google \

—— KR_ChatGPT
—— KR_DeepL s \

Fig. 7 TTR chart of Google Translate

"'/w\w“\ ” fRhth AN
: "“‘m%vmﬁ\w / \‘W

—— KR_human
KR_Google

#

Discrepancy

Resemblance
between the
line of human
translations
and MTSs:

DeepL >
Google>
GPT

- KR_human
KR_DeepL

—— KR_human
KR_ChatGPT

Fig. 8 TTR chart of DeepL
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4. Results and Discussion (“Three MTSs in Chinese”)

Fig. 11 TTR chart of ChatGPT

\ —— CN_human
\A\ CN_Google
\ —— CN_ChatGPT
\ \\\ —— CN_DeeplL

WA M
A g
\‘v”w \ bt
\,ma
W, A
F /
e b \r’\ M
“‘\.Wi‘ \f}:}’ "kﬂ"\:(x %‘vv\&t/:‘\ ) JL/‘;V\NW:\[\N’\M'
TSR VANE WY Y
L M Wi /,MM'WUWWQ:"
W/\\'w/m Y
\ —— CN_human
\A\ CN_ChatGPT
1)
4,
VL’“
\L 7
W\
M A

W

A\ (ﬁ‘
| Y W V‘\}Mu\l m

1 —— CN_human

,\\.\ CN_Google

\
WA AR A " \
HV' 4\/] )y \1‘) r’f \V- WA
‘ / %
W WA A
VAT | Nf\j ‘f
v WA/ o i

w0 0 %0 1000

Fig. 10 TTR chart of Google Translate

MKMWW

\ —— CN_human
W CN_DeepL

“W'/H ,,,w\ A ) /
W Mo 0y Il J‘\, A
W / \MW\/ \ﬂ'v \ oy
‘ \WA AP LA VY
W = il T g

W

Fig. 12 TTR chart of DeepL

Discrepancy:

Resemblance
between the

line of human
translations
and MTSs:

GPT >
Google >
DeepL

4. Results and Discussion

Table 1. Evaluation of different metrics, Korean outputs of MTS

Korean Ranking:

Korean Google DeepL GPT 3.5 DeepL > Google > GPT
BLEU 0.2167 (3 0.2402 (1t 0.2213 (2 . .
METEOR 0.3395 (znd) 0.3549 (1st) 03176 (3'd | Chinese Ranking:
3395 (2") 324915 STEE GPT > Google > DeepL
ROUGE 0.4347 (2n9) 0.4438 (1%) 0.3965 (319)
Ranking 2nd 1st 3rd It seems that different MT

Table 2. Evaluation of different metrics, Chinese outputs of MTS

models reveal different
quality in particular

languages.
Chinese Google DeepL GPT 3.5
BLEU 0.1873 (1) 0.1790 (3) 0.1795 (2n9) In other words, it seems
METEOR 0.3523 (29) 0.3444 (39) 0.3606 (1¢!) that Al-based MTSs are
ROUGE 0.4971 (20) 0.4767 (39) 0.5156 (15!) sensitive to different
Ranking 2nd 3rd 1st languages
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5. Conclusion

Q1. Whether or not the translated Chinese and Korean TTR curves correlate with the three discourse
boundaries claimed by literary critics?

* The TTR calculated separately with a moving span seems plausible to detect the significant boundaries in Chinese
and Korean translations. It seems that the separately-counted TTR is sensitive to show the significant parts of a short story.

Q2. Do their TTR graphs show any discrepancies in the three Al-based machine translation systems such as Google
Translate, DeepL, and GPT 3.5? How do we evaluate which is better or worse?

* For both Korean and Chinese, the TTR graphs show discrepancies between human translations and the three MTSs. For Korean,
DeepL's line appears to match human translation the best, as is closer to human for most of the line. Compared to human translation,
in the Korean translation TTR line plots, Google looks the second most similar and GPT looks the worst. However, in the Chinese
translation TTR line plots, the reverse is true, with ChatGPT looking the best similar, Google looking the second and DeepL looking

the worst.

* This result about Korean and Chinese is the same as the ranking of scores we obtained through three evaluation metrics
because the best ranking of the machine translation evaluation for Korean was DeepL, Goolge, and ChatGTP, while for
Chinese it was ChatGTP, Google, and DeepL. It seems that TTR has the potential to reveal the quality differences of MTSs
but it is also sensitive to particular languages.
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Abstract @) ianguem

* As an English for specific purposes, maritime English has its own specialized vocabulary, grammar,
and communication patterns. However, there is little research focusing on the frequently used lexical
bundles in different maritime legal genres. This paper attempts to investigate frequently used lexical
bundles in four maritime legal genres, namely case law, legal documents, legislation and academic
legal articles, based on a self-built Maritime English Law Corpus. In this study, the text dispersion-
based keyword analysis proposed by Egbert and Biber (2019) is used to extract domain-specific lexical
bundles as keywords serve as an efficient indicator of such lexical bundles according to Qi (2019). All
2- to 5-word lexical bundles uniquely used in four maritime legal genres are extracted using
WordSmith Tools 8.0 (Scott, 2020) and analyzed in terms of syntactic and functional characteristics.
Furthermore, a comparative analysis is carried out using Breeze’s (2013) criteria to compare the
similarities and differences between General English and Specialized English in legal texts,
specifically 4-word lexical bundles in the four maritime legal genres. The results reveal significant
differences in the types and roles of lexical bundles in the four maritime legal genres, as well as unique
linguistic features specific to maritime legal texts.

Key Words: n-grams, 4-word lexical bundles, text dispersion-based keyword analysis, legal genres,

maritime English law corpus
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1. Research Questions @ izznznen

(1) What are the most frequent lexical bundles across four legal genres?
- Comparison of general statistics for 2-5 word bundles in four genres will be analyzed through WordSmith
Tools 8.0 (Scott, 2020).

(2) What are the homogeneous features of maritime legal genres that distinguish them from
general legal texts?
— Comparison of 4-word lexical bundles in maritime legal texts and general legal texts will be analyzed.

(3) How do we differentiate one genre from the others? In other words, does each of the four
maritime English legal genres have its own unique characteristics?

—> Comparison of 4-word lexical bundles lists will be further analyzed to explore characteristics of bundles of
each genre.

2. Literature Review

* Breeze (2013) investigated 4-word lexical bundles in four legal
corpora: academic law, case law, legislation, and documents.

- Two million words are composed of each subcorpus containing about
500,000 words.

- Focusing on major differences and the roles between syntactic and
discourse patterns of these bundles in the four legal genres.
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2. Literature Review

* Q1 (2018) investigates domain-specific multiword units (MWUs) in
marine accident investigation reports (MAIR) to characterize their
syntactic, semantic, and functional features.

- Majority of domain-specific MWUs consist of two-word sequences.

- Only a small percentage of MWUs occur commonly, while most have
low frequencies.

- MAIR genre employs a wide variety of domain-specific MWUs rather
than relying on a few common expressions.

3. Data and Methodology @ izzaz0a3

3.1 Data

- Study corpus:

* This current study corpus consists of about 1 million words from maritime law in
English, divided into four sub-corpus of approximately 250,000 words for each genre.

* Case law (admiralty and maritime cases, admiralty court opinion, law reports)
* Document (charter contracts)

* Legislation (IMO Conventions)

* Academic (maritime law journal papers)

- Reference corpus:

* BNC Baby containing four one-million-word genre-based subsets, extracted from the
British National Corpus (Academic /Fiction /Newspaper /Conversation)
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General statistics of the study corpus

Type/Token @ Standardize

Corpus Genres Tokens Types ratio (TTR) d TTR

STTR std. dev.

Case Law = 252,311 | 10,990 4.57 34.02 64.71
Study | Document = 253,728 | 4,872 1.95 29.36 69.63
Corpus
(“ga“‘.““e Legislation 250,018 | 6,494 2.70 28.38 70.88
nglish
Law
Corpus) | Academic = 254,255 | 14,430 5.85 38.86 59.76
Total | 1,010,312 21,568 2.21 32.77 66.33
Jmy 3o 00 LH o
3.2 Methodology e

- WordSmith Tools was used to identify all 2- to 5- lexical bundles in four genres.
* Setting min frequency of 5/min text of 1

- Text Dispersion-based Keyword Analysis :

* Words that occur in statistically more texts in a target corpus when compared with a
reference corpus (Egbert and Biber, 2019)

* Setting p-value of 0.1/minimal frequency 3 times

- Keyword-bundles (Q1, 2019)

incorporate ‘meaning’ into the statistics-based approach because keywords serve as an
efficient indicator of the domain-specific n-grams.
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4. Results and Discussion

* Number of 2-5 lexical bundles in maritime legal texts

All lexical bundles in four genres

NO genres clusters-2 | clusters-3 | clusters-4 | clusters-5 total
1 Case law 5,575 2,456 858 397 9,286
2 Document 6,727 6,879 6,155 5,337 25,098
3 Legislation 6,312 4,712 3,154 2,190 16,368
4 Academic 4,992 1,481 353 135 6,961
Total 23,606 15,528 10,520 8,059 57,713
& i30S2

4. Results and Discussion

* Number of keywords in maritime legal texts

Lemmatization is a sensible approach for productive purposes

(Nation & Kobeleva, 2016)

Keywords in 4 genres

Case law

Document

Legislation

Academic

total

Keywords

127

285

224

89

725
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* Top 10 and bottom 5 keywords in four genres

N Case law BIC N Document BIC N Legislation BIC N Academic BIC
1 court 101.05 1 clause 131.68 1 ship 100.19 1 cannot 91.55
2 cannot 9295 2 thereof 119.06 2 paragraph 89.72 2 maritime 85.70
3 cir 8648 3 vessel 116.47 3 annex 88.80 3 eu 42.67
4 pursuant 7155 4 charterer 114.14 4 accordance 8149 4 marine 40.60
5 maritime 64.89 5 indemnify 111.08 5 regulation 75.05 5 imo 35.22
6 vessel 61.10 6 accordance 100.86 6 cargo 73.68 6 shipping 34.07
7 judgment 5937 17 herein 9491 7 authorized 69.25 7 ship 27.77
8 corp 49.63 8 incurred 8547 8 comply 65.87 8 coastal 25.27
9 lloyd 46.01 9 bimco 8233 9 practicable 64.13 9 impact 24.88
10 inc 45.02 10 receipt 80.90 10 provision 60.94 10 stakeholder 24.68
123 navigable 3.45 281 malicious 2.76 220 undertake 335 85 tonnage 2.73
124 underwriter 334 282 transit 2.66 221 nautical 293 86 mepc 2.73
125 affirmative 321 283 levied 2.63 222 denounced 2.66 87 connectivity 2.73
126 causative 321 284 entitle 2.63 223 drill 2.66 88 behavior 2.73
127 paragraph 2.50 285 ballast 2.63 224 longitudinal 2.66 89 emission 2.72

4. Results and Discussion

* Number and proportion of keyword-bundles in maritime legal texts
* The chi-square statistic is 1625.6839. The p-value is < 0.00001. The result is significant at p <.01.

Keyword-bundles in four genres

genres clusters-2 clusters-3 clusters-4 clusters-5 total
Case law 608 (10.91%) 415 (16.90%) 208 (24.24%) 101 (25.44%) 1,332 (14.34%)
Document 1,808 (26.88%)| 2,509 (36.47%) 2,879 (46.77%)| 2,804 (52.54%)| 10,000 (39.84%)
Legislation 1,105 (17.51%), 1,215 (25.79%) 1,099 (34.84%) 869 (39.68%) 4,288 (26.20%)
Academic 352 (7.05%) 132 (8.91%) 61 (17.28%) 22 (16.30%) 567 (8.15%)
total 3,873 (23.93%) 4,271 (26.39%) 4,247 (26.24%) 3,796 (23.44%)| 16,187 (28.05%)
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* Top 5 keyword-bundles in four genres

Case law

4

5

clusters-2

DISTRICT
COURT

SUPREME
COURT

COURT OF
THIS COURT
COURT HELD

Freq.

303

152

clusters-2

THIS CLAUSE 380

SUB CLAUSE 181

CLAUSE SHALL 117

CLAUSE THE 111

WITH CLAUSE 88

Freq.

clusters-3

COURT OF APPEAL

COURT HELD THAT

DISTRICT COURT ERRED
COURT FOUND THAT
COURT DID NOT

clusters-3

THIS CLAUSE SHALL
THIS CLAUSE THE

ACCORDANCE WITH
CLAUSE

UNDER THIS CLAUSE

CLAUSE SHALL BE

Freq.

45

31

23
22
22

Freq.

107

89

86

68

54 THIS CLAUSE THE ARBITRATION 28

DISTRICT COURT ERRED IN

DISTRICT COURT DID NOT

BY THE SUPREME COURT
COURT OF APPEAL IN
DECISION OF THE COURT 11

clusters-4

16

Document

PROVISIONS OF THIS CLAUSE

THIS CLAUSE SHALL BE

PURPOSE OF THIS CLAUSE

ACCORDANCE WITH SUB

clusters-4
71

CLAUSE

Freq.

Freq.

54

34

30

JUDGMENT OF THE SUPREME COURT

DECISION OF THE SUPREME COURT

PROVISIONS OF THIS CLAUSE THE
THIS CLAUSE THE ARBITRATION

CLAUSE THE ARBITRATION SHALL BE

clusters-5

DECISION OF THE COURT OF

COURT OF APPEAL IN THE

COURT OF JUSTICE OF THE

clusters-5

SHALL

THIS CLAUSE SHALL BE FOR

CLAUSE SHALL BE FOR THE

Freq.

12

11

10
9

Freq.

42

28

28

24

24

* Top 5 keyword-bundles in four genres

No clusters-2 Freq. clusters-3
1 SHIP IS 182 THAT THE SHIP
2  SHIPSHALL 9% SHIP SHALL BE
3 SHIP AND 77 SHIP WHICH IS
4 SHIP TO 68 FLAG THE SHIP
5 SHIP OR 68 POSITION OF SHIP
No clusters-2 Freq. clusters-3
MARITIME ZONES
1 CANNOTBE 64 LEGISLATION

2 THEY CANNOT

3 IT CANNOT

MARITIME
ZONES

~

5 MARITIME LIEN

5  FOREIGN MARITIME LIENS

5 MARITIME ZONES AND

MARITIME SPATIAL

” PLANNING

69 MARITIME LIEN IS

Freq.

61
49
34
29
28

Freq.

21

20

14

14

Legislation

clusters-4
WHOSE FLAG THE SHIP
SAFETY OF THE SHIP
LENGTH OF THE SHIP
SIDE OF THE SHIP
FLAG THE SHIP IS

Academic

clusters-4

LAW FOREIGN MARITIME LIENS

FOREIGN LAW FOREIGN
MARITIME

THAT A MARITIME LIEN

RECOGNITION OF FOREIGN
MARITIME
LIABILITY FOR MARITIME
CLAIMS

Freq.

29
29
26
24
23

Freq.

10

10

o

clusters-5

WHOSE FLAG THE SHIP IS
SHIP IS ENTITLED TO FLY

FLAG THE SHIP IS ENTITLED

DATE AND POSITION OF SHIP

STATE WHOSE FLAG THE SHIP

clusters-5

FOREIGN LAW FOREIGN MARITIME

LIENS

RECOGNITION OF FOREIGN MARITIME

LIENS

SPECIAL MARITIME PROCEDURE LAW

OF

Freq.

Freq.

10

9

MARITIME PROCEDURE LAW OF CHINA 7

URBAN AND MARITIME SPATIAL

PLANNING
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4. Results and Discussion @ i

* Breeze’s (2013) four major categories of lexical bundles:
- Content noun phrases and prepositional phrases:

* refer to specific aspects of the contents of the texts
- Non-content noun and prepositional phrases:
* prepositional phrases or prepositional noun phrases of a general nature

- Adjectival phrases
* bundles associated with adjectives

- Verb phrases

* bundles containing a verb phrase or part of one

15

4. Results and Discussion

 Similarities between maritime legal corpus and general legal corpus

Frequency of non-content prepositional phrase bundles

4 words-bundles Case law Document Legislation Academic
AS A MATTER OF 36 0 0 10

ON THE OTHER HAND 12 0 0 31
AS WELL AS THE 11 6 15 40

Frequency of verb bundles in legislation and documents

BUT NOT LIMITED TO
0 94 8 0
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4. Results and Discussion

* Xu’s (2021) two categories of maritime English words: academic /
technical words

- Academic keyword-bundles in maritime English legal genres:

* keyword-bundles contain words that occur frequently across a
wide range of academic texts but infrequently in other genres

- Technical keyword-bundles in maritime English legal genres:

* keyword-bundles contain words that are used and known mainly
in a specific subject area, but not others

4. Results and Discussion Gz

Classification of keyword-bundles in four genres
Case law Document Legislation Academic
Academic keyword-bundles 555 (41.67%) 5,596 (55.96%) 2,345 (54.68%) 397 (70.02%)
Technical keyword-bundles 177 (13.28%) 1,441 (14.42%) 643 (15.00%) 59 (10.41%)
others 600 (45.05%) 2,963 (29.63%) 1,300 (30.32%) 111 (19.57%)

total 1,332 (100%) 10,000 (100%) 4,288 (100%) 567 (100%)
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5. Conclusion

* The proportion of bundles with lengths ranging from 2 to 5 in the total number of
bundles exhibits minimal variation. Specifically, the ratios of 2-clusters and 5-
clusters are the closest, while the remaining two ratios are the most similar.

» Based on examples provided in the general legal corpus, only a few bundles
belonging to the categories of non-content prepositional phrase bundles and verb
bundles, and no bundles from the other two categories were identified in the
maritime legal corpus.

» According to Xu’s classification of academic vs. technical words, document genre
exhibits the highest occurrence of both academic and technical keyword-bundles,
while academic genre has the lowest, as unsurprisingly expected in the order of
genres in the number of bundles and keyword-bundles.

19
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o across * affiliate **
o act * afford
alwroacd Faid *
frai
7. 718 o|§] BEo] A3k o] Fi= B 300070]m, 0|3 o] "ES & olFi=fs00 | = |,
SN AHESH | AAStAL R E 9 o) 4007l E A2 Ae 9 HMEww}] o AR hemoon *

5712 WA fain *

SHSKEO| SIX| () A

=1 el I T

o S0far WE1HE: 0%

6. g% o)A £3] AMgSlL Sl oo 2UEL fldlo] 7hau] ShdEE sode]y Mg
7hedtH ol M2 ofi2 et dett

: alarm, album, alcohol, amateur, ambulance, apartment, arch, bacon, badminton, bag,

8 800 + 200 banana, belt, bench, biscuit, bonus, box, bus, butter, cabinet, cake, calcium, camera,

camp, campaign, campus, card, carol, carpet, catalogue, center, champion, channel,

o 1 OOO chart, cheese, chicken, chocolate, click, coat, coffee, comic, computer, course, court,
I/

crayon, cream, cup, data, diamond, diet, dise, doughnut, drama, dress, drill, drum, echo,
elevator, elite, energy, essay, event, fashion, feminist, fence, festival, fiction, film, fork,
gallery, game, gas, golf, gown, graph, guard, guitar, gum, hamburger, harmony,
highlight, hint, hormone, hotel, image, interior, internet, interview, issue, jacket, jam,
jazz, juice, jump, kangaroo, kiss, kiwi, laser, league, lemon, lobby, magic, manual,
marathon, market, mask, medal, media, melon, member, menu, message, model, motor,
mystery, news, notebook, okay, opera, orange, oven, page, panda, parade, partner,
party, pen, percent, piano, pie, pilot, pipe, pizza, plastic, plug, program, project, quiz,
radio, recreation, rehearsal, ribbon, robot, rocket, rugby, salad, sample, sandwich, sauce,
scarf, scenario, schedule, section, seminar, service, set, shirt, skate, sketch, ski, snack,
soup, spaghetti, sponsor, sport, spray, spy, staff, star, steak, stereo, studio, style, sweater,
tank, taxi, team, technique, technology, television, tennis, tent, terror, ticket, toast,
tonmuto, topic, towel, track, truck, vaccine, veil, video, villa, violin, virus, vision, waiter,
website, wine, vacht (2007])
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KICE Word Lister 2015
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ol-_l()" -| _I_l|--| Ad Al | 010-|_E 1 HsE =
N LY Al WilfA = o =°0| o EO_I_l_l-,E
HOo X O-” = XESET ok SEAH | |"'H |-
I=IE—||_-I T'__—l—o—lJ-|—6—||j—|c:>oOO7
L = -
st 01
(@:] o A S o ZE =
E 3. fude]d 38 25 T4 8 At ¥ FEH €8x ¥ &
ol# 7b5 o3 %
18] 7}
£4 443 nSA3 ©H g 3 -
s HHd RO e 9% A Sk
i 5.879 51 13 230 315 6438 1,067
i (78%) (1%) (0%) (3%) (4%)  (36%) (14%)
— 4,353 g1 29 178 190 1831 773
: (78%)  (1%) (1%) (3%) (3%)  (86%) (14%)
i fii 5,392 72 49 303 &2 5,878 1.211
: (T6%) (1%) (%) (4%) (1%)  (33%) (17%)
- §.356 133 48 138 185 7,360 1,020
f (82%)  (2%) (1%) (2%) (2%)  (88%) (129%)
oy 8,930 176 74 410 375 5,965 1248
(30%)  (2%)  (1%) (4%) (3%)  (89%) (11%)
R 5.213 53 13 213 36 5,578 936
. (80%) (1%) (0%) (3%) (1%)  (86%) (149%)
N ” 7311 96 172 279 281 8,139 1724
19—Zootopia (74%)  (1%)  (2%)  (3%) (3%)  (83%) (17%)
6.775 77 17 463 217 7.549 1,014
(79%) (1%) (0%) (5%) (3%) (88%) (129%)
5,809 g1 52 237 194 6,472 1115
(78%) (1%) (1%) (3%) (3%)  (85%) (15%)
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4 fUeleld A5 4 g Aol 27) A BN HEHeiel T SN 5

e e T8 HE 90% 7]F T8 9% 05% 7lIE T8 A& 98% 7=
1-Lion 43 238 465
2—Goofy 30 168 867
3—Notre 87 313 530
4—Hercules a9 389 652
5—Mulan g9 299 465
6—Monsters 20 155 403
7—Ice 49 202 338
8—Incredibles 144 473 750
G—Madagascar 40 254
10—Car a9 2497
11-Panda 37 181
12—-Tangled 33 201
13-Toy 58 264
14—Brave 69 209
15—Frozen 12 132
16—Inside 12 141
17—-Dory 5 63
18—Moana 29 157
19—Zootopia 140 308
20—Coco 10 120

BT 5l 233
HFEjT A A—l
= L
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E 8. 7 AF9 olf] £FE FE W=

_ﬂ 25 2 o13(%) 39 42 o 3(%)

E a2z a9 or;ﬁﬁ A :i ! %__1'_;?‘__ : 1;5 oy TAGD
1 2.7 4.3 774 16.7 0.8 3.0 22.6 33,883
2 74.7 1.7 824 11.6 0.6 24 17.6 32,143
3 81.6 3.9 87.1 9.2 04 3.2 12.9 18,075
4 76.9 5.8 82.8 11.9 0.8 406 17.2 9,579
J 74.8 8.4 83.2 11.3 0.7 47 16.8 32,314
4] 76.9 9.6 86.5 10.9 0.3 23 135 16,163
7 75.8 8.0 83.8 12.1 0.6 34 16.2 47,035
8 71.9 11.9 83.9 11.2 0.4 4.5 16.1 11,108
9 78.8 6.9 8.7 10.3 0.5 34 14.3 25,864
10 81.8 1.8 83.6 12.3 0.0 3.6 lo.4 16,946
11 81.1 8.6 89.7 8.5 0.1 1.7 10.3 3,716
12 71.5 10.3 81.8 12.3 0.6 2.3 18.2 46,7935
13 18.7 4.0 82.7 12.1 0.6 47 17.3 42 528
14 80.6 a9 86.5 10.5 0.3 2.7 13.5 73,346

9. FFE o5fE

slel Bast 49 4% ol 4 7=

90% 71&8 At 271 B ol 95% 71Eg 1% 27} B ol
" 55w s O mA Aty ih. O A
11 1 1 21 1 22
3 15 1 16 111 6 15 132
6 23 1 24 175 1 11 187
14 26 26 207 4 28 239
8 30 1 4 33 141 3 35 179
g 49 1 3 23 215 11 39 265
4 52 1 6 39 166 10 30 206
10 50 12 62 210 12 30 252
7 33 2 8 63 255 14 36 305
b 70 4 9 83 257 14 66 337
13 78 2 9 89 291 12 30 353
2 83 3 19 105 324 17 59 400
12 183 6 17 206 560 32 137 729
1 191 6 22 219 476 30 91 597
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Whal happens when
the hunter becomes
the hunted? &,

To the Gregg family, hunting is just ";‘, N
plain fun. To the girl who lives next ;
door, it’s just plain horrible, She triesto S
P be polite. She tries to talk them out ;"w"

; of it, but the Greggs
only laugh at her. Then one

" them. When she’s very, very angry, the
little girl’s Magic Finger takes
over. She really can’t control it,
and now it's turned the Greggs into
birds! Before they know it, the
Greggs are living in a nest, and
that's just the beginning of
their problems. . . .

A PUFFIN BOOK ISBN 0-14-130225-
Ages 7-11
0 880

30289>
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|
H
aH ’

CAN.  $6.99
Cover ilustrations copyrignt

Quentn Blake, 1995, 1997

o
Cover design by Molly Leach 51488"00499

R /

ROALD DAHL

ILLUSTRATED BY QUENTIN BLAKE

The .

The farm next to ours is owned by Mr and
Mrs Gregg. The Greggs have two children,
both of them boys. Their names are Philip and
William. Sometimes I go over to their farm to
play with them.

I am a girl and I am eight years old.

Philip is also eight years old.

William is three years older. He is ten.

What?

Oh, all right, then.

He is cleven.

Last week, something very funny happened
to the Gregg family. I am going to tell you
about it as best I can.
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Method Analysis Conclusion Limitation
()
A9 ¥i A

7129 ol 5ANY AFE £719% 971 Ao ANEFS PR o Wl
T A0 B GAE EHo] X2 o201, 0 AL ool AA] ok

99 E3 golo] et oo} AT o] AR, Wt BAR 0F §
ZA /341 (o)) % BAT ol 2 AHg3he o] 13 (Goodrich, 1977)

£7] 59 245
T A9 o] 7ol x| g
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EES N80l ST 84 A4 23] )
=

B3 0101/]- ARAHoZ 2H3511 Y=
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AL (Allami & Agha]arl 2014)

g 23 A& A] FRo|u 7lol el 9l o} - S=3H(plausible) 2F A&
A HE(reference)7t gloB 2 W F9]9] o A7} AlF3H(Hoshino, 2013)

Background Method Analysis Conclusion Limitation

Alo] 7]¥Fel WEhy] Z9]9] A5 @t YA
Zhou, 2020

- Bt ofn] 3919 A5 OF A4 A7 ol Fol

. QYA AR FA FAL AL AR 0] Wetah Apo|A] gk
EAHo] BAIR}

« HIZF JL7|(Liang et al, 2017) = cloze MCQOA ©o] £& = F
T 2 28R4 g3s6t1 71 22 A|(long distractor)E 33 sfioF gt
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Method

Analysis

O
_l'l'}‘\:l‘l -,

(u"ﬂa 2021)

5 ogo] 9gA|9] 5184 OF FARL B4

M:Honey,I've just left work.I'll be home in half an hour.

W: Good. Is it possible for you to stop by the dry cleaner’s shop and
pick up my dress?

M: Sure. Can you tell me where the shop is located?

W:

@ Okay. I'll send the address to your phone. (&)

@ Yes. I'll have your dress cleaned by noon

® Of course. I'll open the shop tomorrow. (54 A|AJA|; Same Referent)
@ No. I'm not moving to a new place.

® Too late. I'm already back at home. (&% W& Opposite)

Conclusion Limitation

9,].,9_;(4 LOR= 00]9‘__1_

Pragmatic Error Triggers
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oo} 4
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1. ZotA gajoldl 8. (e HE + 38 #Y)
2. AA3] Fota. ()

3. 7M8& R gleda. (YA T5+ T2 EA +
4. o] Folx glojMa. (e 27)

91% T MEYAL. (7 2%)

. (52%] 449)
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Method Analysis Conclusion Limitation
Grice’s maxim (1975)

« ¥Z9 ¥2(Cooperative Principle) : tJ3kx7} Zojsta Q= tistke] Z+ &
&y DA A tzte] & oy Wekol| 8 E = ARE 7] o sfioF ShtH(Grice

1975: 45).
© P29 43 T WY 482 UoE YRS FoEH L2 o7t W ot
A 12 G812 ool 9L, L2 558 FAHAIZ 4 9lrk(She, 2022).

A W5 2L 247 38 W, 48] WO S Wty
=] onz 9o A, Babe 801 Hol gha o
nholg} 5= gl wetg TASH § of gl go] it

Introduction Background Analysis Conclusion Limitation

A4 5 ABTIote] ko7 3184 0F Rolas F95

TA2te} 7L 2 o}uq A S8A QR fRla 4 T
7] A3t AR =7} Cohen's

A4 EE Aol ABEY 49
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Introduction Background Analysis Conclusion Limitation

QA7 chat
. e a7 | B ey [ L
= | gy |4 & o
o] Qt =5 — — — -
0301-0/] PET H] ?_]_%O‘]FE‘%/\] = II 89’] 5”11'_ c} 37H 1207H
5 9 g 27 47 2
T iﬂ - 93] : i 7 12070
ol =g 63](/143]) 25 47N 48
73 313} s |ERgodds | %owx
g g5 2% | 69 =3
8 gl & 2 X 37 967
M 35 &3 83] 473}

Introduction Background Method Conclusion Limitation

?_1”-—2'-,10:' O QJ"Q-X:' .Q_ (1)_1_9_ (Pragmatic Error Triggers)
Grice’ maxims Pragmatic Error Triggers
Joq F= Redundancy(RE)
~ g 279 05
l\éi);l;?-ff © EX -)-1 Wrong Focus(WF)
ity
& 520 0% | 253 YYA/IAIAL | Vague Pronoun/Determiner(VP/VD)
M(;L)j;.rl?t;?f y8 Edx o= o2 Y& Different Contents(DC)
=z = .
Maxim of e T o FA B4 Topic-Relevant(TR)
Relevance A v HH Topic-Irrelevant(TI)
Maxim of ] A 5 Order(OR)
A 0F
Manner 2} oF Turn(TU)
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Introduction Background Method Conclusion Limitation
Grice's maxim (1975)

Maxim of Quantity

@) PAlo] 7]ojsl= 2o *:%.Rﬂ =2 ]Ezq(mformatlve)o]oiol: Eli=g
(@]
= 2 Q3 oA

@ o] 7]ofot 52 W a o402 PR Fol A o Hrk,

« Yo FE(Redundancy; RE) : 95} #d/H-&3 ZAY SARE A Q] o /=
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s R Q (Wrong Focus; WF) : A 342 ofy 2t i, of 9] gjlo] & 4= 9]
= 9= 99 &y

o R S3F YA/ TFANVague Pronoun/Determiner; VP/VD) : tiStof| Al 24
[HAE S 5 fle AN TFAF AR

Introduction Background Method Conclusion Limitation

o] 48 3k9] 9

- 9] % (Redundancy)

02 gishE & 31 o]ofd 4= Qe B2 I EHA L. (ZF 27)
gz} 9f zau{? % 9o F 0] ]?
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Introduction Background Method Conclusion Limitation
OFO = +l.O] O &
TEEECEE
- 234 2 F(Wrong Focus)

9O Jgl=E A E 7 Al A&~ O] ulo
anHQJ'E‘E: ] 2T AT 2=

24419, (7 24)
W2k Y W, FA| AT Fo of2rio| 2wt Ago] 927187

ozl ZAe. & REZ =T ALESH $H E0187ta?
A (473] 6%1)

K

1.4l 4 352 2L Qlof . (WF)
2.4 A7F oAl B =2AL.

3. 4. & gopdt 1 F3o1 2. (BH)
4. Y. I M7= ofZHPO| EF| Q.

(Y

Introduction Background Conclusion Limitation
Grice’s maxim (1975)

Maxim of Quality

)
® FEE SN BET AL Wel

« OE W-&(Different Content; DC) : th3}] 4=/ W-&, i 2ol & = U
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Introduction Background Method Conclusion Limitation
Grice’s maxim (1975)

Maxim of Relevance
A A Zofiof gt

« FA| #H(Topic-Relevant; TR) : FA/FH A4 HHH 52 #d

«  FA ¥|TH(Topic-Irrelevant; TI) : THE R L2 tho], L, A& AFE(0] &
of, 7, At Bl wto] 2

oz} : A, 7HA7] H7} &4 et R&E QA HE FAR2

WA < oPAZ? 4L thol AulAT} Al SRS T $ARS WSHe $E0] U Hol4 Aula
£ A%5P17t WEoiA L.

ABZET AL L. (TR + T1)
e she Zof 2t =dA 2. (TR)
cZad ) 4 4 QlojA E9t=d okdvla. ()

A AR 28 0 5 QoA F BelL. (TR)
o]

Introduction Background Method Conclusion Limitation
Grice’s maxim (1975)

Maxim of Manner

@ ofe S wsfof gt
@ 1FE5A Eeof Ttk

@ A= Tofof g,

[¢]

* £4 2F(Order; OR) : 3 T3} o] = o] 5o & = U= &

¢ A 9F(Turn; TU) : B4k} ol 2ke] Lape)] 0.7
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Introduction Background Method Conclusion Limitation

HAH 4E oY 79

- &=A 2 F(Order; OR), AH| % (Turn; TU)

03 H8kE & 1L A7} o]ojA] T PF o B dI2 A NEHA L. (723
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of2}: ol, ey, ARA7} olt] UYUE A ZL........

HAb P A Qo 2 ) Q1S Aok 7HAEA.

oJ2}: obof. W7} ZrobZ EYztk U= AlAl & Hi# F. (60%] 119)

AAAE 72 2t (39
A7) A7+ gelgit. (OR + TU)
AAZ #ol A Wit} (OR + TU)
AAAE Aol Yt

B =

Introduction Background Method Conclusion Limitation
TOPIK II ZHd ol7] £ LE A9 PET Hl=

- Grice ZE°]
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Y9 3E(Redundancy; RE) 4
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253 P AL/FFAKVague
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l ZA v|#(Topic-Irrelevant; TI) 7 e
PR T

&A 25 (Order; OR) 33
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7

RE z WF Dec TR Ti
BI0| 28 W57 2 PET
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A 198 198
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TOPIK 119} 4% %ol o] 5184

- PET 497} 2o £-3

5 wdaa

(Vague Pronoun/Determiner)

=l o]
2% 2% (Wrong Focus)
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(Vague Pronoun)
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Introduction Background Method Conclusion Limitation
A ¥lEo] xjol7} th A9

« SHF 2 F U84 A9 g E i (Redundancy, Different
Contents, Order, Turn A 9])

o 3r=oje W= QAL B (high-context communication) 22 A E 7}
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Introduction Background Method Conclusion Limitation

S TR+DC | TR+OR TR+TU OR+TU DC+OR
T 49 1 2 3 4 5
v T 20 15 7 7 4
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Introduction Background Conclusion Limitation
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Introduction Background Method Analysis
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https://bit.ly/3A1uf1Q
http://bit.ly/2TyoMsr
http://bit.ly/2TtBDfr

Corpus Linguistics and Digital Humanities
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1. Definitions and research fields of corpus linguistics and digital humanities

1.1. Corpus Linguistics (CL)

e A corpus is a collection of pieces of language text in electronic form, selected
according to external criteria to represent, as far as possible, a language or
language variety as a source of data for linguistic research (Sinclair, 2004).

e CL serves to answer two fundamental research questions:
(1) What particular patterns are associated with lexical and grammatical features?
(2) How do these patterns differ within varieties and registers?

e Corpus-based research in linguistics (Meyer, 2004)
- Grammatical studies of specific linguistic constructions
- Reference grammars
- Lexicography
- Language variation
- Historical linguistics
- Contrastive analysis and translation theory
- Natural language processing
- Language acquisition
- Language pedagogy

1.2. Digital Humanities (DH)

What is digital humanities?
= Application of techniques from computer science to matters from humanities

Computer Science

Digital Humanities

Humanities

Digital humanities combines the methodologies from traditional humanities disciplines
(such as history, philosophy, linguistics, literature, art, archaeology, music, pedagogy,
and cultural studies) and social sciences, with tools provided by computing (such
as Hypertext, Hypermedia, data visualisation, information retrieval, data
mining, statistics, text mining, digital mapping, topic modeling, etc.), and digital
publishing.
= The interaction of computing or digital technologies and the disciplines of the humanities.
https://en.wikipedia.org/wiki/Digital humanities
X Computational Linguistics and Literature
Key words: Corpus analysis of literature, story analysis, computational analysis of
poetry, machine translation of literature, sentiment analysis in poetry,
ancient text decipherment and reconstruction
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% Defintion and research fields of DH answered by ChatGPT 4.0

Definition: Digital humanities is an interdisciplinary field of study that combines computational methods
with the disciplines of the humanities. This includes but is not limited to history, literature, philosophy,
art history, musicology, cultural studies, linguistics, and other fields within the humanities. In digital
humanities, computational tools and methods (such as data visualization, data mining, machine learning,
text analysis, and digital mapping) are used to generate new insights into humanistic questions, to
create digital archives and resources, to critically assess the impact of digital technologies on culture

and society, and to explore new forms of teaching and scholarly communication in the digital age.

Research fields

® Text Analysis involves using computational techniques to analyze and visualize patterns in texts.
Methods include text mining, topic modelling, sentiment analysis, and stylometry.

® Digital Pedagogy involves the use of digital tools in teaching and learning, as well as the
development of new pedagogical approaches suitable for the digital age.

e Critical Code and Software Studies involves the study of software and code as cultural artifacts,
which includes understanding the cultural, social, and political implications of software and
algorithms.

® Other research fields: Digital Archives and Libraries / Digital Scholarly Editing and Publishing /
Digital Mapping and Spatial Humanities / Cultural Analytics / Public Humanities and Citizen
Science / Virtual and Augmented Reality / Internet and Media Studies.

1.3 A brief timeline of the evolution of CL and DH

Here's a brief timeline that highlights some key developments in the evolution of both corpus linguistics
and digital humanities:

Corpus Linguistics Period Digital Humanities Al
The corppletlon o.f the - Artificial Neural Network Model by
Electronic Numerical 1940s Roberto Busa's Index Warren McCulloch &Walter Pitts
Integrator and Computer Thomisticus (1946~1980)? 4

(ENIAC, 1946)" (1943)

- Alan Turing (Turing test: “Machine

- The birth of machine can think”)”
translation in mid-1950s due - Early computational - Al term coined by John McCarthy
to the Cold War linguistics work (machine (1956)
, . . . - Perceptron by Frank Rosenblatt
- Noam Chomsky's syntactic translation projects from ; L
1950s (1957) algorithm as an origin of
structures (1957) 50s to 60s) .
) deep neural network (deep learning)
- Fimst concordanc'e programs o N - MIT Computer Science and
(1958) -->.Busas work Zipf's Law Artificial Intelligence Laboratory
working with IBM (CSAIL) (M. L. Minsky, 1959), not

officially
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First-generation corpus:
Brown Corpus (1961)

The Association for

- Stanford Artificial Intelligence

John Sinclair's pioneer work | 1960s Computational Laboratory (SAIL) founded by
from 1965 at the Uni.of Linguistics (ACL, 1964) John McCarthy (1963)
Birmingham to 2000
Exp anspn of Humanities | Logic Machine (or Logic Theorist)
Lancaster-Oslo/Bergen Computing
based Al research (1972)
(LOB) 1970s Development of Text
L -L fi E i
ondon unq Corpus (first ncoding Standards ~ First Al Winter (Mid 70s ~ carly
Spoken English) Databases and Hypertext . .
. 80s) (The Lighthill Report --> a
(--> World Wide Web) . . .
Advent of personal critical review of Al research in the
v P UK, 1973)
Second-generation corpus: computers
Birmingham Collection o.f Digital Scholarship.in the
g e 1980s Humanities (1986) SSCI, | - AI’s Boom times (1980s)
English Text (18million
rds) A&HCI, Scopus
WORS * Text Encoding Initiative .
5) - Second AI Winter (1988, late 80s
(TEL 1989) y 90s)
Third-generation corpus: cary =8
BNC (1991 .
€ (1991) . WWW and the Explosion
COBUILD English language ..
.. of Digital Content ) )
dictionary (1993) .. — - The mid to late 1990s : a period
. . Early Digital Libraries . .
Translation studies (1993) . of rejuvenation for Al
. and Archives
WordSmith Tools (1996) . .. - Emergence of the Internet (1995)
. A shift from Humanities
International Journal of . . - Development of Support Vector
L 1990s Computing to Digital )
Corpus Linguistics (1996) H .. Machines (SVMs, 1997)
Scopus umanities - Rise of Machine Learning &
. TACT (Textual Analysis
Wmatrix (USAS and ( Y Emergence of Al in E-commerce
Computing Tools) ) o
CLAWS, 1996) . with the launch of companies like
. developed by the Univ. of e
Biber et al. (1999) Longman T Amazon and Netflix in late 1990s
oronto
grammar and spoken and
written English
- The fist autonomous robotic car by
AntConc (2002) Carnegie Mellon Univ. (2001)
Sketch Engine (2004) Alliance of Digital - Facebook founded (2004)
21st-Century corpus: Humanities Organizations | - Deep Learning (Geoffrey Hinton,
WebCorp project 2000s (ADHO, 2004) 2006)
(e.g. Corpus of Digital Humanities - Google’s self-driving car project
Contemporary American Quarterly (2007), ESCI (2009)
English (COCA, 2006) - Word2Vec and Word Embedding
Models (2009)
Expansion of Web as a Department of Digital
Corpus (NOW, GloWbE) & Humanities, King’s
Large Scale Linguistic College London (2011) . .
Deep Li - Al :
Corpora (COCA crossed the | 2010s | BA/MA/PhD ecp Learning-based Al Companies

one-billion word mark in the
mid-2010s)
NLP and Machine Learning

Distant Reading by Prof.
Franco Moretti at Stanford
Univ. (2011)

(Google, Facebook 2013, Baidu 2014)
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- Response to COVID-19

- Growth in AI and ChatGPT 3.5 (2022.11.30.)
- COVID-19 corpora (e.g., . .
Coronavius, COVID-19 20205 Machlne. Learning ChatGPT 4.0 (2023.03.14.) by
Applications OpenAl

English Twitter Dataset) - Increased Collaboration | Bard (2023.05.10.) by Google

Across Disciplines

1) The completion of the Electronic Numerical Integrator and Computer (ENIAC), one of the earliest electronic
general-purpose computers, laid the groundwork for the computational analysis of text that would become
central to corpus linguistics.

2) The Index Thomisticus was a digital humanities project begun in the 1940s (with IBM in 1949) that created
a concordance to 179 texts centering around Thomas Aquinas. Led by Roberto Busa, the project indexed
10,631,980 words over the course of 34 years, initially onto punched cards. It is considered a pioneering
project in the field of digital humanities.

3) George Kingsley Zipf publishes his seminal work The Psycho-Biology of Language, which introduces the
concept of the Zipf distribution, a mathematical law that describes the frequency of words in a language.

4) Turing, Alan (1950) "Computing Machinery and Intelligence." In this paper, Turing proposed the Turing
test, a test of a machine's ability to exhibit intelligent behavior equivalent to, or indistinguishable from, that
of a human. The Turing test is still used today as a benchmark for artificial intelligence.

5) Founded to develop guidelines for encoding machine-readable texts in the humanities, the Text Encoding
Initiative (TEI) has since incorporated many concepts from corpus linguistics to standardize the digital
representation of texts for online research and teaching.

2. Intersection between CL and DH and significant roles that
CL has played in DH

2.1 Previous studies

(1) Jensen, K. E. (2014). Linguistics in the digital humanities: (computational) corpus
linguistics. MedieKultur: Journal of Media and Communication Research 30(57),
115.-132.

This article provides an overview of the main principles of corpus linguistics and the role of
computer technology in relation to data and method and also offers a bird's-eye view of the
history of corpus linguistics with a focus on its intimate relationship with digital technology
and how digital technology has impacted the very core of corpus linguistics and shaped the
identity of the corpus linguist.

(2) Zottola, A. (2020). Corpus linguistics and digital humanities Intersecting Paths: A
Case Study from Twitter. América Critica 4(2), 131-141.

- The purpose: the critical discussion about the role of CL within the field of DH.

- A case study as an example of how the two approaches can come together within the
framework of American Studies.

- Data and methodology:
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e Scraping Twitter in 6 months from October 2018 to March 2019 and compiling a corpus
of 438,723 tokens.

e Watrix for generating key semantic domains against BNC written sampler as a reference
corpus using loglikelihood.

- Conclusion: approval of the crossing paths between DH and CL as a necessity in
the future of DH.

(3) Brooks, G. and T. McEnery (2020). Corpus linguistics. In The Routledge Handbook
of English Language and Digital Humanities. edited by S. Adolphs and D. Knight.
378-404. Oxon, New York: Routledge.

CL and DH appear to be a good match: both are inextricably tied to digital technology, both
use digital or digitalised data and both use computational tools for analysis.

2.2 ChatGPT and BARD

Q: What are key intersections and key roles that corpus linguistics has played in digital
humanities?

A: ChatGPT" vs. Bard’s” answers
Corpus linguistics and digital humanities have a long and intertwined history, with numerous
key intersections and roles. Here are some of the significant areas where corpus linguistics has
impacted the digital humanities:

ChatGPT 4.0 Bard
Intersection between CL and DH is the use of
Text Analysis and Visualization® corpora to study historical language change and

literary texts.

CL and DH are used to study the use of other
Natural Language Processing (NLP)” types of humanities texts, such as historical
documents, legal texts, and religious texts.

CL provides a set of methods for analyzing large

Language Learning and Teachings) amounts of text data

Digital Editions and Scholarly Publishing | CL is used to develop new tools for digital
humanities research. These tools can be used to
Digital Archiving and Preservation analyze text data, create visualizations, and
generate new insights into the structure, meaning,
Cultural Analytics & Digital Lexicography | and history of humanities texts.

1) In all these ways and more, corpus linguistics plays a vital role in the digital humanities
supporting the analysis, preservation, and communication of human culture in the digital age.

2) Corpus linguistics and digital humanities are two fields that are increasingly intersecting.
Corpus linguistics is the study of large collections of text, called corpora, and the use of these
corpora to investigate linguistic questions. Digital humanities is a broad field that uses digital
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3)

4

5)

tools and methods to study humanities texts and artifacts
Corpus linguistics offers a suite of methods and techniques for analyzing large bodies of text.
Techniques such as frequency analysis, collocation analysis, and concordancing have been applied
to digital humanities projects to explore the thematic structure of large text collections, such as
digitized books, newspapers, or social media posts. This kind of analysis also makes it possible
to create visualizations that can help in understanding patterns, trends, and changes over time.

Corpus linguistics provides the foundation for NLP technologies. NLP technologies such as
sentiment analysis, topic modeling, named entity recognition, and machine translation are used
widely in the digital humanities to analyze text at scale
Corpus linguistics tools and methods are increasingly integrated into digital humanities projects
that focus on language learning and teaching. This includes the creation of learner corpora,
which are collections of learner language that can be analyzed to better understand the learning

process and develop more effective teaching materials and strategies.

3. Trends in interest over time about the comparison of CL and DH

(Google Trends from 2004 to 21 May, 2023)
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@ language network anaiysis @ digital humanities

@ topic modeling analysis @ digital humanities

A

=]

4. Visual representations in Linguistic theories

4.1 Sound representations (Spectrogram) and phonological features

6000 — Feature Geometry
5500 |~ (prosodic)
5000 |- Skeleton: C',V
i [ Root Tier: [consgnantal]
o i [sonorant]
3500 |- Root-linked
3000 p— Tiers:  [cont]
2500 |- [1at
2000 |~ [nas]
1500 (= Laryngeal LAR
1000 |- Tier:
500 |- [voi] [sG] [cG]
wl " i | il il " e
R T A I I R L1 Place Tier: PLACE
msec 100 200 300 400 500 600 700 800 900 1000 1100 1200 1300 1400 1500 1600 1700 1800 /m
. ) N [labial] [c/or{lill] '[/Oll%l] [plhar]
He left here three days ago” (British Accent). [round] [ant] [dist] [hi] [low] [bk] [sTR]
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4.2 Internal structures of words

unlockable (i) "not able to be locked" (ii) "able to be unlocked"

Adjective Adjective
/\ /\

un Adjective Verb able

/\
Verb able un Verb

lock lock

4.3 Syntax trees (phrase structure tree)

Phrase Structure Rules

NP VP
S - NPVP
NP — (D) (AP) N (PP) NP PP
PP - PNP
VP V(NP)(PP) NP
AP > (ADV)A Fa
N D N VvV D NP D N

(ADV) ADV

My brother invited the girl to  his party

4.4 Semantic networks and semantic feature map

Noun SFA Verb SFA
Vertebra Cat —ﬁ Fur Group Subject
Isa 0...7
Related
: Action Objects or
Does wi Why...? i
at 1
. isan N :
Animal Mammal Bear
is s used for Looks like ... at...?
is an as .
Whale Location Location
1s found Where .7
lives in lives in
Fish —————= water The feature analysis charts for nouns and verbs. SFA = semantic feature analysis. Left: Boyle (2004) and Coelho
etal. (2000). Right: Wambaugh & Ferguson (2007) and Wambaugh et al. (2014).

4.5 Discourse graphification and signs in discourse (structural visualization of discourse)

Main Topic
0 Classlfications
‘‘‘‘‘‘ ’
o na\ugy Souiety Health Paitics
s Health Health
Tedl hnu\ogy s ECofomy  Socia Events Governmert
., Innovation El;\nass Thefapy
! / / Nodal point
Innovation. Business
4  Economics Economics Carpstion
ProdiEon Healthcare
5 Economics '/Markum\'@\ industry \’é& Pharch
i Competition Pharmaceuticals Pharmaceuticals
6 \7“%’“&) Indus1ry\ / palicy
Costs Drug National agencies
7 pricing for drug ragulation

Food and Dru
Adminstration (FDA)
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5. Case studies

5.1 Textual Analysis / Al machine translation

Liu, C.,, H. Park, and S. Jhang (2023) A Corpus-based Multi-lingual Comparison of
Al-based Machine Translation: English, Korean, and Chinese. The on-going
research paper that was presented at this conference today.

The aim of the present study is to investigate whether and to what extent the corpus
linguistic technique, type-token ratio (TTR), is able to identify the quality of translation
productions generated by different Al-based machine translation systems. Specifically, this
study will compare the discrepancy of Korean and Chinese translation outputs of one of
James Joyce's short stories - ‘Eveline,” generated by Google Translate (2006), DeepL (2017),
and GPT-3.5 (2022), with reference to the corresponding original version written in English
by visualizing their TTR.

Two Research Questions:

1. Whether or not the translated Chinese and Korean TTR curves correlate with the
three discourse boundaries claimed by literary critics?

Pilot study about the span

0.8
— original_EN —— original_EN
0.7 0.344
0.6 1
0.343
0.5
0.342
0.4
0.3 4 0.341
021 0.340
0.1 4 y : ; : : : ; g
0 250 500 750 1000 1250 1500 1750 9(;0 965 Qio 9‘15 92‘(]
Original English £veline, span=35 Original English Fveline, span=1800

= The TTR calculated with a chosen span (English span 151 for 1,820 running words,
Chinese span 131 for 1,807 running words, Korean span 231 for 2,794 running words)
seems plausible to detect the significant boundaries in Chinese and Korean translations.
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* Stubbs (2001) applied the method proposed by Youmans(1991) to examine the correspondence of the

text boundaries in the TTR chart with the literacy critics made by literature experts.

Literary critical interpretation vs. TTR

Firstpart ~ Second part  Third part

(Eveline by James Joyce)

| o First Part Second Part Third Part
Eveline thinks about Bn_ef intertude i, Third part ends in
Hart : which she reasserts .
the past and possible s her psychological
(1969) her decision to 5
future : failure
choose life
® Up-slope: High TTR means that a group of new vocabulary is
introduced to make a new turn in the story.
Stubbs | ® “These three parts correspond astonishingly closely to the
2
01— -———— (2001) troughs and peaks identified by the program™
® “The literary critic’s impressions are quite correct, but they can
oA now be given an objective textual basis.”

Eveline. span 151

The span is an intuitive decision with the aim to obtain interesting results which can reveal significant

boundaries within text. If the span is too short, no detail and no clear patterns emerge. If it is too long, it
will be too smooth (Stubbs, 2023 personal communication).

— EN_Original

\ — EN_Original \ il
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Do their TTR graphs show any discrepancies in the three Al-based machine
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Korean Google DeepL GPT Playground  Korean Ranking:

BLEU 02167(3") 0.2402 (1%) 02213 2v) Deepl. > Google > GPT
Li )
METEOR 03395 (2) 03549 (1%) 03176 (3") Chinese Ranking:
ROUGE 04347 (2) 04438 (1%) 0.3965 (3") GPT > Google > DeepL
Ranking 2nd 1st 3rd
Evaluation of different metrics, Korean outputs It seems that differeit MT models
Chinese Google DeepL GPT Playground  reveal different quality in terms
BLEU 01873 (19) 0179037 0.1795 (2%) of Chinese and Korean.
i) f =5’
MEER e {2\1} 03444 (> ‘) 0'3606(1_‘) It seems that the Al-based MTSs
ROUGE 04571(2%) 04767 (3") 0.5156(1%) are sensitive to particular
Ranking 2nd 3rd 1st languages.

Evaluation of different metrics. Chinese outputs
5.2 Collocation analysis and Keyword analysis

[J Digital Humanities: Corpus and Literary Study
- Corpus of literary works
e.g. Corpus of Shakespeare’s draman
O Stylistic studies”
- Compare the works of different writers”
- Compare the literary works of different genres, for different readership

e fusmes i Ve

2010 2014 2014

5.2.1 Collocation analysis

COLLOCATION is the relation between a word and individual word-forms which
co-occur frequently with it (Lindquist, 2009: 57).

e COLLIGATION is the relation between a word and
grammatical categories which co-occur frequently with it.

e SEMANTIC PREFERENCE is the relation between a word
and semantically related words in a lexical field.

o SEMANTIC PROSODY is the discourse function of the word:
it describes the speaker’s communicative purpose.

- Panic hasn’t set in yet.
- ... economic depression, lawlessness and authoritarianism setin ...

- ... the postwar years when the cold war setin, ...
- ... the psychological toll of unemployment has set in. (Lindquist, 2009: 58, from
concordance lines for set in in COCA for the 2000s)
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5.2.2 Keyword analysis

Key literature that discusses features of Shakespeare's plays or key characters using keyword
analysis: Busse (2002), Culpeper (2002), Scott and Tribble (2006), Murphy (2007), Archer,
Culpeper and Rayson (2009), Verhaar (2016), Jhang, Se-Eun, Siqi Liu, and Jae-Hoon Kim
(2018), etc.

For example, Culpeper (2002) identifies concepts specifically relevant to six male and
female characters in Romeo and Juliet, exploring keywords, key part-of-speech
categories, key semantic categories and their role in text analysis.

Table 3.6 Top ten positive keywords for six characters in Romeo and Fulier:
frequency of occurrence given in brackets

Friar

Romeo Fulier Capulet Nurse Mercutio  Laurence
beauty (10) 1f(31) go (24) day (22) a (85) thy (51)
blessed (5) or(25) wife (10) he’s (9) hare (5) from (23)
love (46) sweet (16) thank (5) you (55) very (11) thyself (5)
eves (14) be (59) ha (5) quoth (5) of (57) Mantua (6)
more (26) news(9)  you (49) woeful (6)  he (20)  part (7)
mine (14)  my (92) t(5) God (12) the (85)  heaven (10)
rich (7) night (27) Thursday (7) warrant (7) o’er (5) forth (5)
dear (13) I(138) her (29) Madam (10) her (30)
yonder (5) would (20) child (7) Lord (11) alone (6)
farewell yet (18) welcome (5) Lady (16) time (10)

(11)

Source: Based on Culpeper (2002: 19)

* Romeo’ keywords match our picture of him as the lover of the play: beauty, blessed,
love and dear belong in this sphere, as does the mention of body parts such as eyes
and (further down the list, not reproduced here) lips and hand.

o Juliet’ top keyword is if, and together with yer it suggests that Juliet is in a state of
anxiety for much of the play.

e Capulet’ top keyword is go, usually imperative and used in commands to members of
his household, which is typical of his social role.

e The nurse is emotional (woeful, God) and either addresses or talks about people of
higher status (Madam, Lord, Lady). She also likes to gossip about what other people
have said (quoth).

* Mercutio’ keywords indicate that he has a less interactive and more written-like style,
with more noun phrases than the others (a, of, the).

e The fact that Friar Laurence has thy and thyself among the three top keywords leads

Culpeper to a special investigation of the characters’ use of personal pronouns, but we
will not go into that here.
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5.3 Language network analysis

O Scott and Tribble (2006: 75-76) shows four types of link between keywords nodes and a

keyword linkage network adapted from Jones (1971: 56).

Stings

o—o0—0—=0

Syars

Cliques

\\@ _____ S
e A —0

O See Jhang, S.E and S. Lee (2013) for literature review for language network and its

visualization

O Network visualization as a digital humanities method for Shakespeare’s plays
(1) Stiller, James, Daniel Nettle, & Robin I. M. Dunbar (2003) "The Small World of Shakespeare's

Plays", Human Nature, Vol. 14, No. 4, 397-408.

The mathematical analysis of networks as a basis for exploring the dramatic world of

ten plays by William Shakespeare.

The networks of interactions created by human beings to have “small world properties”
because some networks have been shown to follow a scale-free distribution where the
number of links per person follows a power law, with many individuals with a few
links and a few individuals with many. (“the rich(small number)-get-richer and the

poor(big number)-get-poorer)”

Hamlet

Cumulative no.
characters

VA
10 20 30 40
Number of links

King Lear

Cumulative no.
characters

g 0 20 3
Number of links

Cumulative distribution of links per character (dots)
model based on the mean number of links (line).

as compared to a Poisson random

(2) Stiller, J. and Hudson, M. (2005) Weak links and scene cliques within the small world of
Shakespeare. Journal of Cultural and Evolutionary Psychology, 3(1), 57-73.

Network analysis of 10 of Shakespeare's plays, comparing the structural features of the plays,
the number of connections between each character, and the number of network connections a

human observer would find.

(3) Moretti, Franco (2011) Network Theory, Plot Analysis, Pamphlet 2, Stanford Literary Lab.
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* Character-network as the so-called “small-world” property or “six degrees of separation”

e The network structure calculations were obtained by treating each speaking character as
a vertex, and deeming two characters to be linked if there was at least one time slice
of the play in which both were present (that is, if two characters spoke to each other
or were in each other's presence, then they have a link).

(4) Moretti, Franco (2013) Distant Reading. London: Verso

What Is Distant Reading?

DISTANT [ N/
READING ~

® How does a literary historian end up thinking in
Franco Moretti terms of z-scores, principal component analysis,
and clustering coefficient?

(5) Wilhelm, Thomas, Manuel Burghardt, and Christian Wolff (2013) 'Visualising Hamlet'. 'To See or
Not to See' - An Interactive Tool for the Visualization and Analysis of Shakespeare Plays. In
ranken Wendelstorf, R., Lindinger, E. & Sieck J. (eds): Kultur und Informatik - Visual Worlds
& Interactive Spaces, Berlin (pp. 75-185). Gliickstadt: Verlag Werner Hiilsbusch.

http://www.thomaswilhelm.cu/shakespeare/output/hamlet.html
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(6) Nalisnick, Eric T. (2013) "Automatic Methods for Tracking Sentiment Dynamics in Plays", Theses
and Dissertations, Paper 1569. (Master of Science in Computer Science and Engineering at
Lehigh Univ.)

* A method for tracking the sentiment of the interpersonal relationships of literary
characters to estimate the direction of sentiment flow, using AFINN.

e Sentiment can be tracked over the course of a work’s plot to pinpoint influential
moments as well as look for possibly hidden insights.

(7) Nalisnick, Eric T. & Henry S. Baird (2013a) "Extracting Sentiment Networks from Shakespeare's

Plays", 12th International Conference on Document Analysis and Recognition, Washington, DC,
758-762.
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Average Word Valence: Tragedies vs. Comedies

E R BT B e

LRl

[ + Tragrdas

Hamlet vs. Gertrude

fl ) '
800 1000 1,500 2000 2500 3000
Lina Kumbar

Act 3, Scene 4

(8) Nalisnick, Eric T.& Henry S. Baird (2013b)

“Character-to-Character Sentiment Analysis in

Shakespeare’s Plays, Proceedings of the S5Ist Annual Meeting of the Association for
Computational Linguistics, Sofia, Bulgaria, 479-483.
An automatic method for analyzing sentiment dynamics between characters in
Shakespeare’s plays, using AFINN
Claydius o — ovls
Hamlet
e The Tragedy of
Macheth
cetrude S
Laertes @ / - ';"' Do
[ o o r
Horatio . / ls AL-"“'L"“..P- -
Figure 5.7: The above network shows Structural Balance Theory’s prediction of how the o o A [ »-
characters in Hamler will split allegiances when undergoing trauma. Green lines mark i o vl
positive sentiment between characters, red lines mark negative sentiment. The network The Taming ofthe
was obtained by repeatedly squaring the sentiment network’s adjacency matrix until the @ \Slm-\\- ”".‘"’(“ ‘"M
polarity (sign) of edges stabilized. @]

(9) Grandjean, M. (2015) Network visualization: mapping Shakespeare's tragedies [Online] (Updated 23

Dec 2015) Available at:

http://www.martingrandjean.ch/network-visualization-shakespeare [Accessed 10 April 2018]

He measured the

density of the network

structure between all characters in

Shakespeare's 11 tragedies, expressed as a %, to see how close they are to each other.
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(9) Rieck, Bastian & Heike Leitte (2016) "Shall 1 compare thee to a network?' Visualizing the

Topological Structure of Shakespeare's Plays", Digital Humanities at IEEE Vis 2016, Baltimore,
MD, USA.

Every social network describes co-occurrence relations between individual characters of

a play; its weights may be used to indicate the importance of a connection between
two characters, for instance.

¢ C omedy

. ® . eTragedy

2 X * e History
o* Pericles - e ®

®— Troilus & Cressida

L] Othello e

(10) Lee, S. (2016) Network Analysis of Maritime English Corpus with Multi-word Compounds:

Keyword Networks and Collocation Network. Unpublished PhD dissertation, Korea Maritime and
Ocean University.

°
HEDICAL_FIRST_AID_GuIoE

o °
© :oxious ugbno_swesances PP RGONTE
RN g | :

He studied language networks using corpus
linguistic data, adopting language network
analysis and comparing keyword networks
with collocation networks to identify specific
or general purpose terms.

0
PROVISIONS, ceciahTion

°
o RequRgnEnTs
PROVIDED.

(11) Lu, W. (2017) A Corpus-based Language Network Analysis of Near-synonyms in a Special
Corpus. Unpublished PhD dissertation, Korea Maritime and Ocean University.

She examined 114 collocates of five groups of near-synonyms, i.e., shipvs. vessel, maritimevs.
marine, oceanvs. sea, safetyvs. security, and harborvs. portdrawing data through WordSmith 6.0,
tagging semantic domains in Wmatrix3.0 and conducting network analyses using NetMiner4.0,
expecting to find a new and easy way to distinguish near-synonyms.

Table 5.3
Total number of collocates, sub-semantic domains, main semantic domains shared
by each pair of near-synonym

. Cosine Sub-semantic Main semantic
Near-synonyms o Collocates . ;
g e similarity domains domains

vessel vs. ship 0.4485 140 87 19
maritime vs. marine | 0.2820 40 44 15
sea vs. ocean 0.2200 19 18 10
safety vs. security 0.1520 15 22 14
harbor vs. port 0.0736 6 16 8
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Figure $ da Sub-semantic domain petwerk of safiry and securin

Fagre 3. 4b. Main Sensntic domain network of s and e

(12) Lee, James and Jason Lee (2017) Shakespeare's Tragic Social Network; or Why All
the World's a Stage, Digital Humanities Quarterly. Vol. 11 Issue 2, 201-232.

We propose that network visualization is a digital humanities method that can “explore”

and “negotiate” the space between text and performance in the study of Shakespeare. The
networks developed in this project use the language of Shakespearean plays to trace the
relationships between characters in space, in effect, translating the literary text into a web

of spatial relations, which are difficult to perceive solely in the act of reading. [...] This
study represents the beginning of a digital method that aims to bridge text and
performance in the study of Shakespeare by reading the dramatic text for the linguistic
codes that organize the space of the stage

THE PERSONS OF THE PLAY
@10ST of Hamlet, the late King of Denmark
KING CLAUDIUS, Bis brother
QUIEN GERTRUDE of Denmark, widow of King Humlet, now
wifee of Claudius

Prince 11AMLET, son of King Hamlet and Queen Gertrude

POLONIUS, a lord

LAERTES, son of Polonius
OPHELIA, daughier of Polodius
REYNALD, servant of Polonius

nomATIo
ROUENCRANTZ

l E—
e

B—
vaman | st
o |
i

oy

conrtiers
e

caTLEMEN

ASAILOR
Two LUy, 1 gravedigger and his companion
APRIEST

FORTINGRAS, Prince of Nonway

ACAPIAIN in his amy

ANTASSADORS from England

Lords, messcrngers, atterdants, g
Lacrtes, sailony

ACT 1, SC 2. A room of state in the castle.

CORNELIUS
QUEEN EERTRUDE

LAERTES

Al

"RgLLus

LORD POLONIUS

Cast of Characters from the Oxford Shakespeare

Hamlet, Act 1, Scene 2.

To describe the density of the metwork in quantitative terms, Act 5.2 has 34 total network
connections between characters, or 23.6% of total network links in the play as a whole, as
opposed to the symmetrically organized scene of Act 1, Scene 2 above, which displays 9
network connections or 13% of the play’s total network links.
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ACT 5, SC 2. A hall in the castle.
PRINCE FORTINBRAS 40
rst Ambassador
L.
"
5 30
B
2
S 20
Al 2
£
S 10 =
a
Average per Scene  Act 1.2 Act 5.2
Hamlet, Act 5, Scene 2 Network Density in Hamlet

Act 5.2°s 34 connections creates a network that is approximately 450% more dense than the
play’s average of 7.57 connections per scene.

(13) Proposal for the 2016 Selected General Joint Research Project (Project No.
2016S1A5A2A03927611, 2016.11.01 ~ 2018.10.31, 2 years), "Keyword Network and
Sentiment Analysis among Characters Using Dialogue Corpus of Shakespeare's Tragedies."
National Research Foundation of Korea.

[J Configuration of a dialogue network (using NetMiner4.0)

e Setting up one-mode between people, One Mode Network

e Tagging dialogue scenes

e A directed network from speaker to listener, with weights being the frequency of the

conversation

[J Visualisation of the four tragedies based on the level of connection in the conversation

Bimodal network between works of "Romeo and Juliet", "Othello", "King Lear" and main topic keywords

With "Romeo and Juliet", "Othello" and
"King Lear" as the target corpus and 4
million words of BNC Baby as the
reference corpus with statistical

Gittel significance set at 0.05, keywords are

Romeoa.dJ t extracted to identify important keywords
related to the three tragedies: love, death,
= dead, mad, madness, jealousy, jealous,
jeazus jeaousy | and network analysis between the three
u e works.

dead death

[J A character linkage network linked with whole keywords between six important characters in
Romeo and Juliet
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é Calla

Cosine Similarity

A unimodal network that uses similarities between "Romeo and Juliet" characters and keywords
to show how each character is distinct from the other.

O 0 In the inter-character network, the strongest
' m\o connection is between Nurse and Mercutio, and
the connections between Romeo and Juliet show
N the same connection strength as between Juliet and
Friar, Juliet and Capulet, Friar and Mercutio,
£ _ Friar and Capulet, Friar and Nurse, and Capulet
et 01 [ / il i wno | and Nurse. In addition, Nurse is considered to be
the most characterised character as she shares
e &5 more main keywords than Juliet and other
o characters, as shown by the size of the values of
keyword similarity: Nurse (0.9) > Juliet (0.8),
Friar (0.8), Mercutio (0.8) > Capulet (0.7) >
Merauto Romeo (0.6).

5.4 Sentiment analysis

5.4.1 Sentiment analysis of Shakespeare’s tragedies

(1) Jhang, S.E, Kyung-Eun Lee, Homin Park, Won-Moon Song, Hae-Ryong Jung, Soo-Sang Lee, and
Jae-Hoon Kim (2019), Sentiment Analysis of Shakespeare's Tragedy Plays and Their Major Male and
Female Characters through Dialogue Corpora. Journal of Language Sciences 26(1), 115-147

AFINN

A sentiment dictionary with sentiment words manually labelled by Finn Arup Nielsen from
2009 to 2011, with each sentiment word assigned a value as an integer from -5 to 5.
Latest version, AFINN-111, 2,477 words

VADER

English sentiment analysis system adds linguistic rules to improve accuracy of dictionary-based
sentiment analysis

Create a sentiment dictionary using a 10-person collective intelligence-based method to verify
accuracy and generality.

The VADER (Gilbert and Hutto, 2014) sentiment dictionary contains 7,517 emotions, 3,345
positive emotions and 4,172 negative emotions, with each emotion assigned a mean of 0 as
neutral and a real number between -4.0 and 4.0.

Comparison of tragedy and comedy by AFINN vs. tragedy and comedy of love by BADER
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e tragedy and comedy by AFINN
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Figure 2.2: For each play, the valence value of each word was summed over time and
was then normalized by breaking each play into percentiles. Tragedies tend toward the
horizontal while comedies have a consistently positive slope.
* tragedy and comedy of love by BADER
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5.4.2 AFINN vs VADER sentiment analysis results by character in major tragedies

AFINN

VADER

<29 1659 edzst 20 ohfl djxd i} 7he] FHHEY nlm

AFINN

Juliet vs. Romeo

VADER

<2 17> 2o 28 Fod 7o) FAEM v=

5.4.3 Sentiment analysis between works and between key characters in dialogue

corpora

(1) Analysis of the positive and negative sentiment of the entire film (overall, act-by-act,
scene-by-scene) in line and bar graphs before performing sentiment analysis for each character.
(2) Analysis of the emotions of individual characters within each work and the emotions conveyed

between speaker and listener.

* Demonstration of how the main characters' emotions change from act to act
*  Good observation of how the characters' emotions change as the play progresses.

<Average sentiment values by act for
major characters in "Antony and
Cleopatra™>

The character with the most emotional
ups and downs per act is Antony.

<Sum positive and negative emotion
values by act for major characters in
"Antony and Cleopatra™>

Antony's emotional value is the most
negative in Act 3 out of 4.

197



Four Tragedies : The more narrow the red color is, the more negative the
sentiment relation between characters is. The thicker green color is, the more
positive the sentiment relation between characters is.

Hamlet spoke to four characters
among six major characters in
order of Ophelia > Polonius>
Horatio at the positive tones but
Laertes at the negative tones

oTHELLO

Othello spoke to just two major
characters such as Cassio and
Brabantio with positive tones and to
others with negative tones.

Desmeona’s emotion toward Othello
is much more positive than
Othello’s emotion toward
Desmemona.

King Lear spoke to seven
characters except Edmund.

King Lear spoke to six characters
in order of (Gloucester > Goneril
> Cordelia > Fool > Albany >
Regan > Kent at the negative
tones and to Edgar only with a
positive tone.

Macbeth  spoke to just two
characters such as Lady Macbeth
and Macduff. He spoke to Lady
Macbeth with a positive tone but
to Macduff with a negative tone.

In "Romeo and Juliet",
"Romeo" has similar emotions to
"Juliet".

= We tried to visualize network structures connecting major characters in Shakespeare's tragedy
plays to easily figure out their detailed emotion relationship with regard to sentiment intensity
(positive or negative), representing relation visualization. Adding expert opinion to the analysis
of the degree of emotion between the protagonist and the main characters allows for new

forms of analysis of existing works.
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5.5 Topic modeling analysis

Jhang, Se-Eun, Soo-Sang Lee, Won-Moon Song, Hae Ryong Jung, Sung-Min Lee and Jae-Hoon Kim
(2017) Topic Modeling Analysis in a Shakespeare Research Article English Abstract Corpus through Text
Mining). Journal of Language Sciences 24(4), 55-82.

* Comparison of machine learning-based topic modeling keywords and corpus linguistics keywords

* Automatically extracting topics using topic modeling methodology for a corpus of English
abstracts of domestic and foreign Shakespeare-related academic papers, and examining the top
three topics that have been of particular interest and research through the changes in the total
number of topics over the 37-year period from 1980 to 2016.

* Examinination of all pattern types such as continuity, continuity, discontinuity, and one-offs of
research topics up to the top 20 topics by year period, and the characteristics of downward,
upward, and upward or downward changes in curvature.

v Analysed topics in four 10-year periods from 1980 onwards: 1980~1989 (101), 1990~1999
(208), 2000~2009 (474), and 2010~2016 (1,212).

v Topic modeling analysis with R

v" Document Generation Criterion: 300 words in each document by using an R code which is
provided by Thompson, Murakami, and Hunston (2016).

v' Term Frequency-Inverse Document Frequency (TF-IDF) and Latent Dirichlet Allocation (LDA)
algorithms were applied.

v Automatically generates an optimal 35 topics, each of which extracts a list of 30 keywords.

<30 comparative examples of absolute keywords and top 3 topic words for the period 2010-2016>

2010-2016 Topic 19 Topic 30 Topic 3

1 translation japanese fletcher

2 translator marlowe rhetoric

3 chinese academic rape

4 china boy falsehood
5 russian humor nationalism
6 arabic japan chaucer

7 citation ego commonplace
8 rendering empire oppositional
9 shakespearian forgiveness signature
10 persian politeness binary

11 arab soliloquy eloquence
12 researcher length lewis

13 biographical manga vocabulary
14 item adolescent opal

15 per briefly implicit

16 bengali viola stake

17 enlightenment strange usage

18 philippine asia censorship
19 phonological brook collaborator
20 team feudal don
21 troupe blood englishman
22 abroad clock formula
23 costume closeness pragmatics
24 irish daydream terrorism
25 kyle guest openness
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26 liang publisher strive
27 quarterly thou check
28 soviet curse expert
29 tam listen fair
30 terminology maritime lace

<Tagging and interpreting topics>

Topic Labeling as Key Tag Interpretation

01 Alelamiof w5 Alelamjol AFES WSRO0 R Gt U wgAtE Y et

02 QA0 AFRYY FoA g, (Othello)o] RMFH o]FFol tgh A3EFHol F el AFF0]

03 Al Amjojo] A} Qlof Alojanjoiel Tl #Ao] A £ ZA(John Fletcher)?t AT Ao

04 Al Amo]o] ¢lojx] Zobd ANelAamojzt AU EQL FAMR O &8 Zat ZUdA 2§

05 Ale] 2mjo]e} FAdol A A2 NlejAmjo] Argo] thgh F/dolA AMelEA

06 PE|Z s} S71ARIF0] FA| PElE4 (The Tempest)o] BHE $ 71219150 (post colonialism) FA|t W&

07 oA ek of 44 50 Ajejamjoio] =515k nhiet opol] WHAH o JF A ZA|

08 Alejamjoio] 2otF1t F-gF9] FZejojAx XAy (Julius Caesar)oll Sad G744 7 2oMA J359

09 Aol amjoiel Y 2H4d ANlelamjol s ol ddo 71uet 2uy w2E s

10 A w2fA A Al amjo] AFEo] yepd Zdat g2A A

11 UE A FRIG HEZYA Hgol Hish 231 U5A A

12 Ale]amjoiel Rojgo] Alelamoio] AF-E A2 PA9 vltol2 mAshH: A

13 At HES +4 Alelamjo} MAarZof tish AN =AM A+

14 AlE9] ofaet et Alelamlo] Fof sk Aleat 2o] 7HRl= oFaot AJEst

15 A Ao Alelamjo] Jo] Uehd Awo] &hita} x|

16 A A B gt 24 Alelamojo] Aatat 298 B dojof thst B4

17 ‘gt SA19] AojA o]o]Af2] ‘gat S0 gt AojA ojojAe] A

18 ofAlo} R FEY (M Amojel #ly RF) ofrlof A FERI A&

19 Aol Anjoief th=o] ¥ Aol amjo] AE0] th=o] W A

20 Qlojsha EA Aloj~mjo] dojo] tfgh Adojsts At ojn

21 B39 7HEgFoet 5/49A 2WPAT TElFs (The Tempest)ol] UG 727 Fojol 714 AA| 9fA]

22 2719 4, B, A' G771t 2 A &of tigt At

23 =24 FATY Alojamjolo] ZrH 4T FASH A

24 obsu&n 4% (Mojamojel WA 23F) obz9 57 o et A4

25 FAo] A&t AFA9 A ZA10] A&t Ario] dejeh Ao At

26 giEuiAet s AR giEA GPUAE Soll Y MAAmo] Agat tis HAIK] A+

217 gAE oiAel I7Hd (Moamojel &1y 23) HAE Aldie] QIIPd wAeE Atolo oigh A+t
_ Fgapo] Z45o|7ls o Y31 7HR7gEofo] tigt FRIA FuA siAat o g

28 olgoll chat Ajufe 7Hg el el Ay q]@ N Eﬂjﬁﬁq e ];L el

29 AU ECSN JA &9 Alelamjo] AU EO &AZ] b F/dolA &Y

30 Alelamjoiol A& 9ish AE wete BT MoAmojel AR TS

31 Abgoll oigh A8 2d (Mojamojel WA B3) ARG, Foll, 3ol dojx A

32 Alelamo] AU ER] Alelamjo] AYER] E3o] oigh A+

33 A M Am]o] HAE Al amjo] mAggof tight XA £ A4

34 Ao} Amjofet Jof Nojamo] AFE Fdor RHste Hat Aol gt A7

35 slyA Aol fofel Fely2 Aolgol A AFsE AL S faiQlol High 2A
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<29 2> 357 EY Aale] 1980 g R e 2016349 2] W3t

Topics with high scores:

Topic 19
(Shakespeare and multilingual
translation),
Topic 34 (Shakespeare and Music),
Topic 4
(Shakespeare's Verbal Musicality)

Top three topics for each of the four 10-year time periods

<Y 3> 4% 7|7 B4 W3 Fol

1980-1989 1990-1999
bas
n;: ”‘77* b U el L;; I.TF“—_“—_"._-___
s —1aac-1938 | — eppt0m
082 T a0k +
" oor

FRRREITEEERREREAE e
2000-2009 2010-2016

L]

B T T T T T
by

T4 TT TIETYI TR T16 22 128 128 TH

1980-19894:

(1) &1 24: obs L83t A4,
(2) £ 13 SA0 YEYT £A,
(3) =2 17: A1t 2A19] QlojA] o
1990-1999y:

(1) £ 13- £A9} YEYIEA,
(2) =l 22 W7)o] A, 54, A=
(3) =2 24: o} w8} A
2000-20094:

(1) =4 100 24T gold 24,

(2) =l 32 AolAmojo} AUEA,
(3) =4 07: ohqe} ojgzolo|ct
2010-20164:

(1) = 19: AJoj2mojo} cho], o]
(2) =1l 29: AvlEet 4 2

(3) =l 01 AlolAmjo] 2§

There was little overlap between these top three topics for each year
period, but interestingly, only Topic 13 (Statistics and Network Analysis)
was repeated in the first and second year periods, indicating that Topic 13
was the most covered topic over the 20-year period from 1980 to 1999.
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6.1 Summary

6. Summary and future directions

Level Corpus Linguistics Digital Humanities
. Structures of Story
Type-Token Ratio (TTR . .
P ( ) Al-based Machine Translation Systems
. Lexicograph
Lemma / Word-family .g Py
Teaching language (vocabulary)
Collocation Positive or negative emotion of speakers
(Semantic prosody) or writers
Keywords
Y Aboutness of text
Keyword-clusters Styles of writers/speakers
Words/Phrases Lexical bundles y . P
Discourse analysis
Key Clusters
Literary analysis to identify whether
. . certain semantic fields (like war, love,
Semantic annotation .. .
. religion, etc.) are more prevalent in
(Wmatrix) .
specific works or authors
Identity potential metaphorical expressions
Dialogue corpus . .
'g rp Sentiment analysis of text and characters
Sentiment dictionary
Literary analysis for the investigation of
Speech acts as pragmatic specific authorial styles in literature
Sentences . . . . . .
functions Social media and online discourse analysis
Digital games studies
Literary analysis to identify recurring
themes in literary works
Paragraphs Topic modeling analysis S
grap p & y Trends in historical research, cultural
studies, and other academic research
Literary analysis to reveal how an author
. . uses language differently when writin
Register and Language variety . guag . Y 8
. dialogue for different characters
Genre Genre analysis .
Cultural studies to reveal patterns of
language use specific to digital cultures

6.2 Future directions

The intersection of corpus linguistics and digital humanities continues to be a vibrant area

of research, with many exciting potential future directions:

¢ Interdisciplinary Collaborations: One significant trend is the growing collaboration between
linguists, computer scientists, historians, literature scholars, and other digital humanities
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scholars. These collaborations can lead to new methods and research questions that
combine the strengths of different disciplines.

® Machine Learning and AI: The application of machine learning and Al techniques to
corpus analysis is another exciting area of development. This includes the use of deep
learning for tasks such as semantic role labeling, sentiment analysis, named entity
recognition, and more.

¢ Fine-Grained Semantic Analysis: Tools like Wmatrix allow for semantic annotation of
corpora, but there's still much work to be done in improving the accuracy and granularity
of these tools. For instance, researchers are working on ways to automatically identify
more subtle semantic phenomena, such as metaphors and idioms.

® Multimodal Corpora
¢ Big Data Analysis
¢ Ethics and Bias in Al

¢ Longitudinal Studies
® More Diverse and Balanced Corpora (ChatGTP 4.0)

—End—

Thank you very much for your attention.
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Korean Middle School Third-Year English
Textbook Reading Passage Difficulty Analysis:
Focusing on Syntactic Complexity and Readability
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1 . IntrOdUCtion Motivation, Claim, & Significance

D Motivation

- It is appropriate to provide language materials that gradually introduce
more complex vocabulary and sentences structures (Tomlinson, 2013).

- The analysis of learner proficiency level and alignment is an important
evaluation criterion in textbook analysis (Mishan & Timmis, 2015).

@ Claim

- There are differences in difficulty and comprehensibility based on reading
passages by publishers, which may have statistical significance.

A Significance

- Limited research has been conducted on the difficulty of reading passages
in Korean middle school third-year English textbooks since the 2015
curriculum revision, indicating a need for further investigation and
comparison with previous studies.

1 ° IntrOduction Research Questions

1. Do Korean middle school third-year English textbooks A, B, and C
show significant differences in syntactic complexity?

2. Do Korean middle school third-year English textbooks A, B, and C
show significant differences in readability?
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2. Method Data

@ Korean English Textbook Data

- Three Korean middle school third-year English Textbooks based on the 2015
revised curriculum * (Three most widely used textbooks in Seongbuk-gu middle schools)

- The analyzed textbooks are identified using alphabetical symbols, as shown in
Table 1

<Table 1> Lists of Korean middle school third-year English textbooks

Textbook Publisher Author Number of Lessons
A Chun-jae Lee Jae-Young 8
B Dong-A Yoon Jeong-Mi 8
C Neung-ryle Kim Seong-gon 8

2. Method

@ Syntactic Complexity Analysis Tool

- The analysis of the extracted passages was conducted using the L2 Syntactic Complexity
Analyzer (L2SCA), which calculated a total of 14 metrics across 5 categories to analyze

the passages

<Table 2> L2SCA index
Category Index Formula
Mean Length of Clause (MLC) word + clause
Structural complexity Mean Length of Sentence (MLS) word + sentence
Mean Length of T-unit (MLT) word + T-unit
Sentence complexity Sentence Complexity Ratio (C/S) clause + sentence
T-unit Complexity Ratio (C/T) clause + T-unit
Sribosdinsiion Complex T-unit Ratio (CT/T) Complex T-unit + T-unit
Dependent Clause Ratio (DC/C) Dependent clause + clause

Dependent Clause per T-unit (DC/T) Dependent clause + T-unit
Coordinate Phrase per Clause (CP/C)  Coordinate phrase + clause

Coordination Coordinate Phrase per T-unit (CP/T) Coordinate phrase + T-unit
Sentence Coordination Ratio (T/S) T-unit + sentence
Complex Nominal per Clause (CN/C)  Complex nominal + clause
Particular structure Complex Nominal per T-unit (CN/T)  Complex nominal + T-unit
Verb Phrase per T-unit (VP/T) Verb phrase + T-unit

* 12SCA dey Plnpﬁl’{ by Lu(2010_2011)
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2. Method

® Readability Analysis Tools

- The readability of the textbook reading passages was analyzed using the

number of sentences, words, words per sentence, vocabulary diversity, and
readability indices such as Flesch-Kincaid Grade Level (FKGL) and Flesch
Reading Ease (FRE).

FKGL = (0.39 x ASL) + (11.8 x ASW) - 15.59

FRE = 206.835 - (1.015 x ASL) - (84.6 x ASW)

3. Result

<Table 3> The number of words per unit in the Korean English textbooks

o 512 Textbook A B C
500 /,/\\ Lesson 1 442 386 384
Lesson 2 372 413 360
0 \\// N Lessons 421 401 410
300 Lesson 4 449 448 422
200 Lesson 5 488 414 417
Lesson 6 512 454 421
100 Lesson 7 472 456 365
0 Lesson 8 388 375 503

PN N P RSN Mean 443 418.37 410.25

SD 45.02 29.24 42.08
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3. Result

<Table 4> The number of sentences per unit in the Korean English textbooks

Textbook A B C
70 63
60 Lesson 1 40 38 37
50 Lesson 2 35 36 33
33 26 43
0 s /\\ Lesson 3
30 ~ \0’/\ s Lesson 4 36 47 55
20 Lesson 5 30 31 31
10 Lesson 6 54 63 41
0 Lesson 7 37 36 29
N Vv ) [ o) © A S L 8 29 32 47
S & &HSH S S S S won
N \)e? \)e? \)2? Vz% \)zg Vzg Vzg Mean 36.75 38.62 39.5
—-—A B C SD 7.34 10.84 8.23
3. Result

<Table 5> The average sentence length per unit in the Korean English textbooks

18 16.27 Textbook A B C
16 Lesson 1 11.05 10.16 10.38
14 | Lesson 2 10.63 11.47 10.91
12 / 12.76 15.42 9.53
—l /- Lesson 3
10 - Lesson 4 12.47 9.53 7.67
8 Lesson 5 16.27 13.35 13.45
6 Lesson 6 9.48 7.21 10.27
4 Lesson 7 12.76 12.67 12.59
2 Lesson 8 13.38 11.72 10.70
0 Mean 12.35 11.44 10.69
NP N N
A SD 1.92 2.35 1.66
S VS
A =B —-C
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3. Result

<Table 6 > Comparison of mean text lengths based on clauses, sentences, and T-units

AE AR o BEEAL  F p ﬁfwsggzl]
A 8 8.22/1.34 a-b 0.11
MLC B 8 7.99/1.29 0.28  .000"" b-c 0.16
C 8 7.71/1.22 a-c 0.55
A 8 12.35/1.92 a-b 0.72
MLS B 8 11.44/2.35 121 .000™" b-c 0.5
C 8 10.69/1.66 a-c 2.42
A 8 11.12/1.51 a-b 0.42
MLT B 8 10.51/1.93 0.52  .000"*" b-c 0.13
C 8 10.18/1.82 a-c 1.01
* MLC (Mean Length of Clause); MLS (Mean Length of Sentence); MLT (Mean Length of T-unit)
11
3. Result
<Table 7> Comparison of sentence complexity
Ax AR o @wmEdd F o p ;}jyﬂ (ijil
H v o 1t
8 1.51/0.19 a-b 1.18
C/S B 8 1.42/0.13 1.18  .000™" b-c 0.16
C 8 1.39/0.13 a-c 2.21

* C/S (Clause per Sentence)
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3. Result

<Table 8> Comparison of subordinations based on the complexity of T-units, complex
T-units, dependent clauses, and dependent clauses per T-unit

_ 4 - AFSE2A1(Scheffe
A& A5 n  HA/EFAA F p 2 ( %_&#O]

A 8 1.37/0.18 a-b 0.49

C/T B 8 1.32/0.11 029  .000"" b-c 0.01

C 8 1.32/0.13 a-c 0.37

A 8 0.35/0.13 a-b 0.66

CT/T B 8 0.30/0.10 0.38  .000™" b-c 0.02

C 8 0.31/0.09 a-c 0.47

A 8 0.26/0.07 a-b 0.01

DC/C B 8 0.26/0.09 0.07  .000™" b-c 0.70

C 8 0.27/0.07 a-c 0.14

A 8 0.36/0.15 a-b 0.03

DC/T B 8 0.35/0.13 0.03  .000™" b-c 0.05

C 8 0.37/0.12 a-c 0.02

* C/T (T-unit Complexity Ratio); CT/T (Complex T-unit Ratio); DC/C (Dependent Clause Ratio); DC/T
(Dependent Clause per T-unit)

3. Result

<Table 9> Comparison of coordinations based on phrase and sentence ratios

AL AR o w@mEad £ p v (S;f;ff;ol
H - o
A 8 0.13/0.05 a-b 0.35
CP/C B 8 0.15/0.07 0.87  .000™ b-c 0.52
C 8 0.19/0.11 a-c 1.72
A 8 0.17/0.05 a-b 0.30
CP/T B 8 0.20/0.09 090  .000™ b-c 0.63
C 8 0.24/0.15 a-c 1.79
A 8 1.11/0.05 a-b 0.37
T/S B 8 1.09/0.10 1.07  .000™" b-c 0.72
C 8 1.06/0.05 a-c 2.12

* CP/C (Coordinate Phrase per Clause); CP/T (Coordinate Phrase per T-unit); T/S (Sentence
Coordination Ratio)
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3. Result

<Table 10> Comparison of particular structures based on clauses and T-units

AE AR o4 BwEERA P p o E0d ;ff;})ol
H O o
A 8 0.71/0.18 a-b 0.06
CN/C B 8 0.74/0.23 042  .000"™" b-c 0.79
C 8 0.65/0.16 a-c 0.40
A 8 0.96/0.20 a-b 0.03
CN/T B 8 0.98/0.34 0.45  .000"™* b-c 0.8
C 8 0.85/0.24 a-c 0.53
A 8 1.67/0.28 a-b 0.44
VP/T B 8 1.59/0.17 0.69  .000"" b-c 1.37
C 8 1.73/0.20 a-c 0.25

* CN/C (Complex Nominal per Clause); CN/T (Complex Nominal per T-unit); VP/T (Verb Phrase per T-
unit)

3. Result

<Table 11> Comparison of readability based on FKGL and FRE scales

_ - I A} & B A (Scheffe

A ® 25 n FA/EFHA F p ;‘;;}; - gé:.‘itiio]
A 8 5.70/1.52 a-b 0.44
FKGL B 8 5.16/1.83 0.22  .000™" b-c 1.37
C 8 5.56/1.31 a-c 0.25
A 8 75.29/8.80 a-b 0.21
FRE B 8 77.41/9.28 0.33  .000™" b-c 0.66
C 8 73.64/7.88 a-c 0.13

* FKGL (Flesch-Kincaid Grade Level); FRE (Flesch Reading Ease)
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3. Result

1. Do Korean middle school third-year English textbooks A, B, and C
show significant differences in syntactic complexity?

- Textbook A exhibited the highest average clause count in sentences with a mean
of 1.51, whereas Textbooks B and C which had averages of 1.42 and 1.39.

- The analysis of syntactic complexity revealed that the greatest disparity in
difficulty was observed between Textbooks B and C.

3. Result

2. Do Korean middle school third-year English textbooks A, B, and C
show significant differences in readability?

- Based on the revised 2015 curriculum, the average FKGL readability score of the
three selected textbooks was 5.47, indicating a difficulty level comparable to that
of students in grades 5 to 6 in the United States (Kincaid, 1975).

- In a previous study conducted by Bae (2019), which analyzed a total of eight
textbooks for the 1st and 2nd grades of middle school, the FKGL readability
scores were found to be 2.7 and 3.7, respectively.

- The overall findings indicate that the difficulty level of middle school textbooks
increases by approximately twice as much from the first and second years to the
second and third years.
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4. Discussion

Complex Nominal Structures
* Textbook B: Highest complexity (CN/C and CN/T) - Lesson 3 (1.13)

Verb Phrases per T-Unit
» Textbook C: Highest complexity (VP/T) - Lesson 5 (2.16)

Syntactic Complexity and Readability

» Textbook A: Highest complexity (C/T) - Lesson 1 (1.8)

» Textbook A: Highest mean FRE score, suggesting consistent readability (72.3)
* Textbook B: Lowest FKGL score — Lesson 6 (1.4)

Implications

* Consider linguistic features when selecting or designing textbooks.

* Balance challenge and support based on proficiency levels and learning objectives.
* Scaffold and differentiate instruction accordingly.

» Use materials with varying readability levels to meet diverse needs.
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Anti-Clitics and Syntactic Derivation in Korean

1. Objectives, Issues, and Basic Ideas

1. Objectives, Issues, and Basic Ideas [1/6]

Q (1)2 (2b)2f (2c) 2 SHMEIX|TH, FE2F S0{2| HEHH|oFS TEAZ X 2P| W20 (2a) 2=
Sl M =[X| Q=L

() a 7Lk [0ts2 O] QolE Bt
Mt [P} i) Ohs g BBIC (o)
c. B4 [P} 0isS T EPE BBOIICH (=)
@ LISHEDIT Jh(= L0 PAIMOR AHEl0f Qi BARI} TR AR 7]50H HAFE)O)
25 st
]

Jhang(1994), Park(1994), Jung(1995), Y.-B. Kim(1996; 2002), J.-B. Kim(1999), Chung &
Kim(2003), M.-J. Kim(2004a; 2004b; 2007), Cha(2005), Kim, Sells & Yang(2006), J.
Lee(2006), Song(2021), K.-S. Kim(2022), Ryu(2022), Ryu(2023), etc.

o (1)0| (2b)2 BHME|= o2 LHSHEAE Jtd2 EAMeh & QO o=

o Ll PAE BAIHL R HAE|X| §iU7(0] LHH2AHE JHER X (1)0] (20) 2 diMEl= did2 24
A 0-||:_|-
T Ba-l.
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1. Objectives, Issues, and Basic Ideas [2/6]

Q 0| == siMEl=
Aol HIZHHO|LY.

L= ey |

40
1>
1>
A
re
=2
H‘|
-+

=
p

AP HHE|X| o EHHOILL 23] 2

OtsS CHXl] ZA]22 HX[17| = CHRC (=)
P F2AE2R Ot=2 O] A= =fX[1Y| = CHRCY. (=)
Q 0| Y2 oliMEl= FR A= ol e BAPE ZE|X] o™ ZEHHOILE 25| 2=

2| HZEHHO|CY.

L= e |

(4) a. Eac [[FePh RAEFS22 O] A2 21 ZXRPHIE FULL (CHe)
b. *Hs [[FoPt FAEFSCR 0k U] A2 210 UAMHIE UL (HhY)

© LI 0i} 2T Ofi3t =3t AHE|X| 0 R0 S oAt Chet oAl

3 d B2 IHs3HM (5)=
S| HO|LY.
(5) A== [[CHE] H]S 220H3Ct
a. CHA: O, 2|17, X202 S
b. £ DRSTHRPD|, 24/E7, MESEHE, 22lmala, ol AL 5
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Anti-Clitics and Syntactic Derivation in Korean

1. Objectives, Issues, and Basic Ideas

1. Objectives, Issues, and Basic Ideas [3/6]

@ Similarities and Differences between Z, &=, and At

(6) a. Mt [[YSPt 0K CHI] {212/52/* X121} BT
Sa (012 Ci) (202/52/X18]} 33Uk
c. B [CHI] {218/58/XE]) BUL
2 (= %9, = T, = £, # WY
(7) a CFE {4 ( ®9), = Oy, = =7, = %9
R} (£ B9, # T, # £, = BRIXN)
2 (= B9, = Y, = =7, # AT
b. OFs2 Chl { & ( %), # The, # =7, = #Ix
T (£ B9, # ThAY, # =71, = BT
2 (= 9, # Y, = £7, # BSIxY
c. WBP}OKSE CHEl { &5 (# WY, # T, = =7, # IR
*X} (£ WS, £ Y, £ E7, # AR
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23 12|
o 2T AT Al SO =3Ol TAIH A FHS UL YBPAHLE 0 HBHHolCt,
o =30l BA A8l Z7io] o8} 22 mplc Of =Y SRS 22 BF ()2 2 WA 4Ts
BE L2 21610 812 oJ[ebalof FEIt
© | ofo|c|of

o ‘20T M HEHO| SHA0] =3t0] AH CiR ATIO| 81T, T EOR MM 20fo] =gzot
2HAE[0] QUL
o A20|E F EE =TS HUAIA BARE TMHAZ|= Ols
mazer).
o O A} It 2152 TP Taf(afli) 241 OfL 12 B2 X Sof(word) 241 Oft 2 #rE)
(anti-clitic) @ 2] 2~8HsIC},
o B0](anti-clitic): SSEHOZ Sl CIO{O|LE HES TAISL 20| BAF TH ofg
@ =40 BA/K 0|2 £
e Recent development of the lexicon theory in Head-driven Phrase Structure Grammar (HPSG)

e Pollard & Sag(1994), Sag, Wasow & Bender(2003), Miiller, Abeillé, Borsley & Koenig (eds.)
(2021). etc.
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Anti-Clitics and Syntactic Derivation in Korean

1. Objectives, Issues, and Basic Ideas

1. Objectives, Issues, and Basic Ideas [5/6]

Goals & Proposal

@ Introduction of the notion of “anti-clitics” in Korean linguistics (cf. Zingler(2022))
@ Against clitic approach (Chae (2020: 121f.): dependent nouns are obligatory leaners, a subtype of
clitics)
o Clitic (F0{): Prototypical manifestation, which combines a syntactic distribution with some degree
of prosodic dependence on a host. (AXAL, B4+HX|, -AH- 5)
o Anti-clitic (2t-0{): Affixes except that they share some behaviour with phonological words
(ajevent—n—antifclitic, atheme—n—antifclitic, athemefnfanti—clitic, hl:l__argument—n—antifclitic: hl:l-_eventfnfantifclitic, II'agentfnfa\ntifclitic
3)
@ Three types of Z from a morpho-syntactic perspective:
o (°|F)"A = noun-lexeme: Hnoun-ixm
o HEA = comp-lexeme: Zcomp-lxm

HIxX —_ ) 19 L L. . T
° |_|'I=|01 = anti-clitic: aevent»n»antl—clltlc: ax-ltheme»n»antl—clltlc: 2‘:‘|nstrument—n—ant|»c|lt|c

Byong-Rae Ryu (2023) Anti-Clitics and Syntactic Derivation in Korean 7/37
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1. Objectives, Issues, and Basic Ideas [6/6]

@ Three types of 21 from a morpho-syntactic perspective:

o (C|&)HAL = noun-lexeme: Znoun-ixm
o HEA = comp-lexeme: Zcomp-lxm

o HFHO| = anti-clitic: Hevent-n-anti-clitic: Ztheme-n-anti-clitic; Xinstrument-n-anti-clitic
@ Further classification of anti-clitic: Zdevent—n—anti—clitio atheme—n—anti—clitic: ajinstrument—n—anti—clitic

® Zeventn-anti-clitic: A WA} B0 (Event Nominalization Anti-Clitic, cf. destruction)
@ Ziheme-n-anti-clitic: CHAF A3} BHH0{(Theme Nominalization Anti-Clitic, cf. ezaminec)
@ ictrument-n-anti-clitic: = WAS} 0] (Instrument Nominalization Anti-Clitic, cf. mizer)

@ Differences and Similarities between Z, &=, and X}

==
@ They are all anti-clitics.
@ Seventnanticlitic: Event Nominalization Anti-Clitic
® Eargument-n-anti-clitic: Argument(e.g. Agent/Theme/Instrument/...) Nominalization Anti-Clitic
@ Xhhuman-arg-n-anti-clitic: Argument[--HUMAN] Nominalization Anti-Clitic

Byong-Rae Ryu (2023) Anti-Clitics and Syntactic Derivation in Korean 8/37
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2. Previous Analyses and Desiderata [1/3]

Traditional /Reference Grammar
e Dependent or independence?

@ Previously: Incomplete noun, Defective noun (Sohn(1999))
@ Nam & Ko (1985: 74ff.): Dependent noun

) Desiderata

o HSHQ9 FA T BAIZ EX|T XtE ol HS FO AEYAPL OtL|2k= Q0|2 o|EBARRt Fet
o

o ol HEf-SAIEH EMOILE M2 ERE0 tiM= 2=0| §ls

o '23'0] £hof(word) IX|, FAt(affix) 21X], F0d(clitic) 21X|, 2= OL|H BHYO] (anti-clitic) QI X| HEH-
SAEH =9| gl

Byong-Rae Ryu (2023) Anti-Clitics and Syntactic Derivation in Korean
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2. Previous Analyses and Desiderata

2. Previous Analyses and Desiderata [2/3]

Three types of 2!
e Cha (2005: 89f.): Lexical (8a) vs. Anaphoric (8b) vs. Expletive Uses (8c)

Z1]2 2mAo|ct, (Lexical, Noun)
AMEES 4] 8 FM 8. (Anaphoric, Pronoun)
c. Lt= [t 20 2] Ha] 2 MIHSHALY. (Expletive, Complementizer)

e Grammaticalization Stages (Ransom(1988: 365)): Jhang (1994), Yoon (2012: 559) & Yoon

(2006)
(8a), (8b) (1), (42) (8c)
Full Lexical Meaning and Form Partially_Reduced Lexical Reduced Lexical Meaning and
Meaning and Form Form

A Functional Category:

A Noun An Expletive Noun Complementizer
) Desiderata
@ EMPED U M2 0F(H EH ‘AL Ot J|5X BEEARM A" OfL|CE,
@ 20| THof(word) Q1X|, T A (affix) 21X, FO(clitic) 21X, 224 & OtL|TH EHHOq (anti-clitic) Q1X| FER-

=

—

d

EARE _L.;o| of
ol=

AN—

0 =APtEx A0 S0t 2 oAt OfLILH.
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2. Previous Analyses and Desiderata

2. Previous Analyses and Desiderata [3/3]

Dependent nouns are obligatory leaners, a subtype of clitics: Chae (2020: 121f.)

e The obligatory modifier (e.g., *(0]) Z) cannot be its complement (Chae (2007: 819f.)).
e We can account for the obligatoriness of the modifier easily with reference to the fact that
dependent nouns are obligatory leaners, a subtype of clitics.

) Desiderata
0 =MPHED U= Ay FO{=EM W ot 75X HRAZM ' OfL|CH
@ TOi(clitic)O| Ot! 2H: HO{2tH S2EX THo{2F OfL|0{Of SLt ' 2 SR EXN T2 B 20|
2| ™0|C} (cf. Parameters of phonological wordhood (Zingler (2022: 7f.)).
@ Free occurrence (from Haspelmath, 2011, where it is considered a parameter of morphosyntactic
wordhood): A word constitutes a well-formed utterance
@ Segmental structure (from Dixon & Aikhenvald, 2003, where it is called “segmental features”): The
word is the domain of phonotactic and minimal weight constraints
@ Prosodic features (from Dixon & Aikhenvald, 2003): The word is the domain for the assignment of
stress/tone and/or vowel harmony, etc.
@ Phonological rules (from Dixon & Aikhenvald, 2003): The word is the domain of allophonic and
allomorphic alternations: ‘' "AH', ‘A", ‘&', A, &' ' S 2] 7IX| O|HLAS}

9) a. [$2H= o] BE XS]0l WAt U,
b. [2 0L o2 S| = FhInt AF0H = A80] UL
Anti-Clitics and Syntactic Derivation in Korean 12 /37
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3. Proposal: 2 as Anti-Clitic

3. Proposal: Zd as Anti-Clitic
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3. Proposal: 2 as Anti-Clitic

3.1 Theoretical Preliminaries

3.1 Theoretical Preliminaries [1/2]

Clitics vs. Affixes: Differences between word-clitic combinations and stem-affix
combinations (cf. Stump 1998: 19-21; Spencer & Luis 2012: 108-111):

e Host selectivity: Clitics can exhibit a low degree of selection with respect to their hosts,
while affixes exhibit a high degree of selection with respect to their stems.

o Arbitrary gaps in the set of combinations are more characteristic of affixed words than of
clitic groups.

e Morphophonological idiosyncrasies are more characteristic of affixed words than of clitic
groups.

e Semantic idiosyncrasies are more characteristic of affixed words than of clitic groups.

o Clitic-affix ordering: Clitics can attach to material already containing clitics, but affixes
cannot.

—
—
(=}

~
o]

the boys play in the yard
the boys [who live next door] play in the yard
c. *the boy [who live next door]s play in the yard

(11) a. Simple clitics: I'd go, he'll leave, | can't bear, etc.

Special clitics: [the man standing over there]'s hat

Byong-Rae Ryu (2023) Anti-Clitics and Syntactic Derivation in Korean 14 /37
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3. Proposal: 2 as Anti-Clitic

3.1 Theoretical Preliminaries

3.1 Theoretical Preliminaries [2/2]

Clitics vs. Anti-clitics (Zingler (2022), cf. Chae(2020))

e Clitic (80{): Prototypical manifestation, which combines a syntactic distribution with some
degree of prosodic dependence on a host. (AXAt, E4HX| 5)

o Anti-clitic (BtT0{): Affixes except that they share some behaviour with phonological words.
(A, =, x3)

o Weak words subsumes elements that are independent words in every regard except that
they do not bear stress and/or tone.

e “mobile” and “suspended” affixes, which show types of syntagmatic freedom not found
with prototypical affixes.

o B0 (anti-clitics) 2 0 (clitics) 2| BIPHEACZ, SEMC 2= STEO| UK 2HH 2=
=8d0| gle B

0 SREXNCEE RHHORE ZTHO| Uz HH2 R27t YEHOZ A1 U= THof(0f: Chetu)

° SREXCRL: FHEOCRL EZY0| gle BHE2 FAHaffix)(0: BAISHIMETOIAL &/0 /7).

o SEXo=Z= =EY0| gIXT ZENo2E S0 JUs BU2 Fo{(clitics)(0: EElA &, -A%-, -,
H&gEA Ch/2tD).

o XEHHCoZ ZH0| ST =+ U0 SREXCE THO0|X[2t FHH O 2= 0940} OH:l 52 2|0|2| THojof
&0t HYSS UM} F, SEE2 UKD 715X 22 FARI EHS2 Y0 (anti-clitics) (Zafiga (2014),
Zingler (2022) & 11)

Byong-Rae Ryu (2023) Anti-Clitics and Syntactic Derivation in Korean 15 /37
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3. Proposal: 2 as Anti-Clitic

> .
3.2 A oun-Ixm’ Noun

3.2 A, oun-ixm: Noun [1/1]

Q@ Ziounixm is a noun of type spr-noun-lzm that requires a determiner or NP[gen] as its
specifier value.

(12) a. [yp *({OI, 3, X, AL, 2, S, .. .}) Znounim] OF ZHZ0H ZLH
b. O §|A|'E [Np *(0|‘H‘|I|9_|) j)jnoun—lxm] CI’:III—P)"?

@ A lexical entry for A oun-ixm

(13) spr-noun-lzm
ARG-ST<Det | NP[CASE gen]>
<3\1noun-|xm ' INDEX 1 >
SEM RELN thing
RESTR <[INST i D

Byong-Rae Ryu (2023) Anti-Clitics and Syntactic Derivation in Korean 16 /37
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3. Proposal: 2 as Anti-Clitic

33 acomp—lxm : Complementizer

3.3 Hcomp: Complementizer [1/1]
clause boundaries.

b. xE-I‘)I\‘jI' [ I%IE'O E*l% ]I|'I‘_|'5|‘] (**H/*ol/*o'ih/*ujg/*-él-_l') zk-lcomp—lxm]%
S SIICH/ SRUCH UL,

@ A lexical entry for Zcomp-ixm

(15) comp-lzm

<acomp.|xm, ARG-ST <[F0RM adnom]> >

SEM [MODE prop}

Byong-Rae Ryu (2023) Anti-Clitics and Syntactic Derivation in Korean

Q Zompixm is @ lexeme of type comp-lzm that subcategorizes for a clause and marks

(14) a. SR2S2 [[00|S0] &2 BO| H] (*M/*0|/*0=/*% /*Th) A comp1xm]]| S
(o)

17/37
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3. Proposal: 2 as Anti-Clitic

3.4 aevent—n»anti—clitic: Event Nominalization Anti-Clitic

3.4 Z.vent-n-anti-clitic: Event Nominalization Anti-Clitic [1/3]

Q@ Heventn-anti-ditic is an anti-clitic of type event-n-anti-clitic,
e which subcategorizes for a clause and nominalizes the entire clause syntactically.
o lts part of speech is a noun N.

suffixes '0/2 /7!, and
e is similar to the gerundive derivational suffix -ing in English or -ung in German.
o ' HAISIAOICE, FARIARAM 2'-I\event—n—anti—cliticE =

o 2|0J= FH|0|2, HHel 20| LHE2 a-levent—n—anti—clitic

@ A lexical entry for W event-n-anti-clitic

(16) [ event-n-anti-clitic ]
FORM ad
ARG.ST (| FORM - adnom
aevent-n-anti-clitic ' INDEX S
MODE prop
EM
S INDEX s ]
Anti-Clitics and Syntactic Derivation in Korean 18 /37

e The anti-clitic Zeyent-n-anti-clitic is @ phonological word that corresponds to the nominalization

KL X[AIME 2FX| L UKX| BCF.
0| ool ztots ol i1t ST,
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3.4 Wevent-n-anti-clitic: Event Nominalization Anti-Clitic

3.4 Z.vent-n-anti-clitic: Event Nominalization Anti-Clitic [2/3]

o

A2 oRIEFHE 02| = At2|of

O FAPLEARRI B3A: MhE'S| MY YAZ Ots & NP =2
=
=)

(17) a. AFHES2 [HF 20| HD|] WiZ20i| 20| RCt,
*l'aml-%g ['—1—'?— E‘al'0| E-’]'E ax-levent—n—anti—clitic] [[H_E‘Oﬂ gol nl_ll:l'

L.

event—n—anti—clitic] 0 | }

[xp OfOIPt 2= A
HI =
b. Har { e ZFHIS 230}
— o .
[Np 9|:-||‘|grE'|j|' J_’—%H_J ax-levent—n—anti—clitic] =
Byong-Rae Ryu (2023) Anti-Clitics and Syntactic Derivation in Korean
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3. Proposal: 2 as Anti-Clitic

3.4 W event-n-anti-clitic: Event Nominalization Anti-Clitic

3.4 Zvent-n-anti-clitic: Event Nominalization Anti-Clitic [3/3]

0 Aevent-n-anti- c[itic% 'g'?_-l (P"edicate)% %‘*I’E DJEE H'"Ac_lj P,;'O—|§k| Esl’ | I-CF_ O:I—I?’—O“ EH'C'JJ

Hefs FX| el

event—n—anti—clitic]] 0 I %0 I'

i
1 —
I' [CP ﬂ%’:0| I' IS %:: A event-n-anti- Clltlc] = % I:I' ;éIFOI’H'l%‘\Er-

Q@ Ueventn-anti-ditic allows multiple antecedents in the constructional constraint of type
event-for-participant-cx (Ryu(2023) £f1).

(20) a. 7:24_/;&_% [[J—'-% | |' '%t'l% %—‘_—' %E] ajevent-n-anti-clitic] % % E'|' Jél-%l:[_h (’J_I_%FO|9|- ';lc'll)
Hape [[2U0PFIE £1 U] Heventnanticitic] & & CF EJATH (L0t F)
Byong-Rae Ryu (2023) Anti-Clitics and Syntactic Derivation in Korean
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3. Proposal: Z as Anti-Clitic

353 A e e Theme Nominalization Anti-Clitic

3.5 Hiheme-n-anti-clitic: Theme Nominalization Anti-Clitic [1/3]

@ An anti-clitic of type theme-n-anti-clitic that
e Subcategorizes for a verbal lexeme and syntactically nominalizes a non-agent argument of

the clause, and
o lIts part of speech is a noun N.

QA lexical entry for j,"-\ltheme—n—anti—clitic

(2 1) [ theme-n-anti-clitic
SYN [STOP-GAP <[> ]
[FORM adnom ]
ARG-ST <[INP; > &
<1‘Itheme-n-anti-c|itic ' ARG-ST< SEM RESTR . THEME J ’ RELN in?nimate o >@ >
INST
_GAP <[> ]
MODE ref
EM
SEM | NDEX j }
Byong-Rae Ryu (2023) Anti-Clitics and Syntactic Derivation in Korean 21/37
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3. Proposal: 2 as Anti-Clitic

35 A esieeiidiiie” Theme Nominalization Anti-Clitic

3.5 Hiheme-n-anti-clitic: Theme Nominalization Anti-Clitic [2/3]

Q@ =0 Q| -er, -or, GOQ| -ee, -ling BAIRIO|A EO|= B2t S (Spencer (2005: 87) 4
XtM|St =9|= Baker (1988) £t1)

[E

(22) a. -eein English (e.g., employee)
-ling in German (e.g., Lehrling)
c. employee, refugee, trainee, trustee, devotee, interviewee, lessee, licensee,
nominee, referee, etc.

d. amputee, appointee, auditee, assignee, devotee, examinee, patentee,
transferee, abductee, internee, etc.

(23) a [[ - Zﬂ-ﬂ-&! |_I] 3\-Itheme n-anti- clltlc] I %%I/)é c::!/% (0:” K‘POP)
[[ O'IX'” Elli%] A theme-n-anti- C|ItIC] —-l "*l I/;’: é/ |% (0:" %Aﬁl)

Byong-Rae Ryu (2023) Anti-Clitics and Syntactic Derivation in Korean 22/37
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3. Proposal: Z as Anti-Clitic

353 A e e Theme Nominalization Anti-Clitic

3.5 iheme-n-anti-clitic: Theme Nominalization Anti-Clitic [3/3]

Q@ THEMEZS 2EAIP|= 20 (anti-clitic)2t= 21 OITY o] SX0{0]| 2YE|= 20|, ‘=(Cf 9
F0{0f| EYEl= 2f0|H0| SET BR Atheme-anti-citic 2f ZE0I0 S&¢t 20| 2HX A &

(24) a. [[%60”@'] 2('] = [[-?raoHE._l] ajtheme-n-anti-clitic]
b. [[=xfel] A] = [[Z=AE] Hihemen-antiditic]
c. [[A7sH AH] = [[AFE!] Hinemen-antiditic)
d [[%E] 31'] = [[%?_l] ak-ltheme—n—anti—clitic]

O =AZE 2tol| Ty BAPE AoE|X| ¢totof 2EHOICt (cf. [STOP-GAP <[i]>]).

4) a. B=e [[FoPLRAERS2E U] Hihemen-anticitic] & 'F1 XIRXAIE ZUC.
b- *xE-I‘)IK‘E [[Oc:)|§|j|- ||x2.i:l'l'§0E D|'E I:I'Il] “Ktheme-n-anti- ClltIC] = I%_"J— 7|I|}I|J1|
Z UL

O WHEZE S0{et 2HEE oot =t AHE(X| §i2 320 the siA0[ IHsoltt.

(5) xE-l‘,;\‘E [[E|-II_|] j-ltheme n-anti- clltlc] = E_Il--hl'%kl:l' (I:Héal-: Dfé, -')\-lJ_—'jll EHle_’—jl %)
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3.6 A Hrinsiiaiisieiiaiie Instrument Nominalization Anti-Clitic

3.6 2, strument-n-anti-clitic: Instrument Nominalization Anti-Clitic [1/4]

O LHSZIR ool T2 £ YA BAKOR AHE(X| Q7|0 (1)0] (20)2 sl
SIARS BAE & QIO HIHOIR 2A01H 24 It

@ A lexical entry for Ziistrument-n-anti-clitic

(25) _instrument— n-anti-clitic 1

SYN [STOP-GAP <>]

[FORM  adnom ]
ARG-ST <[NP, > @
<7*1i"“'“"‘e"t'"'a”“'c"““’ ARG'ST< SEM RESTR<..., INSTRUMENT & > >® >
| GAP <> - |
s 100
Anti-Clitics and Syntactic Derivation in Korean 24/37

225



Anti-Clitics and Syntactic Derivation in Korean
3. Proposal: Z as Anti-Clitic

3.6 Hinstrument-n-anti-clitic’

Instrument Nominalization Anti-Clitic

O UHEZE S0t 2HE

=2|Holct.

(5) Hees [[CHE] AH]S 25T
a. e OFs, 2100, =iX|20] &5
b. =7 OKSCIX]?|, 24/

Byong-Rae Ryu (2023)
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3.6 2, strument-n-anti-clitic: Instrument Nominalization Anti-Clitic [2/4]

AAIXAH O
T

S 0t0f) £ HADF AISIE|X| 9
*?:I% ZF M (cf. [STOP-GAP <[1l>)).
(3) a. HiL [YsPtobse CHEl] 2o Six|Do|E CHECt
b. *MaL [[@sP} BAHAE0R Dis2

CHEl] A1 = =fX| 12| = TR,

R0f| =5t ShA 1} T BiA

=~

rlo

Anti-Clitics and Syntactic Derivation in Korean
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3. Proposal: 2 as Anti-Clitic

3.6 Hinstrument-n-anti-clitic’

25 /37

Instrument Nominalization Anti-Clitic

9 Ktheme-n-anti-clitic J-l' “Xinstrument-n-anti-clitic

o A2 HUE[X]
JPYSD O =31 X LHEO| ot =3t2 AlSiA|ID|=
iAo Mz Qs Aoz HOICH YEo =z
— L SHA10] M= T
(20) a. L= [Np [ ORI S Ao,
5HM o= =l Atheme n-anti-clitic — ajmstrument n-anti-clitic
b U [yp [s — _ CHFIE] 208 Afstot
s M3

L Alnstrument n-anti-clitic — atheme n-anti-clitic

Byong-Rae Ryu (2023)
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2102 O[sf3ict. ojuf Fol4o| Zxj
CHat — E32| 20|Lt

3.6 2, strument-n-anti-clitic: Instrument Nominalization Anti-Clitic [3/4]

orte o ojn|o| s =g 1XE

St
HEE A

e O] eh =
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3.6 2 A Instrument Nominalization Anti-Clitic

3.6 2 strument-n-anti-clitic: Instrument Nominalization Anti-Clitic [4/4]

0 EHAI‘(THEME) EHM- I' OOHXE-| LHTOH 0|E|| AI°15|0'| 9}19?_1 III:I_|-I_-II2E A theme-n-anti- cliticol
|-L|I||_ I_OFO 7<o|x-|0| 2 QIC}, [H)C\)r o|o|2io| A|-9“_45|0.1 QoM StHOoZ = Ef’WEII?—EOI
%[2{L} ORI £3L(INSTRUMENT) ojojoie x|asts 2

s
IE)|3H 2t EICt HXp=
2 theme-n-anti-clitic O] & LXF= Hinstrument-n-anti-clitic OCt.
(27) a. L= [yp g OS2 CH) A2 ARRLO].
ERESE ( ) CFEl Obs = CHSHEX| = Ziheme-n-anti-clitic
E‘_r"/EE = Zinstrument-n-anti-clitic
b. L= [Np [¢ B2 0bsE CHE] 2] &8 ARREOL.
FoH: (1) HPItoHl obs = '1%7—1317“ = Ztheme-n-anti-clitic

E;-/ |nstrument n-anti-clitic
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4. Similarities and Differences Between 2, 5, and At

4. Similarities and Differences Between Z, &=, and X}

Byong-Rae Ryu (2023) Anti-Clitics and Syntactic Derivation in Korean 28 /37

227



Anti-Clitics and Syntactic Derivation in Korean

4. Similarities and Differences Between Z, =, and X}

© Similarities and Differences between %, &=, and At

©) 2 BAE [P OIS O (28/58/*E]) 220t
Mo ([0HsS O] { 28/52/X18]} 2Tt
c. AL (] {28/52/XE]} UL,
2 (= 9, = T, = =7, # HIRY
(1) & CREI {4 (# 89, = Oy, = =7, = 9l
X} (# 9l # T, # =7, = BN
% (= %9, = T, = =7, # HIRY
b. OFSS CHEl { &5 (# 89, # T, # =7, = B9IRN
xu¢%$w¢mg~¢54;=@%n)

(= &I, AUid, = ,;ﬁ SN
(# A9, # e, = =7, # A%
t

¥Xb(# AR, # o 75 o, # ARARD

c. YsPtotsg

Byong-Rae Ryu (2023) Anti-Clitics and Syntactic Derivation in Korean

4. Similarities and Differences between A, =, and X} [1/4]
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4. Similarities and Differences Between Z, =, and Xt

4. Similarities and Differences between A, =, and X} [2/4]
@ A lexical entry for xl’human—arg—n—anti—clitic
(28) _argument-n-anti-clitic 1
SYN [STOP-GAP <[> ]
[FORM adnom )
ARG-ST < [ONP; > &
x uman-arg-n-anti-clitic » - o
< fh g-n-anti-clit ARGST< SEM ResTR( ... | ARG |, RELNhPman’”. >®>
INST 4
| GAP <[> |
MODE ref
SEM INDEX ¢ }
Byong-Rae Ryu (2023) Anti-Clitics and Syntactic Derivation in Korean 30/37
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4. Similarities and Differences Between 21, &, and Xt

4. Similarities and Differences between A, =, and %} [3/4]

© A lexical entry for _L'm:argument—n—anti—clitic

(29) [ ]

argument-n-anti-clitic

SYN [STOP—GAP <>]

<|:|argumentnant|cllt|c '

[FORM
ARG-ST

adnom

< [ANP; > @ [2]

ARG'ST< SEM RESTR<..., ARG i > >@

GAP <[>
MODE ref
SEM .
INDEX 1
Byong-Rae Ryu (2023) Anti-Clitics and Syntactic Derivation in Korean 31/37
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4. Similarities and Differences Between 2, 5, and At

4. Similarities and Differences between A, =, and X} [4/4]

QA lexical entry for _L:l':event—n—anti—clitic

(30) a. BEHO| [[=50| 2HOM LIRE] 5] HH0A HZLSIALCE.
Haot [ZBEPL 2P =) 2 D3
c. EHLPAIM [[Of0]7t RE] =2 28] H3UCt
(31) [event-n-anti-clitic |

FORM  adnom
<§event-n-anti-c|itic ' ARGST <|:INDEX s :|> >

MODE  prop
SEM INDEX s }

Byong-Rae Ryu (2023)
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5. Conclusion
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5. Conclusion [1/2]

O 7|2 oto|C|of

o 20} M 2tH|o] 0] =3tol M Ofs 0| §iT, 7|2 HOZ MY $0jo| gxet

=2 =2d - O O - 1 o
|0 Ol[:r
o W20 5 EHE =S HAAH GAZ IPIAP = 215S HYSIC (cf. destruction, examinee,
mazer).
o O HAL TP 7|52 TP FAH(affix) M= OtL| 1 S 225 X7 THof(word) 2A{ L OFL|11 BHY0

(anti-clitic) @ 2 M 8HSIC}
o A, =, K= o] (anti-clitic) 2M S2E2X Q2 =ZXQI THo{0|Lt &2 AR 20| HAL IHY

=Y =
ofgg $iThs ofo|CIolS £2iet Sl AES A
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5. Conclusion [2/2]

zZ2 Yoo

=
@ Introduction of the notion of "anti-clitics” in Korean linguistics
@ Against clitic approach (Chae (2020: 121f.): dependent nouns are obligatory leaners, a
subtype of clitics)

© Three types of Z from a morpho-syntactic perspective:
o (9&)FEAI = noun-lexeme: Z,oun-ixm
o HEA = comp-lexeme: Zcomp-ixm
o BHHHO| = anti-clitic: ajevent—n—antifclitic, atheme—n—antifclitic, 3\1instrumentfnfanti—clitic

@ Further classification of anti-clitic: adevent—n—anti—clitic, 7;kltheme—n—anti—clitic, 3:'instrument—n—anti—clitic
@ Haventnanti-ditic: AFH BWALS} HHE0{(Event Nominalization Anti-Clitic, cf. destruction)
@ Zihemen-anticlitic: CHAY @WALS} BEE0{(Theme Nominalization Anti-Clitic, cf. ezaminee)
@ Zictrument-n-anti-clitic: = WAS} 0] (Instrument Nominalization Anti-Clitic, cf. mizer)

@ Differences and Similarities between 2, &=, and X}
@ They are all anti-clitics.
@ Seventnanticlitic: Event Nominalization Anti-Clitic
@ Eargument-n-anti-clitic: Argument(e.g. Agent/Theme/Instrument/...) Nominalization Anti-Clitic
@ Xhhuman-arg-n-anti-clitic: Argument[-+-HUMAN] Nominalization Anti-Clitic
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CLAUSAL ELLIPSIS
AND NON-SIMULTANEOUS TRANSFER

Haewon Jeon (KMOU)

IHH B
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I.What's Clausal Ellipsis and Why Should We Care?

% a mismatch between sound and meaning.
% Clausal Ellipsis

II. The Internal Structure of the Ellipsis site
*Fragments

% Remnants
*Head as ellipsis licensor

% Structure of the CP: Two Head Positions
% Duality of Semantics (Chomsky, 2020)

I. How and When to Transfer
* Non-Simultaneous Transfer
% Variability of Transfer system
* Mismatches between PHON and SEM

IV. Conclusion

* How do we model these?
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I . What'’s Clausal Ellipsis and Why Should We Care?

% Ellipsis is a mismatch between sound and meaning. In other words, certain syntactic structures(elliptical

sites) are not met in the phonetic realization of the sentence.

(1) John can play something, but | don’t know what Jehna-canplay.  Clusal-Ellipsis (Merchant 2013:3)

Chomsky and Lasnik (1993: 564) assume that ellipsis is an extreme form of phonological reduction in a
typical manner. (see also Rooth, 1992; Tancredi, 1992; Vanden Wyngaerd and Zwart, 1999; Hartmann, 2000).
Merchant (2001, 2004) argues that a fragment answer and sluicing are derived by syntactic A’-movement of
the remnant and deletion of TP. As is well known, this movement and deletion approach sheds light on

ellipsis is a genuinely syntactic phenomena, not deaccented material.

I . What’s Clausal Ellipsis and Why Should We Care?

% Clausal Ellipsis : Fragments have a hidden structure based on Movement+Deletion analysis (Merchant,

2004). Ellipsis is a type of discourse anaphor. Just like other discourse anaphora (such as pronouns), it takes its

P

referent from an antecedent. /\

(2) a. A: What did she eat? B: She ate beans. Fragment Answer Wil o
b. A: What did she eat? \\ I/>\“ TP-cllipsis
B: Someone ate beans, but | don't know who ate beans. sluicing . (]
¢ A HAE OIS BQIL B N =

A’: 8| 212 ? [Fragmentary Question in Korean {| &2 £ A2 HA L
d. Which tree did Juan plant, the oak Juan planted? Split Question

% Goals: The quest for a better understanding of the nature of ellipsis + in current Minimalist theorizing.
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IT. The Internal !

The prevailing idea about clausal
periphery of the elliptical clause.

Wei (2013) assumes that Fragmen
properties that remnants move up t

Maeda (2019) and Maeda and Jeon
of remnants and clausal deletion. ]
Sluicing in English also applies to F
that of FAs in English, involving focu

Maeda and Jeon (2019) and Jeon (
topic that can survive from elliptica

% Remnants: Ellipsis of a clause to the exception of a single constituent
(4) A: Chelswu-nun Yenghuy-eykey mwues-ul cwess ni?
Chelswu-top Yenghuy-dat what-acc gave q
‘What did Chelswu give to Yenghuy?’
B: Wine ipnida.
wine cop
“Wine.’
A: So-Yun-eykey-nun? (FQ)
So-Yun-dat-top

To So-Yun? (Intended: What did Chelswu give to So-Yun?)’

(3) [Remnant [Focp (Wh) Foc [ wh [tp ]] (Maeda and Jeon 2019:174)

II. The Internal

Maeda and Jeon(2019) postulate that a contrastive topic remnant undergoes overt movement to
Top-FocP, and a wh-element undergoes overt/covert movement to FocP, in a cartographic left

periphery

Structure of the Ellipsis site

(5) [ForceP Force [TOPP Top [FOCP Foc [TOpPP Top [FiNP Fin [TP..]]] (Rizzi, 1997: 297)

Given the syntactic properties of FQs in Korean (Maeda and Jeon 2019, Jeon 2022ab), ellipsis
constructions if it is elided, need all information of syntactic objects including A-bar position as focus
or topicalization. Especially, in FQs in Korean, remnants in the left periphery of the clause are required

to be contrastively topicalized in A-bar position as schematized above.
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I1. The Internal Structure of the Ellipsis site

% Head as ellipsis licensor o.M -ellipsia b.VP-ellipsis e. Sluicing
ne " i
(6) a. [vP V°[E] [VP ...]] (VP-deletion) ,;"'f\‘;:,,. .r’/r\"*,. “f\\ﬁ’

b. [TP T°[E] [vP [VP ... ]]] (vP-deletion)

c. [CP C°[E] [TP [vP [VP ...]]]] (TP-deletion) (Lobeck 1991, 1995)
Saito et al (2009)

A functional head H mediating the remnant (Contrastive Topic) and elided material in FQs in Korean armed
with den Dikken (2008), and Ko (2011). See also Park(2012a, 2012b, 2013a). She assumed functional heads
VCAUS, VBE ,VPASS as a phase head. More on a functional head, refer to AspP in Dutch (Aelbrecht 2010), the CP in

English and German (Abels 2018b), and Pre P of Miyagawa (2001).

I1. The Internal Structure of the Ellipsis site

% Structure of the CP: Two Head Positions

(7) [cP1 XP-nun [cP2 C FR—XP}

Based on these generalizations, Jeon(2019,2022b) assumed that there exists a functional head H mediating the
remnant(Constrastive Topic) and elided material in FQs in Korean.
We pointed out that FQs are derived by fronting the target to the specifier position of CP2, a functional head in
the left periphery higher than TP projection. The target of fragments is new information, in contrast to the old

information in the antecedent.
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I1. The Internal Structure of the Ellipsis site

Jeon(2022b) assumed that the higher CP hosts the discourse related features includine Tonic
while the lower CP concerns the clausal typing features. We will

data on Fragments. In the spirit of movement and deletion apprc

Korean are generated from the alternative checking of discourse e A C[\unCT]
postulates that contrastively topic-marker remnants undergo tar C TP

discourse related interpretable features, and CP has its uninterpretaure couriterpart. vwirat s

A
/\

coded by <CT, CT> can be a remnant, which can survive from the clausal deletion.

I1. The Internal Structure of the Ellipsis site

% Clausal Ellipsis

(8) a. Sluicing: [cp1 XP [cP2 C FFR—XP—]}

b. FA(fragment Answer): [cP1 XP [cP2 C FFR—XP—}

c. FQ(fragmentary Question) : [cP1 XP [cp2 C FR—XP—]

d. SQ(split question) : [cp1 XP [cP2 C fFR——XP—}

(9) [cP1 XP [cP2C[TP ... ]

Phonetic Realization (o) Phonetic Realization (x)

Semantic Interpretation (0) Semantic Interpretation (o)

Je

% Duality of Semantics (Chomsky, 2020)

The notion, Duality of Semantics (Chomsky, 2020), that
Cl incorporates a dual semantics, with generalized
argument structure as one component, the other being
discourse-related and scopal properties originates from
Chomsky (2007: 5, 2008: 7) that External Merge(EM)
yields argument structure(agent, patient, goal, etc.),
and Internal Merge(lM) vyields discourse-related
properties such as topic, old information and specificity,

along with scopal effects.
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II. How and When to Spell-out/Transfer

(20) [CP1 XP [CPZ C [TP XP ] (a unified version of Clausal Ellipsis, Jeon(2022b))

As briefly discussed above, we provided a novel way to shed light on the licensing head of the ellipses in
sentence fragments such as Sluicing, FA(fragment answer), FQ(fragmentary Question), SQ(split question) in a
unified fashion.

Then, a crucial question is the timing of Transfer. Is structural information sent to the two interfaces at the
same time or do the two interfaces receive different information at different times? Given this situation, the
question is why there exist different loci of transferring resultant labels to both interfaces. The question

remains, however, how parallel or independent are the transferences to Cl and SM?

vP and CP are the only loci to transfer?

The literature has put forth a number of analyses for the problem of how a syntactic derivation proceeds. When
words are combined to form a sentence at the D-Structure, they are mapped to the S-Structure through various
operations, such as movement, and then they are mapped to the two interfaces, namely Logical Form and Phonetic
Form (Chomsky,1981). The way a derivation proceeds has altered, though, according to Chomsky (1995), who
abandoned both the D-Structure and the S-Structure. A derivation is now separated into several chunks. Chomsky
(2000, 2001) call this chunk “phase”. Chomsky assumes that vP and CP are phases, and that a derivation proceeds
phase by phase. = “Transfer.”

According to Chomsky, the labels or info of syntactic objects are transferred synchronously to the two interfaces.
However, we should speculate this system can be generalized for human languages.

If PF and LF are timed differently = Felser 2004, Matushansky 2005, Citko (2014) and Marusi¢ (2005, 2009)
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(13) Transfer applies to the complement of a phase head and maps it to interfaces.
(Chomsky, 2000)

As pointed out by Obata(2010) and Goto(2011), there is a theoretical problem in the definition in (12).

(14) a. What did you eat?
b. [cP what did [TPyou T [vP v [VP eat _]]]

* Mismatch between PHON and SEM

The two most obvious phenomena where the locus of interpretation differs from the locus of pronunciation: total
reconstruction and quantifier raising. Namely, if at some point in the derivation, the structure built thus far gets spelled-out
to one but not to the other interface, whatever was meant for the other interface but was not spelled-out to this interface

remains in the derivation. As a result, the position of an element would differ from one interface to the other.

IIl. How and When to Spell-out/Transfer

% Non-Simultaneous Spell-out

Citko (2014) claims that Non-Simultaneous Multiple Transfer is well designed to handle a situation in which a given
element is phonologically visible in one position but semantically visible in another position.
Citko (2014) and Marusic (2005, 2009) argue that in the case of reconstruction, Spell-Out to the LF interface occurs
before the Spell-Out to the PF interface. However, QR is the opposite. Namely, in the case of QR, Spell-Out to the PF
interface occurs before the Spell-Out to the LF interface. Under Marusi¢’s Transfer system, Transfer happens at
different loci in the derivation. Marusic¢ (2005, 2009) also argues that covert movement such as QR involves Transfer

to PF before Transfer to LF.
——SM R
(] e— ' ff—
—— M |
] —

— M : ™ e}

i S

Cle—
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If the same syntactic objects are transferred synchronously to the two interfaces,

How did they communicate between SM and CI?

Non-Simultaneous Transfer -

Marugi¢ (2005, 2009) DP/\
(11) Scissors are likely to be in the drawer. scissors T/\V"
[PF] fBPPH® N\

likely LF-only phase

scissors v/\ VP
(LF] PN
be in the drawer
% How do we model these?
(12) a. Sluicing: [cp1 XP [cP2 C FR—XP—]
b. FA(fragment Answer): [cP1 XP [cP2 C FFR—XP—}
c. FQ(fragmentary Question) : [cP1 XP [cp2 C FRP—XP—}
d. SQ(split question) : [cp1 XP [cP2 C FRP—XP—] Jeon(2022b)

e. Syntax: [CPl XP [CPZ C [TP ...XP ] (a unified version of Clausal Ellipsis)
SM : [cp1 XP transter2 [€P2 C [TP ...XP | transfer1

Cl:[cpr XP [cP2 C[rp ...XP ] Jeon (2023, to appear)
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Viable Options:

The transferences to Cl and SM would be parallel or independent ?

1) [cp1 XP [cp2 C[TP ...XP ] 2) [cpa XP [cr2 C[TP ...XP ]

;How to encode ‘Clausal Ellipsis’
! from Narrow Syntax to Interfaces

[cp1 XP [cp2 C[TP ..XP]

( b Transfer to Cl

Transfer to SM
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A Study on Sentence Stress and Isochrony
Produced by Korean EFL Learners
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stress-timed:

ME
- N 20 &S
* X'” 1O|_10'|9| 7“:;{ E‘é OQ‘-I'%}:% |:I|:|.%
o SM HAHZFE 10|19 CE AL H 2 0] SSXE0| 0SS ZHS
o g, 2=Q FO SEA}
> RE Q0= §de glg2 /3
e eg, stress-timed, syllable-timed, and mora-timed
o vs. 30
English Korean

syllable-timed:
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» 22/9 £%¥(sound feature)l} o= O FEX2| 55k SE(proficiency level)
-» 229 SEH EHS0| 45X HE S5 720 ol &S S5t= 717
o H|2HS(stop), OHE S (fricative) - 52 & Xt0|7} US
o 7|*(aspiration) 22 BR0= s TEO| XA0|E A FX| %S
-> 909 SA|’d(isochrony)
o FOo ZHOM ZM(stress)= EEe HFS F1 pHHLE WRE= FE0| A2
+« e.g., My brother is coming on Friday
d0of vs. 310
English Korean

stress-timed:

ol

syllable-timed:
\

A

ojo
uz

otet
A

T

mu El

S|
S|
=]

ox

OF

I

=

njo ru9

R
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o o] E

et g =, &3 M)
auk T E3S
setl o] BT 98 98 98
set2 vt iy 1 1 1
set3 i 64 64 o4 = Proficiency Rating Xl
setd B ool ¥ 1125 956 435
* set5 Fo] &% * 36 36 36
set6 uhgy AP (9E) 1 1 1
A 1325 1156 635
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Hiole S8 =&/ B*t

> 439 FIxt

Mo
=1

- P2
*  lLanguage Background
. Basic information

o 4 oY H1~edoE HI

- 7}

A Al (google survey)

1 21~ 30 [ Production of Sentence Stress X |+

@ docs.google.

QLSeO! 1SORFGIW.. @& O #

S =8 IR §2 7, 20| BA M0t ieiA2i2x]of chgt SAME 1004 67HX| LIEIO| FH2.
(1-2 = beginner, 3-4 = intermediate, 5-6 = advanced). 7H58t T2 EZHFAI ZASRAS
=3

1 = very unnatural, 2 = unnatural, 3 = natural, 4 = fluent 5 = very fluent 6 = native-like

1 2 3 4 5 6
21 (@) ® (@) (@] (@) (®)
Y22 @® ©) o O e} O
Y23 o O o O o O
14 24 O (@) (e) o O o
025 (©)] (@) (@] O O @]
26 O O o O (0] O
27 O O (0] O (0] O
TR 28 O @) O O (@] @)
1Y 29 o (8] (©) O @) O
T4 30 (@] O o O o O

HolEl 52 257 EAt
> 53 ¥ oY 72
Th 7+ B} KHO|7} 2
> IS 2 B7H X0t B
> S2EAAY L TY 3

Intermediate

45~6
25~44 35
1~24 84
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Hiole 24 Ex}

8

M

1) ZM 2 20|

A%

A

Mo

L ZAM 7+ Z0|(duration) &7

_ (S}
e IZZI3: Praat

2) Zo|°| H|E(ratio) Al
3) EE H®X} (standard deviation) 4 £

=]
and

o I BE BHXE 7T 5, 220| ZO0ZE0 M2t isochronyl| 7+ HE7t 55 €2 o

OF

A EetX= K& 27| ?Iof feet i+ B2 MAS LIFO 4 EMS T2

- o

e IE1Z: one-way ANOVA, JASP

HIO|E &M (#9131)

0.40 (1)

1 TR ZM AR 25 - 28R ZA AR 25

[

My brother is coming on Friday.

2 71 28R ZAN AR 25 - 3HA ZA AR 25

-

0.42 (1.05)

A (22 AE-E): 1.36X
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GIO|E| &M (#9131)

0956946 0.411230 (2.432/ 5)

1.368176

0.1918

-0.1758
4917 Hz|

OHz
1 1
8)
= 2| oming on Fr 2r3)
0839095 0.411230 0.471285
0.117850 [0.117850 Visible part 1.721611 seconds 1.839461) 0.447227
Total duration 2.286688 seconds

=4 Z1

> Descriptive Statistics Z 1}

06

05

04

Feet 2

m Advanced

Feet 3

u Intermediate

Feet 4

Novice

2

rin

|
[

Xt
(=}

0| M 42|(advanced) 1 E0| 7+E 00f 7}Z Al

=13
=

-

Q

}
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H 06
Sentences with 2 feet o
- - ) . 04
Table 2. Results of descriptive statistics on isochrony for sentences with two feet 03
Group N Mean SD SE Coefficient of variation 02
Advanced 22 0.103 0.097 0.021 0.947 o1 - .
Intermediate 18 0.182 0.150 0.035 0.826 0
Novice 42 0.149 0.104 0.016 0.700 Feet 2
m Advanced m Intermediate = Novice
A o
-5 -F =ME 00 7ttZ
Table 3. Results of one-way ANOVA on isochrony for sentences with two feet
Cases Sum of Squares df Mean Square F p n?
Group 0.064 2 0.032 2.466 0.091 0.059

Residuals 1.028 79 0.013
Note. Type Ill Sum of Squares

A& zt f9o|0|$t X10|(significant difference)= 1S
21
H 0.6
Sentences with 3 feet o
Table 4. Results of descriptive statistics on isochrony for sentences with three feet 04
03
Group N Mean SD SE Coefficient of variation 02
Advanced 16 0.212 0.153 0.038 0.722 0.1 .
Intermediate 14 0.285 0.272 0.073 0.956 0
Novice 30 0.362 0.370 0.067 1.020 Feet 3
mAdvanced = Intermediate = Novice
d-F-° M2 o0 7t

Table 5. Results of one-way ANOVA on isochrony for sentences with three feet

Cases Sum of Squares df Mean Square F p n?
Group 0.244 2 0.122 1.315 0.276 0.044
Residuals 5.277 57 0.093

Note. Type Ill Sum of Squares

a

H

Zt |9o|0| %t XtO|(significant difference)= 21 &

250




= 74
- Sentences with 4 feet 8?
Table 6. Results of descriptive statistics on isochrony for sentences with four feet 04
03
Group N Mean SD SE Coefficient of variation 02
Advanced 4 0.379 0.116 0.058 0.307 0.1
Intermediate o) 0.439 0.224 0.129 0.510 0
Novice 12 0.516 0.353 0.102 0.684 Feet 4
m Advanced m Intermediate = Novice
> d4-F-°t=M2 00 7tNtE
Table 7. Results of one-way ANOVA on isochrony for sentences with four feet
Cases Sum of Squares df Mean Square F p &
Group 0.061 2 0.031 0.324 0.728 0.039
Residuals 1.509 16 0.094
Note. Type Ill Sum of Squares
> 18 7t §9 0t X0|(significant difference)= 813
= 74
=4 23

>

M 22X 2AM

o TM 7E:|-TI-|'

Table 8. Results of descriptive statistics on isochrony for all sentences

Group N Mean SD SE Coefficient of variation
Advanced 42 0.171 0.147 0.023 0.865
Intermediate 35 0.245 0.221 0.037 0.900
Novice 84 0.278 0.298 0.033 1.073

= A o
d-F - =ME 00 7t 2
Table 9. Results of y ANOVA on i y for all
Cases Sum of Squares df Mean Square F p n?
Group 0.322 2 0.161 2.564 0.080 0.031
Residuals 9.914 158 0.063

Note. Type Ill Sum of Squares

& Zt folO]stk xto|(significant difference)= S

0.6
0.5
0.4
0.3
0.2
041 .

0

All sentences

mAdvanced m Intermediate = Novice
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- EE
> ZE ZFHOAM isochronyZt &-5-5t 55 20| |F2|0[gt Xt0|E HO[|X| @S
- FojQl isochrony= &&X2| sk 55 THH & IS SX| %S

. HlolHe| X
. OI0|E 9| Y(quantity)2] BZ

. HlolE 2l EH(quality)2| &
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Examining the Transformer Models with the K-CoLA Dataset

1. Introduction

Motivation

¢ The Transformer models are used in many downstream tasks
including NLP.

¢ Since the CoLA (Corpus of Linguistic Acceptability) dataset
was included in the GLUE Benchmark (Wang et al., 2019),
there have been several trials to apply the Transformer
models in the acceptability tests.

¢ Questions

e [s it possible to apply the techniques of analyzing the CoLA dataset to
the Korean data?

e Are the performance of three Transformer models (mBERT, KoBERT,
and KR-BERT) similar, especially to the specific type of phenomenon?

Goal

¢ To examine the performance of three types of Transformer
models (mBERT, KoBERT, and KR-BERT) for various types of
linguistic phenomena with the K-CoLA dataset.
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Examining the Transformer Models with the K-CoLA Dataset

2. Previous Studies

Transformer Model (Vaswani et al., 2017)
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Examining the Transformer Models with the K-CoLA Dataset

2. Previous Studies

Three Types of BERT Models for the Korean Language
¢ mBERT

Multilingual BERT
Pires etal. (2019)

Pretrained model on the top 104 languages with the largest Wikipedia using
a masked language modeling (MLM) objective

¢ KoBERT

Korean BERT
SK Telecom (2019)
Developed to overcome the Korean performance limitation of existing BERT

Learned a large-scale corpus of millions of Korean sentences collected from
Wikipedia or news, and applied a data-based tokenization technique to
reflect the characteristics of irregular language changes in Korean, using only
27% of tokens compared to the previous one

Led to a performance improvement of more than 2.6%

¢ KR-BERT

KoRean-based BERT pre-trained
Lee etal. (2020)

Korean-specific, small-scale, with comparable or better performances
developed by Computational Linguistics Lab at Seoul National University
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Examining the Transformer Models with the K-CoLA Dataset

2. Previous Studies

The CoLA Dataset
¢ The Corpus of Linguistic Acceptability
¢ Warstadt et al. (2018)

¢ Itis included in the General Language Understanding
Evaluation (GLUE) benchmark (Wang et al., 2019).

¢ The dataset consists of 10,657 sentences from 23 linguistics
publications, expertly annotated for acceptability
(grammaticality) by their original authors.

¢ Warstadt and Bowman (2020) annotated the CoLA dataset
with major and minor features.

The K-CoLA Dataset

¢ The Korean version of the CoLA dataset
¢ Ahn (2020)
¢* The dataset consists of 18,099 sentences.
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Examining the Transformer Models with the K-CoLA Dataset

2. Previous Studies

A Random Sample of Sentences (CoLA)

z .. 205 g
25 2EET LS9 s2E &
S 3 ESSS5222E32Z585 ¢
< & A IALAR@EO=ERXEO@O
v/ The magazines were sent by Mary to herself. X X X

v John can kick the ball. X

* T know that Meg’s attracted to Harry, but they don’t know who. X X X X

v/ They kicked them X X

v/ Which topic did you choose without getting his approval? X

* It was believed to be illegal by them to do that. X X X X

* Us love they. X

* The more does Bill smoke, the more Susan hates him. X X
v late a salad that was filled with lima beans. X X

v/ That surprised me. X
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Examining the Transformer Models with the K-CoLA Dataset

2. Previous Studies

Major and Minor Features (CoLA)

Major Feature (1)

Minor Features (1)

Simple (87)
Pred (256)
Adjunct (226)

Arg Types (428)
Arg Altern (421)
Bind (121)
Question (222)
Comp Clause (190)

Auxiliary (340)
to-VP (170)
N, Adj (278)
S-Syntax (286)

Determiner (178)

Simple (87)

Copula (187), Pred/SC (45), Result/Depictive (26)

VP Adjunct (162), Misc Adjunct (75), Locative (69), NP Adjunct (52), Temporal (49), Particle
(33)

PP Arg VP (242), Oblique (141), PP Arg NP/AP (81), Expletive (78), by-Phrase (58)

High Arity (253), Passive (114), Drop Arg (112), Add Arg (91)

Binding:Other (62), Binding:Refl (60)

Emb Q (99). Pied Piping (80), Rel Clause (76), Matrix Q (56), Island (22)

CP Arg VP (110). No C-izer (41), Deep Embed (30), CP Arg NP/AP (26). Non-finite CP (24),
CP Subj (15)

Aux (201), Modal (134), Neg (111), Psuedo-Aux (26)

Control (80), Non-finite VP Misc (38), VP Arg NP/AP (33), VP+Extract (26), Raising (19)
Compx NP (106), Rel NP (65), Deverbal (53), Trans Adj (39), NNCompd (35), Rel Adj (26),
Trans NP (21)

Coord (158), Ellipsis/Anaphor (118), Dislocation (56). Subordinate/Cond (41), Info Struc (31).
S-Adjunct (30), Frag/Paren (9)

Quantifier (139), NPI/ECI (29), Comparative (25), Partitive (18)
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2. Previous Studies

Performance (Matthews Correlation Coefficient;
MCC)
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Examining the Transformer Models with the K-CoLA Dataset

Dataset
¢ Training Dataset: K-CoLA (Ahn, 2020)

¢ Test/Target Dataset: Korean translation of the dataset in
Warstadt and Bowman (2020)

¢ Acceptability (Human, mBERT, KoBERT, and KR-BERT)
¢ Only the major features in Warstadt and Bowman (2020)

Models
¢ mBERT
¢ KoBERT
¢ KR-BERT
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Examining the Transformer Models with the K-CoLA Dataset

3. Research Method

Procedure

¢ Download the deep learning models

e mBERT: https://github.com/google-
research/bert/blob/master/multilingual.md

e KoBERT: https://github.com/SKTBrain/KoBERT
e KR-BERT: https://github.com/snunlp/KR-BERT

¢ Prepare the training dataset (Ahn, 2020) and the test dataset
(Korean Translation of Warstadt and Bowman (2020))

¢ Train the BERT models with the training dataset (10 epochs,
LR=1e-5)
¢ Measure the acceptability label (0 or 1) for each sentence in
the test dataset (for all of the three models)
¢ Evaluate the models with the following metrics
e Precision, Recall, F1, and Accuracy

e Matthews Correlation Coefficient (MCC)
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Examining the Transformer Models with the K-CoLA Dataset

3. Research Method

Human Annotation for Golden Standard

¢ English vs. Korean (4 Possibilities)
e English acceptable and Korean unacceptable: None
e English acceptable and Korean acceptable: Most

e English unacceptable and Korean unacceptable

» *I ate that she was happy.
» ¥l D7t S50 H QAL
e English unacceptable and Korean acceptable
» *The bird sing.
» A 7F e et Lt
¢ Human Annotation
e 2 Native Speakers
e Non-linguistic Major
e Acceptable only when both annotators marked the sentence
acceptable
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Examining the Transformer Models with the K-CoLA Dataset

4. Analysis Results

Confusion Matrix

Predicted Predicted
Positives Negatives

Positives True Positives | False Negatives

Negatives False Positives | True Negatives
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Examining the Transformer Models with the K-CoLA Dataset

4. Analysis Results

Precision, Recall, F1, and Accuracy

Precisi Y § o
r n= ————
ecision TP+ FP
TP
all = ————
Recall = 775—FN
2 x Precision x Recall
Fl-score = —
Precision + Recall
TP+ TN
Accuracy =

TP+TN+ FP+FN

Matthews Correlation Coefficient (MCC)
TN x TP - FN x FP
V(TP + FP)(TP + FN)(TN + FP)(TN + FN)
" KACL & KASELL Conforonce ——— Worea University | Junord, 2023 IORNNS)

Examining the Transformer Models with the K-CoLA Dataset

MCC =

4. Analysis Results

mMmBERT

Model Phenomenon Sentences Precision Recall Fl Accuracy MCC
mBERT All 1043 0.153 0.241 0.188 0.826 0.098
mBERT Simple 87 0.182 0.333 0.235 0.851 0.169
mBERT Predicate 256 0.132 0.227 0.167 0.805 0.068
mBERT Adjunct 226 0:133 0.235 0.170 0.827 0.086
mBERT ArgumentType 428 0.161 0.231 0.189 0.820 0.094
mBERT ArgAltern 421 0.134 0.273 0.180 0.805 0.091
mBERT Imperative 12 0.000 NaN NaN 0.750 NaN
mBERT Binding 121 0.143 0.400 0.211 0.752 0.120
mBERT Question 222 0.400 0.308 0.348 0.797 0.233
mBERT CompClause 190 0.091 0.200 0.125 0.779 0.020
mBERT Auxiliary 340 0.195 0.222 0.208 0.821 0.107
mBERT to_VP 170 0.143 0.214 0.171 0.829 0.083
mBERT N Adj 278 0.235 0.286 0.258 0.835 0.167
mBERT S_Syntax 286 0.261 0.308 0.282 0.787 0.159
mBERT Determiner 178 0.143 0.125 0.133 0.854 0.054
mBERT Violations 145 0.113 0.400 0.176 0.614 0.024
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Examining the Transformer Models with the K-CoLA Dataset

4. Analysis Results

KoBERT

Model Phenomenon Sentences Precision Recall Fl Accuracy MCC
KoBERT All 1043 0.007 0.250 0.014 0.867 0.022
KoBERT Simple 87 0.000 NaN NaN 0.874 NaN
KoBERT Predicate 256 0.000 0.000 NaN 0.848 -0.026
KoBERT Adjunct 226 0.033 0.500 0.062 0.867 0.102
KoBERT ArgumentType 428 0.000 0.000 NaN 0.864 -0.027
KoBERT ArgAltern 421 0.015 0.500 0.029 0.841 0.064
KoBERT Imperative 12 0.000 NaN NaN 0.750 NaN
KoBERT Binding 121 0.000 NaN NaN 0.769 NaN
KoBERT Question 222 0.000 0.000 NaN 0.860 -0.027
KoBERT CompClause 190 0.000 NaN NaN 0.826 NaN
KoBERT Auxiliary 340 0.000 0.000 NaN 0.874 -0.028
KoBERT to_VP 170 0.000 0.000 NaN 0.871 -0.029
KoBERT N_Adj 278 0.029 0.333 0.054 0.874 0.067
KoBERT S_Syntax 286 0.000 0.000 NaN 0.832 -0.037
KoBERT Determiner 178 0.000 NaN NaN 0.921 NaN
KoBERT Violations 145 0.000 0.000 NaN 0.628 -0.063
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4. Analysis Results

KR-BERT

Model Phenomenon Sentences Precision Recall F1 Accuracy MCC
KR-BERT | All 1043 0.015 0.182 0.027 0.862 0.015
KR-BERT | Simple 87 0.000 NaN NaN 0.874 NaN
KR-BERT | Predicate 256 0.000 0.000 NaN 0.848 -0.026
KR-BERT | Adjunct 226 0.033 0.333 0.061 0.863 0.069
KR-BERT [ ArgumentType 428 0.018 0.167 0.032 0.860 0.013
KR-BERT | ArgAltern 421 0.030 0.400 0.056 0.838 0.072
KR-BERT [ Imperative 12 0.000 0.000 NaN 0.667 -0.174
KR-BERT [ Binding 121 0.000 0.000 NaN 0.752 -0.071
KR-BERT | Question 222 0.000 0.000 NaN 0.851 -0.046
KR-BERT | CompClause 190 0.000 0.000 NaN 0.821 -0.033
KR-BERT | Auxiliary 340 0.024 0.167 0.043 0.868 0.019
KR-BERT [ to_VP 170 0.000 0.000 NaN 0.871 -0.029
KR-BERT | N Adj 278 0.029 0.333 0.054 0.874 0.067
KR-BERT | S_Syntax 286 0.000 0.000 NaN 0.825 -0.052
KR-BERT | Determiner 178 0.071 0.333 0.118 0.916 0.124
KR-BERT | Violations 145 0.000 0.000 NaN 0.614 -0.110
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Examining the Transformer Models with the K-CoLA Dataset

4. Analysis Results

Overall Performance
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4. Analysis Results

Performance for Individual Phenomena

Model

KoBERT
KR-BERT
mMBERT

Accuracy

miner Imperative NAG Predicate Question S Syntex simple
Phenomenan
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Examining the Transformer Models with the K-CoLA Dataset

Summary

¢ We trained three types of Transformer models (mBERT,
KoBERT, and KR-BERT) with the K-CoLA dataset (Ahn et al,,
2020).

* We used the Korean translation of the annotated CoLA dataset
(Warstadt and Bowman, 2020) and measured the performance
of the three types of BERT models.

¢ Overall Performance
e KoBERT > KR-BERT > mBERT

¢ Performance for Specific Phenomenon
e KoBERT > KR-BERT > mBERT (in general)
e The worst performance in ‘Violations’

Questions
¢ Korean-specific phenomena?
¢ Necessary to use the same criteria?
¢ Necessary to develop a new set of criteria?
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Meeting between artificial intelligence and corpus linguistics:
Collocation analysis for method validation of Al

A9 (At ol Eatat)

The purpose of this study is to diagnose the current level of artificial intelligence (Al) techniques
and propose collocation analysis in corpus linguistics (CL) as a methodology for the method
validation of Al-based analysis. For this purpose, this study tracks semantic change of the two
Korean neologisms leyal and Iwuce using machine learning techniques and compares their results
with those from collocation analysis. To analyze the semantic changes of the two neologisms, |
collected Korean Twitter data and constructed ten yearly Twitter corpora from 2010 to 2019 for
each neologism. For leyal, 1 used word2vec and cosine similarity to measure (i) semantic
similarity between leyal and cincca, an alternative Korean word representing one of the two
meanings of leyal and (ii)) semantic similarity between leyal and leyalmatulitu, an alternative
Korean word representing the other meaning of leyal for each of the ten years. The results
showed that the meaning of the neologism /eyal is more similar to that of cincca, which implies
that Jeyal has been more used to represent ‘real’ than ‘Real Madrid’. Also, they showed that
there is no semantic change in terms of the relation between the two meanings (‘real’ and ‘Real
Madrid’). These results agreed with those from the analysis of top collocates of leyal. For lwuce,
I employed latent dirichlet allocation to measure the number of topics in each of the two
subcorpora classified depending on two meanings of /wuce (i.e., ‘a person who is defeated or
unsuccessful’ and ‘a man whose stature is below 180 centimeters’) for each year. The results
indicated that the use of former meaning sharply increased in 2015 and the use of latter meaning
increased in 2018. In addition, there was no semantic change concerning the relation between the
two meanings. However, the analysis of top collocates of /wuce did not demonstrate the
increased use of latter meaning in 2018. The partial agreement of results means that the current
level of computer analysis still falls short of human analysis. Also, it implies that we should
employ Al techniques carefully and accept their results prudently. This study is the first work
attempting to establish a specific method to evaluate the suitability of Al approach for semantic
change research using collocation analysis in CL. This attempt is expected to make a
contribution to bridging a gap between NLP and CL.

Keywords: artificial intelligence, collocation anlaysis, method validation, word2vec, latent dirichlet
allocation

1. Introduction

Artificial intelligence (Al) is one of the hottest issues today. As advanced technology performs
laborious tasks for humans, we can save much time and energy. This advantage applies in
natural language processing (NLP) as well. Analysis of large-scale corpora using Al techniques is
faster, more convenient, and more efficient, compared to a manual analysis. However, such
analysis has lower accuracy than human analysis because computers use not “language” but
“numbers” to process human language. In the process of converting “language” into “numbers”
and processing them, computers rely on statistics without taking into account any linguistic
features, language exceptions and variables. Thus, such analysis is not the same as analysis by
linguists. Considering this imperfection of Al techniques, this study aims to diagnose the current
level of computer analysis by comparing results between Al technique-based analysis and existing
manual linguistic analysis (i.e., collocation analysis). Also, this study suggests collocation analysis
as a new methodology for method validation of the Al approach. As of now, methods associated
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with corpus linguistics have never been tried for method validation of NLP techniques!.
Therefore, the application of collocation analysis is expected to play a significant role in
connecting corpus linguistics with NLP. For those purposes, this study employs two machine
learning techniques, i.e., word2vec and latent dirichlet allocation to track semantic change of the
two Korean neologisms leyal2 (H¥) and hwuce (+A).

2. Analysis of semantic change of leyal
2.1 Data collection and preprocessing

I employed snscrape in Python to collect 15,500 Korean tweets including leyal (A1) as a
keyword for each month over the course of ten years, from 2010 to 2019. A total of 186,000
tweets was scraped for each year except for four years. The numbers of tweets scraped for the
four atypical years (i.e., 2010, 2015, 2016, and 2019) fell below the target amount. Based on the
scraped tweets, I built ten yearly Twitter corpora. For data preprocessing, I removed unnecessary
data, tokenized sentences into morphemes, reduced inflected morphemes down to their stems, and
got rid of stop words. The process of data preprocessing was performed by means of KoNLPy.

2.2 Methodology

The neologism leyal appeared in late 2009, which came from the English word real. Leyal is
used to mean ‘really’ but depending on the contexts, it refers to the Spanish professional football
club Real Madrid. To find out how the two meanings of leyal have developed across time and
which meaning is more dominant, I used two alternative Korean words, cincca (ZI#)
representing ‘really’ and leyalmatulitu (A <VF=2]=) representing ‘Real Madrid’. On the basis
of the statement from Harris (1954) that the contexts of semantically similar words are similar to
each other, I compared the context words of leyal and those of cincca and leyalmatulitu. 1f the
context of leyal is more similar to that of cincca, it can be said that leyal is more semantically
similar to cincca, implying that the meaning ‘really’ is more dominant than the meaning ‘Real
Madrid’. However, it is inefficient to manually compare the context words among the three
words so I utilized vectors from word2vec. Word2vec converts words into vectors, considering
context words of the target word. Thus, the comparison between vectors means comparison
between context words. After training the word2vec model with each of the ten Twitter corpora,
I obtained vectors of the three words. Then, I investigated cosine similarity (CS) values between
the vectors of leyal and cincca and CS values between the vectors of leyal and leyalmatulitu.
This is because CS measures similarity between vector (i.e., semantic similarity between words).
The closer the CS value is to "1," the more similar the meanings of the two words are. To
track the semantic change of leyal, 1 observed the change of CS values over the ten years.

2.3 Results

Figure 1 shows the change of CS values across time. The CS values between leyal and cincca
are consistently closer to “1” over the ten years. However, none of the CS values between leyal
and leyalmatulitu exceed "0.306". This indicates that leyal has a greater similarity in meaning to
cincca, suggesting that leyal has been used more frequently to convey the meaning of ‘really’

1 This study is a part of my dissertation (Kim 2022). Before my dissertation research, methods related to
corpus linguistics had not been utilized for the method validation of NLP techniques. Additionally, this
study was partly presented at the 2023 Winter Conference of the Korean Association of Language
Sciences (Kim 2023).

2 Korean words in this paper have been romanized conforming to the Yale system of romanization.
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rather than ‘Real Madrid’. While the CS wvalues between leyal and cincca exhibit relative
stability, the CS values between leyal and leyalmatulitu show more frequent and significant
fluctuations. This suggests that the use of leyal to convey the meaning of ‘really’ has remained
consistent, whereas the use of Jeyal to refer to Real Madrid is comparatively unstable and has
not become firmly established. The wvariation in the CS values over time indicates that each
meaning of /Jeyal undergoes subtle changes from year to year. However, concerning the
relationship between the two meanings, there has been no semantic change. The meaning of
‘really’ has consistently been more dominant than that of ‘Real Madrid’ throughout the ten-year
period.
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Figure 1 Change in the cosine similarity values between leyal and cincca and those between
leyal and leyalmatulitu across time

2.4 Method validation

For method validation, I used collocation analysis and a notion of A-curve in language as a
complex system. To be specific, I obtained collocates of leyal for each corpus by means of
LancsBox. Next, I arranged them according to their frequencies. As Kretzschmar argues, their
frequency profiles showed an “A-curve”. According to Kretzschmar (2009, 2015), the frequency
distribution of variants for any given linguistic feature consistently follows a nonlinear pattern,
ie., an “A-curve” (Figure 2). The A-curve consists of a small number of variants with high
frequencies, a moderate number of variants with moderate frequencies, and the majority of
variants with very low frequencies. Because a small number of variants with high frequencies are
essential variants characterizing the entire variants for the given linguistic feature, their change
suggests a significant change to that linguistic feature.

Figure 2 A-curve
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Based on the notion of A-curve, I extracted the top thirty collocates of leyal/ from each
corpus and compared them. For the systematic observation of change to their order, I
investigated how the order of the top thirty collocates from the 2010 corpus changes over time.
Table 1 indicates that nineteen out of the top twenty collocates from the 2010 corpus are
consistently used with high frequency in the other corpora and the change in the order of the
collocates is not significant. Also, it shows that frequent collocates continue to be used with high
frequency, while infrequent collocates continue to be used infrequently, which suggests that there
has been no significant change in the way people use leyal. The findings demonstrate that there
has been no notable semantic change in /eyal over the ten years as well as the usage of leyal
has remained consistent.

English 2010 | Frequency
meaning Collacate
Really e
Todo Ldsd
To g
see/watch/look e (| 3% g . £
To existhave bl 16123 14744 | 1369 13937 | 15338 | 1514 14582 14768 | 164233 18098
Really Eid 13555 19427 | 20787 19457 | 20703 23744 | 23920 | ‘3601 38240 | 3IM16

Tobecomebe | o 1880 | 10866 | 10300 | 9924 | 10705 | 10373 | 10185 | 10305 | n224 | 12014
Not to be oy | M212 | 10836 | 10se0 | 1031 | 817 | 2861 | 1423 16192 | 19441 | 21023

All & 10259 e | 1eos | 8sr | m7d | 2179 | 13487 | eass | amem | 17832
Tobegood | ot | 10189 | 10024 | o976 | 9398 | 10259 | 10974 | 1om4g | w0232 | 10940 | 10613
n!i\b:j!l::': 9 | om | owr | sewr | sms | uan | noere | moss | nes | wmwes | 13338
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Table 1 Top thirty collocates of leyal from the 2010 corpus and change in their frequencies
across time
In order to find out the dominance relation of the two meanings ‘really’ and ‘Real
Madrid’, I compared the top thirty collocates of leyal from the 2010 corpus with those of cincca
and leyalmatulitu from the same corpus (due to the page limit, I omit the tables related to the
comparison here). Interestingly, the top thirty collocates of leyal were the same as those of
cincca. This means that their meanings are similar to each other and /leyal/ has been used to
represent ‘really’. Since Table 1 showed that there has been no semantic change over the ten
years, this finding from the 2010 corpus will be able to apply in the other corpora as well. In
contrast, some of the top thirty collocates of leyalmatulitu were different from those of leyal.
This indicates that the usage of leyal differs from that of leyalmatulitu and their meanings are
quite different. In conclusion, the findings from collocation analysis agree with those from
word2vec and cosine similarity. Thus, we can say that the word2vec model has been well trained
and its results are reliable.
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2.5 Discussion

The findings from word2vec and cosine similarity demonstrate that there has been no
substantial variation in the the usage of the neologism leyal. This suggests that the utilization of
leyal to mean ‘really’ is commonly accepted and considered normal. The agreement between the
results from the AI approach and collocation analysis raises the question of why we should
employ word2vec and cosine similarity (CS) despite similar outcomes. The primary advantage of
employing word2vec is that it can take word meaning into account. Vectors generated by
word2vec reflect word meaning. Based on these vectors, CS quantitatively provides information
on the degree of similarity between the meanings of words. The quantification allows us to
observe language change through numbers so we can analyze language change more clearly.
Also, CS values make it more accessible and convenient to explore word meanings and conduct
research in lexical semantics. The utilization of CS values between the neologism leyal and the
two alternative words has significantly improved the efficiency of tracking the semantic change
of leyal. This efficiency becomes particularly advantageous when analysts need to analyze vast
amounts of data. Therefore, when analyzing large datasets that cover extended time periods, it is
highly recommended to employ word2vec and cosine similarity techniques.

3. Analysis of semantic change of Iwuce
3.1 Data collection and preprocessing

I used snscrape in Python to scrape tweets including /wuce (+74) as a keyword from 2010 to
2019. Because I could not collect the same number of tweets per year, I scraped tweets within a
range of a minimum of 16,655 and a maximum of 27,387, with the number of monthly scraped
tweets uneven. On the basis of the scraped tweets, I constructed ten yearly Twitter corpora.
Next, I split each of the ten yearly Twitter corpora into two subcorpora depending on the two
meanings of /wuce (i.e., ‘a person who is defeated or unsuccessful’ and ‘a man whose stature is
below 180 centimeters’): the existing meaning subcorpus and the new meaning subcorpus,
resulting in a total of twenty corpora. A tweet containing any of the following seven morphemes
was classified as the new meaning subcorpus: 180, khi (71), iha (©|3}), kkalchang (Z7),
seynthi (A E]), seynchi (A A]), and sseynthi (R E]). For preprocessing, 1 removed unnecessary
data, tokenized sentences into morphemes, reduced inflected morphemes down to their stems, and
tagged them with their parts of speech. Using the tag information, I only extracted numbers and
nouns which are not stop words from the corpora. This is because the performance of
implementing latent dirichlet allocation (LDA) only with nouns is better. The process of data
preprocessing was performed by means of KoNLPy.

3.2 Methodology

The word Iwuce derived from the English word loser and its meaning is also similar to that
of loser. It represents ‘a person who is defeated or unsuccessful’. However, in a Korean TV
show aired in November 2009, a woman said that a man whose stature is below 180 centimeters
is a loser. Back then, her remark caused a heated controversy and she was denounced for her
statement. Since her remark, /wuce has been employed to refer to a man whose stature is below
180 centimeters. The neologism /wuce is a case where a new meaning is combined with the
existing meaning. To find out how the two meanings of /wuce have developed across time and
which meaning holds a predominant position, I used numbers of topics. As a specific word is
frequently used, the number of tweets including the word will also increase. Many tweets contain
relatively more contexts of the word than a smaller number of tweets. This leads to an increase
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in the number of topics. Based on this, I assumed the variation in the number of topics will be
able to show change in the use of word. To obtain the number of topics from each of the
twenty preprocessed subcorpora, I employed C v topic coherence. Because it is difficult to verify
whether LDA has correctly classified lexical items based on topics, an evaluation metric to
assess the perfomance of LDA is needed. If we blindly rely on the classification results from
LDA without verification, we may obtain an incorrect number of topics from corpora with
inaccurate topic classification. This is why I used C v topic coherence to determine the number
of topics. To be specific, I set the limit of trials for each subcorpus to fifty and selected the
first number that met the following requirement on topic coherence within the fifty trials: The
value of C v topic coherence has to exceed the minimum value of .55, which is considered as a
satisfactory value. On the basis of twenty number of topics from each subcorpus, I tracked how
the two meanings of /wuce have developed and which meaning is more dominant.

3.3 Results

Figure 3 shows change in the proportions of topic numbers over the course of ten years. The
proportions from the existing meaning subcorpora consistently surpass those from the new
meaning subcorpora. This suggests that there has been no semantic change concerning the
dominance relation between the two meanings. To be specific, the proportion from the new
meaning subcorpus gradually decreased from 2010 to 2017 (with a slight increase in 2014) but
significantly increased in 2018 and remained the same in 2019. This implies that there was a
gradual decline in the use of /wuce to describe ‘a man whose stature is below 180 centimeters’
but it started to be used again in 2018. In addition, the difference in the proportions between
2014 and 2015 is greatest, which reveals that the most significant shift in the use of the two
meanings occurred in 2015. The second most notable change occurred in 2018. The year 2018
witnessed an increase in the use of the new meaning and a decrease in the use of the existing
meaning.
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60 mFailure # Stature
40
20

0

2010 2011 2012 2013 2014 2015 2016 2017 2018 2019
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Topic Number (%)

Figure 3 Change in the proportions of topic numbers across time
3.4 Method validation

I used LancsBox to obtain the collocates of Iwuce from each of the ten preprocessed yearly
corpora, with its two subcorpora (i.e., existing and new meaning subcorpora) combined for each
corpus. Next, I arranged them according to their frequencies (their frequency profiles also
followed A-curves). After selecting top thirty collocates from each corpus, I observed how the
orders of three collocates, the number 180, the two collocates namca (‘&A}), and khi (7]), have
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changed across the ten corpora. Table 2 shows that the collocate khi consistently holds the third
position in ranking for four consecutive years from 2010 to 2014. Since 2015, its order has been
fluctuating, moving beyond the tenth rank. The other two collocates 180 and namca also show
fluctuations out of the tenth rank. The collocate namca consistently appears in the twenty-fifth
rank every year, whereas 180 does not appear in the thirtieth rank for three consecutive years
from 2017 to 2019. The change in the order of the three collocates 180, namca, and khi
indicates a significant decrease in the use of the new meaning since 2015.
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Table 2 Top thirty collocates from each combined corpus

For a more detailed analysis, I examined top eleven collocates from the three corpora for each
year (e.g., the 2010 combined corpus, the 2010 existing meaning subcorpus, and the 2010 new
meaning subcorpus). Table 3 shows eleven collocates from the combined corpus for each year,
which are categorized into three groups, with the frequency indicated below each collocate. The
darkest color was assigned to overlapped collocates between the existing and new subcorpora, the
second darkest color was assigned to collocates from the existing meaning subcorpus, and the
third darkest color was assigned to collocates from the new meaning subcorpus. The collocates
associated with the existing meaning always outnumber those associated with the new meaning.
This demonstrates the dominance of the existing meaning over the new meaning throughout the
ten-year period. Notably, the collocate khi holds the third rank for five consecutive years from
2010 to 2014 and there is only one new meaning collocate in 2015, which is ranked eleventh.
In 2016, there are two collocates associated with the new meaning, which are ranked tenth and
eleventh, respectively. However, from 2017 to 2019, there are no new meaning collocates among
the top eleven. The changes in the order and number of the new meaning collocates indicate a
decline in the use of the new meaning over time.
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Table 3 Eleven collocates categorized into three groups for each year

In contrast, the number of the existing meaning collocates gradually increased over the
six years from 2010 to 2015. In 2016, the number of the collocates decreased from seven to
five and it remained consistent from 2017 to 2018. However, in 2019, the number decreased
from five to four. While the LDA analysis indicated a decrease in the use of the existing
meaning in 2018, the collocation analysis shows that the decrease began in 2016. The important
thing is that the year 2015 witnessed the greatest increase in the number of existing meaning
collocates. This finding, along with the demoted rank of the new meaning collocate kAi in 2015,
demonstrates that the most significant change in the use of /wuce occurred in 2015, which agrees
with the result from LDA. To sum up, the collocation analysis shows that some of the results
from LDA are accurate but the following finding is not correct: in 2018, the use of the new
meaning increased and the use of the existing meaning decreased. Considering this disagreement,
the utilization of LDA for lexical semantic research is not currently recommended.

3.5 Discussion

The results from LDA show that there has been no semantic change in terms of the
relationship between the two meanings of /wuce. People have more frequently used the existing
meaning than the new meaning. The decrease in the use of the new meaning until 2017
demonstrates that the new meaning was actively employed when the neologism was created (in
late 2009) and the related topic was a hot issue. One possible reason for the decrease might be
public antipathy to the combination of the existing and new meaning. The disagreement in
findings between the LDA approach and collocation analysis indicates that LDA still needs
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method validation and improvement. The limitation arises from the fact that LDA does not
consider word meaning. Because LDA classifies lexical items based on statistics, it is natural that
its classification is different from human classification. In contrast to the LDA analysis,
collocation analysis is intuitive, transparent, and clear. This is why I chose collocation analysis as
a method to validate the suitability of the AI approach for linguistic research. For now, we
cannot blindly rely on the AI approach and a manual analysis like collocation analysis should be
required. This study suggests that collocation analysis will be able to serve as a systematic
method to assess the performance of Al techniques, in particular, models trained in unsupervised
learning, which lack evaluation metrics.

4. Conclusion

This study established a specific method to assess the suitability of the AI approach for
semantic change research by applying a concept in language as a complex system to collocation
analysis in corpus linguistics. This attempt is worth performing per se because methods
associated with those two fields have not been utilized for the method validation of NLP
techniques so far. This study showed that the approach of applying A-curve frequency profiles to
collocation analysis works well for the method validation of the AI approach. Compared to NLP
techniques with opaque internal workings, collocation analysis is clear, transparent, and evident.
Therefore, employing collocation analysis can be a reliable method for the method validation of
NLP techniques. The collaboration between the AI approach and collocation analysis is
anticipated to encourage interdisciplinary research between the two fields, i.e., corpus linguistics
and NLP.

Concerning the analysis of Iwuce, the partial agreement of results between the LDA
approach and collocation analysis demonstrates that we should not blindly believe its results. We
should doubt them. The current level of NLP techniques is inferior to human analysis. An
analysis relying on statistical processes is not able to explain every aspect of language because
language is not numeric. Language should not be approached as if it were a mathematical
problem that can be solved through the mere application of formulas. Because there are
numerous variables and exceptions in language, it is essential to consider all of these factors to
gain a proper understanding of language. That is where the expertise of linguists comes in. NLP
engineers and computer scientists as well as analysts utilizing NLP techniques should bear this in
mind. I do not argue that NLP technique-based analysis is unreliable so we should not employ
it. My point is that we should use NLP techniques with greater prudence and exercise more
caution in accepting their results.
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When Did GPT Graduate in Medicine?

Maurizio Balestrino, Medical Doctor | Dept. of Neurosciences (DINOGMI), University of Genoa, Italy and
IRCCS Policlinico San Martino, Genoa, Italy

"Dr. Google" has already been complementing and sometimes replacing medical advice for a long time, but it
has at least one clear advantage over GPT and similar Al models: its sources can be verified and independent-
ly evaluated. | can Google a search string and see with my own eyes where it took me. Obviously, it will make
a big difference if it took me to the website of a respected medical association or to a blog written by a lay-
man. The great limit (and, in my opinion, danger) of GPT is that you do not know where it derived its ...

Z4GPTt 21Hl PhD in Linguistics& &XI?
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Beyond the Imitation Game
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1 Let’s think step by step. 78.7 (Kouma et al_ 2022, 82)
2 First, (*1) 71.3

3 Let’s think about this logically. 74.5

4 Let’s solve this problem by splitting it into steps. (*2) 72.2

5 Let’s be realistic and think step by step. 70.8

6 Let’s think like a detective step by step. 70.3

7 Let’s think 57.5

8 Before we dive into the answer, 55.7

9 The answer is after the proof. 45.7
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