B3 IEAR

O BRAELIALR

EREA A \J | )
2 /1 f-

2025-4-3




597

FT BRI R T AL SR AHOCER#E, I0E ZHW X
TR, R B E TR s . Bk et

1) B SE—ANWIE B IERE

2) fhe P RIE, ARRER

3) £ FIEHER, ARIGERERIE

WA WEERATH 2 FAF? SR 2L T A




o & F 3

& =
sketchEngine AN o
Folle 46 —




1. 3550} B Ak




1B 4B &4+ 247 Corpus/Corpora

BB A B # ARt R, ARIEIE T R FEN, AR FAE
MR ART E, F— A IES IRILE MR TFIRE. (3
M, WA Z, <ERELS#IED, 2017)

BB, BB hET SN, RIEAF R HEF AT ILE KW

RAAEA & FAF AT S 0 52054, X B R 2 of — 42 B HIAT
E, FTEE, TATHAMAALIERR. (ErdF, <GEREHE
FIREYD , 2012)




ERE R L7 ( ROATZERRK )

R R AR A
ngémn%@

. P AT 1 2 oy
15 E ATHRAT /] - B
O e L ‘ ! oAb AR 3A] I A
IR ARES . T ﬁ%ﬁé%iﬁg i%i&%,X%
A A Syt RTINS B Ay K
N * g “}l:,m ’ —']:‘LT—" = S0
B, REEFAEEL. b

43k Dl A ‘k % -jE—'f‘
B At K P 3k



BAERE | KEERE/

TRENE | FaEsE

iRE
SR
RE 2
BB AL

HEE R
FATIER B/
it b AE B




B E 5 AT AL ERE
o B (Brown ) % [E 315154 E ( F. NelsonAuH. Kucera, R &-F001H B8 E )
o bR KPR FEIEERE (IDEST, EBERBRFEMEF)
o FEFITIBRE (HRE —ANFEERE, =B SHUH4F K5, Mona Baker )
3% & B K&k E (BNC)
X E BAREEEHRE (COCA, £ BB H KFMark Davies )
ARRIEERE (FEERIEE XFERS)
@A ER AERE (LTANEERE, EEFE)
w7 = A g B ATIE R E ( BB RGB R
FREFTATERE ( LGSGRKE, &8l
o WEFAZHAXFATIENE (BAXHEFIR)
o IR FAFFIRFATIERE (L EMLKRE, i)



WS KRR E

o BOMNILATFATIERE (1210897, 219 BB E )
e TAUS Data (70012313, 2200/ME 5 = )
e MyMemory ( https://mymemory.translated.net/ )

& mymemory.translated.net/zh/ =

TFEOREFEE. © 2F8Ess [ TE0RsE.. @ i 28 |Digtalized.. () AFEZINET (. @ DeeplEiE @ 30—= & cpTdT

MyMemory EEAPI EF MyMemory &

I T ! ' ' s by translated LaBs

the language data network SREVERUFRIBIE, M
7,269,081,299 5 A TEHErhiRAY

Saien v‘ = ‘iﬁiﬁsﬂPst 9




ERL B B T e

i e ol

k. MiAEDE

FFROESE ik, BYHR
REEER BREHR
FEESTT CiEHAF
BNt SRR BEEREUHAR
BT RES
B

T BEFICIZFE, SEE
RRESTIHRASTFEET, P Y R EITRIENTE

WE{EEhEA AR



EREY AR 1 8ERNS5 S

S o BRI AT RE A I, 3
iy SAARGEE, IR —E
. e EEERRG. Y. ORARTA
LEZES g g g AT
\‘ o | R R SR TM
' Q %¢16+L$%;¥ ( Translation Memory ) , &5 #1330 %

o N A MALERE R AN GEIE, LH
R BLATR B & b B 13




BRI B T 2 MR AL

Fpihbkg: ¥ AR

CHIFAEE o BELE e MIERET o mias

BRGE 5 #

A 3 PLAY EEIR R Jin i 5 213 W, BN
BRI 4] X Ao AR S IR AT AR I B RSR R
ik, AL BE", $w AT 45 b1 2 SR

SFEAE AFHRE 3, RAF AE#
FAE" S



1B B B R B 3B 3 2k SO A,

B IR b B

o AT IGEERE AT IS S @AFAE. FE Kok BB BHLIEAT I

PR E A

o 3T LR R 50 F 85 74 AR 2
iR B

o RIVRES A HATE T WIEMEF . KRB I AMEEAE &

FER T A

o« MHFABRXEE LB ER, REMBRRFRAT

o IR F AKX (. BEF. BORSF ) B Ea s



ERE R R 9T 4 DA R IR R

v 3 o K3 AN . B 4 B 1% A
/I\A%l%‘bﬁ'flﬁi,% : fgiéélgg AL B 1R %

L e ¢ R KR,
FRREBE LA

:  MILBERN, W R
R RkiB Kk E %ég% jj’; R

' e o BASKR, . ML S
SR8 R ﬁéé&‘%m&%%&ﬁ -

vV



GRAZZS R I

KWIC/concordance search iS5 FFEiR/fEERY LT XERZG
Word Frequency lists i@50517=: RIEIAHAE HINAYRE

Collocation analysis {5Hc53#r: EMEMRIGERBXER

WordList i83%: ZRFEEIEINFSHEEXAENER, FitESAFHIE,
A LA TFEhE SR ERAIANIE N

POS tagging 1@#4TiE: (Part-of-speech tagging) XJIEHIERRIERIREZIE
NFETRSO#HITHRC, BitmEEEM

Keyword analysis <R3 #r

Term extraction ARiE}ZHY

T |




RAEFATE AL ) 2 A

#i2 XA 5

&) sk B MR

B XN EE/ SRR KR A L5, #IRHE AR S
HEERe S, B, mI. M. 5. FRHEAETE

H X F LA R RiE (EE, WGE)

AR AR, w5 M

WIS R, it

I AL

TMXMall, SGEFATIERE XS A, 2017



ER AR RIRE

ERERH

y

IERERER

v

Corpora | Li | Le | reaches

Inc

pka | = | & | #&

AT

BRI E

msr R Fik

FE 0t 7]

e Elpe

AT

v

cityu Zb8 23z

% | A

Table 1: Illustration of different segmentation cri-
teria of SIGHAN bakeoff 2005.

EREL PR

ERHIn LT

v

BRI ST

v

R

v

BRI EEEE %)

B 1.

R ER R RER

» EIRENATNHINENAE
A\ BRI RIRT R R AR,
Al /iR, 1BIR,
SRR

F=1=1R

=IRXITT

RS, R R A HORALIE, 2018



|
¢y
T s v

2. 5B 2



15397

HT R — AT ALE R
X ER R, HEERE I
BB, KA B ET

ERFEm MR E. Bhath: L %P WA
1) B —ANSGERERE 2. WA F 558
2) il Xk RE, AXN—HR
BRI R o




Step 1: FKEMEE b XA ——4 ZWIPO3 35 &

https://patentscope.wipo.int/
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Step 1: KW IE L b A== A7 0 R 334

i

[EN] The embodiment of the invention provides a training method of a large language model and a text processing
method based on the large language model, and relates to the fields of artificial intelligence, cloud technology, natural
language processing, machine learning and the like, in particular to a language model in a pre-training language model.
The method comprises the following steps: acquiring a training set and a pre-training language model corresponding to
each task in a plurality of natural language processing tasks in the same target field, and acquiring a second feature
extraction network corresponding to each task; and repeatedly performing training operation on the second feature
extraction network corresponding to the task based on the training set corresponding to the task until a training ending
condition is met, obtaining a trained second feature extraction network corresponding to the task, and obtaining the
target target based on the pre-training language model and the trained second feature extraction network
corresponding to each task. And obtaining a target large language model of the target domain. Based on the method,
the accuracy of the text processing result output by the large language model can be improved.

(ZH) AERESC iR M OESEEMNSE LI AR ET AESERNSAINES L, PRATERE. =il B
AESINERNBEEIFME, TESRINHESERFINESER. %HiZ8E: FEE—BiuEE 1854
ESNEEEThE SN EENTN)SESER, ABE(ISNHE TRHHERNEE, WTa—15,
HETZEEX NAN) | FENA ST NS _FAHERNBESH T IGIRE, EERE)IGERENS, BEzEs
XIR AN Ea RIS HERRNES, BT RAT)IERE SRS A ESXIMNAN) IS =AUSE RN, 53
FABtRUEH B AAESEE, ET%hix, LIRS AESEREREHI S AINEE RS,




Step 2 A ERE, FARIEXH

- https://auth.sketchengine.eu/#login

- Bk 48 72 sketch engine K5 free trial, % 5% 1¥ 30 X

CREATE CORPUS

CREATE CORPUS

Build your own private corpus from texts on the web or from your own documents.

Name  Al-tech corpus

Corpustype (O Single language corpus
@ Muliilingual corpus

Storage used: 0 of 1,000,000 words (0%)

BACK NEXT



https://auth.sketchengine.eu/#login

Step 2 0|2 iBRLE, FANIE

CREATE CORPUS | upe tosearch

CREATE CORPUS > ALIGNMENT > UPLOADDATA > COMPILE

j|=—— R ——| =
— Ty
— — Ty
— — —
Aligned documents Non-aligned documents
Parallel corpus from aligned texts. Parallel corpus from texts which are not aligned but are

translations of each other. Skeich Engine will align
them automatically.

Amyx, xliff 2.0+, xIf 2.0+, xIs?, .xIsx?, .zip

.doc, .docx, .htm, .html, .pdf, .txt, .zip

LEARN TO BUILD [4




Step 2 0|2 iBRLE, FANIE

Source language Target language

English “ Chinese Simplified Q
Source corpus name Target corpus name

Al-tech corpus, English Al-tech corpus, Chinese Simplified

CONFIRM RESET

EAEXGE

Choose a file or drag it here. Choose a file or drag it here.

You can upload: .doc, .docx, .htm, .html, .pdf, .ixt You can upload: .doc, .docx, .htm, .html, .pdf, .txt




Step 2 0|2 iBRLE, FANIE

ype 1o searcn CJ\

> UPLOADDATA > COMPILE

Your corpora are ready

Al-tech corpus, English (English) ®

00
DO

Al-tech corpus, Chinese Simplified (Chinese Simplified) ®

LEAVE

2024_spring_CAT English

Al-tech corpus, Chinese Simplified Chinese Simplified 168

Al-tech corpus, English English 192




Sketch engine 7 &L K3/ 4k

DASH BOARD Al-tech corpus, Chinese Simplified O ) * WO rd SkEtCh ‘i-ll‘-] i[: %ﬁ :

o BT — /N W R A EAT
AI-TECH CORPUS, CHINESE SIMPLIFIED ;;E’T @J ’_}%]_ g ;z] ;27 'TEZ /;’,13% ‘g]uj}é\—g;ig‘

Word Sketch ® Word Sketch Difference
Collocations and word combinations (O] Compare collocations of two words A '£ er
E‘I’]ﬂ y o

e = Thesaurus =.= Concordance

== Synonyms and similar words = = Fyxamples of use in context - \] Y=
- Thesaurus [&] X 17 :

2 Parlel Conoriace g Yortla AT ERFIXG, HEAEAT
B AF w8 %17 57 0 I

N= N-grams - Keywords
= Multiword expressions (MWEs) = Terminology extraction v
° —
- Wordlist 731 5| &
Trends #w Text type analysis
Diachronic analysis, neclogisms "

Statistics of the whole corpus . KeyWO rd S %%iﬁ] *‘i’%%

OneClick Dictionary 13 Bilingual terms

Automatic dictionary drafting

Bilingual terminology extraction




Sketch engine: %417 . F 3R ( | 3hiFMARE)

KEYWORDS :Al—tech corpus, English Q @ o @ B =N
Q2 e T 0O %

SINGLE-WORDS v MULTI-WORD TERMS
° reference corpus: English Web 2027 (enTenTen21)  (iems 62)
Lemma Lemma Lemma Lemma Lemma
pre-training see 1 invention see 27 network see 31 base see 47 condition ore
2 extraction see 2 artificial oo 22 domain (LD °2 large ses 42 step sse
corresponding see 'S accuracy oo 27 intelligence y SEES i, ‘ - —
WORDLIST | Altech corpus, English Q| ®
< trained see 4 target see 24 output
| o R NOUN z8items 75 ot recuency 2
plurality see 'S acquire vee 7% learning
Noun Frequency ’ ¥ Noun Frequency ’ ¥ Noun Frequency ’ ¥
embodiment e 'O obtain see 26 text )
language 10: #e ! field 2. oo 21 set 1 (ees
7 i ase 17 ase 27
processing L CIEIT) model 8 eee o text 2 oo 2 embodiment 1 eee
¢ fask o ' training - “ natural task T see ° operation 1 oo 2% cloud 1 eee
repeatedly 000 9 comprise o000 7° feature target 5 eee ! plurality 1 eee 24 technology 1 eee
0 language coc “0" method 0 30 second °  training 5 oo ° output 1 e 'S machine 1 eee
Rows per page: 50 v 1-50 of 62 method 4 oo > intelligence 1 oo © learning 1 oo
T —— netwark - damein Lo | | conciion Lo
processing 4 oo ' result 1 eee 7% accuracy 1 eee
extraction JNese invention e
feature 4 oo | step 1 oo

Rows per page: 50 ~ 1-28 of 28
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Step 3 5 K35, 5 i SFIL LB A

Download corpus

Al Al
txt vert
Plain text Vertical TMX
Without part-of-speech tags One token per line with part-of- For aligned multilingual
and lemmas speech tags and lemmas corpora

More settings ~
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vert (4
N5 W) 18 MEATE

ai_tech_corpus_english.vert

Fdoc id="file32377953" filename="AI_EN.txt" parent_folder="upload">

<s>

The DT @ the-x

embodimznt NN embodiment-n
of IN of-i

the DT @ the-x

invention NN invention-n
provides VVZ provide-v

E DT  a-x

training NN training-n
method NN method-n

of IN of-i

. orax | ANIERYEMIREHFHEE
large J1J large-j

languagz NN language-n
model NN model-n

and CC  and-c

a DT  a-x

text NN text-n
processing NN processing-n
method NN method-n

based VN base-v

on IN on-i

the DT  the-x

large JJ large-j

language NN language-n
model NN model-n

<g/>
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ai_tech_corpus_english.tmx

ion="1.8" encoding="UTF-8" standalone="no
="1.4

xml:lang="en The embodiment of the invention provides a training method of a
large language model and a text processing method based on the large language model, and
relates to the fields of artificial intelligence, cloud technology, natural language
processing, machine learning and the like, in particular to a language model in a

h pre- tralnlng language model.
o =EY - ﬁiz’%- s ﬁ:)}a AL

ol EE BERE B 1 BE KR,

Xx \E Y \E ) Z
1'p 1 xml:lang="en The method comprises the following steps: acquiring a training set

and a pre-training language model corresponding to each task in a plurality of natural
language processing tasks in the same target field, and acquiring a second feature
extraction network corresponding to each task; and repeatedly performing training operation
on the second feature extraction network corresponding to the task based on the training set
corresponding to the task until a training ending condition is met, obtaining a trained
second feature extraction network corresponding to the task, and obtaining the target target
based on the pre-training language model and the trained second feature extraction network
corresponding to each task.

X ng="zh-Hans




4, A HAE . WIE o
1E25 E T B L




HIEENE T . AntConc

http://www.laurenceanthony.net/software/antconc/

@ AntConc
File Edit Settings Help
Target Corpus KWIC  Plot File  Cluster  N-Gram  Collocate  Word  Keyword  Wordcloud
(= T Total Hits: 08 Page Size | 100 hits | | L9 1to 98 of 08 hits ]
Files: 1
Tokens: 227042 File Left Context Hit Right Context
UNcorpora.EN.txt 1 UMcorpora.ENtxt Fase, Burundi, Cambadia, Camercon, Canada, Cape Verde, Chad, Chile, China, Colombia, Comoros, Costa Rica, C7ted ' lvoire, Croatia,
2 UMcorpora.EN.txt Faso, Burundi, Cambedia, Camerocon, Canada, Cape Verde, Chad, Chile, China, Colombia, Comoros, Costa Rica, C7ted ' lvoire, Croatia,
3 UMcorpeora.ENtxt Fase, Burundi, Cambedia, Camercon, Canada, Cape Verde, Chad, Chile, China, Colombia, Comoros, Costa Rica, CTted ' lvoire, Croatia,
9 4 UMcorpora.EN.txt Faso, Burundi, Cambedia, Camerocon, Canada, Cape Verde, Chad, Chile, China, Colombia, Comoros, Costa Rica, C7ted ' lvoire, Croatia,
U T F - 8 ﬁ E : 5 UMcorpora.EN.txt Fase, Burundi, Cambedia, Camercon, Canada, Cape Verde, Chad, Chile, China, Colombia, Comoros, Costa Rica, CTted ' lvoire, Croatia,
— 6 WUMcorpora.ENtxt ria, Burkina Fase, Burundi, Cambedia, Canada, Cape Verde, Chad, Chile, China, Colombia, Comoros, Costa Rica, C7ted ' lvoire, Croatia,
3‘ = ) v 7 UMcorpora.ENtxt ria, Burkina Faso, Burundi, Cambodia, Canada, Cape Verde, Chad , Chile, China, Colombia, Comoros, Costa Rica, CTted ' lvoire, Croatia,
J ‘ 8 UMcorpera.EN.txt Faso, Burundi, Cambedia, Cameroon, Canada, Cape Verde, Chad, Chile, China, Colombia, Comoros, Costa Rica, C7ted ' lvoire, Croatia,
9 UMcorpora.EN.txt Faso, Burundi, Cambodia, Camercon, Canada, Cape Verde, Chad, Chile, China, Colombia, Comoros, Costa Rica, CTted ' lvoire, Cuba,
10 UMcorpora.ENtxt |, Burkina Fasc, Burundi, Cambedia, Cameroon, Cape Verde, Chad, Chile, China, Colombia, Comoros, Costa Rica, CTted ' lvoire, Cuba,
11 UNcorpora.EN.txt Faso, Burundi, Cambedia, Cameroon, Canada, Cape Verde, Chad , Chile, China, Colombia, Comoros, Costa Rica, C Tted ' lvoire, Croatia,
12 UMcorpora.ENtxt Fase, Burundi, Cambadia, Camercon, Canada, Cape Verde, Chad, Chile, China, Colombia, Comoros, Costa Rica, CTted ' lvoire, Cuba,
13 UMcorpora.EN.txt Fase, Burundi, Cambedia, Camercon, Canada, Cape Verde, Chad, Chile, China, Colombia, Comoros, Costa Rica, C7ted ' lvoire, Cuba,
14 UMcorpera.EN.txt 3m | Bulgaria, Burkina Faso, Cambodia, Cameroon, Canada, Chad, Chile, China, Colombia, Comoros, Costa Rica, Croatia, Cuba, Cyprus,
15 UMcorpora.ENtxt ssalam , Burkina Fase , Burundi, Cambodia, Camercon, Cape Verde, Chile, China, Colombia, Comoros, Costa Rica, C7ted ' lvoire, Cuba,
16 UMcorpeora.EN.txt russalam , Bulgaria, Burkina Fase , Burundi, Cambodia, Cape Verde, Chile, China, Colombia, Comoros, Costa Rica, CTted ' lvoire, Croatia,
17 UMcorpora.EN.txt urkina Faso , Burundi , Cambuedia, Cameroon , Canada , Cape Verde , Chile China Colombia, Comoros, Costa Rica, C7ted ' lvoire, Croatia
Search Query Words [] Case [] Regex Results Set Context Size
China v|| st | CJiAdvSearch]
Sort Options | Sort to right v/ Sot1|1IR  ~|So2 2R  ~|Sort3 3R v/ Orderbyfreq ~|



http://www.laurenceanthony.net/software/antconc/

AntConc # % 1: 4| 3Z corpus

AntConc - Corpus Manager O x
P g

Corpus Source

O Corpus Database © RawFile(s) ) Word List

Target Corpus Reference Corpus

Active Corpus Database
Raw Files Corpus Builder

Save Close Swap (with reference)
Corpus name I:orizon_game I

Corpus name Herizon_game.db

Corpus files [ Description
| Add File(s) I Add Directory Clear Mo. of files 1 Cateogry Description

Horizon_EM.txt full_name Harizon_game
short_name Horizon_game
file_count 1
token_count 1610
type_count 735
encoding utf_8 sig

token_definition  [\p{L}]+
ignore_header False
ignore_items False

number_replace  False

format raw_files
| “‘ indexer_type word
indexer simple_word_indexer

Basic Settings

¥ |Indexer, Encoding, Token Definition

Indexer simple_word_indexer ~
Encoding O UTF-8 O Cther Unified Chinese [gb18030]
Token Definition Show Token Definition Settings

Advanced Options
» Metatable Tables(s)

» Headword/Grouping List

[

Return to Main Window



AntConc ¥ %2: R E/=H 7 %k

® AntConc @ AntConc - Global Settings o X
File Edit Settings Hel
q 1} Category Tool Filters Reset
T'"_lEt c‘"l._ Colors @ Cllister/N-Gra®y Collocate/Word,/Keyword/Wordcloud Results
. Files
Name: Ho Tool Settings Ctrl+T Fonts () Use words in file | @ Hide words in file
r L Directi
Files: 1 SZ:E‘C‘::;E trectien Add File [ Preview Clear
Tokens: 1610 . ve———
Restore Settings HiEAE SRR bt
Statistics
Tags

l|TooI Filters | |




AntConc J %3: 1A M. BEKWICH

& AntConc
File Edit Settings Help
Target Corpus KWIC  Plot File Cluster  N-Gram  Collocate Word  Keyword  Waordcloud
:Trﬂe :'wizoﬂ_game Types 651/651 Tokens 1610/1610 Page Size 100hits ~ (2 1te 100 of 651 hits 2
iles:
Tokens: 1610 Type  Rank Freq Range
Horizon_EN.bd 1 the 1 62 1
2 to 2 46 1
3 a 3 35 1
4 you 3 35 1
5 of 5 32 1
B i 6 26 1
Tt 7 25 1
& that 8 23 1
9 and 9 22 1
10 counselor 10 21 1
1 s 1 20 1
12 be 12 16 1
13 in 13 15 1
14 net 14 14 1
15 aloy 15 13 1
16 for 15 13 1
17 was 13 12 1
18 on 18 12 1
19 this 19 1 1
20 if 20 10 1
Search Query @ Words (| Case [_] Regex
v Start ) Adv Search
Sortby Frequency ~ [ Invert Order
Progress _‘I[[l% 4
L



waEEN E T H . WordSmith

% WordSmith Tools 6.0

wE. | 0= e
1.8 5. #FLAE. EMLE
. LI

2HE AT MR m A A A,
e AEAR 2T A AR

3. X IR CAHFATE: LA K
15k EE

k5.

1.9 b3k % AT 5 4E A

2P AR T E: & RIHE
B, BT m e An A

% % #1AntConc. e

About

|Eng|i5h Arial




NiEEHRLE T . ParaConc

! & BFsU ParaConc 1.2 N S

Settings QUery About

AN SI «)% Ig 1 B — :jExdude
ﬁn ‘(ﬁ %‘E ~

et

7. EREREGES RN T ﬁﬁ?&ﬁﬂﬁ:"‘ﬂ B3 w\iE’Jﬁﬁﬁﬁ RHAME

’fa 7%"3]‘ J/X/ﬁl] g SRVTIR X LA+ RSB RN (0 cormore 2 o e o5

XX‘iﬁ i 1 7.Reiterates that the damaging exploitation and plundering of the marine and other
ﬂ

i natural resources of the Non- Self- Governing Territories , in violation of the relevant

resolutions of the United Nations , is a threat to the integrity and prosperity of those
Territories ; (INcorpora.EN.txt, line 1386)

(d) e + M EE AR IR FE TR TR AN S B A8 A IR A | A OB YR ]

Eﬁ;

2 1.431)

{(UNecorpora ZH.txt, Iin
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15 i TE ( Pythontl)

Jieba: ‘:]3 iﬁ\’iﬁ]Fﬁ] ,]i}j;;-]—:/i
(#]TITH)

SnowNLP: F 3418 +18 1%
k. BREMT. RN

=3

PkuSeg: ZA4R3Kmid, ME
A TR AR R

THULAC: ‘3]7 j‘;é?\i—gl_l_ig] ']i%i’]—_?
. T KE B RET A
HREATIHIFRE.




¥ | 347 LE: CorpusWordParser.exe

i SRS AR RS CorpusWordParser

| W ETees - G W oEs - O et
1 k
| [ EesdmattnEne |2 sasess |
e
L XS —
SR TSt (| BPERER S TLATF AR
BT LA BRNRRI. AR sraEimEEmT Bllnicodedz ) -
0. AL EEEEIAIEIE  »
B AR R ETT
n 18] nt  B[E]£5 9] nd  H{rHEie
1




¥ X f 3h4017 B . CorpusWordParser.exe

B SR EER CorpusWordParser — O

B EuiHEs - W o - W OES - [ EIstRE bLA; []

KW AMAL B ORA - R (7

FE At 7 OB % . FE oan R Bh iR R4
A B OREE . A B B 5 B FE B BEx EHF
fA o AL R O . BE AEMm wn daR ] /) AL
g . BEg ] & IMF ek 7 — M xE . Al
Ml ARG Rzt B2 m okl WE TEA I & ' MW
=i BHE M SERM FE 8 4HME . A& IRE ot T At
mE BN - B M@, BRE . Z3F MM W Hih wmip /)
Bl & B BhE fopnE ., DL M elE BR OB BFE A

o W{HRE: BEPII(GB2312) « EREECMEg « dniEidobons il 34 BB All rights Reseversed. .t

B R EFE B El S ATE TR, 218 )5 B S R ANSIZR A BT XT S i



¥ CFARE T Tree Tagger

'a TreeTagger for Windows 2.0 (Multilingual Edition) — O >
Eile
= o | Language settings Output settings
oose texi(s PR
) : & English  German  French  ltalian I Retain original paragraphs
Start tagging | ™ With lemmata in output

You are about to tag these files:

DA T /E\AR 52\2023\1- 37 FAZ S\ 8 4L 4 Bh B iR\ - AR\ 5 8L FE T B J% 8 ) FE 6 4 A [ 1\2_Case\d-3% 37 i) ' b7 7F \Localization_RC
Click the "Tag files now" button to start tagging.

Tagging "DAT.{FVA 22\2023\1- 5 KN\FZAVK E N SEAL G0 B 38 e\ -URR\S-15 0L F T B 2B KR @) N T 1\2_Cased- 5 30 1A P biviE \Localiz
POS tagging complete.

etting VVG to TO the DT Bottom NP of IN Localization NP - NN
at WP Is VBZ the DT Payback NN ? SENT

Despite IN compelling JJ arguments NNS for IN localization NN , ,
ny JJ firms NNS are VBP still RB struggling VVG with IN

figuring VVG out RP how WRB to TO justify VV the DT effort NN >

. _SENT ANSI éﬁ;ﬁ—% é/‘?
The DT cost NN of IN localization NN happens VVZ to TO be VB TXT‘K/H—‘
very RB small JJ] compared VVN to TO the DT big JJ

international JJ revenue NN it PP can MD help VV generate VV
. _SENT

But CC most JJS firms NNS shortchange VV their PP$
localization NN budgets NNS . SENT

Even RB though IN their PP$ work NN constitutes VVZ a DT
relative JJ bargain NN , , localization NN practitioners_ NNS
still RB have VHP to TO prove VV their PP3$ wvalue NN to TO
corporate JJ budgeters NNS mindful JJ of IN post—Enron NN
accounting NN scrutiny NN and CC the DT morning—after JJ
internet NN malaise NN . SENT




¥* M ARE T E: Tree Tagger

" Sketch grammar () @ English 3.3 for TreeTagger pipeline v2 (recommended)
A3 ] tree

tagger éﬁﬁé& O Universal-generic-1.0

(O None (no word sketches)

The following steps are necessary to install the TreeTagger (see below for the Windows version). Download the files by right-clicking on the link. Then select "save file as". All
files should be stored in the same directory.

1. Download the tagger package for your system (PC-Linux, Mac OS-X (Intel), Mac OS-X (M1), ARM64, ARMHF, ARM-Android, PPC64le-Linux).
If you have problems with your Linux kernel version, download this older Linux version and rename it to tree-tagger-linux-3.2.5.tar.gz.
. Download the tagging_scripts into the same directory.
. Download the installation script install-tagger.sh.
. Download the parameter files for the languages you want to process.
. Open a terminal window and run the installation script in the directory where you have downloaded the files:
sh install-taggersh
. Make a test, e.g.
echo 'Hello world!" | cmd/tree-tagger-english
or
echo 'Das ist ein Test." | cmd/tagger-chunker-german
. You also might want to have a look at my new part-of-speech tagger RNNTagger.
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1% F| Abbyy Alignerst 3

*E]e'l' Froject * — ABBIT Aligner

File Edit Actions Tools Help x
_ﬂ - HSave @ Checl Alizmment %Next Error [ o D El Separator :’l,: Jﬂ @
|I’—f = : . — . _

Wew Open Froject [mfExport to TME | p1i- @Settlngs Pq.l"revmus Error | "Ml Eedo | perge LﬁSpht Fragment == 5 Delete

Ho | English =l DA TR 0e i SRR AEY » | = | Chinese Simplit x| DIAT{EVFEZ\20I6\RHMEFEEEVY ] =
1| Getting to the Bottom of Localization — What Is the Payback™] | SEEl A #b{k (iR — EHREE 79 B
Despite compelling arguments for localization. many firms are  |EEAH{V FEBZISIE , 2L ANABLITEF
still struggling with fisuring out how to justify the effort. {L A M4l o B S,
: The cost of localization happens to be very small compared to | M {LHEESEEHNERERR A HER D,
the big international revenue it can help generate.
4|But most firms shortchange their localization budgets. BRABSRAERMNN T TE,
Even though their work constitutes a relative bargain. REMINN TEGR T —MEN TS, Sl A
5 localization practitioners still have to prove therr value to AR EEQtlEEEETHRERNALITE
corporate budgeters mindful of post-Enron accounting scrutiny | 25 7] & Bk 2288 9 4+E,
and the morning-after internet malaise.
This report analyzes the ability of localization projects — that is, | AR & 947 7 EH#b{k B LD —
the translation and adaptation of products, services, supporting Hl=f , BBS , T EMRNER TN ERES LN E
6 materials, and infrastructure for other markets — to create EfdnE , BHeEEANEERE. 7
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Getting to the Bottom of Localization — What |s the Payback?

Despite compelling arguments for localization, many firms are still struggling wit
h figuring out how to justify the effort.

The cost of localization happens to be very small compared to the big internatio
nal revenue it can help generate.

But most firms shortchange their localization budgets.

Ewven though their work constitutes a relative bargain, localization practitioners s
till have to prove their value to corporate budgeters mindful of postEnron accoun
ting scrutiny and the momingafter internet malaise.

This report analyzes the ability of localization projects — that is, the translation a
nd adaptation of products, services, supporting materials, and infrastructure for
other markets — to create demonstrable shareholder value.
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1 Getting to the Bottom of Localization — What |s the Payback? EMEMERIRE - ER@E Y

5 Despite compelling arguments for localization, many firms are still struggling wit BEFRM{ETFEEI S FEATREEIHE IR HEMCAIRM -
h figuring out how to justify the effort.

. The cost of localization happens to be very small compared to the big intematio = LRI EESEEE£/MEXERRE A BRI -
nal revenue it can help generate.

4 But most firms shorichange their localization budgets. =Rt e ROS=TE 3 et f [ b U R L=
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ting scrutiny and the momingafter internet malaise.
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6 nd adaptation of products, services, supporting materials, and infrastructure for  BIEIEA0RE . BB EXMBRR{E -
other markets — to create demonstrable shareholder value.
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w&xﬁa‘# VA 8] F A AL T AT ETMXAS X 69 & 500 B XA, TaH—HRAEZLRL,
% B LE L
Getting to the Bottom of Localization — What Is the Payback?
Despite compelling arguments for localization, many firms are still struggling with figuring out
how to justify the effort. The cost of localization happens to be very small compared to the big
international revenue it can help generate. But most firms shortchange their localization budgets.
Even though their work constitutes a relative bargain, localization practitioners still have to prove
their value to corporate budgeters mindful of post-Enron accounting scrutiny and the morning-
after internet malaise. This report analyzes the ability of localization projects — that is, the
translation and adaptation of products, services, supporting materials, and infrastructure for
other markets — to create demonstrable shareholder value.
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<tmx version="1.4"> <header creationtool="Translation Memory eXchange" creationtoolversion="1.0"
segtype="sentence" o-tmf="ABCTransMem" adminlang="en-US" srclang="en-US" datatype="PlainText" /> <body>
<tu> <tuv xml:lang="en-US"><seg>Getting to the Bottom of Localization — What Is the Payback?</seg></tuv> <tuv
xml:lang="zh-CN"><seg>52 LR AL B AR AR — EIR FRL? </seg></tuv> </tu> <tu> <tuv xml:lang="en-
US"><seg>Despite compelling arguments for localization, many firms are still struggling with figuring out how to
justify the effort.</seg></tuv> <tuv xml:lang="zh-CN"><seg>A % A AL FF A B Z F18, H 2 N a3 RS H 34T
15 AR ALY KL </seg></tuv> </tu> <tu> <tuv xml:lang="en-US"><seg>The cost of localization happens to be
very small compared to the big international revenue it can help generate.</seg></tuv> <tuv xml:lang="zh-
CN"><seg>RHALWI K RS & = A 89 BE KE AR D . </seg></tuv> </tu> <tu> <tuv xml:lang="en-
US"><seg>But most firms shortchange their localization budgets.</seg></tuv> <tuv xml:lang="zh-CN"><seg>1E =& K
ERAA B 45 AT A HAL TR . </seg></tuv> </tu> <tu> <tuv xml:lang="en-US"><seg>Even though their work
constitutes a relative bargain, localization practitioners still have to prove their value to corporate budgeters mindful
of post-Enron accounting scrutiny and the morning-after internet malaise.</seg></tuv> <tuv xml:lang="zh-
CN"><seg> XA TAEM K T — N3t R 5y RMALI AL AT ATF IR B Fvi 4 Ak TR A 225 B 5 4e SR PR
O3t Ao BB BB B UMEL.  </seg></tuv> </tu> <tu> <tuv xml:lang="en-US"><seg>This report analyzes the
ability of localization projects — that is, the translation and adaptation of products, services, supporting materials,
and infrastructure for other markets — to create demonstrable shareholder value.</seg></tuv> <tuv xml:lang="zh-
CN"><seg> R4/ T RMALTE BT — B 7= 5, IRS-, SUAFAM R A AT 37 0 SEph S M W B3 A 2, X
A B KR R HPME. </seg></tuv> </tu> </body> </tmx>
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1 Getting to the Bottom of Localization — What Is the Payback?
Despite compelling arguments for localization, many firms are still
2 struggling with figuring out how to justify the effort.
3 The cost of localization happens to be very small compared to the
big international revenue it can help generate.
4 But most firms shortchange their localization budgets.

&
- RE
42 6
i &=

& wE3

g EFerE

Even though their work constitutes a relative bargain, localization
practitioners still have to prove their value to corporate budgeters
5 . 3 . -
mindful of post-Enron accounting scrutiny and the morning-after
internet malaise.
This report analyzes the ability of localization projects — that is, the
translation and adaptation of products, services, supporting
materials, and infrastructure for other markets — to create
demonstrable shareholder value.
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A 30-day free trial

https://auth.sketchengine.eu/#register

&SKETCH
ENGINE 2 JieHuang &

Sign up

® 2

Free 30-day trial Individual user account

The complete functionality, 300+ corpora, 90+ languages. May An academic or commercial use conducted by a single person.

contain advertising.

o0 ﬁ
PSS N
Multi-user account Join a multi-user account

An academic or commercial use conducted by an institution. An access code is required.



4| 3215 4} EE—create corpus

Arabic Web 2018 (arTenTen18) Arabic 4,637,956,234
Chinese Web 2017 (zhTenTen17) Simplified Chinese 13,531,331,169
Dutch Web 2020 (nlTenTen20) Dutch 5,890,009,964
English Web 2021 (enTenTen21) English 52,268,286,493
French Web 2023 (frTenTen23) French 23,874,070,858
German Web 2020 (deTenTen20) German 17,512,733,172
Hindi Web 2021 (hiTenTen21) Hindi 792,395,313
Italian Web 2020 (itTenTen20) Italian 12,451,734,885

Japanese Web 2011 (jaTenTen11) Japanese 8,432,294,787

v/

Korean Web 2018 (koTenTen18) Korean 1,668,851,720
2 842 corpora

[0 show description ADVANCED SEARCH | CREATE CORPUS
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S8 CREATE CORPUS English Web 2021 (enTenTen21)

CREATE CORPUS

Build your own private corpus from texts on the web or from your own

documents.

Name 2024_spring_CAT

Corpus type @ Single language corpus
O Multilingual corpus

Language English

Description  Game

Storage used: 0 of 1,000,000 words (0%)
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CORPUS: 2024 spring_CAT ngiish

ADD TEXTS

@ o

Find texts on the web | have my own texts

Automatically find and download relevant texts Upload your own files (.txt, .pdf,...) or paste text
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Input type

@ \Web search

Input some words and phrases that define the topic of the new corpus.
Words will be randomly selected and groups of 3 will be sent to the

Bing search engine. The web pages that Bing returns will be
downloaded and processed into a corpus. Input between 3 and 20
words or phrases.

Hit ENTER after each one.
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Select web pages to download

The selected web pages will be downloaded. Deselect those that should be skipped. A page may be removed after the downl
match your denylist settings, allowlist settings or size restrictions. Check the settings now (Your current selection will be lost.)

Filter

SELECT VISIBLE DESELECT VISIBLE EXPAND ALL COLLAPSE ALL

~/ game terminology e game localization e video game (23/23 selected)  #

AN N N NN N N NN NN

blog.andovar.com/games-translation-ultimate-guide
ehlion.com/magazine/gaming-terminology/
en.wikipedia.org/wiki/Glossary of video game terms
gengo.com/industry-translation/video-game-translation-services/
j-entranslations.com/what-skills-do-i-need-to-be-a-game-translator-part-1-translation-skills/
link.springer.com/chapter/10.1007/978-3-030-42105-2 15
link.springer.com/chapter/10.1007/978-3-030-88292-1 3
multiplatform.com/news/demystifying-game-terminology-in-video-game-localization-ptw-s-experience/
research-information.bris.ac.uk/en/publications/terminology-management-in-game-localization
smartcat.com/blog/game-localization/

academia.edu/6639017/Challenges _in video game localization An integrated perspective
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2024_8 prlng_CAT / user/jie.huang/corpus_2024_spring_cat e created March 29, 2024 at 5:56:47 PM >
Game
GENERAL INFO COUNTS © TEXTTYPES © TEXT TYPE ANALYSIS
Language: English Tokens 80,452
<doc> (7) 22 Vv
Domain name, doc.urldomain 16 E
TAGSET
- Sentences 3,448 FileID, doc.id 2 B
Paragraphs 859 File name, doc.filename 2 8
Documents 20 Folder, doc.parent_folder 18
Top level domain, doc.tld 5 B
URL, doc.url 2 3
Website, doc.website 6 B
LEXICON SIZES @ COMMON TAGS
<g> (0) 16,718 v
? i i *
word 11,186 adjective J. <s> (0) 3448 v
tag 62 adverb RB.? <p> (0) 859 Vv
lempos’ 8,427 conjunction cC <im1> (0) 2 v
pos 9 determiner oT <Image> (0) 2 v
lemma 7,960 noun N.* <txt2> (0) 1 Y

numeral
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KEYWORDS

SINGLE-WORDS v/

2024 _spring_CAT

MULTI-WORD TERMS v

e reference corpus: English Web 2021 (enTenTen21)

Lemma

[Im

[Ims

Imms

arxiv

Imm
chatgpt
gpt-4
multimodal
preprint

mm-lims

Lemma
openai
multi-modal
llava
pre-trained
modality
peft

sft

mm-llm

' gpt-3

models

Rows per page:

Lemma

generative

27 ai-native

pre-training
lim-based
gpt-4v
imagebind
vit

next-gpt
g-former

webvoyager

1-50 of 100

Lemma

instructibility

2 vision-language

cvf
cogvim

rihf

o fine-tuning

blip-2

' image-text

vicuna
instructblip

> >1

(e

Lemma
eva-clip

Xu

' chatbot

' human-like

llama

» zhao

neuro-symbolic

" encoder

° zhang

tangibility

©

Do
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MANAGE CORPUS  |2024spingcar @ | ©
CORPUS: 2024 _spring_CAT ngish) »

Game
Browse Make bigger Share Download
View documents and folders, edit Add texts to corpus Share corpus with other users Download corpus to your drive
metadata
A x] = o
(X om
Compile Delete Subcorpora Configure
Compile corpus or change compiler Remove corpus permanently Manage subcorpora Change corpus configuration
settings
Logs New corpus

View corpus logs Create new corpus




Pricing

o

SKETCH Home  News & Events Pricing Guide Aboutus Contact

ENGINE

ACADEMIC PERSONAL SUBSCRIPTION

| am in an academic environment and | do not conduct lexicography or

non-academic activities.

Your country: other country :

Subscription Space Total
billing period for your own user corpora
quarterly monthly 82.68 €
82.68 € 2424 € 8.81¢€ 1 million words for per year excluding VAT

+ |

i——}
82.68 ¢ 0.00
peryear per year

No quota is needed to access the preloaded
corpora. 1 million words are included free for
you to try the corpus building_tools.




| Sketch engine vs. English-corpora
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english-corpora.org/compare-sketchEngine.asp

English-Corpora.org @

corpora guides related resources users my account upgrade help

English-Corpora.org and SketchEngine are probably the two largest sites for online corpora. We believe that both sites provide valuable
resources for linguists, lexicographers, and language learners and teachers.

The following is a comparison of the two sites, for those who are already family with Sketch Engine, but are new to English-Corpora.org.
Admittedly (because this list is at English-Corpora.org), it is probably biased towards English-Corpora.org, and we invite you to look more in
depth at what Sketch Engine has to offer as well. Finally, if there is incomplete / incorrect information below, please let us know.

Feature

Corpora

Users / research

Sketch Engine

- Extremely wide (90+) range of languages,
and hundreds of corpora

- For English, very large web-based carpora,
as well as many other specialized corpora

- Linguistics and lexicographers, teachers and
learners, etc

English-Corpora.org

¢ Mostly English, as well as some for Spanish and Portuguese

* For English, perhaps the best suite of corpora for looking at variation:
genre-bhased, historical, and dialectal

s Largest corpora are iWeb (14 billion words) and NOW (14.6 billion
words and growing by ~250 million words each month)

- ~130,000 distinct users each month, including about 80,000 registered
users

- ~300 universities have academic (group) licenses, as well as large
government-funded licenses

- More than 16,500 registered "researchers" (professors or graduate
students) in linguistics or language studies

- Cited in more than 10,000 academic publications, including more than
5,000 in the past five years

- The data (e.g. full-text, word frequency) is used by hundreds of
companies, including Google, Amazon, Microsoft, IBM, Samsung; Merriam-
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