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1B R E AT 4?7 Corpus/Corpora
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BE KB R AL
o B ( Brown ) % E3#&4EiEXE ( F. NelsonAzH. Kucera, #3071+ HAE R E )
o LB B KRFFLFIEEIEFE (JIDEST, LERBRFMHETF )
o MIEFEERE (WRFE AR RE, XE 24T KS, Mona Baker )
o 32 E B KiEHHE (BNC)
o X H BNREEERE (COCA, £ B4 A KFMark Davies )
o IR FFRE (FEERIEET XFERS)
o 1 H IRt B E (JLFANEEARS, ERIE)
o WA =M BAAHE g7 AT IE R E (LI RGE K )
o R EFPATERE ( L@ KF, %HH)
o FEBEFREFATIERE (HXTEFLR)
o IRE S FAFRIRTATIERE (R RF, H#)
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o BMINATATIERE (1212845, 20 BRNIES )
e TAUS Data (70012 #-17], 22004M& 5 2} )
e MyMemory ( https://mymemory.translated.net/ )

& mymemory.translated.net/zh/ =

FEIHEETRE. G ZassEs [ cEONstyie. @ i =8| Digitalized.. () AFEEUSH (. @ DeeplEE @ mi—= 8 cpTar
MyMemory W AP EF MyMemory 2
by translated LaBs
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KWIC -- keyword in context
KWIC/concordance search £iEiAZES|: $FE1R/EER L T SERAZEM |
Word Frequency lists i@#0%175 : JREIEEREHIATRER
Collocation analysis {50517 EMEMRIRRAEXER
WordList {53 : {REBFEEIENINESHEENAINER, FiTESARFIE. Bkl
AT ERRESEMERIANIERE
POS tagging i@l#iFiE: (Part-of-speech tagging) XHERIEERRIEEIRIRERIE A
ETOHITIRS, BIfREETRS
Keyword analysis X234

Term extraction AiEi2HY
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Step I: JREINE+ b I — FWIPOHIE &

https://patentscope.wipo.int/

| TP Portal
= WIPO o v omx v | AR
FT > PATENTSCOPE > %
R BEv NE v TIE v SE
ATEqE AGE=EE O\
mﬁ 1820 MEE SAEIB all )
FP:(A T4E OB S Q
Hefr: XMy &Bm: 10 v
mﬁ 284 NMEE EZRB all B= zh  [EEEY true  BR—HERRS false  EFENPL false _a\ EE?: m
—
HEFE: XM v S 0v TE: 297 v 1/25 ¥ > HS2EMZ -
1. 116756579 KiESERRY)GEERETRESERII ARG X CN - 15.09.2023

FEfRs>ZE GO6F 18/214 (7  HAES 202311058355.1  HAjEA TENCENT TECHNOLOGY [SHENZHEN] CO., LTD.  ABBA. LIN ZHENXI

FEHELRAIBM 7T —MAOESIBENISERERETAESEENANERE, BRATERE. ok, BIARSIMNERYEEFIZME, AEPN)IENESE
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Step |: IR E -+ Ak S ——RFF 0 AR 3 3%

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 B ERAE, FANEXH

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




Step 2 B ERAE, FANEXH

CREATE CORPUS ‘

ALIGNMENT

E— E— =
— - 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. Sketch Engine will align
them automatically.

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

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

LEARN TO BUILD [4




Step 2 B iFRE, FAIIEXH

Source language Target language

English Chinese Simplified

Source corpus name Target corpus name

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

CONFIRM RESET

HAENGESE

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 B ERAE, FANEXH

COMPILE

Your corpora are ready

Al-tech corpus, English (English) ®

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

00
DO

LEAVE

Gk 9:2%7

2024_spring_CAT English

Al-tech corpus, Chinese Simplified Chinese Simplified 168

N1

Al-tech corpus, English English 192




Sketch engine B35 R 3h fit

DASH BOARD Al-tech corpus, Chinese Simplified
AI-TECH CORPUS, CHINESE SIMPLIFIED

Word Sketch ® Word Sketch Difference
Collocations and word combinations (O] Compare collocations of two words
e — Thesaurus =.= Concordance
== Synonyms and similar words = = Fyxamples of use in context
=e= Parallel Concordance = Wordlist
=@= Translation search == Frequency list
N= N-grams = Keywords
= Multiword expressions (MWEs) == Terminology extraction
Trends ‘, Text type analysis
Diachronic analysis, neclogisms A | Statistics of the whole corpus

OneClick Dictionary 13 Bilingual terms

Automatic dictionary drafting Bilingual terminology extraction

Word sketch 17 JC % 3

e 7T — AN L7 B 1 A
BBAT Sy, 455 Lt
RIE . B4R, RS,

Thesaurus [§ X 17 :

T ERF X7, 455

)‘/ﬂ% T 5 AFuf 1% 217 75 B4 1
Wordlist 731 7| %
Keywords X42FRR3E %




Sketch engine: X4%35 . 183 ( B FhiEMATE)

KEYWO RDS Al-tech corpus, English o @ B =N
Q2 e T 0O %
SINGLE-WORDS v MULTI-WORD TERMS +/

o reference corpus: English Web 20217 (enTenTen21)

Lemma Lemma Lemma Lemma Lemma
pre-training see invention see network see base see condition ore
extraction see artificial oo domain (LD large ses step sse
corresponding see accuracy oo intelligence SEE - S
WO RD L I ST Al-tech corpus, English
trained see target see output
. _ _ noun Q
plurality see acquire vee learning
Noun Frequency ? ¥ Noun Frequency ? ¥ Noun Frequency ’ ¥
embodiment see obtain oo text
language 100 #e¢ field 2 ees set 1 less
processing - L " CIEIT) model 8 eee text 2 oo embodiment T e
task o training - natural task 7 e operation 1 eee cloud 1 eee
repeatedly see comprise vee feature target 5 wes plurality i e technology 1 eee
language o method a0 second training 5 eee output 1 eee machine 1 eee
Rows per page: 50 - 1-50 of 62 method 4 oo intelligence 1 eee learning I8 iese
B —————— network 4 ess domain fless condition 11 iess
processing 4 eee result 1 e accuracy 1 eee
extraction 4 ese invention i ses
feature 4 oo step 1 e

Rows per page: 50 ~ 1-28 of 28







Step 3 F 8 RiE. i RELALE XM

Download corpus

Al Al
xt 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 ~




Step 3 +H RiE. B BEFITACE X

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/>



Step 3 FH RIE. F I WIFICACHE XK

ai_tech_corpus_english.tmx

oding="UTF-8" standalone="no

xml:lang="e 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-training language model.
tmx i o xml:lang="zh-Hans A HE
o BE RE 0 - HiE ., Bk ,»'\_T_

==

£H Bk W &K BS KRR 0 ES B8R,

: 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.

ml lan:_ zh-Hans
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HEE R E T A

AntConc

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

@ AntConc

File Edit Settings Help

Target Corpus
Mame: temp
Filess 1
Tokens: 337042

KWIC Plot File Cluster M-Gram Collocate Word Wordcloud

Keyword

UMcorpora.EN &t

L)
=

Total Hits: 02 Page Size | 100 hits ~ | L) 1to 93 of 93 hits ()]

File Left Context

1 UMcorpora.ENtxt Fase, Burundi, Cambadia, Camercon, Canada, Cape Verde, Chad, Chile,
2 UMcorpora.EN.txt Faso, Burundi, Cambedia, Camerocon, Canada, Cape Verde, Chad, Chile,
3 UMcorpeora.ENtxt Fase, Burundi, Cambedia, Camercon, Canada, Cape Verde, Chad, Chile,
4 UMcorpora.EN.txt Faso, Burundi, Cambedia, Camerocon, Canada, Cape Verde, Chad, Chile,
5 UMcorpora.EN.txt Fase, Burundi, Cambedia, Camercon, Canada, Cape Verde, Chad, Chile,
6 WUMcorpora.ENtxt ria, Burkina Fase, Burundi, Cambedia, Canada, Cape Verde, Chad, Chile,
7 UMcorpora.ENtxt ria, Burkina Faso, Burundi, Cambodia, Canada, Cape Verde, Chad , Chile,
8 UMcorpera.EN.txt Faso, Burundi, Cambedia, Cameroon, Canada, Cape Verde, Chad, Chile,
9 UMcorpora.EN.txt Faso, Burundi, Cambodia, Camercon, Canada, Cape Verde, Chad, Chile,
10 UMcorpora.ENtxt |, Burkina Fasc, Burundi, Cambedia, Cameroon, Cape Verde, Chad, Chile,
11 UNcorpora.EN.txt Faso, Burundi, Cambedia, Cameroon, Canada, Cape Verde, Chad , Chile,
12 UMcorpora.ENtxt Fase, Burundi, Cambadia, Camercon, Canada, Cape Verde, Chad, Chile,
13 UMcorpora.EN.txt Fase, Burundi, Cambedia, Camercon, Canada, Cape Verde, Chad, Chile,
14 UMcorpera.EN.txt 3m | Bulgaria, Burkina Faso, Cambodia, Cameroon, Canada, Chad, Chile,
15 UMcorpora.ENtxt ssalam , Burkina Fase , Burundi, Cambodia, Camercon, Cape Verde, Chile,
16 UMcorpeora.EN.txt russalam , Bulgaria, Burkina Fase , Burundi, Cambodia, Cape Verde, Chile,

17 UMcorpora.EN.txt urkina Faso , Burundi , Cambuedia, Cameroon , Canada , Cape Verde , Chile

Hit

China,
China,
China,
China,
China,
China,
China,
China,
China,
China,
China,
China,
China,
China,
China,
China,

China,

Colombia, Comoros,
Colombia, Comoros,
Colombia, Comoros,
Colombia, Comoros,
Colombia, Comoros,
Colombia, Comoros,
Colombia, Comoros,
Colombia, Comoros,
Colombia, Comoros,
Colombia, Comoros,
Colombia, Comoros,
Colombia, Comoros,

Colombia, Comoros,

Colombia, Comoros

Colombia, Comoros,
Colombia, Comoros,

Colombia, Comaros,

. Costa Rica, Croatia, Cuba, Cyprus,

Right Context

Costa Rica, C 7ted ' Ivoire, Croatia,
Costa Rica, C 7ted ' voire, Croatia,
Costa Rica, C Tted ' lvoire, Croatia,
Costa Rica, C 7ted ' voire, Croatia,
Costa Rica, C Tted ' lvoire, Croatia,
Costa Rica, C 7ted ' voire, Croatia,
Costa Rica, C Tted ' lvoire, Croatia,
Costa Rica, € 7ted ' voire, Croatia,
Costa Rica, C 7ted ' lvoire, Cuba,

Costa Rica, C7ted ' Ivoire, Cuba,

Costa Rica, C 7ted ' voire, Croatia,
Costa Rica, C?ted ' Ivoire, Cuba,

Costa Rica, C ?ted ' lvoire, Cuba,

Costa Rica, C7ted ' lvoire, Cuba,
Costa Rica, C Tted ' lvoire, Croatia,

Costa Rica, C?te d ' lvoire, Croatia

Search Query Words [] Case [] Regex Results Set |All hits

China v|| start

Sort Options | Sort to right ~| Sort1 1R ~ | Sort2 2R ~| Sort3 3R ~

Order by freq

+ | Context Size [10token(s) =

[JiAdv Search

e



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

¥R E T EL . WordSmith

% WordSmith Tools 6.0

B R —
1.I8F5: FIILERE. WAL

TR P [@ ] ﬂ-_:i } {@
2AERSF: AR EA B A, sl re— - ——
AR A 4R o | | J
3.E H R4 : T K cor s beoroscerrroner | (o |
R IERE o  — - T——

ﬁ:i#n ’ ﬁ S E Minimal Pairs | FE Reqgistration
1 oﬁ--\-l-kﬁ14: : %‘ %/{Tj_ j#; 4iﬁ] m WordList ETE:‘t — n' EWEbGEtter
2HMIFREE: BRI . .

fé; !/ /f.[:]— 2&] 4—]%‘ 7:_7‘ @ —UT ﬁEZ:ﬁD;Hé/f’dL @ Chargrams ‘u’erEinn Checking . ._ WsConcGram

%, % 1AntConc. i
J About [@CharGramE }




EERE T . ParaConc

! & BFsU ParaCone 1.2 N S

Settings QUery About

A N S I % ﬁg . | B . :jExdude

ik

7. EREREGES X RUEHTRRE T R B ia A T iR R R A B

18 &9 U4 32 PR AT A

v £ v £ N TS i 1 7.Reiterates that the damaging exploitation and plundering of the marine and other
XX‘I«p =%

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 ;

(d) BXEER + M SR IR PR TR B IR R A R B e B X BT iR A )
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/1A B T E ( Python®l)

Jieba: W3 oE+E M AEE
(T TEH)

SnowNLP: ‘3]:' j(ﬁ\—i—;]_l_ﬁ],],i
it A Ak

=3

PkuSeg: Z4N3Km17, AN
ALE TR AR

THULAC: W X1 +38 AT
o THEKF O REF AR
S5M oA AL T,




¥ X g 31417 LE: CorpusWordParser.exe

i SRS AR RS CorpusWordParser

| W st - W o - W s - i et
1 k
| [ B R 2] eeeess |
e
1. STHHEE —
Bt B E T H s = AREEMES s LR FANA
BT LA BRNRRI. AR sraEimEEmT Bllni code=)
0. AL EEEEIAIEIE  »
PR R R ZE AR R B el |~
n 18] nt  B[E]£5 9] nd  H{rHEie
rh nhf




¥ X H ﬁ?/ﬂ\ﬁ]lﬁ-. CorpusWord Parser.exe

——————————————— o ISEES ISR TER CorpusWordParser P = e e e e e e e e e
B Mot . (W ot - (B BS- O mseE b e

H o - W= T TIsERE b [

IE A B ARA - OIR  (plEE 7

FE it FE B3 8 . 1FE f:&ﬁ Bk BhH HE A
At B BRE . Ak B Bk 5 B £ B EBEX EiF
A AR R4 . BR AEEs AT Hen M4 B Rk R
g . BRE M) 8 I #pk T — M8 R . At
Mok AR R FEE m il FE EIEE R 5 & OB
=i BHE M SERM R B ME - A& BE it T A
mE #h - B E&Ro. RE . EE OME O Eth Hip 8
Hut S 8 BhE M0 omns . oL M flE BA OB BE A

o ITPHRE: BIETII(GB2312) o FEE0MAg o GiEEioG b 3 S5k

PGB R EIE AR S ATE TR, a8 SR ANSISR A B TXT S



* AW ARETLE: Tree Tagger

(A TreeTagger for Windows 2.0 (Multilingual Editian)

Eile

| Language settings QOutput settings

Ch text PR

oose text(s) * English  German  French  ltalian ul R?ta'n ongmal_paragraphs
Start tagging | I~ With lemmata in output

You are about to tag these files:
Click the "Tag files now" button to start tagging.

POS tagging complete.

DA T AR\K 52\2023\1- m)“\ﬂ%\{‘ké\ﬂ FOHLHE B R - \S-1E R FE TR il LR 6 J# | 1\2_Case\d-9: 303 1 ki i3 \Localization_RC
Tagging "D:\ T E\JX 2:\2023\1- 5 ANFL22\ECE L B LS B Bl V-3 R\e-i5 0L FE T2 B i 6l FE @) 28 N | 1\2_Case\d-J: 3 ia 1 b1 i \Localiz

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 ,
any 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

The DT cost NN of IN localization NN happens VVZ to TO be VB
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 PP$ value 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

>

ANSI 257
TXT




* AW ARETLE: Tree Tagger

" Sketch grammar () @ English 3.3 for TreeTagger pipeline v2 (recommended)
1,78 F tree

tagger é’/—]ﬁé& 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.

Ul

@)}
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s HFARYSF (Alignment) ?

n BT VRFIKERIRIE = SIS B imE = S CIENGE T TIEH E
HITEE,

n XI¥HE

= FFCAT T ERIXISFINEE

= EEYSETE (Abbyy Aligner, TMXmallg9EZXI5F)
s WFFESSIR

o R HNENESEEER

» FTRERGARR




| 1# | Abbyy Aligners} 3

%]et Froject * — ABBIT Aligner

=10l %]

File Edit Actions Tools Help x
- _ HS&‘:«'E Q.I}‘ Check Alignment .“,:';,,Next Error [E* Unda El Separator -:I,_ H Ef_]

|"—- “u . [ ; — . -
Wew Open Froject [mfExport to TME | p1i- ESettlngs Ca Frevious Error Al Ledo | Merge ESpht Fragment == 4| Jalete

Ha English

sl DI ERVARE MR RR AT ] | Chinese Simplii «| D:\T{EVAFE\ZOIB\AHIMEFEBEAT =] =

,|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.

4| But most firms shortchange their localization budgets.

Even though their work constitutes a relative bargain,

5 localization practitioners still have to prove their vahe 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

6 materials, and infrastructure for other marlcets — to create
demonstrable shareholder value
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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 Is the Payback?
5 Despite compelling arguments for localization, many firms are still struggling wit
h figuring out how to justify the effort.
3 The cost of localization happens to be very small compared to the big internatio
nal revenue it can help generate.
4 But most firms shortchange their localization budgets.
Ewven though their work constitutes a relative bargain, localization practitioners s
5 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 iz, the translation a
6 nd adaptation of products, services, supporting materials, and infrastructure for

other markets — to create demonstrable shareholder value.
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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
AE RHALBI K. </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> RHALEI R AR L & = A 1) B K E R AM bR . </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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EM 30-day free trial

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

&SKETCH
ENGINE &, Jie Huang

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.
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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




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

4

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
MANAGE CORPUS MANAGE SUBCORPORA COMPARE CORPORA TEXT TYPE ANALYSIS

GENERAL INFO COUNTS © TEXTTYPES © TEXT TYPE ANALYSIS
Language: English Tokens 80452
<doc> (7) 22 v
Domain name, doc.urldomain 16 E
TAGSET
- Sentences 3448 FileID, doc.id 2 B
Paragraphs 859 File name, doc.filename 2 8
Documents 22 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
, —_— .
word 11,186 adjective J. <s> (0) 3448
tag 62 adverb RB.? <p> (0) 859 Vv
lempos’ 8,427 conjunction cC <im1> (0) 2 v
pos 9 determiner DT <Image> (0) 2 v
lemma 7,960 noun N.* <txt2> (0) 1 v

numeral
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KEYWORDS | 2024.spring_car ®© @ B &
2 ¥ e T (O %

SINGLE-WORDS v/ MULTI-WORD TERMS v

e reference corpus: English Web 2021 (enTenTen21)

Lemma Lemma Lemma Lemma Lemma

llm sos openai soe generative see instructibility soe eva-clip sos
lIms ove multi-modal voe ai-native ves vision-language vos XU ove
Imms L llava see pre-training wee cvf see chatbot L
arxiv ove pre-trained voe lIm-based ves cogvim vos human-like ove
Imm ove modality voe gpt-4v ves rlhf vos llama ove
chatgpt soe peft oee imagebind wes fine-tuning wes zhao soe
gpt-4 ove sft voe vit ves blip-2 vos neuro-symbolic ove
multimodal see mm-llm see next-gpt wee image-text see encoder see
preprint sos gpt-3 ses g-former ses vicuna ses zhang sos
mm-lims ove models voe webvoyager ves instructblip vos tangibility ove

Rows per page: 50 1-50 of 100 1 /2 > >l
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~TTTTTTTTT MANAGE CORPUS | 2024 spring cat
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

e

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 € 24.24 € 8.81¢€ 1 million words for per year excluding VAT

+ :———=]

Ji=—=]
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

o=
-0

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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