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BAESRIERRHIE

NLP is a subfield of Al that enables computers to understand, interpret, and generate human language
through algorithms and models.



HM281BS= (Machine Language). BPAIES (Natural Language) — AXHEFERANIES PN, EX),
BAESIE (NLP) @ Lt ENIEE. WIEBAKESHRAR,
S 73

BAESIEM (NLU): 2FE/EVAFES, NXAEBNER, FE. 73%, T—aF00 (next sentence
prediction) , BZAESHIE (natural language inference) FIMTRE Z BIR B FEREZEXR, 2!

P(y\Sl, SQ, ceey SN) =7

o yETNIRE; 51,5, ..., SNEXTRT, IRFREEEHHTEL
EAESER (NLG): SRES, MANE. WEEM. ChatGPTAMIE, AR
P(Sy41|S1, Soy ey Sy) =7
o BFSy  BETENSy 12, Snis..., EEFUHR—=EEBFET,

ZLER
NLU: {XZEZmFS (Encoding/Embedding) , NLG: E4wi5+##F3 (Decoding/Generation)



NLURYZ ORI . SN X AHTTHRED (RFIEXER R ATERE, REI4k...)

1. BB PAYRISIEEY . TF-IDFXASMR=

TF-IDFR—MET ARSI IRIEIEER, Bl ERREXAPIEINGGE (TF) FMEBNIUEEDNIYEZ
HdnE (IDF) RE=RENEEM4, A%

FRTAAE SN dH HE s IR ZX

TE(td) = —  mrrE R
AR EBIN
IDF(®) = Iy ialefty S A M,

TF — IDF = TF(t,d) x IDF(t)

o TF: —MNRREENAREIMMIRE, B8 HIPTEREERSHEBENEENE. REREXESH
SRR R TR XAk BIEIA? R n,/ NERE.

o IDF: +1#En, = 0 (—MEBEERTEXATIREN) , BiBEE N RAME DHIA—K; Bk
BREREY: 7 — N,N/(1+n) = 15 ne =1, N/(1+n) = N/2, NEAIDFES (1R5TA
B BRI ERA) o



HESTC A ERMRIREIEXER; PTEETNREHRIEFES, TF-IDFNXASHLRFEINREREHEBERGTR.

"The professor is presenting his research in a meeting."

"The researcher is talking about his study in a seminar."
ImhDEEN ZIFE T, BTF-IDFMEARE,

2. BIEIBENX 5t (Latent Semantic Analysis, LSA)
B FZRESHE (SVD) FEEHIGIEN, ERATXHRBMERRINBREFLTS,
X =vuzv?t

o XZAEIN, REIHERIEEM, FIBED
o X: TF/TF-IDFRIZ£AREAIN x MLEXE L
o U: NxreffE[E, MNPDXAIHIT T refEsmis
o V: MxreE5EFE, MANERIEHIT T refi4Rig

nZ/NFTF-IDFRE4E, UMIVESERZEN, MAlLUEHMMENRIMHR; S8 BB ZINX AN, F%14
CZEIfFEREIM (Co-occurrence) , FlEN"Z " D2 FR"FE " HE"XLLE1E—KHI,



BT ASRRYTF-IDFALSATR ZBAE, WETHESIEEMZEINRIGREE LTS EBETILEIRES
BEMILHNEXEEEER, BARS I NALAgRZAN L TXARMEHEMESR-

3. A B EEImINZREIKI): Word2Vec

£2013F F2014FHA[E], Google ABIUNEAMBRAFEZBEHA T B 2RISR RmIBIRE, 23R
Word2VecHGloVe, Word2Veci&itT —MNREBEMENLE, AEBEETBEE (Self-supervised) 75743114k
XPNHEMLE, FillgkE, BXPMRNEPRFEZEEAIDCHRIEFAKBE IR, MGloVellE@idEL
FiaZ BBV EPE (Co-occurrence Matrix) RITE—LE41H% R, MDA RO HITHRIZEYE B,

Word2Vec@—ME T EhE OREILNNGEIE, FHAZIUERIG— T RE2EZERENBNEITHE. B
BRRMIIZRERRE . ELSIFSEE (Continuous Bag-of-Words Model, CBOW) #&REYFNIELEBEFIEE

(Continuous Skip-gram Model), CBOWIREIHBiREiRIE L TXRAFUNBAREA, fiSkip- gramiZENIZ
HRYE B R iE T _E N>R IE,




Input layer one-hot Output layer
Tt—m y“_
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Output layer Input layer
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ERFEMAEITE

man
.'-
Q. ‘*.‘* woman
king ~‘~,_ ®
A
O
queen
Male-Female

walked

walking

swimming

Verb tense

Spain \
Italy —-__n-____‘__h-‘_--_‘ﬂadrid

Germany —_— Rome
Berlin
Ankara
Russia =——
Moscow
Canada Ottawa
Japan
P Tokyo
Vietnam Hanoi
China Beijing

Country-Capital
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1ICN=H

CBOW: @I _E ™3 FNA0IE (GJIZRIR, EEEMIA) .
IHRBF R SR B SR M —EE I, MMEIE SRR ZERIHEILX R,

Skip-gram: BEEACIETUN LT (BEXFRTEMR, E&R4TE) -
IHRBEZFSFLTE—TRENFERT, MERRERARSZHEBHI, HIERIEZENIENXR,

Word2VecZEFIRIE: Word2VeciZ B mIAREBZ IR RIAZBIFNIEX X R, BEFE—ERERE. &%, ER
—MESIIRANRE, TEREL TXHSAERZRRE, Fli, EFREFEN L TXRAIGRTKR. B
REHRARIE, BWord2VecdlZREERARIEREER, TEXDXERBRIEN . HIX, Word2VectRE!
XESTIE R IEARGSIRAR, EAMRSTIEEIIZR IR HIREERLD, REME L F SR HERBNEXER.
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4. BEF ETFXRImIBIRE: ELMo

Allen InstituteFI LRI A FESEF ABELMo (Embedding from Language Model, EFBSIREMERN) &
8, REELMoRBIE A RBETAAMKE FHBBERTIRE FTEBH, RULHKRFEZNA, BEFHIGHER
B, MESHITEENS.

ELMog—METF E TXHEEmANRE, @M< gERigiZM4E (Bi-directional Long Short-Term Memory,
biLSTM) XX ARHITHRED, BEBIRIE L T XIS FERFRRE, #2R T 18I XA,

11



ELMotR By B AR ZEM B E— MA BN B EDbILSTM. Mg L EmRnE, AERAEFEEDbILSTM
FHITRIE, TS NETEISR, bILSTMEPRESRZE S T HalmNIRNRE. MEIEEIEELSTMIRES R EH

MEEINREBLSTMRAERE, XBRTRAEEZROFIALTXER.

cat is happy EOS

T T T T

> > > 2, happy
R P — P —
'_’GBT ’_’EBT ’_’GBT ’—’@T 1, happy
1 1 I I '
I I I I ———b@—b [ELMO ]
I I I I A happy
1 | —> | —> | —>
1 | I 1
1 | 1 I
1 | — | < | <
1 1 1 1
\ \ \ \
\ \ \ \
~ ~
\.\ \\ \\ \.\
T f f I x
happy




B

4.1 FENMSEN . KIES AN SERHRE

FREMERERE (WaimELSTM) NeERBHBEEER, MKEEXKHM (NoUFHLS5EERMEXXKEX) HitsE1E
PR, 5140, 7E8F"The man who wore a hat left the room because he was tired"#, IEf#"he 15" man"EE
St 2 N Fa) V1< BB B 4 i

ELMoXARIMIESHRE (Forward LM) S/RRIESRE! (Backward LM) BEXEIIZHFIN, RIS
MWEIXS5RXER, EERAKESKBIHBIEIE I,

e BIEILM: MERIGZIETIN, EBIEHEEEXLYaasEm, FI30, £8F The cat sat on the mat"/Ha,
BIELMARIE The cat sat on the"Ful"mat”;

o FMELM: MAEIEZIAFTUN, BIEXRFEEMNHFHANAR, e, FELMEIE on the mat sat the cat”
T “The”,

e lcpas \ ,_H o p(tista,..,tn) = [ [ p(teltrs - tr1) - P(EkltRsas - s EN)
REEIRANKEHMESHERNMEE/RS: k-1
Hep, 6 A% NRE, vIFFKE, XMW EERSIVEELMogeBEINFARNNXSEXER, BERMEX
IRRREV /MRS
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4.2 ZERTME: BE5EXNBERL
T?»ﬂ‘% A (WNTRELSTM) XA EEEMmL, RBRERIEEZEE. #li0, ERMIMNEESS, NKEEEIBX
S run"fE"He is on a run"HiFMERIZH],

ELMoRAZELSTMEEY), ERMEARMRERIIEN R

o [EELSTM: FHIEREIEEAERE (WE%. AELEM). HI190, E8F"Running is fun'#, FKELSTMATIR
Al"Running” ATh&ERZI;

e SELSTM: HIE2FEBXER (MNEHM BX). W], SFELSTMEIEA'Running”fE"Running a
company"FRR"EE"BHRE Xo

ELM OZask — ytosk i Sg_askh%,l}/l
2L a R =R R B A NINAE SR 7=0
Heh, b REIREEVMIBHEEIRS, SHAUEINENE, "AEREF. Xk RaaHlEHEELMobE
1% RIEEN A HE IEESIEXEK,
ELMoBY#Z O\ BAERIBEE R . @3N RKIEEAIZIZMSE (biLSTM) EIERIFAMN ET)XER , £ SIBIRTIEY
ERIRRERT.
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5.0 Seq2Seqi&f!

Vector representation
of the source — use it

as initial decoderstate_l I saw a cat on a mat<eos> <— largetsentence
Initial RNN ol o ol lo| o] o]l lol |o]| |o| |o
ol Jo ol |o] .|o] lo]| ol ol .|o] .|o
state (e.g., ool lo| lo| "lo| 1ol 1o lo] 1o 1o
zero vector) ol o ol o] o] |lo| le| |e] o] |o
o] [o o lol [o] [e] [o] [o] [of [o
Input word . ol |o o o] lo| lo|l [o [o] |9 |o| < Output word
embeddings ol 18 S = e O =< < I < R 5 embeddings
Source sentence —> e o
A BAeN KOTHO Ha MaTe <eos> <bos> I saw a cat on a mat

" w " w

"T" "saw” “cat” “on” "mat”

Encoder RNN Decoder RNN

15



5. NLPEYHLSE %52 TransformerZ2iy

1. 32 7IM% (Attention Mechanism)
2. FER = FEE /] (Scaled Dot-product Attention) :

| OKT
Attention(Q, K, V') = softmax V
v dj,

e ( (Query). K (Key). V (Value) 39RBimNF,
o J3—1KETF /d}, BhLESoftmaxtiEE s,

3. BiFE7 (Self-attention) : I ERFEYIAIEEFMEXM,
4. Z23F27 (Multi-head) : H1TZ1MMERESIEL, EEREIRIKEGES

MultiHead(Q, K, V) = Concat(heady, - - - ,head,)W?

5. B1fR/E (Feed Forward) : SINIELLME (RelU), HEEEIELE (Bottleneckigit)o
6. (i E4mES (Positional Encoding) : 1&1d IE5Z/RIZKERIMIERE o

16



5.1 2

Attention output: weighted sum of
encoder states with attention weights

A model can learn to “pay
attention” to the most relevant
source tokens for each step

Attention weights: distribution
over source tokens

Attention
score(hg, si)
@) How relevantis (2) p(3) p(4)
ScalarT out source token k
for target step t?
Attention 9 P
function — M PE—
o @) @) @) ol |o @) (®) ol o] el |o
(@] (@] - (@] (@] (@] O . O @) @) @) @]
o (@] (@] (@] @] (@] O O @) @] O @]
- ol o] o] o] 1o |of |o of o] |of [©
(0]
Encoderstate  Decoder state I I I I I
for token k: s, atstept: h; o 199 |9 |°© ol |9 ol O] |9 |O
ol |0 ol |o ol |o ol |O ol |0
O O O O @] O O O @] O
of [@ |9 lof [o |o o [o |9 |o

g BuAOen KOTHO Ha Marte <eos>

W= W "H W <bos> I SGW 0
I" "saw

" w "nw

cat” "on" "mat"”

Encoder Decoder

17



Attention Is All You Need

Ashish Vaswani”® Noam Shazeer” Niki Parmar” Jakob Uszkoreit®
(Google Brain Google Brain Google Research Google Research

avaswani@Qgoogle.com noam@google.com nikip@google.com usz@google.com

Llion Jones® Aidan N. Gomez* ! F.ukasz Kaiser”’
Google Research University of Toronto Google Brain
1llion@google.com aidan@cs.toronto.edu lukaszkaiser@google.com

Illia Polosukhin* *
illia.polosukhin@gmail .com
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Residual connections

Feed-forward network:
after taking information from
other tokens, take a moment to

think and process this information

f

Encoder self-attention: —_|

tokens look at each other

queries, keys, values
are computed from
encoder states

and layer normalization _
\ Y N Ry )
1 \ N - LAdd & Norm y
\ N
\ ‘\ A Feed /
\ \ \ Forward
\ \
\ \ \
s | ~ Add & Norm /
g Multi-Head | .H
\\A . Feed ’ Attention
\ orwar
‘ 7 _J Nx
I
N Add & Norm
Nx | —(Add & Norm ) .
Masked
~—.| Multi-Head Multi-Head | <
Attention Attention
t 1
i J U E—)
Positional Positional
Encodi P ¢ '
ncoding Encoding
Input Output
Embedding Embedding
Inputs Outputs

OQutput
Probabilities

(shifted right)

Feed-forward network:
after taking information from
other tokens, take a moment to
think and process this information

!

Decoder-encoder attention:
target token looks at the source

queries — from decoder states; keys
and values from encoder states

!

Decoder self-attention (masked):
tokens look at the previous tokens

queries, keys, values are computed
from decoder states

19



6. KIESEEIRIE: BERTSGPT
BERTS GPTEZHGooglefOpenAlf£2018F F/ate hBYTII|I 4R R B ZEH, BN 1YE F TransformerZR 9t i,
BERTHY4 % Bidirectional Encoder Representations from Transformers (3 B Z 85 AIN A RIS R T) o

BERTE FTransformerZEty, RAWMAGmZAI, BEIHEIEIESIEE! (Masked Language Model) I F—&)7i
MESS (Next Sentence Prediction) #1174k, ERTZMBEAEBSIEMRES, NRERR. XEADKFE,
BMEZ, BERTEIREHES Transformer(Trm)=, IGIRBERVRENSHEE, UIEERMIREIE,

20



mlj Mask LM Mask LM

@& * L3
0D - G-

BERT
Epg || Ei |- Ev || Beem || B |~ [ B
—— | — W N w —
jous Twwd | Tk M [2EF] Tk | Tizkl
I | | |
|

Masked Sentence A Masked Sentence B

*
Unlabeled Sentence & and B Pair

Pre-training

llllllllllll

Start/End Epar\

e 2

CIC)- T

-

29 Y BERT
fsn || E | | B || Eeem|| & ] [ B
—O—r o—{—{r—r
?Tﬂﬂ HHFEEH‘HH skl

|

:

Cluestion Paragraph
*
Question Answer Pair

Fine-Tuning
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IHEAMTICEGPT-1, XEH0penAlfE2018EH LR, HEAXHMEEEEFBERT/L M. REGPT-1537]
[Tz fEABNChatGPTER AR ERA THEUNERIE, EREELMNAAEFERERAERS,

GPTRIFEFTransformerZEty, EXRBEHEREMRAIN, EFFFUNT—ME, ERFEABETERTES, X
KEEF., WEERE,
5 4t

1ICN=H

MIEBAFKE, BERTHNIIGR—REBERENXAR, ARELRIBETNFIM ETFXHRE, EXEFEI4A
I F, BERTEEMIEF 7TIEMEXASEVEES], MIAECIENXAEBIEES. XBMENTARIABERTRAILIARMES, B
XEEES Z AR RE FNLUBY R,

GPTHIG IR AT F— N FN1ZB 4, RUTFXFEREX, Fitt, FIEERES L, REGPT
RGBS AUOBERT, [BE—B#H ANEREESHITE, GPTUERHEARNMNSE ., FBEERRERRR VR#HiL
B, AMBZEMINRE, B /DERFES] (Few-shot Learing) . B4E5E (Chain-of-Thought, CoT) F5LIEE!
AREIF R AW, EREENLURFE EHEEE HEHRIN, BAEEAIGWHIEM.

22



BERT (Ours) OpenAl GPT

Figure 3: Differences in pre-training model architectures. BERT uses a bidirectional Transformer. OpenAl GPT
uses a left-to-right Transformer. ELMo uses the concatenation of independently trained left-to-right and right-to-
left LSTMs to generate features for downstream tasks. Among the three, only BERT representations are jointly
conditioned on both left and right context in all layers. In addition to the architecture differences, BERT and
OpenAl GPT are fine-tuning approaches, while ELMo 15 a feature-based approach.

23



GPTRHIIRBY &

o GPT-1:. WAMRTHES. SIABNHRFR. Z1ESBEIREKEL
e GPT-2: EFAFES. BAESIETIH

e GPT-3: bEFARFS. THINERE

e InstructGPT: IWERIFE. RMRE. @mtF

RINI R
ERESREPEEZFENEREREERENRVIENZ2M L IFEENTHEE, ERENERBVNT, BIIR
BRI MRV IR AMRABEE,; EISRENREIRNRFER, MESRARERA, FAEE2IEIEE
KEVEE, XMIMKREH, RERVEREFAFIEE RMEENRNVIEIMME R, MEFE—TRENEE, &
XPAiER, RERNSWZEHHIZR T RXMDEIER, EERAERET BEampyEE NS ERE,

24
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1. IBFEIIREY

o FTWE: FIWEFTEATIZR—EHRMEBENA, FIENHMERERR, BENTFT—EHERN. HLLED
BohA TURERVEGE, (AR —MEENRIER,

o MLZHMEN: WIRIZIES RE NELUEXRERR, I Bt M BB EMENA SR X AR K ETE, X
FEMERL, TMEREBREGERB. ANERIETE, ARRMOTRE T EZRYARENE,

ZRTIRRIRIX ASME BRIRAT I Sk
1. EPRABEKRBHNNAGEE—USika. BEIWN WSHHAR. BRIRBAHF.
2. MAF A RE—/RERKR. AN, TREHR. DEIESFkR. PEIESRS

3. HAT ML XAS——Seeking Alpha. Twitter. FRHIE. HRAMSRIESE,
4. BEh X A——ERIgE. DIMIRE. A&, Linkedin. Glassdoor. TFIXZA. BUFLIEIRES,

27



2. XASTnibIE

XAMBEEESABNRENARES, FIEEHRRERENATIE, LUREEAS LR
MERIE,

2.1 XA fEA
o IRV ABIRLMATEN TR ERNEMHEEN, UEHITRENXEDHAEZRE, EE7FTAKR
SN ELPDMSTVFEHIKE, XEBTFXEEITENMASEITR N ERIU A,
o EHITPDFXAEAEITAVEIEFFRTEM I HE:
i. PDFRYERFAARZ— T AR, MFMENXFHBIBHA S T2 ERAY.

ii. BEATPDF XN EE R FRENXEEWEN TR, A eREAEERMEN I EMUHITREENXX KRS
¥r: SREZFESA7E. PDFlux. PDFTables......

28



2.2 XA EMNSHIREF R

o XAREfI, BIEMNRBMNXAMIBREMEIFENXEER. EXEDITHR, HINFEFEEEMKREN XA
PRI ENH E T RBIAR, ke, LK. FHF, Fla0, FEREMNFREINELIMDIARFLF
ZEREI X NBIMD&AERS

o PHEEL, BIEMNMIGRPIEIVEIEHITEENEZIE, UAKERERS. nRNE\IRNER. TE2EEIM

R®RFT. MRAES. BXAMRZES (HTML .. BEERAMZAIES (JavaScript) ABUKEBAREFEARNS,
2.3 XAs5317]

o ERELENAIRDNAEER/NTEIEXWIEIENEIZ, ENEENXABIENHEREIRH 7 Ei,
o WY NAHZAENEE, —MRIZBRTHRITRASHITOE, REHFITAYEERE (Lemmatization)
FiEFHEEX (Stemming),
o X NXZAW7iE, BHFIREZEISEHEN DR, RIFEZFASEIAKE Z#ITHRE, XD
1a T A B/ Ajieba. HanlLPZ,
o PNXNADEFE=THR: YIDTAIE. BXARIRBIFIFIEIRE,

29



2.4 1At PR:E (Part-of-speech Tagging)

o BIEWME —BXAFTHNESMIEREEERIEEZBEHE FIRZRITIE,
o PRYAWMELHEHFEEENER:
o RX R EETRENEMRRTARAVIENE, GIENshEAE AR EEBEIRERIN"-ing 8" -ment”

==V
o FSGAMASBRAEEBRHTFOFIIBEEMINENE N, NEEM _F FTXHHEIHEN AR,
2.5 KA1

o A (Stop Words) , RAEXCATHIEHIME RS KIRE X HiMiE, BIERERE, M HiEs
ESHRBAENE, ERIERR—LEIE, WEA. N K E0%
o X, FRASERAFSNSRES, UWR'H M TR R .
o FEEXH, (ERAAEE the’ “and” “of "is" it’ "you'%,

. EEREREEST, SHEERBELRNNERA, BATTEnsT —LEBWEES. A
XA BB P BERRITF A SHESA

30



3. MHETRT

3.138= (Word Cloud)

3.2 jA&¥15EEY (Bag of Words, BOW)

MR EXmMERISFE—TEETEREN'RF" , W TFEENAFMAIUA"RF" P15 H ISR RR
T, WEIBaFMIERINEMNESMNMBEXAEEW. TEEFEMRAKRTE (One-hot Representation) #17]
S-S AEFZE  (Term Frequency-inverse Document Frequency, TF-IDF)

TARIR A FE LU Rl

1. (MINEEXAEBMEIENTLTRFES, WESEIEZEIRMILAY, B TIREEXATNIRE, RE &
IBIIURER. BHLLERBIXAREERKTIECH ETFGEXER

2. T‘ ﬂ/EzEtxthi’JIﬁ/R"FﬁﬁﬁleIKﬁzéﬁf SE 78, HEEAEN0E, ENNREEs%BEEN,
SEEUTEMEERERRE,

31



3.3 jAER AN (Word Embedding)

o B—MRSEMHAVIENIET BN FIBNRENEEESETEIRAN, SIRFEFMEIER L A—1 KA
£, XFRRRADIVEEBHIEIRIC ZBIAVE X REAMABOIE, FLOEERZESEFHUERKTENZ
BIRVIEX & X, FEItEmE=E e ERITrYIEHESEE M.

o BRI AR ZBIEWord2vec, GloVeF, HfWord2vec2—MRENHENSRE, HZNATE
A A 3

3.4 XERE! (Topic Model)

o B—MIRIN—RIIEHPBETHEENFIIRE, AILURNERXEERERS . BIFERARRESTX
HPRIENESIHER, MMEMZXEFFRE SN TR D BNE N EAAVIEIES . FEFTmIaE] EBBH
2, RAREER FRERHIMIARARE,

32



LDA (Latent Dirichlet Allocation, BEKFRE D)

o MHH-ERLIS: BRXIERIERLLFIARMIKF]ZE Do
o EF-FANM: BMETRVECHMRBARMINF]ZE D,

Latent Dirichlet Allocation

David M. Blei

Computer Science Division
University of California
Berkeley, CA 94720, USA
Andrew Y. Ng

Computer Science Departinent
Stanford University

Stanford, CA 94305, USA
Michael L. Jordan
Computer Science Division and Department of Statistics
University of California
Berkeley, CA 94720, USA

)://dl.acm.org/citation.cfm?id=944937



Proportions
parameter

Per-document
topic proportions

o

Per-word
topic assignment

Observed
word

) Topic
Topics  parameter

|

OO0

OO

B n
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Dirichlet Distribution

topic simplex
e

\ word simplex
oA s
\\ // ’
|
/. \
Ao
* 7 \
\ \
» \
topic 3 \\
\
\
= \‘.
T — ‘\

35



tribution

IS

Dirichlet D

A ——,
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4. SHEBYFEHREY

4.1 XASA]iE

o BENAP—LEET HE R BIFHERITEG RIS ARIAR A E., RIET2EEMXERFIREUE S0
GEE, ERFsEmRERNXXERNBENFIR, @I EHARFEMSIRENREHITHR, AIRR
EHRBEFAEFANERRENMIZIMNERHRMN, FIENFERTEERENABEEEWLFE. mZEIRMR
AANFAENXS, AREEEREMEIRITFEIRAEETH, FIRIEMEX 2N RIUNBIRI0E,

o BIBHA!

o —BIBEAFHIKEURE#AEBNHINIE. FIUNEREIEE (Fog Index), &=FHLI (2008) KA
BT XD, REFEHGEH/, FIRAVIR R,

o ZEXAFIRTHNFEMNFIREF BN KEEFIRAAIE G,

o =@ETFTIFLREIE (Plain English) BYAI%4151%, BIBog Index. Bog Indextf T & &R FIKEMNIAE
EES, REIETIES. ohiE. EiE. TUANE. #HRIELC. RRACNMEIEATESH.

o MEETHBR{FINGZE, BIAIXNAFIREHITINE, HEETXERFFEINSIEINIZGE
B, AERKHEERK—IEFAES, BEERETE LSRR,

37



4.2 XA 154

M A EHERIREVE PP E S RIB R, BERFEAAN—TDRES, HNAFHRFIESHIBE, &

AR GERAMPE, TEXARIBEENERIER

in) %

BTGV (Pos) = B, IR FEAE/ SO ERIER
HRIEE (Neg) = AN SAUETTRIY) 280/ SR JEL TR Y
#1EMTE = (Pos — Neg)/(Pos + Neg)

o ZMETIBAIRMAIERSHEP:
o XA : HenryiaBi(Henry Word Lists, 2008). LMia#(Loughran and McDonald Word Lists,

2011). MBEHEXRFEARAE

1A B (Harvard General Word Lists, Gl). XEERMSAENEH (Diction

Optimism and Pessimism Word Lists)Z,

o HINIEE : KIEET AKFIBRINCAARE. REMMIEEMEEAFER S RHS @A SR,

. ﬂﬁﬂi}iﬂﬁﬁﬁﬁ’lﬁz

SRR I AR RIEER L T OEIRER.
o TAlIRJHEMER AR T R, RHEAEAMEE.

HoR
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4.3 BN KREXTE

RIEX—RIFERIRI XA EXFERNTRE, BAmsS, BAKBRE-XXBRAWERR, ARITHRIERPIE
IBESXAERRVIESH, HMIRRH X AR S XK EEIEXAAXEX S TRIEHRAKAR, RIEZEFIEEDEZ
[EJRVEERS (BMEAMNEXBIARINNE) SRR EE X KRB E R,

4.4 XAHE{AE
RATHEXREIEREIENSD. TRFEMUENESE, XABMUNESTITESFIRAIES Z0ER, AT
Pl MG e RSB ESM X AR LF L.
o NXAHEAMEDIHRIT IR :
o —ERNAHITMEN. MMAEE: WRRE, JAHER AN
o ZRIBEXAMEZEINEME. BriZzRARZBNERESE:
axb > 1 Wai X Wy

T Tl XTI~ /STl x STk

cosine similarity(d;, ds)
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VSM ~ YELtHiEE
LSA. plSA | By BHIE
LDA ‘] BT | LCS
Jaro-Winkler
BERT : . N-gram
N }W‘Eﬁiﬁ L =7ian o S AL
—'.FEEEE cheﬁﬁ
J - BLFiER ?Eﬁf
dCCa
=RsI% STAEIE { Overlap Coefficient
it EGE
EEBE A H
ELBHBHITHE | oy BETEE
EEEHNMEEE | TR AT BHTHE
EaEitERE — L . HTEiE
d HithaiE BTt BHn fr=pan
L4 RReEHTE gﬁ%ﬁgﬂ

B2 MAEBLETRGEDSE



03
P43 B 2R S 5%
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BRIMESHIERE—RERM G L. —MEBINAERIZEO(Application Programming Interface, API)3#3X
SR, B—MaEMLEER (Web Crawler),

PythonR{EEABIAPLEE 77 A/ . HUEAPIFIEERIAPL,

o FEAPIRAREMEREZEIN—THR,

o FIEAPI—IRERIAM SRR, FimLit— 1A BRSIERNIZO(AP) 4G ETR A S A LERERERE, X
MAPI—ARLAURLIEZVFE. [BIRSALEAPIAX A IEMuENERER, MEEREINRE, ATLUEIGRX
LEURLRIRENEIE, MAZEEMEFRTMITAIHTMLAES, EEENAPIIREUAjsontE &R,

APIRRBERRTFEaHAE, WML ERAVEOERNE MRS LUR/ NSRS T, £3LFRBI M EREE
KELRER, KEPDRIMuLER LB REAP, FLE—RRIERT, MERREEMERRITG A,

MR, B—MIRB—ERMN, BrftCES 4N EENEFEERZA, ©r LIURIEM IRz BT
REXMTTAR
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Bl 1N 528 2 E E R TRUT=REE SRR — P HEA:

IRk BS i1 2
ZME  HTML TIEMNTTENRR
RIME CSS WD o= T EET

THE JavaScript MWIIRENENX SETTERE

HTTPHMY B X A 1L it HyperText Transfer Protocol): & B3R 2 P intl iR S it 1T HBE mpy —Fhil
Mo g0, Xeizd@IDNSEIE, AGEEIEURLESMIEEEIR, XM EIZBHMEHTTPINY. HTTPIERIIDFE
N XREEERES R EEIPHAL; X2 S5 WEBARSS 282 L TCPIEE,; ,S(IJ"*%QAWEBHERE%%HTT%X
RS 25 umMEIN IEK, NINFEFFIHTMLARD; XS FLEHTMLAR, HIERHTMLAREHFREIR; <HATCPE
1%, NN TIEHI T ERENSASEF,

Robotsihi¥: HENZRIFMIEHIBENHXEE, HERAFPTAGRHNREEZEFHKEIE, EEFEERMNETHE
BB, WIERS | EAMERIMIE A CEE TAE, SfEMIEEE R ERERTIENME, MEZMEE LU 7Y
RNBEFIBFAS B S R IFHRHTE,

BEIARZELR, HMAIUEMREENITINEMITR, EENESWNMNEEKRFERRER. F12
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JER=HFf: AIXIENR. FEITHIE. FHEHE
FIRVIBRMS R IE2TIE

| | | |
wE1 0 ME2 C mRs U MEa " mas
i PEEHY > | PDF | % > AHEEL > S > 43 M
| (ERI5E ) " " (%%ﬁiﬁﬁé%)ll lﬁpdfplumber)" " (jieba) | II (TE$%*@§§)"

# BRI R &
def crawl _annual reports(year):
# 1. WEERHIOE (ERERFEL-4 7 P ED
disclosure_date = f"{year+1}-01-01~{year+l1}-04-30"
# 2. 0 JUE KB BHNAPT
all reports = []
for page in range(1l, total pages + 1):
response = requests.post(api_url, data={...})
all reports.extend(response.json()["announcements"])
# 3. LIEMNED
reports = filter_ reports(all_reports, exclude_ keywords=['fiZE', ', "'EHUH"])
# 4. {R1F3|Excel
save_to_excel(reports, f"FEHEEH {year}.xlsx")



| | | | | | |
| Excelithisli I—l# fﬁ@m%@ﬁﬁl—dl K RPDF Lk |—|Iﬁ pdfplumberﬁﬁﬁl—dl (R HTXT S I—llﬁ WIFPDF (FT3E)

# Prar A A {REAEDY_{AFRARY_{F0).pdf, 76l: eeeeel T #%iR1T_2024.pdf

| | | | | | | | | |
Tk —0 Emns  —0 %:sbn@%mﬂl—dl i —0 xpEse —0 stins —0 fiexcel

v v v v
jieba.add_word jieba.cut() re.sub() .count()

# IR IE (S A
STOPNORDS — {lE/Jl) |T|) |7\Eé|, IEI, lﬂsnl, l—%l, lgzl, l&l, |/_1\‘_%|) 'j:‘z/ﬂ‘:ll, I/Z;\Eﬂ', IZIK', |£|_:‘:}§|, |3‘:&£D{:I
I*E?E', I:‘[ﬁ//fi‘_l, lm‘ul, l%;—‘*gl, laééI) I?ﬁﬁ', 'izléb., |£I§:bl, l_/l\l, Iiz/l\', l;jlz/l\l, I%l, lﬁﬁl, I;H;EFII}
def filter_ stopwords(words):

return [w for w in words if w not in STOPWORDS]

# 1150940 (Term Frequency)
def calculate tf(keyword counts, total words):
return [count / total words if total words > © else ©
for count in keyword counts]
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HR&EW

IiH H*x/
— FEHREEEE 2023 .x1sx # JCHLT) 55 B2
— FAR I/
— 2023/
— pdfER/ # JRUAPDF (ALFE 5 AT )
— 000001 1% Hi1T_2023.pdf
— txtFEHR/ # SEHR A
— 000001 -1~ Hi1T_2023.txt
— 2024/
— pdfEEAR/
— txtEER/
— AR x1s # mAG R
logs/ # Z/THE

L — processing 20250101.1log

R

1RSI BT RENBERTRE D FIRN ARG, 2. EMEE: (ERALDARRFREA D H;
3AEES M AT AT RERSURXEL; 4.8EFET: ZEEXRBIRIURENEE;
SRR ERIER. ANE. BEE,



HEER i

Lt PythonZ "FIEF"HIRMELHE (—)
Lti&PythonZ "FIEF"HIRNELEE (2)
Python€R LY : MIMBXFIRFH DB A
FAPythonAMEFR S S A 3 i & HE—— A AR SCEF R 9 17

15
AL

15
AL

15
AL

PythonMBHR S&BISCASIH (ELALE)
PythonMBHR SSBISCA (HIE)
PythonMBHR S SBIA (STEE)
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https://mp.weixin.qq.com/s/EY-fTHc8-IW4Gol6EQkPZQ
https://mp.weixin.qq.com/s/s1v8NvEP0qNX_jTbAwy-_g?scene=1
https://mp.weixin.qq.com/s/v-k-wYDyPGwT63i_v3xipg
https://mp.weixin.qq.com/s/hG8hR55aVDSLargNYny1IQ
https://mp.weixin.qq.com/s/LdU0m0muihZrZ-SFeHuB3Q
https://mp.weixin.qq.com/s/BKUyHKRZBhRF9CKjg5LlXQ?scene=1&click_id=2&poc_token=HP44-WmjHZqnf98Whpj21ij2HXaef9aH793xFZHd
https://mp.weixin.qq.com/s/fjKGu69NtnRxBG2l8e_bjw

REIFE: RIBASINLPTNIIZIEEERNIE

ERNIE (3Zily, £FF Enhanced Representation through kNowledge Integration) & B E1E20195E12 H AT
SRIESIREY, TEBERTRYEA ESINTHIIREEE (Knowledge Integration) , $F3iERAFTHXNLPES, EiLEE
SIMBRIIR, EI)IESEETESMNLPES (WA KAEIRG]. RIEREMR. XADEE) ERNEF,
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Figure 1: The different masking strategy between BERT and ERNIE

49






