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Abstract

Document vectorization is a technique that converts the content of a document into a mathematical
vector representation, generally a raster image or raster image into a vector image. Through vec-
torization, the text data can be converted into a form that the computer can understand and process,
so that the document data can be completely saved through the computer vectorized format (such as
OFD, PDF, etc.), providing more possibilities for text processing, information retrieval and other
fields in the printing process. Firstly, the background of document vectorization is introduced. Sec-
ondly, the traditional document vectorization model is briefly introduced. Then, the vectorization
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and the key techniques of vectorization processing in recent years are introduced. Finally, the ap-
plication fields and development of document vectorization are discussed and prospected.
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Figure 1. Common document vectorization models

B 1 XHEHRENERER

2) TF-IDF #i74[3]: TF-IDF AR NIMBGAARER, EAE BoW KA I, #E—B5 58 1 i ifpl
R EEEEE, TSRO0 A AR SOR R AR AR AT TR R R T SRR 2 AR e SRR R D 3] A AL
[, TF Ronia /SR IR, IDF 2RSSO, HI 7 E i (B 224k . TF-IDF J5iARE (%
JETRAR FIR, 3D RBGA N EEZNEE R, W THE B R R I .

32. ETHHRFEINERELRE

1) Word2Vec #i74[4]: Word2Vec & — ik -1 28 0 2% (1l R ARSI , B 88 5 D] il S5 31— MR 23 1]
HORFFIA I SR R o R B ik i, il Je B 27 21 07 s B Bia] [ & 35 I 2R KRS
TR, Word2Vec FJ LAAE B 1) 73 A 0K . 4% Word2Vee I T30 R Ak, AT LI I TSR A
B BT [ B T S BN B R SO o XA TERE SUE BN T SRR AL, RENS B 4T M

DOI: 10.12677/jisp.2024.134036 418 K 5{E5 a8


https://doi.org/10.12677/jisp.2024.134036

FH, iR

PEI 517 2 [/ (5 XL FR . Word2Vec 522 L CBOW #1 SkipGram FiMEAU AR . Hdr x1, %2, ..., xN -
1, XN FRR— SRS n-gram [, AL E AR FFME, AR n-gram T E 2850

2) Topic model 57 : e SRS 14 3 RUHEAT AR, 793 SCRY I 32 R340 A7 1) &, 491101 LDA. PLSA 4.
LDA (Latent Dirichlet Allocation) [5]/&—Fh E @A, AN RERRAN—MRR S MR, BPHTR
RE A FBEZCR P IR, SCRES IR SCRIE nT LR IR — A R 1 R 6

3) GloVe #iH[6]: GloVe BiRLZE—FhE T & RIS ilE B [ &R ik, Al LU &EAS 5L
FoRN— A EYEa R, Rk R O YL R 77k, 5 Word2Vee ARIZAAETERAT
&)R ETNUER, ETHEMESEN B SRE T 2 RSEIHME R, e b b B LR AN 2 S 1)
RN

4) FastText #71[7]: FastText f7 % —FhFET Bag-of-Words #7 (GRI4S AR i 5 1k, B Se A )
IR AR ERE L n-gram R4 HE B PN I R S B AR TS S, R X e E BT SUAR S8,
CEUZERIE B AT IE - Z U EE LS
33. ETREFINXHEREUSZ
3.3.1. Doc2vec ERI F Hi R

1) Doc2vec BEAL[8]: A4 HEA SCRY LG ALk ) i, 7715254 F Word2Vec [9], /& Word2Vec 9 J&,
A AT DA 3] B B [ Al R R, AT DL 5] B EEAN ) F B0 1 R OR

2) Sent2Vec HAI[10]: A4 6] B A ESE A &, SRH T Doc2vec fJFEHE, (i xf Il Zhid 12
R AT EA TR , BB B e M A B ) BB A S

3) Supervised embedding #%4: 2T Word2Vec, BT HUA. HiG. AT BRI R RF ], H
SR A B, AT OE AR S ERIE R M E .

4) Skip-thoughts #74[11]: J&T Doc2Vec HIARAL, it 2% 3] a)F 2 M I RO R, AERRREE B
FIFEUE R ERRN, EHTRUEMRSTS, BT ERES.

3.3.2. Bert R R HY R

1) Bert #i74[12]: T Transformer FITRIIZRARRY, ] LAXS SCARBEAT gm A ANARAD, 15 21 i & 1 SCA
e

2) DistilBert i 24[13]: JET Bert fE A 42 S PRI SRAEAY, SR FETEMR, (HVER AR X UK.

3) BertScore 5 74[14]: 3T Bert BB FARMAE FE & T H, AT LAVEAR A s i HH A 2 5 2 32 2 T
(AR o

4) Albert #571: FEFA2 84 Transformer FITRIIZRASRY, JE7E Bert AL LAtk _FREAT ik Al Ak i,
55 Bert AL, Albert B 5/ (S HO8E A B ISR, Hoo 3 2GS 80U SR g I G
(R, T DAAE AR IR /N AT ff P 2 ) AT 16

3.3.3. &TF Transformer ZE#pY1EHY

1) GPT-2 #i44. T Transformer (19 H VA5 SR, — DA pl— AN 1], AR F 0 A3 0 —
AN, PR A R B R SO

2) T5 (Text-To-Text Transfer Transformer)B%Y: JE-F Transformer (138 F SCAR A BAE Y, KA “SCA
BISCAR” HGi—HELE, FrA AT 5 B0 WO SO A AT 55 o B S, ) B S5 A NS4 A B
HH SCAR R ] R

3) XLNet #&41: FtT- Transformer-XL [ H [EIEFHA, 454 7 Bert A1E BB LS, A

DOI: 10.12677/jisp.2024.134036 419 K 5{E5 a8


https://doi.org/10.12677/jisp.2024.134036

FI, BliA

“CEBVAIATI” P59k, XA AEATRENLEES, SRR P 1) i s s, R AR BE
BT AE R

PAEZIZE 78 WSO R AT i, ARSI GET ik 2 TR S MR DL S A% Gl e o >
LS, IRETHEAE AR R SAME 5 #0A HG VERUR IR, #2248 & BRI DU BAT I B A AL o
11 RSP ORI R B A UL

Table 1. Comparison of document vectorization models
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Figure 2. ClipGen model schematic diagram [16]
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Table 2. Vectorization method based on deep learning
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Figure 4. BEDSR-Net model schematic diagram [21]
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Table 3. Vectorization method for multimodal documents
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