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Abstract:  Predicting stock movements is undeniably difficult, and since financial news is so closely
related to the stock market, it is considered an effective way to predict stock movement while a challenging
NLP task. Because financial news corpus always comes with very few features and lots of noise, the models
must be capable of being strong in feature extraction and handling ultra-long texts. The mainstream natural
language processing patterns are generally based on pre-trained language models (PLM), but PLMs are not
good at processing ultra-long texts. So, will the PLMs outperform the traditional statistical models in
handling ultra-long news corpus? In this paper, several typical NLP patterns are built for experimental
comparison, and a text extraction algorithm aiming to improve the ultra-long text handling problem is
proposed. According to the result, the PLMs have no significant advantage in analyzing ultra-long news
corpus compared with traditional statistical models, and the text extraction algorithm we proposed can
improve the accuracy of the pre-trained language model by about 3%.

Keywords: Financial news, Stock market prediction, Pre-trained language model, Ultra-long text
processing, Text extraction
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A, Hd, PR SRS TFIDFRF X —#5520. BOW fEANRHER 20 880, R i lr
IRl S 203588, HIRUE RF, e A2 0 2Rae SR S5 LM B2 . TF-IDF {ENHRHIE 170 28
B, RF pR88m A, S HIR, )o@ IM4r2Ras . WRIEAIMEET S, TF-IDF ZE4FT BOW.
FEAE FH Word2vec {EAHFIEE AT, B93S RNN B B B KRR R 3L, JEAS BB IR IF Ko A
Wb TR EE T T e R B AN . FE48H %28 BERT-based HEAUME ARFF S A, FRVEM BERT HE%Y
AL M S RE RN ZR) FinBERT BEBYHEAT KK ZEE, MG 12 RoBERTa #2 . MRILIE
HIFAEETT =, TF-IDF BRNZELFT BOW i N\, 1fj BERT-based #x N 4T word2vec #k N\, BERT-based ik
AMITF-IDF R AH & A B 2. ST S, A TIZ0E 5B TR SR, fEALEE
T TR VEARL T B A0 AR B AT 45 BRI B AR 3

EMATTE, DA R BIZRE 5 RN TR GRS, 78 A0 3 R R F0 B A AR 3 AT 5%
EIREAT B R

52 XAREMEEAWMRE
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5.2 AN[F) b B AT A S0 A

R

F1

Random guessing

0.50

0.50

BERT-base 0.5377+0.0045 0.5664+0.1467
RoBERTa-base 0.5402+0.0053 0.6042+0.1289
FinBERT-base 0.5383+0.0032 0.5462+0.0921

PSVS+BERT-base 0.5675+0.0065 0.5735+0.0967
PSVS+RoBERTa-base 0.5758+0.0038 0.5931+0.1361
PSVS+FinBERT-base 0.5676+0.0047 0.5885+0.08517

MSEREEIRKTE , AEAME AL PR 0 A5 2 A A AR ] B A e A R iy N 7 SR I L
AR R HE T PSVS B SCA R MRV RE G P 2 9 I Tl R 24 30 HEff 2

%% 5.3 BERT-base #2 B4 epoch Ik F-11E A B8]

L3 Fit [&) ()
BERT-base 1243.61
PSVS+ BERT-base 22583.43

[ DRI (0 7 B 53 BT SRR () SCAS RS VI R0 ) 4 A P 4
6 Z5ie

AR SO HE U 0 SCA b FEAS R AT ST b, R AR T — i TR AN AR B & A T
iR DRI 530 5 R R (R SO A B, ) ) SO SR IS i . i Sy, A A TR ki 5 R AR AT N T
PG GETHETY, R LB ) 15 R AN AR B AT 55 B IR B0A BB AR . WA SCHR X SCA SR
SR N eG4 e T 201 5 AN 2 300 R A 52 16 [0 A B A% KRR 32 4 R AR B N BT /5 I T o % T e i
TAE S5 KL, SRR A AR S AR 1D BVF EL 2 W R A B (P RE SE RERE M 45 R o X T 2K
TR, ALBHIX A e A AU RE DD TR, IR RS R R
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