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Optimizing Language Models through Dataset-Specific Post-Training: A
Focus on Financial Sentiment Analysis
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ABSTRACT

This research investigates training methods for large language models to accurately identify sentiments and comprehend information
about increasing and decreasing fluctuations in the financial domain. The main goal is to identify suitable datasets that enable these
models to effectively understand expressions related to financial increases and decreases. For this purpose, we selected senfences from
Wall Street Journal that included relevant financial terms and sentences generated by GPT-3.5-turbo-1106 for post-training. We assessed
the impact of these datasets on language model performance using Financial PhraseBank, a benchmark dataset for financial sentiment
analysis. Our findings demonstrate that post-training FINBERT, a model specialized in finance, outperformed the similarly post-trained BERT,
a general domain model. Moreover, post-training with actual financial news proved to be more effective than using generated
sentences, though in scenarios requiring higher generalization, models frained on generated sentences performed better. This suggests
that aligning the model’s domain with the domain of the area infended for improvement and choosing the right dafaset are crucial
for enhancing a language model’s understanding and sentiment prediction accuracy. These results offer a methodology for optimizing
language model performance in financial sentiment analysis tasks and suggest future research directions for more nuanced language
understanding and sentiment analysis in finance. This research provides valuable insights not only for the financial sector but also for
language model training across various domains.
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ror
Hl
ro
m
I
0!
HT
Lo
Yo
=
(2]
M
o

59



Hlolef MEY Post-Traininge £t o0 2

b

3 6T 38 2 B

o

=
ez

Hr

3. A7 ¥

3.1 g7 e
2 AT 542 ﬂ% 2o gAY BEE
HEE Bt} S 07 olF|slal o F3=E o] Bd
& SEATE mm 1714 post-traininge] =g ¢
olE] NEZ 27 9o =7 3 o] 2 x el 8
7229} GPT-3.5-turbo-11062. 2 A A& Fo] thsl] 49
3 & AL ugiity B Ao Zyddas 1 1

A=)
S 2, 2okE ZEAAE vt 2

1. Wall Street Journalol Al =7+ #HE dolE x5+
e T8 & w4 10WWHE FEeh

2. GPT-3.5-turbo-1106°2. 2 F§ ZA4EA A% 34
2138} post-training B ©1E] A
g},

3. FinBERT9} BERTE 0| thsf #|2¢t HolE HE
2 217} subword masking 71 A3} post-training
< stk

4. Financial PhraseBank Hlo]EJAl S 2 mA| 2Ast 4
BiR= T A=

ut
Mo
ol
—_

(e]

d

- o
=
i
ox
ox flo

olofA, Zt A AM T el tis) s,

3.2 HIOIH ME & & MA2|

Ve

News Sentences with ‘Increase’ and ‘Decreas:;'\
Related Words for BERT Word Embedding

T - s
54,903 E1iar

Wall Street 1,128,429 .| 100K

Journal > Sent >
News  pre-processing | S€ntences Sentences

articles
N > - vy p.

@ 100K
PI'OPI“FIE for sentences 100K
Tramin pr— generated P <R
Datase pu by GPT-3.5 P! entences
Turbo
N~ — 7

(38! 2) post-training HIO|E| 75 Z2MA
(Figure 2) The process of constructing post-training
dataset

I8 2¢ 8% 389 4 385 2 ol + 3
A 871 98 HolHAS A sl FH S B

At AL B AMoA tHETh SE= ¢

##2] TDM Studio & &3 Wall Street Journal 54,903 7H

o 2 7IAE FRET A B4 Aee w017 9
& post-training Tl oJEIA LR 9] AHE-0] H20)2]5L, mA]|
= §loll AR HolE AlE 4] )7k %LOH‘?:‘XI
FS0)9l7] W& 3 717+ AaSo] AT
28l 201801 M 2020802 AAFT) o] A
AEA AA T, spacy BHo|BEH 2 E AMS-51A
Z Py, 2EAE HEY § SFEas
A AT 4*61 shte BEES
173e] doj2 78 Ev
1,128,4297) €] &2 ¥ olF
xgste Prﬂoi post-training 3=
HolzA #elay] 98]

ox
o flo o [Ul

HUN

.‘

ON

5 ki ol oX & o
1 2
I ﬁ rﬁﬁ K

w
N
=
o

X0 mr Mo ooff et &2 BN

N
o rlo A2 |
L
e e o 2 @
2 N o O koo Lo o dlo i ofy

AN o
|o
i
>,
=l

oy
i
%
3
}-El o
i)
1o
o @
i
o=
=
ol
o
N
==
:?1:,‘
2l
>,
"o,
o
>,

7y VE = 7H :
w BERT [11] °l AR gt —S—Eﬂ o] dugE AEshe
& FinBERT[7]$} 22 vocabulary S AH-3FH A A ul
9l Wele) 73} AEE do]Eo| & dE o] gl
Foltl. T FnBERTOIA 72 ZHXE AA increase,
decrease o} FrALE7} B2 TWOjES HW e A 557
3 5 4wty o g 73 AEe] QA grof Kol o
o7} o 2FEo Qo] AMEsly] o Sith *‘Zilfn'
BERT REdoA=  “extend’, “slowed’, “improved”,
"weakening” & 57t FAet AHR TojEo] & F=
¥l 9HH) FinBERTO| A+ “generate”, "adviser”, “wept’,
"milo”, AR dEoj9} 72 AH gl EFC] v
EFE O JAth o] oM FE-S A3 193719 &
g A o]& Egsle BF 1015 Ae 2
o A&t
O2 AEE, AA4Y AIE

3E A9Ye F T ge 9Fs Fod 23S AAds
Al g & post-training?] H OB MEZ ARE-3IT) o]
AHESHE RYl 2 GPT-4-turbo7} o GPT-47} 2419 &
A Julo| EF GPT-3.5-turbo-1106 &2 A}-g3it) o
£ GPT-3.5-turbo-1106°] 7Fetal 2 S 34 o}“tﬂ iy
skal H]go] My A £E% wE7] wio|t) =
FEEE A2F HAR 270, ZHE HIA[A] 27H.—§—
ARggtT) A" HAIRZE AT CE B H
glopd g 2aE F YT F US T

&g Fojsl=d AFYL, THE dARXZE ¢ 7A1H
ol ef2=o) 3t AwS A3 A FinBERT[7]7} &

60

2024. 2



Hlolef MEY Post-Traininge £t o0 2

ﬂ
1A
ol
|'O
-
oy
040

N

=
HIr

z
jo
of
0z
|0
HU

A} ok ol s} oA

] fIOH Ao s x4st
= slo]H g2 E 9 temperature S 12 A AT & &
HE MAXZE Foizl glad 9o #4348 AAsHA
A& AR FAY] FE TE v

2109 7fe AL AAE A

3.3 Post-Training

BERT %93} FinBERT Rdl& tios oA +53
10 Jie 23 #E ol T 5§ w4t
GPT-3.5 turboZ A/ 105+ 7N &7& 7+ subword
masking 71%H-& A8l post-trainingS %13 3t} A A
SR A Ay BY> F o7f7t "ok

3.4 Fine-tuning

H ZdES vle O 2 Financial PhraseBank ©] ©]
S A 58 A B8 A8 vA 24 s

2= %)
)
E A=

Al
sitk. WA 24 S 219 71% 61% glolof flof A=
A HoJolg F7hstal, ol theh Juiy W
E4 WEHE AE-3te] & 24%‘ A

A 7zt FHE RU9 AHTe 7=
Financial PhraseBank Bl o] €] A Eo]| ] 3t
A3 THET

03‘:,

Mt fo ¥ f.L

Q@ o F
du mma,
1 A

& 47l

osl_|._E_LAH

(% 1) post-trainingol| Z A
(Table 1) Prompts that were used

—
i)
a1l
e
oxl,

4.1 Financial PhraseBank

B A7 AMEE HrE HolH MEs 3§ 24
24 wizAulg gloly MEE 2 47 Financial
PhraseBankTh. Financial PhraseBank= 8§ 722 #42

=

A4S 2 Cpositive’, ’negative’, ‘neutral’ 2 7HA hdl ] F
Z 4845719 E7gol E3E o AUtk o] TAES FF A
el it vl 2 24]& 7K1 Aalto University Schoo
Business 2] "‘”\} Ay 13‘3434 =5 /\]ﬂoﬂ 3 5
o

=

, —E%“}UP 5 87H4 Z’“"] HFoAH A, -r“ﬂ 2]
B o] Aol wel '50% agree’, *66% agree’, “75%
agree’, “all agree’ 2 Wtk B AFoxE EE HolH
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(Table 2) The ratio and number of labels by consensus
intensity in the Financial PhraseBank

dataset
Hold= 23 23 =g 744
100% 25.2% | 13.4% | 61.4% 2262
75 - 99%| 26.6% 9.8% 63.6% 1191
66 - 74%| 36.7% | 12.3% | 50.9% 765
50 - 65%| 31.1% | 14.4% | 54.5% 627
All 28.1% | 12.4% | 59.4% 4845

a2 flol A2t ZEZE
f

sentence generation required for post-training

You are a developer working on financial language models. Specifically, you want to
generate data to further pre-train a BERT-base financial model to improve the performance

System |of financial sentiment analysis.
candidates - - — -
You are helpful text generation assistant specialized...Use a variety of ways to start a
sentence: sectors, directive nouns, conjunctions, prepositions, etc.
Please generate 100 sentences...ensure all information provided is generated by either
utilizing different business sectors or using a variety of sentiment expressions such as
Content |increase, decrease, compare to, relative to, etc.

candidates |pjgase generate 100 detailed, dynamic sentences. Here is an example: Pre-tax loss totaled
euro 0.3 million, compared to a loss of euro 2.2 million in the first quarter of 2005. Do
not generate the exact way as the samples.
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(Table 3) Performance chart for fine-tuning on 4,845 Financial PhraseBank dataset entries with consensus
intensity over 50%

Train - Test ratio BERT BERT(P) BERT(N)  FinBERT  FinBERT(P)  FinBERT(N)

28 7634 7658 79.33 8423 86.06 81.37

Accuracy 5:5 85.14 8258 8380  86.62 83.72 86.00

8:2 85.76  84.17 g5.51  87.87 86.00 86.71

Average 8241 8111 82.88  86.24 84.59 84.69

| 2:8 782 7275 76.65 8350  84.39 78.69

Weldhted 5:5 85.13 8266 8390  86.63 83.78 86.08

8:2 85.81  84.21 85.60  87.88 85.00 86.78

Average 81.39 7987 8205 86.00 84.39 83.82
(F 4) el ZT7} 100%2! Financial PhraseBank Ell0[Ef ME 2,2627 chat oAl =& MsE

(Table 4) Performance chart for fine-tuning on 2,262 Financial PhraseBank dataset entries with 100%
consensus intensity

Train : Test ratio BERT BERT(P) BERT(N)  FinBERT  FinBERT(P)  FinBERT(N)

2:8 79.51 75.69 80.05  80.42 81.39 83.82
Accuracy 5:5 9430 9165 94.61  94.21 95.54 96.55
8:2 96.51  95.41 96.37  96.69 96.78 97.17
Average 90.11 87.55 90.34 9044 91.24 92.51
. 2:8 7916 74.63 7992 79.83 81.05 83.75
Vf\ge'fgfj 55 9429 9154 94.63 9421 95.53 96.57
8:2 96.52  95.40 9639 96.67 96.77 97.18
Average 89.99 8719 90.31 _ 90.24 91.12 92.50
o Ase A e EH*“’E “f‘fjf{ dde 2w o E 3 #d dolE 2dee w8 v vHeE
g5tk ¥ 45 HY, FinBERT 29& F712 sh5A70 F7t sae AR Ao AR AR FUt e
B 73514 FinBERT®] 45& ’“il she A3E Bl A Aug AH oz ol wdAT, dutsts
T}, GPT-3.5-turbo- 110622 A& £4o% 7} Shd & 87shs 54 @olME A4 ZEZES AHS
AP 79| Y& 71F FnBERTET £2 53 B af A 2R Shadvhd olit ¥ w2 e
AR, S A T g 2o AAl v VAR 5 AL T dte TEeAE AR ol e Ao &
7HQ g AAE A7 P =2 s Bt T 38 2okl A4 AR Aol o] WS A
ol A= Bl AT MRS flel 54 Sz F Alste, Bd Adeat dlolg FH] oA o] AdHQ)
gots A3 HolH AES AHEE F7) kol vl ARE gt
ERAAS S SAl0, AE ALE AHEs A
3 elolERe] F7) o] oozl BEES et g AZ W %E AF
g9, BERT Rl tigh F7H4<Q1 k52 A P4l
A E3A7F @A PRI o H, & 29 At w2 2 ATE 3§ FoolA 228 dg Ad 0%
TR A ] e BAE AR THE AT v gue A0 oS Py SuEd) o
E}; ;fﬁ ;ff 13504’ ;]i;]f;;?ﬂ;“ﬁ B 39 919 Aol 29 s WAE 9 ok ol A
L S ¥ _ HEEBEE = gge) e grat 49 2%, 309 Ba
Holn oo th3t LulQl X9 FaFS IAXNAFE Yol2 ¥3ete 2§ A 247 GPT-3.5-turbo-1106 2
gk lHU FE53| (25312) 63
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