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Abstract For K-Startups to advance into the global market for their business expansion, it is critical to
find suitable overseas buyers effectively. This paper proposes a business-to-business (B2B) matching
model between K-Startups and overseas buyers based on BERT, a pre-trained NLP model. The proposed
model was designed to classify binary classification for right or non-right business partners in the output
layer using unstructured text data collected from home pages of K-Startups and overseas buyers and
business meeting records. For corporate information, data from 2,860 startups and 2,316 overseas buyers
were collected, and for matching information, out of 30,456 business meeting records data, 6,458
positive cases (21.2%), and 23,998 negative cases (78.8%) were used. The base model for evaluating the
proposed model is a content-based filtering model trained by bidirectional LSTM with Word2Vec. Based
on the experimental results, the proposed model demonstrated better performance compared to the
comparative model in accuracy (1.7%p), precision (3.1%p), recall (5.2%p), and fl-score (4.1%p). Using

this model, K-Startups can find overseas buyers more effectively.
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U ABtER] 22 SUAOlA S HEAAE
of ARG JI&Z B3l AALASH| Yoixe ol
o] AF 9 AfH|A0] HY3E 9 HiololE AIHOoR
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Atgto] ‘Hiojo] WhaE' & AR HE QltH1]. o] sfe] Hio]o]
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(Bidirectional Encoder Representations from
Transformers)[2]1& AH&5| Wiy ZdS F=3ic) of
3 o] AA 9 752 98] Sl AEESRIT Sie] |
ojoj9] AF P AMA AW, 183 LA FolA
TR vAY GAE do|eAlE ARSEAL, BERT AR
Sl HEkE HN|IRZES AA Fole5(Transfer Learning)
AlXl B2B MRS AQket.
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et al.[717} A X E FESH EY By LDA(Latent
Dirichlet Allocation) 7|'H& €-83f ofo]d] MdolL}
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ARREIQIEE ©o]F Q. Le, et al.[9]12 Word2Vecs &%
3t Doc2Vec &S A|bsf Foixl 2404 ol of
ezt 8 AAE olsfste Al=g S du=7|et
Z2H49 A5 HAE &, J. Pennington, et
al.[10]0] L3St Glover HloJEIAlOA Tol&E9] FA|
3 A TR JRE EEo Tolzt A A
TE SFAIoEHN Tol9] oulg © & HFT 4= 3
Al Frt. AAolA 7|5k A= e FHAAR
A. Vaswani, et al.[11]7} ERATHE WFSIH FE S
Ho| & IHAE o]t EMAREHO] QI HHQ]
BERTZ} A}<1o] o]gf(Natural Language Understanding)
EolollA Hold /d52 Ho|x}, BERTE &-83t 4%
2of B3t A7t o= JAPH A S, Ohl12]= BERT
£ FHA A" A5 P A Bl HHEs
BERT 7|8t FHAI2H 9] 878 AT

=
=
S
=

2.2 BERT AM

st o
Word2VecT} o] Tol& F7to]

=

[©)

1

=4 o



BERT 7|9 S AehEql-she] Hololzt B2B Wy =g

AlZl Aol Ae] HE2 71£9] to] 4 71" 7=
3 BAZIMoR BA5k= TF-IDF 59 A% Qo
do v]g] 53 452 HoJF9Jrt. o]F K. Cho, et
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Fig. 1. BERT_B2B matching model structure
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(position embedding)®] #IH& AZrt.
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D, #3022 olxlEFsto] AR AadA e 7|5
34, 74 2paga vws) JEE, JUE, e,
fl-score & 4587t ARE AAsk= Fxoh

SHH, AR 0] AF5B7HE fIgt 7R E Word2Vece
< BILSTMO & g5A7l Bdojt}, I AEEY, 3
9] "iojoj9] mEIITL AF HEA E AFLAY T
BA(corpus)E @] ¥l HEBoW)ZE WS Fig.
204 H= Hie} o] Word2Vec ARdSHsEEo] g
gtk o]% BILSTM o]ojollA] FeFoRE SFAT &,
HAES As] AR =(Sigmoid) g AA 2HF
23N APE RS TEoIEE Ut dolE2
EZ dHdZ B 1f IDE Foor, A|IHE o
g 224 AHFE o8l 72+ ©oje] &AL 94
AEE A%t olgA AAYE AX ¥4 HolE+=
BILSTMell &0i2d ¥ AMge s A4dd. 181,

HE
St 2ol

E/)

|
gl
g

o
o
=

I

(

Moo 18 K

Word2Vec®}  BIiLSTME  Zgste] 7|&mdql
Word2Vec BiLSTME wHETH
Output Layer Negative (0)
igmoid |
Flatten (0.25) 1
T~ N T O TS
Bi-LSTM ac.

<
Bac.
LSTM

[
Bac.
1STM
N o7
\

Bac.
Layer LSTM
Ko
7
\ /
Embedding
Layer

) 1 1 1 1

startup Profile + Buyers Profile + Biz meeting records

Input
Layer

Fig. 2. Word2Vec_BiLSTM matching model structure
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4.1 H|0o|E{Al
wEo] ARG ot el F AEEY 7]

FAH, Q] Holo] 7|AHE, HHUA] 5 3EFY] csv
A2 ZA4H dolHAlE ARSI Table 1914 BEE
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JEE 7199, otold AW €AE, BEARA o], vt
AY &5 5 N9 dYoz 9Pt si<] Hiolo] A
Hi 2316709 7|AHFEE 7|FE, otoldl A9 A

, A S S o7le] Agoz A ARdA
£ 28EQ] 9 Hpoloj9] D, A4EUiE& HAE, Wi gt
£ 5 10719 FHoE T4 A4 IS 7|E0
2 34 Aol 6,4587(21.2%), B Aol A 23,9987
(78.8%)= w5l A3t Addole] & AL Hlo]
&= 24,36474(80%), BIAE HolEl: 6,0927A(20%)=
o2 FEof A

E

Table 1. Experimental Dataset

Data Set Data Points Remarks
K-Startup Info. 2,860 homepages
Overseas
Buyers Info. 2316 homepages
30,456

biz meeting

positive cases: 6,458 (21.2%)
records

negative cases: 23,998(78.8%)
24,364 (80%)
6,092 (20%)

Maching Info.

Training data

Test data

4.2 4387 Y

2 dtoMe WA 29 4537 AEE L=
(accuracy), FE=(precision), A&E{recall), f1-score
2 AUC(Area Under Curve)S ARS3tct.
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Il 21l : The count of K-startup and overseas
buyer pairs predicted as positive (1) by the model
I PN CII : The count of K-startup and overseas
buyer pairs that were actually classified as
positive in biz meeting records, among those

predicted as positive (1) by the model

A@E2 Eq. (9 o] deoldo] A= =l L8
EA-319] Hiojoie] 4 FollA Atude] S(De=
A&t g2l vlE= ALkttt

I cnepl
Il

I C'll : The count of K-startup and overseas

AdE(recall) =

@

buyer pairs that have recorded meeting cases
in biz meeting records

I CN Pl : The count of K-startup and overseas
buyer pairs with recorded meeting cases that
were predicted as positive (1) by the model
fl-score & U=l P& 23 BHOE Aktd
ch. TS AUC(Area Under Curve)= ROC(Receiver
Operating Characteristic) I8]Z2] HZ 0 g AAks5)
of mdlo] 52 7RIt o] A= Yoo A
£ A9 RHAHEL gkt Z ERok=A gt
gEE A

=

4.3 Ag 2 A1 24

£ AolAE F AEEA} 59 Hio]o]] EHo]
29t AR oA gt vgY HAE folHE
olg dHlo|g& A}R23)|, BERT7|419] B2B &3 R4S
AQtetal, 587 Al

AT Table. 2014 Hi= vie} o] AF PCx=
IntelR) Core(TM)S EA51 1, 7|2 28 &&=
1.20GHztl. RAM 832 8.0GB, 3t= Egfo|2 83F
2 460GBOIH. £9AAE Window 100]t} A#=
Intel(R) Xeon(R) CPUE BAstY 1, €8 &£k=
2.30GHzt}. RAM €32 % 12.0GB, 3t= EgolH
|7 114GB, A4 *FAA= Ubuntu 18.04.5°]1L,
ATEQolE= Python 3.7.10, Tensorflow 2.4.1,
Keras 2.4.3 9 BERT ®E©o] AX|x]o] It}

At =do] slolw  mEHE  FEuloA=
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Table 2. Experimental Setup

Specification

CPU : Intel(R) Core(TM) i5 1035G7
CPU @ 1.20GHz, 1.50 Ghz

RAM : 8.0 GB

HDD : 460.0 GB

OS : Window 10 Home

SW : Google Chrome 89.0.4389.82

CPU : Intel(R) Xeon(R) CPU @
2.30GHz

RAM : 12.0 GB
HDD : 114.0 GB
OS : Ubuntu 18.04.5 LTS

SW : Python 3.7.10, Tensorflow 2.4.1,
Keras 2.4.3, BERT module

Item

Experimentation
PC

Dedicated
Server

RectifiedAdame AR, 1o =L EE
1.0e-5, HREFS FES] gt weightdecay=
0.00255 ARt &A= oKER EAA 7t
%} A%0] 22 BinaryCrossEntropys AR, &3
ndle % S5H(epochs=5)5 APAUL}. Fig. 4014 BE=
"2} ZHo] epochs 1022 S5AIHS W, epochs 5 ©]
FHE = AT AL 9ojAR] g9k7] g
A9] epochsg 532 AAF. 7Ek 245 Alo|=
(hidden_size, 768)2} 2493 $(num_hidden_layers,
12) & BERT-Base HEZEgC® At

g nE AT 71EEEL Word2Vecd BiLSTM
83t Word2Vec_BiLSTMe]t}. o] B2 A& 4
H|A HoA o] APHE TIE+= BoW & A&
YA, BERT Rd2 i JHE &85 AHE
Hio]ojo] AlF & AuAE FRole HAY I
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6,092720%)2 HAE HolEZ -8t

lo

rr

o
=

[e]

2 3 X

o
I}

1o

train and val loss train and val accuracy

— train_loss
val_loss

04
203

02

—— train_accuracy

0.0

2
epochs

Fig. 3. train and val loss and accuracy
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ARZAT} Table 3904 Hi= Bk} Zo] BERT_B2B+=
A& & (Accuracy) 99.9%, HHZ(Precision) 99.8%,
AdLe(Recall) 99.9%, f1-score 99.8%2] A5-S HA,
Word2Vec_BiLSTM= A= 98.2%, HE= 96.7%,
HEE 94.7%, f1-score 95. 7%= HT}. AdH o]
Z1E2ndd Hl8] HE=(1.7%p), ZL=(B.1%p), AE
£(5.2%p), f1-score (4.1%p) SolA 124 52 A%
= B3tk 53], @& AsAel7t 7P & T, ole
BERT _B2B ®d¥o] TP(True Positive) #Ao]|AE ¢ &
7ol Aotk H|2YA GEVE S0kt /8% 2
dS AFch= HolA w7t it

Table 3. Experimental Results

E‘ﬁi“titc‘gn Word2Vec_Bi-LSTM BERT_B2B
Accuracy 0.9819 0.9993
Precision 0.9668 0.9977
Recall 0.9474 0.9992
f1-score 0.9570 0.9985
ROC_AUC 0.9693 0.9993

T ndo] Be 5388 439 AUC 3+ Fig. 49+ &
o] BERT_B2B =@ 99.9%, Word2Vec_BiLSTM
96.9%% Z¥Z 7155) At wEo] 7|Emdo ]3| T
835t mdlols HojRgioh

B2B matching BERT model ROC Curve

2
o
h

True Positive Rate
e
n
Y
\

0.2 -

0.0 ¥ ROC curve (area = 0.9978)

00 02 04 06 08 10
False Positive Rate

Fig. 4. ROC_AUC of BERT_B2B model
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g} vpojojg @tF 02 ¥hash= BERT 7|¥H9] B2B
A 2dS AR At 2] B BIME ¢35 7
£14d Word2Vec_BiLSTM¥} 45 H1E FL, At
zEo MHolw HU, QHE, fl-score SolA F5HE
02 &2 A5S HoFrh 53], AdLo] ¥4 YE
U At o] Hyel H|2YA BEUE S35
o {835 2E9E Hojqoh

2 77} 7M1= 9wl BERT 7]9He] e ok
TS AR B ou71A] S5AI7 024 Word2Vec
3} Zo] o] AP Higo g ozt FAEE Hig
o2 FHohe REHT 45S FIAFATHE Holth
old EA4L 139 AES FEH= AEHEAR oY
2}, £39] AH|A ofo]dlE &= AH|A AEFES]
M= FEstA 82 5 Sk & AFolA At
BERT_B2B Rglo] A&o| 2-&Hchd 1 AEFERT
3] "toloizk B2B Wi 9] AeS Hrt FHAZE = 9
< Aojtt.
5.2 &= ItH|
2 4ol AQket BERT _B2B "% mde B4
EAE 7|to & I AEFEQ]-]9] Hlo]oj7t 2ok=
Tdolct, Ty, B9 U AEolu 22 AlE 4
Au|20] e det A2 gAETO R Aujsly] o]
< SIS 7RI weEbA, 5 AT 2 "l AE-o|n]
A glolEAlg B-g3f B2B Wl ES FE3chd mjy
o] e oS FHAE & S Aotk &, =Y F
S71HlA i€ Hioloj9] AIE W AH|IA US| QL
Ftoloj](Inquiry) & WY AHAIZICE AlFsia 9lon
2, 919 uojo] e} QlFtoojE|E HAIZECE UD3F
U AEFEQ]O] 5K AARE FHAAES &5
o w3 BFES © ¥Y 4 U Aolh FF g
2 E-olu]7] glo|EjAlS 283t HElmZH(Multi-modal) 5
A rd, AA7E FAREE 571 B2B iARES

Lo

W] FHALH] oS B FRATILA F.
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