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Abstract

In the process of Japanese teaching and learning, it is important to select Japanese texts with appro-
priate difficulty levels as educational materials. This can help to enhance Japanese language learners'
interest and efficiency. Japanese language is characterized by its large vocabulary and complex
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grammar, which makes it challenging to automatically classify the difficulty levels of Japanese texts.
This paper attempts to apply several neural network-based Japanese pre-trained language models in
training automatic difficulty classification models of Japanese texts, by collecting historical Japanese
Language Proficiency Test questions and simulated questions as datasets. Experimental results show
that pre-trained language models have good performance in automatically classifying the difficulty
levels of Japanese texts. The pre-trained language models-based approach for automatic difficulty
classification of Japanese texts will offer significant technical support for the development of com-
puter-assisted Japanese learning systems and electronic textbooks.
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1. 5|8

TERBRWIIAS R, 2B G S O AT e 4 I EE®RR . Wi H A S 5 AR E 5
X ELE. BE . CSEH IS RANmE, Bk 78k 2 15 ) #F . R H AR EPRAS R
42023 4F 3 H 31 HAM (2021 FEFEAN A ARBEHE NG ERE ) KRELRER: HARA%E K
X ) HIES I E NECE R T 3,794,714 N[1].

1E HE MBS R, BT HE 5 B VAN 1 SCAR 43 R AE 205 BEURIE 0 U7 Tk 2 4R 3 2 AT,
o ST MR OSBRI AR M) 8 . SCAHE 575 B DPAT 1 = AT 55 2 a8 I 0 5 58 SCAR I A, T HH SR |
MR BRSSO, DRI SCAR R SRR 2 2068 17K P e [2]. BT, AT 2 7S [3]-
[5]v HSC[6]-[815F TE A A ME 2 FEVEAS b, H SCHE S FEVTASAH SC I AR B2 (9]0 % T HE B Stk
W RN B S MEE M S, A5 P2 B 35 B UG A A ST 3R, AR s
F)MOR . I, Hasebe 15 Lee (2015)iid ¥eit HiG#Rd 1aiCARE T SHE, 24T HOUARRIE S
EEPRAE A 0[10]; Wang 5 Andersen (2016) LA HAEEVEA) BYVENMBIRRCRRE, M3 T 3T X FF R VLSS
SOV, DL H SOOI ME 2 FE2r 2K 11 ] 552022 W07 IEA AL =ANERE M 1 H iR
SCARHIE, &8 SVM B [ P H & AR Bl -8 R ME 25 2 3 25 [12]: T AL SC5(2022)18
I LightGBM A58 LTSN H SCSCAS HIME 53 (1310 A H SCCAME 5 FEVHAS 7ok, ks T it 7
SR ET ARBUE SN 7 S T70% . X IETTIEMORMO R & H B T RS S BU7 sl 72 i
BT 2 VPG 5 5 A R (R0, WEMIE S FRHEE R 0T Be A e e M5
[}

T, N L RE(Artificial Intelligence, ADFIARIMIGK &, AFSATRIREFEN THIIE 1. 16 Al
AR 5N, K PAKIE S 152 (Large Language Models, LLMs) NAREK I Al R 12 F BI/ME 2240 70 2Lk
NARKIMEBE IR E-EH[14]. “Al+ SME” IREERLE, NHRHIMEZRA A 557 2R g BT
T B RE[15] [16].

BT ERE ST, ASCUARERE B IS BN S, IR P H R RE )% i R LA
SRV 1 B S R S, Al R 22 R H B T 2508 5 R R R A H SCSCARHE 5 B E 8l o R, JF
XFEEAS R Ve Re 22 7, I ZRIE T H SCOCARHE S 5 B 3 70 S e B
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2. HiRlESMALE
2.1. BuiEdse

A2 HAERE /190 (Japanese Language Proficiency Test, JLPT)XI 4> (3 5 BE 25 2% . JLPT HH A
braciiidt o 5 HARE R E X2 ® o, & H T aslas K0 TP BRE v E B % ) &
RE MR, JLPT M5 54, 3y N1 B NS L A0 o, N1 BSOS, NS i
FERHAESE

e, WNIAA T B O RATH HiERE 1% W (NT~N3 1) [17]-[19] LA S fi 1) JLPT (¥ H i #cii 45
(NI~NS5 Z5) [20]-[29]Y8 5 1 BRI SCA s ik, RADGS 54717 (Optical Character Recognition,
OCR)FE AR AR SR N A SO e fm, MIBREE 7 DL . R ST 2 A ) S R SO AR . A
SR B HE AR E S v U B an 42 1 s

Table 1. Data statistics of the Japanese texts

® 1. FEX ARG A

3= e 55 SCAKR
1 JLPT-N1 335
2 JLPT-N2 320
3 JLPT-N3 190
4 JLPT-N4 145
5 JLPT-N5 90
Bt 1080
2.2. HIETALTE

AR SOIRAE S P e TR v K2 H e sl o 20 35 10 57 ST E BT s 0 LA H SCSCAKE 53 B2 E 3l 70 28596 8
ThRER, BE—PXS JLPT FME S FEREAT T DUROANE 2328, FFXRS R JPLT A RIS EZ A SCARHEAT 1A BibR
o AR FERAREW UL 2 -

Table 2. Difficulty classification-based data annotation of the Japanese texts

*® 2. ETHSE SN BBECABERE

75 I3k FriE M 5y
0 JLPT-N1. N2
1 e
1 JLPT-N3. N4, N5
0 JLPT-NI. N2
2 =45 1 JLPT-N3. N4
2 JLPT-N5
0 JLPT-N1
1 JLPT-N2
3 Y4y
2 JLPT-N3
3 JLPT-N4. N5
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0 JLPT-N1
1 JLPT-N2
4 Ty 2 JLPT-N3
3 JLPT-N4
4 JLPT-N5

BN, T A RN SR TS SORRE 5 By SR, AR SORARIE 5 IR SR 12 I8 8:2 1Y LA 23 il 2k
BN 5

3. SRt
3.1. HHAEHE

Ao HERU T H AR HAEHGEE B 7O DL H ARG 5 kAR I H B I ZRE &
A, it 14 Fho X LA R FH XU H] Transformer 46 #% 2% {iE(Bidirectional Encoder Representations from
Transformers, BERT) [30] 53 I 2RI .  HABTRIZRE 5 BAUE B Wk 3 fios:

Table 3. Information of the pre-trained language models
F 3. MNGESREER

FFs (B S KA AL

1 kyoto-L12 N N
H A ST # R

2 kyoto-L24

3 NICT-32K N

H A R IB R AL

4 NICT-100K

5 tohoku-bert-base-japanese

6 tohoku-bert-base-japanese-v2

7 tohoku-bert-base-japanese-v3

8 tohoku-bert-base-japanese-char

9 tohoku-bert-base-japanese-char-v2 N
HAAIER

10 tohoku-bert-base-japanese-char-v3

11 tohoku-bert-large-japanese

12 tohoku-bert-large-japanese-v2

13 tohoku-bert-large-japanese-char

14 tohoku-bert-large-japanese-char-v2

3.2. VR HEER
AT B REAL BB SCAHE 5 B 4y SR VERE, AR SCRA AT =AM 8 b

i Precision) < PEEUR PRI SR .02 AL IE 2600 S04
& recision ) = AR TR YR Sy 1E 2K P S A

DOI: 10.12677/csa.2025.1512324 94 TFEARY 5N H


https://doi.org/10.12677/csa.2025.1512324

XA

BRI Oy I SRS A R R IR SR SR H

VENTE P _
H 1% (Recall) R G T A FLE I IE R SRR
FI{E (F1 Score) = 2;1;2 E\i er ;@EIE‘IK%
B + A A 2R

4. SSWE RS
4.1. ZHRFIEER

MY EE R AN 4 i) KE, B TR 4 (NICT-100K)2 4h, HARBAIEE ) F1 (T
7 0.8, HrH, A 12 (tohoku-bert-large-japanese-v2)/EAE % . A B2 DL K F1 {H = TilFeAn L33k 5 5 e
i, HAOEN 0.926, SLIGEE SRR, 1ZEBITER H SCUAR N @ S SCAR(LPT-N1. N2)FIE 2%
HMEPESCAR(JLPT-N3. N4y NSYFA0 FRILH T s rIPERE .

Table 4. Comparison of experimental results for binary classification

FT 4. ZHETMERNLEL

N .
¥ B (P){:Zfiﬁlin) (ﬁe%]i (F f 151%1‘6)
1 kyoto-L12 0.860 0.857 0.858
2 kyoto-L24 0.880 0.880 0.880
3 NICT-32K 0.890 0.889 0.890
4 NICT-100K 0.759 0.759 0.759
5 tohoku-bert-base-japanese 0.896 0.894 0.895
6 tohoku-bert-base-japanese-v2 0.873 0.870 0.871
7 tohoku-bert-base-japanese-v3 0.879 0.857 0.868
8 tohoku-bert-base-japanese-char 0.874 0.861 0.867
9 tohoku-bert-base-japanese-char-v2 0.874 0.861 0.867
10 tohoku-bert-base-japanese-char-v3 0.861 0.833 0.847
11 tohoku-bert-large-japanese 0.907 0.907 0.907
12 tohoku-bert-large-japanese-v2 0.926 0.926 0.926
13 tohoku-bert-large-japanese-char 0.891 0.889 0.890
14 tohoku-bert-large-japanese-char-v2 0.879 0.880 0.880

E: R MERK T I ARTR

4.2. ZATRLER

ME 2RI EE R (5 i) RKAE, A 12 (tohoku-bert-large-japanese-v2) LA J2 #5784 14 (tohoku-bert-
large-japanese-char-v2) [RIRE i % e iy, 73 {HI979 0.784; 5 7 (tohoku-bert-base-japanese-v3) LA S AR A 14
(tohoku-bert-large-japanese-char-v2) ) 74 1] 2 it /&1, 7B 1279 0.773: B8 14 (tohoku-bert-large-japanese-char-
v2)) F1 R, JHEA 0.778. LRa =70 RE5 RKE, 1 14 (tohoku-bert-large-japanese-char-v2) fE44 [
ARG FA R R ESCAR(JLPT-NT N2) HHEFE SCAR(JLPT-N3 N4 FME M B SCA(JLPT-NS) =4
G BRI T R ALAITERE
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Table 5. Comparison of experimental results for ternary classification

TS5 ZORSRERILE

Sk T S %

75 BB (PrZﬁiﬁ;fn) (Ee%]ai) (F f 182%1’6)
1 kyoto-L12 0.710 0.708 0.709
2 kyoto-L24 0.759 0.755 0.757
3 NICT-32K 0.734 0.732 0.733
4 NICT-100K 0.583 0.583 0.583
5 tohoku-bert-base-japanese 0.771 0.764 0.767
6 tohoku-bert-base-japanese-v2 0.723 0.727 0.725
7 tohoku-bert-base-japanese-v3 0.770 0.773 0.771
8 tohoku-bert-base-japanese-char 0.719 0.704 0.711
9 tohoku-bert-base-japanese-char-v2 0.767 0.750 0.758
10 tohoku-bert-base-japanese-char-v3 0.751 0.755 0.753
11 tohoku-bert-large-japanese 0.761 0.745 0.753
12 tohoku-bert-large-japanese-v2 0.784 0.750 0.767
13 tohoku-bert-large-japanese-char 0.762 0.759 0.760
14 tohoku-bert-large-japanese-char-v2 0.784 0.773 0.778

e R MERK T HHARR

4.3. 5 ER

MDY S> 2SI 25 B (N2 6 Fim) kG, AL 14 (tohoku-bert-large-japanese-char-v2)BU45 1 & & fHIKS i
K, HEHIN 0.761; F5A 12 (tohoku-bert-large-japanese-v2)HX 3 T B i iR A IR, MBI 0.722; FR7AY
12 (tohoku-bert-large-japanese-v2) ] F1 {5 =1, 7MEN 0.735. 256 DU 2845 oK E, #AY 12 (tohoku-bert-
large-japanese-v2){E4G H XU N md A MEE SCARJILPT-NI) =2 N SEMERE SCARLPT-N2). H14%
S SCARILPT-N3 . N4)RHME R ME S SCARTLPT-NS) AN BRI T 58 4 (P RE

Table 6. Comparison of experimental results for four-class classification

6. M KLPWEERIILL

N .
¥ B (P){:Zfiﬁlin) (ﬁe%]i (F f 151%1‘6)
1 kyoto-L12 0.626 0.602 0.614
2 kyoto-L24 0.709 0.676 0.692
3 NICT-32K 0.681 0.671 0.676
4 NICT-100K 0.489 0.444 0.465
5 tohoku-bert-base-japanese 0.704 0.681 0.692
6 tohoku-bert-base-japanese-v2 0.706 0.662 0.683
7 tohoku-bert-base-japanese-v3 0.646 0.648 0.647
8 tohoku-bert-base-japanese-char 0.630 0.630 0.630
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9 tohoku-bert-base-japanese-char-v2 0.645 0.639 0.642
10 tohoku-bert-base-japanese-char-v3 0.656 0.593 0.623
11 tohoku-bert-large-japanese 0.715 0.694 0.704
12 tohoku-bert-large-japanese-v2 0.748 0.722 0.735
13 tohoku-bert-large-japanese-char 0.734 0.648 0.688
14 tohoku-bert-large-japanese-char-v2 0.761 0.690 0.724

e R MERK T HHARR

4.4. AHAKWER

ML 25 (3 7 Fias) KRG, 17 13 (tohoku-bert-large-japanese-char)lU1S T &% = ARG i %,
BTN 0.73; 7Y 7 (tohoku-bert-base-japanese-v3) B T ¢ i i A B, MBI 0.681; B 74 11 (tohoku-
bert-large-japanese) ) F1 fH % =, AN 0.683, HUCHEA 7, 7E N 0.682. LRV RETKE, 7
A 7 (tohoku-bert-base-japanese-v3)VFENF H SR N g BEFMERESCARJILPT-NT) =g R EEMERE S CA
(JLPT-N2). & b2 fE SCAR(JLPT-N3) FR g S5 M FE SCAR (JLPT-NA) R HE BE SCAS(JLPT-NS) FLAN )
A EERILH T AR RE

Table 7. Comparison of experimental results for five-class classification

7. AT ASLHERIIE

5

O 0 N9 N A W N =

—_— = = =
W N = O

14

LSRN

kyoto-L12
kyoto-L24
NICT-32K
NICT-100K
tohoku-bert-base-japanese
tohoku-bert-base-japanese-v2
tohoku-bert-base-japanese-v3
tohoku-bert-base-japanese-char
tohoku-bert-base-japanese-char-v2
tohoku-bert-base-japanese-char-v3
tohoku-bert-large-japanese
tohoku-bert-large-japanese-v2
tohoku-bert-large-japanese-char

tohoku-bert-large-japanese-char-v2

(Precision)
0.589
0.653
0.634
0.410
0.686
0.649
0.683
0.602
0.652
0.660
0.690
0.678
0.730
0.692

FEIEES
(Recall)

0.579
0.644
0.630
0.412
0.671
0.625
0.681
0.593
0.625
0.593
0.676
0.676
0.667
0.625

F1 {8
(F1 Score)

0.584
0.648
0.632
0.411
0.678
0.637
0.682
0.597
0.638
0.625
0.683
0.677
0.697
0.657

e R MERK T AR

4.5. SLIREER O

T LEAS R AR, W LUK IUEE T BERT I ZRiE 5 B A T VA H SCUAE 5 B2 E 8l 70 2K
5% ERA—E A RNE . SIS RERW] T BERT FIZRiE 5 A58 R M2 AL RE /). IX 124928 T BERT
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TR ZRiE 5 B8R ) Transformer HE 42 A8 85 A S0 HE SCAS Hr B3m] AR A (0018 SURFAE, AT (S A B )
Iy REE RN -

MPH AR RS, HAZRIE R RATH BERT TRIZRTE 5 RS DUE S h R I 1 2 & 105
TEHRAE ISR 24557, #5712 (tohoku-bert-large-japanese-v2) ] 2 AL FR R 2I3R 15 T F im0
Ho (H2, BEEDRTS DM, BRMHEREER < TR AR RIZE 7l 6 25T
W2t . SEENZREAR S . G, HARKRIE RS KA BERT-large BAYAE H SCCAHE ) FE H
AT % H I BERT-base fAY RN . #H L4 BERT-base #7841 75, BERT-large BAUHH T H £
] Transformer i &% )2 (24 1) LA S HER 135 (16 4™ HIZRBHE MU 3 K, €035 M cc-100 A1 Wikipedia
FIERL, 518 74.3 GB il 4.9 GB. £ =M%, HARILKZERAGN BERT-large-char £5 781 (1517
14) R INGT o SAERAE HE - AL B ER A TR O, BIFERIN S, T8RS R
I, RGP L K2 S AP SR R, SIS BERT H1. T BERT 544 n] AR 4
iy A 35 S A T R AR 1) B AE L 2T S5, BERT BB HIAEE o H R BRI AT BEAE T FANHE 5 BE A 1 S
SAEAMET, JUHA JLPT-NS 3CAE D, X533 BERT SRR P2 2 19 SCATE SURHIER D> . Ik
Ab, FECBERT AL 53 FA5 R 1 )5 R AT GRS TE T — 28 H S0 FEX SCAR I ME 5 BE X o AN iR s 49
HCOCAR R MR = 1) T )« T4 ] SFBhid.

JSHE BERT TIZRE 5 AE H SCOCAME 5 FE B3 RAR S h R T — ks, 2 RE&h
— BN DL KA JE AT LASGEE R T o B 5, BERT RUIZRE 5 AR 75 SR & (10 v 5 B R AN EHE 22 R, I 25
FSCASFNEE AT TR i, X PR 1 HAETE 5 3808 55 AN SCAUEN F 3 5 i B AT . Lk, BERT Tyl 2k
S A AL H I 3 SR RHE B BB S N ST S B R ECE ok, EMRRR I T T AT REAEAE — €
SRR, R, fEA R TAEF, FLARZRY BERT MIZiE S5 55 5 2R AR A, @ik
R T 2 (AN MEACAE 5 200 R A 3 INA R TN SRE i 45 07 32:, M SIS 2 Ak A AL, DLER = BERT
TRINZRIE TR FRIREE 1 IZ A TERE LS RTREE,  AATT SE N 2 18 5 U I SR S H /5K

5. &g

AT BT I ZRiE SR 7 ik, i 2 00 R SLES PG T 14 7 H S BERT FUIZRiE 5 A ALE
H SCCARHE 7 B A B 7 RAE S5 IR B, SKIRZE RN, 20T iR A @A R, JUHRAE =0 RE
55 LRI SRR 2RIt aith, HAEREtBRE 2 ARG AN RINUR A AT B R A 3 57 J5E 73
RUERETT R T — @M EF . ZREKE, HAKRICKRZ KA BERT FIZRE 5 BAEAIK H L
SCAHED Oy AT S5 R DUE L . BERT Il Z5iF 5 1 R DR Lo R R /1, BERGIE N H SOUAHE &)
BEPFRAESS, AE HIEHCA ORI TEORIIM ME . A5, KRS R H S8 5 i bniE
SCARGPRITARHELL . HIEE S RFEIZIRSE R 50 M, DU RS AL AR, DR REde . MEL H IR
HOARMAT ST BOR RIS Sei ShA @R EOR, R W 15 57 21 3 H B R AL T
A, IR IE R G BRSO AR

EemB
IR A 2RI SR B SOAS B BV A RS R 2R )1 SRR A AL A
WFAREHES: 22FYYO011).
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