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Abstract

Online product reviews play a crucial role for both consumers who make pur-
chase decisions and companies who look for the reputation of their products.
However, not all reviews do not provide useful information, i.e., are not helpful.
Therefore, the research on the helpfulness of reviews has attracted much interest.
Techniques to automatically identify helpful reviews are crucial because it is hard
and time-consuming to read a large amount of product reviews. Besides, the help-
fulness of reviews can be defined from various points of view. Reasons or grounds
for a reviewer’s opinion are one of the important features; a review that expresses
not only an opinion but also its grounds, such as “I like it since the design is cool,”
can be helpful for both consumers and companies. However, the previous studies
have not paid much attention to the identification of the helpfulness of reviews
from this point of view.

The goal of this research is to classify whether a review contains the user’s
opinion and ground for it to select helpful reviews from many product reviews. Our
proposal to achieve this goal consists of two subtasks. The first one is “opinion-
ground classification task”. It is a task to classify whether a given pair of sentences
or clauses in a review include a user’s opinion and its ground. The second one is
“opinion-target classification task”. It is a task to classify whether a target of
an opinion is a product or not (whether a user expresses his/her opinion about a
product). We believe that the second task is necessary, since a review may not
be helpful when it includes a user’s opinion but the opinion is not related to a
product.

Our proposed method for the opinion-ground classification task is as follows.
First, pairs of clauses under the dependency relation are extracted from a given
review. Then each pair of clauses is classified as whether it is an “opinion-ground
clause pair” (an opinion and its ground appear in it) or a “non-opinion-ground
clause pair”. Four kinds of classifiers are trained for the opinion-ground classifica-
tion. (1) Rule-based method. It judges an input as an opinion-ground clause pair
when it contains the discourse markers “kara” and “node”, which are Japanese
discourse markers indicating causal relation. (2) Bidirectional Encoder Represen-
tations from Transformers(BERT) fine-tuned using the training data. (3) Interme-
diate Fine-Tuning(IFT) of BERT. The BERT model is fine-tuned using another
task-related and relatively large dataset first, then it is fine-tuned again using the
labeled dataset of the target task. (4) Hybrid method that combined the rule-
based and BERT model. The rule-based method is applied first. Then, when it
classifies an input as a non-opinion-ground clause pair, the BERT model is applied
to make the final decision.

To train the models, we use or construct three labeled datasets. The first is



the existing dataset for discourse analysis, Kyoto University Web Document Leads
Corpus (KWDLC). The clause pairs under the “cause/reason” relation in KWDLC
are extracted as positive samples (opinion-ground clause pair) and ones under
other relations as negative samples. Although KWDLC is a manually annotated
corpus, the “cause/reason” relation in KWDLC is not the same as the opinion-
ground relation in this study. In addition, KWDLC is an out-domain dataset; the
domain of KWDLC is Web documents, while the domain of the opinion-ground
classification task is product reviews. The second is the dataset constructed by
discourse markers. From unlabeled reviews, clause pairs that include the discourse
marker “kara” or “node” are excerpted as positive samples, while negative samples
are made by concatenating randomly chosen two clauses. It is an in-domain dataset
(dataset of product reviews), although it may contain incorrect samples. The
third is another in-domain dataset augmented by ChatGPT. A small number of
sentences/clauses including an opinion and its ground are prepared as seed clauses.
Then, we give a seed clause and a prompt to ChatGPT so that ChatGPT generates
40 clauses similar to the seed. Positive samples are made by concatenating the
automatically generated clause or the seed clause with another randomly chosen
clause, while negative samples are made in the same way in the dataset obtained
by the discourse marker. For IFT, the out-domain dataset (KWDLC) is used in
the first training phase, and two in-domain datasets are used in the second phase.

Our proposed method for the opinion-target classification task is a simple method
based on keyword matching. First, for each product category such as “food” and
“books”, a set of keywords is constructed. Here the keyword refers to an impor-
tant word that is frequently used in reviews about products of that category. Our
classifier judges an input clause pair as positive or negative by checking whether
it contains one of the keywords in the keyword set of the product category or not.

Five methods are used for keyword extraction. (1)TF-IDF. Content words with
high TF-IDF scores are extracted. (2)TF-ENT. Words with high TF-ENT scores
are extracted. Here ENT is the score that evaluates the salience of the product
category (i.e., how likely a word is used only in one product category) by measuring
the entropy of the distribution of probabilities that a word appears in product
categories. (3)YAKE!. Words are extracted by YAKE!, the existing unsupervised
keyword extraction method. (4)TF-IDF+YAKE!. Words are extracted by TF-
IDF method and YAKE!. (5)TF-ENT+YAKEL!. It is an ensemble of TF-ENT and
YAKE!. For each method, the 200 top-ranked words are extracted as a keyword
set.

Several experiments were carried out to evaluate our proposed method. The test
data for the opinion-ground classification task was made by manually annotating
506 clause pairs with gold labels. For 186 opinion-ground clause pairs in this



dataset, another gold label is manually added to make test data of the opinion-
target classification task.

As for the opinion-ground classification task, the results showed that the use of
automatically constructed datasets significantly improves the classification perfor-
mance. The F1-score of our best model is 0.71 by using IFT, which is 0.09 points
higher than the BERT model trained from the existing dataset KWDLC only. It
proves that our approach to combining the heterogeneous datasets is effective. In
addition, the IFT is more appropriate than a simple combination to utilize those
heterogeneous datasets. Besides, the hybrid method that combines the rule-based
method and the BERT model did not usually outperform the single BERT model
since the rule-based method could classify only 23% of the test data, while BERT
obtained by IFT performed well on this portion of the test data (its precision was
0.79).

As for the opinion-target classification task, comparing TF-IDF and TF-ENT,
TF-IDF achieved better recall and Fl-score. YAKE! outperformed both TF-IDF
and TF-ENT methods, especially in recall. Finally, TF-IDF+YAKE! achieved the
best performance. Its recall and F1-score were 0.91 and 0.89, respectively, which
were the highest among five methods, while its precision was comparable to other
methods. It was found that the different keywords were extracted by TF-IDF and
YAKE!. We guessed that it is the reason why the combination of TF-IDF and
YAKE! can improve the performance of the opinion-target classification task.
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THF—U—F2BOLEL2—I3AHTHLLVIZEZICHINT VS, (4) HEE
73V, ARV 2T 2HEDO ATV (FN—=T)THB. 5)arvTr
VYDEMNE. L2 —ONEPREDZR T F A M EORERLR > TS
ZHET S, (6) Zofth. BEOBUC X 2FHERL ¥ a—XOEBMERY. —F, 2
YTFAMRBE LTUTO 2 002X ITTWws. (1) L a7 K. Ru
LEa7 =30 RLERHZLE2—2EFE L L WVWHIEBZIE DX, LEaT7—0DE
JEIEHRD O L 2 —DFRMEZ THIT 5. (2)user-reviewer idiosyncrasy Ff#. (L
La—%il) 2—He L a—7—0FUEZHZ. 22— HG L EBFIEITH
B2LEa—7—RE VL a—I3EHTHS.
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Kim 5%, Amazon.com DFHiL ¥ o2 —OEHMEZHIEST 2729012, WHid, 35
B, g, B, XXT—XD5507 7 ADFRHHE % H\WT, Support Vector
Machine(SVM) %285 2 FIEEZIRE L TW3 [14]. Tz, IR L 2FHED
FRCRICEERZ DAL Z 0 LTW5S. ZOME, &AL HE, L
Pa2a—0DEX, HEEuni-gram, HNFHMETH 2 Z e 3bhr o7,

Mudambi & Schuff i%, B&EL ¥ 2 —OFHMEDFHIZ Tobit FIIFTFEEEH L,
LE2—DEiE, LE2—DKE, B8R4 4 B a—0FHEZ NS 2
BROBEELRMTH 2 Z e 2R L TWVW5 [20]. Wi 20l GEFICEWE 221k
BV 221371 a—id, 25 THROVWLE2—L AT, GHEDESVHE
WERELTWS. £, LE2—0DEE (LB a7 —DaxXy rOLHEHE) L
Ya—OFHMEE EOHEEREZRL D & LTS,

Pan & Zhang \%, 7YX aURZ2ROI v 7 AMB IR T4 7 ETVEH
WC, ARAMICHEZ G2 2RABRERZ O L TW5 [22]. Ko, &FITKk2
LE2—DfiZ s NIV a2 —DRI CHHAEE ORICIEOHELR D 2 Z 2 %
RLTW3, X5, OV 2—0NEEBG LR, L2 —oMallk
(LE2—7—DHBOHLVWEZZEVTWS Z L) L AHEOMICS EDMHR
BRI H 5 Z e ZEHSLPIZL TV A.

Yang 5%, L 2—FF XA FDAEHWTHEL 2 —0F AR 27 2 Flls
ZEFEF NV EEE LTV [33]. O IMRATRER 2 DO EREEERAL, A
MoORSICE 2R a7 2 EMT—2 e LTHIFETAZZEE L TWS. 20D
R HRXWEEERENTIIINEET UL, BR3HEATIVDLE 2—
ODEHMHEICHHEHATES Z 2R .

Tsur & Rappoport 1&, RICEHT 2LV a—DFHMZHEST 2L 71T
) X 1 RevRank 223 LT\ 5 [31]. Virtual Core Review (VC) 1%, L E 2—D
HTRICEREEZONA L L 2—DEATH 5. FHiNRE T2ARDL B 2—2
LEBERBEERHEL, ThEICICVC R L 2a—8EFT 2. ZDKk, VC
CLOFLEIIESOWT L 2 —OFHER a7 28HL, Sy¥F 07T 5.

2.1.2 FHAMKREDODNITR

RIE TR DZ {1, EC ¥4 b ETLE 2= L THID 2 —F235. 2
2EHMOREMRETIEME LT, FANZHES 2ET L2 ELTVWS. —
7, AHMEOHRZEIANA 7 ADD 570, AHERZEDOHEIEICREVERED
FEETH 2 LIEE ARV DRI TWw5 (16, 31, 33]. B2, Liu 51k 3
HOBENA 7 ZAZHLIZ LTS [16]. Imbalance vote bias 1%, Z—3231
ERZER LD D EENZERZMI 2RI TH 5. Winner circle bias 1%, %
COEEZZ T a—NEDZLOFEHZHED, HOR—ATEIHIZEZLD
REMND 5 X BMHATH . Early bird bias 1%, L ¥ a2 —2BL#ERFI UL X
N3IFE, ZHUTHT 2K EIENINT 2HHATDH 5.
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I—HFIZ KA EHUHREOHRIILT LDEOFHEZR L TV A O TIERWY
725, LEa—DER»PE I AFICE->TT /) T7—Yay Lzl Ea—D7F—&
v FOREIN, FHBLE2—%2THIT 2701 TWAS. Almagrabi &
%, Amazon.com & CNet.com D 5 DDEFHMIZOVWTEINL—F L L a—
W2, BRAPEDPD2EDFNVET ) T—2ary Lz [2]. —77, Liu 5id SPEC
CIHENDHA R4 VERBRLTWVWAS[16]. LY 2—DNEERRT4ODH T
VEERL, ThZPROBE»rb L2 —OERME2Y /57— a>v 35, o
¥ Amazon.com DV ¥ 2 —% SPECIZ LN ->TT7 /7—>avl, 7—Xty
FERERL. ZhxilisT—22 L, LYa—D2EHTH 220G THIT 5
TED R SVMAZ K D L.

2.1.3 ARBIGHEAXOHL

ficDLEa—DFRAMERHETZOTIERL, LEa—HEE,1S, BN
REQ L RHET 2 22T, 2—FICHEHRERZEMET 2R ITOATY
%. ARIETIE Gamzu HIT X 52 [10] ZHaM 5 5. ZOMEZK211TRT. ¥
3, Amazon.com {281} 3 123 DRI T 5 22,000 DL ¥ 2 —3izxt L, AH
HDRa7% 7 \NMMPF LT =Ry b ERET S, 2L T, ZOT7—Xty
FHWT, XOFHAMR27 %2 T35 BERT8| 27 74 ¥ Fa—=07F 5.
Rz, Amazon AWS Comprehend i X » TEXDWMEZFHAIL, LY a—X%2H
ERRBXDOEE BENBXDEGICHETS. 2L T, XOREXEEZRTIR—
FRa7EFET L. BENXES L EENXESDZLTRIIBVWT, ioZ
COXEHFMPMLTWE XL, EhEWFR—trRa7x252%. &KRiC, B
HArHEINXomns, 3 R—bMRaA7PRRKELREIXEHEENXESG LS
ENXEEDP S 1 DT EY, INZ2REBWLREHAXE T 5. LiloBFHXOH
HMEAZ 73— HOBRBXEENTHLLERS.

2.2 EXEERR{RARMRT

ARan BRI I, XEICHIT 2 2 0D OHDEREZ DT 2 X X7 TH%. H
REEUFL DB G D—DOTH D, Hah, HAERERAZRSHETHIES N
TW5. KehBARDIERD 7 2 7— a v SR EN R EFED 3 — X 1E Penn
Discourse TreeBank (PDTB)[25, 26] & RST Discourse Treebank (RST-DT)[5] T
H%. HAGHD A=A L LTEFHKRF Y 2 7XEFY — Fa—2X (KWDLC)
BB, AR, L 2B % 2 00HOMICER Y ZDMRAE w5 Bk
DFIET 20 %HET 222 HNE LTED, 2 00XXRHIOBRZ AT %7
Al IE AT & OBEE TRV, DUR, SEEBIFRICREE S 2 e ThIsE 2 My 5.

thttps://aws.amazon.com/comprehend/



Preprocessing

-

Sentence Helpfulness Sentence
Selection Estimation Selection

—

Sentiment
Analysis

Similarity Similarity
and

Support

Negative Positive

X 2.1: ARERLA M2 S 2 FEOBEE [10]

2.2.1 HEOMREFEMEEI—/\X

Prasad 513, 2,159 fFOHEFEOHEFLHE 2RI, 2 D DFKEH RN I #GHE
& 7%t 5 Llza— %A TH 5 Penn Discourse TreeBank(PDTB) Z# L 7=
25, 26]. PDTBIZHBI} 2 #KaaRAMRIE, BIRIZRFGEEBI R & WS BRI 2R aaa BEfRIC 70
HXNh5. PIRmZGERERR 2 &, #EH%hE (but, however 72 ¥) 1T & o TR
SNLHEBARTH D, WEEAYREGEEBIfR &1, EEHRLA D2 < TH 2 005]
OB D LOEERRTH 5.

PDTB 3.0[26] D#GEAREX 7ty M, K22 1TRFTeBD, 3FEE, 30FEH
DR ITDPHHWBEEINTVS. IOHDOHKFEMEBREX DS, RFLL kb BED
HOKEE X 2%, “CONTINGENCY.Cause” TH 3. ZIUIRRBER, Thbb,
HBEHBHNOHMPRTHRELIEAETZHKE RoTWVWB W\ IR ERT.

PDTB % U 7 #EE S @t O3 E {frbhtnsd. Lo L, Kim 5
X, APLER Y Bl e b aic—EWp R wze, PDTB 2 HWEEIC X > TH
BOFEE RN FICHETEROATREE D 5 £ FIRL TV [13]. X5, 2200
AR R 5 DN BRI 2 GRS EAE L 72, JER RN 72 3GEE Rt dH O F
FRNIEICHET 272012, S8Rty by, G Ea— 2250
DXED® Y > a vy THEIT2LERAED 71 b a V2R E L. %72, BERT[S]
& XLNet[34] Z HWT, JEBRAREGEEE R 2 083 % 2 DD R — R 5 4
VR L.

RST-DT (&, 385 fFDHFEDHERLE IS LT, BEEE S 2 kEEHAL R I FXEE R
R T EAE LIea— A TH 5 [5). 7z, PDTB & RST-DT iZ2 HiTv +—
Ve ZAMY—=h « Dr—FLORRFIIN L CHGEMREN G LIza— 2 ThH 5



Synchronous
Temporal Precedence
Agycheonons Succession
1
| Reason . -
Cause /B +/% [Result C?qjunqlon
e ————
| Negative-result* Disjunction
[ Arel-as-cond Equivalence -
Condition % SAfgAseone. -
| Arg2-as-cond - Argl-as-instance
Contingency Instantiation :
| Arg1-as-negcond Arg2-as-instance
i tion-% |FR--as-hegeond
A R | Arg2-as-negcond Lewil-ob distiall Argl-as-detail
| Argl-as-goal Expansion Arg2-as-detail
Purpose | Arg2-as-goal | S _Argl—as-subst
| Arg2-as-negGoal Substitution Arg2-as-subst
Contrast = Exception Argl-as-excpt
Similarity ~ Arg2-as-excpt
Comparison = Argl-as-manner
C — Argl-as-denier* Manner Are2-
oncession Arg2-as-denier g2-as-manner

2.2: PDTB 3.0 IZHB I 2 #aEEHR % 7t v b [13]

7, PDTB ¥ RST Mi#& DEWME, RST-DT TlIEkEEENL 2 I EL LT
HEEROHGERARE 1 DOARBETREL TWSEICH 5.

2.2.2 HAEBOHFEEBEI—/VX

HHR¥ Y = 7XFE YV — Fa—,%Z (Kyoto University Web Document Leads
Corpus; KWDLC)[36] 1%, 7 = 7 X—=Y D EHIH 3 Ik 4 R ErEE#R T N F TR
BLET7HFAMa—nRThHD, E5XNEEEEROAIIIHRGEREROERD
BFEN5. PDTB 2.0[25] 22& 12, 2058 7D X 70 SR S L5 oGE R
27y FBHWHLATWS., KWDLC IZBW 2 iGEHRZ 7ty %X 231
RY. KWDLCIZIZ 220D 7 =&ty bEEFNATVS. 1201 TEMRT—X
tw b THY, BARLT ) —F > a vy LN BREOF—&Zty FTH
. SNDEMFRICX->T7 /7 —a >y EN2320 DHEiDOMIL 525, 51
DX TRV =27 T =&y b T, 40467 DEFOME» 5725, 10 AD
759 R —A—DHOMICH U THGERBRRDO X 7280 ¥ T3, mfiIRakq
BAMRIE, 10 NICX o TEID Y TONX7DOZHEPUC I D IRESINS. BRI,
KWDLC #ill#7— % 2 72 b7 —XI1255E L, BERT £7/, HWZEEY —L
“opal”, Wkahitmak e T30 & Lies, ZhoZllAaE b8 iitesr E
L, #HiL 7.

2.2.3 WREHZMAL AGEEFRENR

BEALE BAEE, SGEEREN OREE 2R LR 572012, BBX» 5722 A
THFAMIN L TEXDOHDALKBZF AT 2ETVEE R, ZREEE
(contrastive learning) DMHHATHEE T 5 FEZIREL TW5 [15]. K5 DFED
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Y AT [ TRAAT | B
G - B | Ry o2 L-07T] [BEsH: ]
[£75 i | (B2 72010] (BRI L7 ]
&t [K ¥ > % 3] [g‘{‘%ﬂiﬂj%‘]
R ZZWANIHHLENS) [EFRHAIE7259 ]
R LA ONTEGER A W € SEC TR
PULESS [HOL AT B L] [EEIZE.)

Rz LEEECER | [RiECTHS] [T a7 ]

4 2.3: KWDLC DakahBfhx 7t v + [36]

‘[ | - )mgmN I I .. ”

Encoder (Transformer)

(tewst) (10 ) (14 ) - (ser1) ( tcs)) (ko ) (k1 ) - (rsery) - (rcsy) (10 ) (71 ) (([SEP])

Maximize similarity
3\

(OO« J-~-C»WJ( 1C )= C_J( Jj

Encoder (Transformer)

(tewsy) (10 ) (a1 o ([s€P] ) - m( [seNT-MAsK] ) ((s€P] ) - (fcLs)) (T-0 ) (71 )--(([SEP] )

memue similarity

‘[ ) D . JWGWH |/l G G R ”

Encoder (Transformer)

([CLS]] ( 1-0 } [ 1-1 j ([ssm) ([cm] [randomj (random] [[SEP]] [[CLS]] [ T-0 ] [ T j [[SEP J

“——— 1st sentence Target (k-th) sentence T-th sentence ——

I 2.4: BFRE O REE [15]

BEZX 2418, BN, ANTFAMDLE T VAL EY, 24Tl
E1<k<T)BEHOXEZX—7v "X LTERT . ZOX—4vy bXOHEDA
ABEBE 5,0, £ LT B, KU, =5 v NXRFHKN—2 > TH % [SENT-MASK]
WEEHEI AN TFRA N EERT 5. 20 [SENT-MASK] DXERB%E 54, &L
T RIRIC, X7y PXERREARX TEEIMIALANTIFA MeHEL, %
DINER IR X DRIE 5, LT

ZLT, Spos & Sanc DERIEZRANL, FRHIC S50y & Sane DFLE %2 /ML
TAMBEETON L. HERBEBIIUTORX (2.1) DX S ITERT 5.

(eXp <SPOS7 Sanc>)
ZSGS exp ({8, Sanc)) (2.1)
ZZT(,)ERTZ PLORNHE, S = {spes; 515 ..., Sn°} THB. NiZX—="v
b R EE A AT Z TS 2 X DRETH 5.

ZDFRX, XWRITHKTFE L 7o X DEDAARIZ M IREE 2HE U TCTHEET 510
TH3. FOEMEEFMET 272012, PDTB ¥ KWDLC ZH\W\WT, AFExE %S

L = —log



BIfRZ e 52 X A 7T S 2 EF 21T o7z, EERTIZ, BERT[8|, XLNet[34],
RoBERTa[17] DX MDIABZAEN T 5 R—RET L E LTHHA I L.

2.2.4 SAASHEETIICED < BARGEAEERENT

FEF 513, Kyoto-Waseda Japanese Analyzer(KWJA) & M 2 A0 HAGE
fENToR WS U7z [32]. EIRSREMNTICISTERE RN, MU ke e &R 27
NhHD, —BIEE LA DR R 7Y — VPRI TS, LarL, BHDEZ R
7 ZRIFFCFETT 358, BHROY —LVORREZMET BUMBHREICRD, 7
DARXIPRENVEWSFELRDH . ZD728, HEHOHIIERD X R 7 Z[ERIAT
IV —IEHFELTWS. £, HAFE SINLNHZEE 7 V2 EmACER
L, AFIZ&2 BASERTY — VOB X b 2MX %5729, RoBERTa[17] %
FIH LU THENHARERIT SR 2 EH LTV 5.

KWIA Offfr 7 v —%2X 2.5 3. BARENCE, £3 TAJIRRDETIE) 270
n, Ko MorbEx) v THEEERL) 2fTbh, miRic TTERESRMEN ) TEE
RIAER [SEERMEN Gy THESCRNT) TAGEIEMSMENT ) TRETE U RICHT) M3t
SRt TEEEBE RN DThh 5.

KWJA TIThN 5 il O NIRRT & S 5. 7T REHOMGERR Y
FREEFRL, ANMEINLHOMICH L, ZOKGERGRE DT 5. K35 RM
WresxFHET 2720, RoBERTalC X > TELNZH DR MLREEZHEAE LD
DxE AN L, iKitBR%E 0T % 3 BD feed-forward neural network % 5343
5. BT NAD¥EFIWEKWDLC SHWH T WS, EEROKR, #EEBEREHD
FED~A 7 a4 58 55.3+3.6 272D, KWIA OEMEERL 7=,

e
SHbENE SHRBNE [ shsex SH & Bh 2 | JPERER

A EEBIRARAT

X 2.5: KWJA Oftt 7 v — [32]

2.3 HEBLOF—TL—XHBFE

F—T L XM LIE, XEIPLZFOFEEZRLIEHL TCWEAZHMH T 28,
MTH23. ZHEHEIDD LB LOFELD S, Hfidh *F—7 L — it
i, EOXF—7 1L X5 INLXEEELIIMT -2 LTF—71L—
X MBI 2ETAZEETZRIETHD, HifizL 7L —XHHEIE, 20X
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S IRIEBERONE SN TVWRWTF A 2o F —T7 L —X 2§ 2 FETH
5. AHITIE, #ZEIRLF—7 L —XHMHFEZ WL DN T 5.

2.3.1 J5ITIR=—ADF—TL—XHBF%

Mihalcea & Tarauld, V= 7RIV I VIZEVWTY 2 I R=I DI VI &R
FET 5703V XL PageRank[21] IZEED = | TextRank & MHINE F—T7 L —X
M FERIER L7 [19]. TextRank Tl, XEICEENIHEER/ —Fe L, B
in & HEEDMEE LBEATHE LG8y O 2RD, BA 75 72BN T
5. e, V77DV A XDPREIIRELBZOBRVEIITT B0, i &
DHEE (/) —F) DR DAAZITS. K263 XELEZNLLMELIZT T 7 DA
THb. R, AT 7D ) —FNDANTZYPHB=—F»ro6DHIT1Ty I
¥ LT PageRank 7 L3V XL Z#HL, 77 OEmWIREICHEZHMNT 5. &
®iC, Ml LBENTTO T F A PN TER L THET 2 L &, 205 Z2HEfiL
TH—DX—71L - CE 5.

Compatibility of systems of linear constraints over the set of natural numbers.
Criteria of compatibility of a system of linear Diophantine equations, strict
inequations, and nonstrict inequations are considered. Upper bounds for
components of a minimal set of solutions and algorithms of construction of
minimal generating sets of solutions for all types of systems are given.

These criteria and the corresponding algorithms for constructing a minimal
supporting set of solutions can be used in solving all the considered types
systems and systems of mixed types. )

—
systems compatibility

crlterla
types .
linear Asystem numbers
/ \ natuml\/
diophantine .
constraints
upperX
equations nonstrict
bounds
strict . 1nequations components J
. algorltm
solutloi construction
sets - j
minimal

X 2.6: TextRank iZ X o TIEM S L/ H[A] 27 Z 7 OH [19]
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2.3.2 #HEHR—ZADF—7T7 L —HEF*

YAKE!NZ Campos 512 & > TIRESINLHER LDOF—T7 L — XHMHFIETD
% 4]. LFO6DDRAT Yy I THFx—7 L —XZ2Hil T 5.

1. 7% 2 b AL

2. FrEEAh

3. BREOHEEME R a7 OFtR

4. BERF—7 L —XOHH

5. MRERIEREIC X 2 EHE X — 7 L — X DFRSL
6. ZVI/MFSNIEEF—T7 L —XDHT

(7% 2 FETLER ) T, AR—IXF R CT (847, AroZ, arvw,
VUL RRY) 2RUID XFE UTXELHEEICET 5. TRBEMMH) T,
Weases Wposy Wireqs Wrels Waifsent & V0725 DDHFEORHEZIHET 5.

Wease (FHFEDIFHEATH D, X (22) DX WEEINZ. TF(U®)) EKILF
TR E 5 R t OMBIEIEL, TF(A®)) XS t 2SHFEE (HFED TN TODOX
FPRXFDOHD) & LTHET2EE, TF() 3t ORBBEETHS. Licdio
T, BRHRESIAXFTHERT ZHEENEWVIZY, ZOREMBIZIERETH S & AKX
IN5.

max(TF(U(t)), TF(A(t

Do = ( Lép@)((») (2.2)
Wyos WFHFEOHBINERRITFHMETHS. F—T7 1L —XRPXEORINC LB
NBEVIRECHEDE, XEORYNCHBL T 2HEL X DEMRT S, wipe, $H
EOHBHEETH S, L HHEBICHE T 2HELZE TGS 2. wo ($HFEDL
ke OBEMZ RIFBETDH 2. NREFEOFEICHIAT 2 HEEOMHE 2 B H
L, SREFEOFNCHE T 2 HEOR D BDZWIEY, NREFED w,q Z1KL
BT 5. waipsen FHEFEDRLZHBT2HEZERL LD THS. H
FEDHIRBERE L T\ 203, B2 W THEICHE T2 HEE X b & fHiis 5.

HEEQEBEEZ a7 DFMHE ] T, N 23) ICk-> THiEw, DEHEER a7
S(w;) ZHEHT 2. ZOZ2a7ZEHRD 5 DOFRHAE HFHE XN, NIWIEYE
BRBEETHH I ERT.

S(uwy) = —Wrel X Wpos 23
(wl) - w + Wireq + WdifSent ( ’ )
case Wrel Wre]

TEEL X —7 L — XDt TlE, SRR A 37 HEE n-gram ¥ — 7 L —
2B kw & L, ZOEEEDR a7 S(kw) 2R (24) ITX->TEHT 3.

12



Huu € kw S (wl)
S (kw) TF (kw) * (14 30 c g S (w5) )

DX, HEEn-gram NOKHFED R a7 S(w) B RE LD THS. —hH7D
X, HEE n-gram O XHTOHBSHE (term-frequency, TF) & S(w;) DX 37 D
BRERALZDDTHS. ZOFEKICED, BROVHEEE n-gram IZHSEAITEKN R
a7 k52252 z2liEo0, BELHERZSTHEE ngram 10 L THEWR 2
TrED YT, S(kw) VERWVEL kw PEERF—TL—XTHDEI L Z2RT.
o T, Stkw)PEOVNWL OPDF—T7 L —XEEBELRF—T7L - LTHHE
35.

FREREEREC X2 EHEF— 7 L — XD T, L—RU > a2k ViR
FAWT, X 7EEF— 7L — X OEREZFIE L, BRSNS IIEFET
LEZLNDEF—TL—XERINT .

BB, TS U 7T X EEX—T7 L — XDt ) TliE, BXhlF—71—
AZBEEERATIZE>TIT XYL, FVI/MISNLEEXF—T7L—XD
YR MEE5.

(2.4)

2.3.3 MEHAZAICEIKF—T L —HHBFE

Peters 513, XHDIAALE TV SIF[3] & FHRIFEEEAE T /L ELMo[23] Z A
EbET, HOXENLTHF— 7L —XEMHTE 3 SIFRank & N 2 Fik
FREL TV [29]. K 2.712 SIFRank ® 7 L — A4V — 27 %;”kF. SIFRank 1%
TD5DDRAT v THHERINS.

______________

(2) NP chunker f NP, ¥ [ NPy
I I
'[Tl]:[Tz][T3]: :[TN]:
1 |
IN s+ J7___NN_ : V_NNP Sentence Embeddings
.o L
T T T T, r |
CtE) ) - () CEIE] ) oo B8
I I
Tokenizer ) ELMo_’il E, || £y, | | £y, | | By, | - i
@ '
POS-tagger /U_filz_'lfzzllﬁi_' _____ |_€N_3_|_ oy
k Tokens Embeddings re= --1(4) SIF r—— ———|(4) SIF
e ] i NPy, ||
/i vl e i
Document . | |
NP Embeddings i ol i ol
L [
(5) Cosine Similarity

X 2.7: SIFRank ® 7 L — 47 — 2 [29)]
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1. XEx b —2 Y () KHEL, Sz I ERTV, SEsMtE S hk
=2 UHNEIGS.

2. IERERBIC X 282 — v~ v FTHEXN/ NP-chunker Z i\WNT, b—72
Y 544G A] (Noun Phrases; NPs) 24t 375, #itl &7z NPs 3% — 7
L— G725,

3. h—7  DHNEHFFEBEAETNVANL, &F—2 v OMDIAALKEZ
5%,

4. v =2 Y OMDIAALD S DAA RIS S E TN SIF 2 HWT, #iaa)oi
DHiAA (NP HDIAR) #1585, RIS, TTOXEDOHDAARI BTG 2. i
FHIZFE CRTEBDORY ML TH B,

5. NP H®HAA L XEHDAAB D aY 4 VEUEZFHETS. chzx—7
L —XMEf e XED My 7 OFELE Y A, FMUEDORKE= W BN NED
F—I7 1L —XEHREAILBEEX—T71L —X2 T 5.

SIFRank {2 & 2 NP & XFOHLULIINX (2.5) o ks wwEifban 3.

UNP; * Ud

[[owe, || - [vall

ZTC, diIXE, vy ZXEOHDIAL, NP IEGF], vyp, 1XZ DHDHIAL (NP
@@ﬁéyfﬁé.ﬂﬂmmm0#51@ﬁ®@%mb,1mﬁmﬁ8ﬁﬁ®%~
7L =3 XED My 7 e D EMEREWZ & 2R, W, ED0ITEWIE
E, FO7L—XF My 7 e EBRTDH S.

SIFRank (& Bag-of-Words FED—MTH D, XFDHHEICEHERF—T7 1L —X
DBEHONR TV Vo RMNEOFERNPE RN THRWY. LirL, FITEHEDE
BRHHEVXFEDGEICNE, MEDOFEMRDERINRNZXTDHS. Peters HIF, £
WIEHTHIG T 272012, SIFRank+®EE L7z, K (2.6) IZHFAFIIN T 5 (LB
DNA TR (EA)THS. pr ENPBPXENTRINCHBR LA ETHS. 1T
X, NAX=RFTRX=RTHY, MEDNNA, 7 AZHHET 5.

SIFRank(va ,Ud) = Slm(va ,Ud) = COS(UNP ,Ud> (25)

1

p(NP) = (2.6)
D1+
X 51T, softmax BARUE W T BN 7 A% 0~1 DR DIEIZEELT 5.
H(NP) = softmax(p(NP)) = —PPINE)) (2.7)

Zk L exp(p(N Py))
ZLTC, LAl NPT 2EBEED T > 71%, N8 IWWRT LI, NP kd
EDay A VEPEICAEANL 7T RAEPITTEEINS.
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SIFRank+(NP;,d) = p(NP;) - Sim(vnp,, Va) (2.8)

BLWXEDTF—Xty FTH3DUC2001 & W52 Tl, SIFRank+!Z SIFRank
IO HENTVWB I EDERINTWVS.

2.4 BERT

Bidirectional Encoder Representations from Transformers(BERT) (8] {ZXZEH 7
SEETND—DOTH 5. Wikipedia PHFFE X S OB KB — 2% fH-T
HHFEH EINLETNVE, NRERIZDT =Rty b CI7 74 v Fa—= 5
52T, BARSHELHOMK L 22 X7 OMREE KIEICHE Lz, BERT TAN
ZUERT BBR21E, ANt ZRT [CLS] b—2 > &, ANIZBITE2XDOXY]
D%ZKT[SEP] b—2 W5 200Kk b —27 yMfEbATwa. BERT OF
A3 X Masked Language Model & Next Sentence Prediction D 2 DD X R 7T
M XN 5. BERT OME %X 2.8 IT7RT.

ﬁp Mask LM Mask LM W@D Start/End Sph
P S *

BERT

Masked Sentence A Masked Sentence B Question Paragraph
* *
Unlabeled Sentence A and B Pair Question Answer Pair

Pre-training Fine-Tuning

¥ 2.8: BERT OA%E [8]

Masked Language Model X 2271, b =27 > D7D EITHI XA THS. b—
7 VDN OhD b =T VT YR LGEY, ThERLT, T35 -2
VAl kA B b =2 YA OXARIEHREZEHL TR L =2 2 THIT 25
ZET, WHRANPOLXRZERL-ETILVOFEEEZHEE L TWb. Next Sentence
Prediction # 27 Tl&, BERT OFHA¥E DB, AESINEXE,NL 20D
DED XN, Zhs% [SEP| THfEL, ETMVCANTS. 2L T, AJ1%H
R332 O0DXHITLOXETHEG L CTHIRT 2060 % T3 5. BERT OFHd)
R, T —&2 D7 F A Mt LT, Masked Language Model X A7 ¥ Next
Sentence Prediction DM 7 EIRHIZEH X 41, HEAEKIIZD2 oD% 27 D8
KEFZMEL-d0nfibi .
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BERT D7 74 Y Fa—=71%, FHIFEBFADET M LT RIRIE AT
IEbEEEMEEEEML, FRERAIZOTFT—Xty v 2o TETILEED
NRIRXR—REFRTIUHTHS. FIZIE, 7F X DX A 712 BERT %1
H$ 2%, RPIO[CLS] k=2 Y2t s 2 REDENEDOHDIAAE XKD
HHIAALB Y 35, BERT @ _EFICiZEM2faEe Y 7 b~y 7 A0
PEMEN, ERINLcDfERZTHTS. W EEHAEEOEATIIE Lzt

X 772 cOMERIFIK (29 DL ITKRDHN S [28].

p(clh) = softmax(Wh) (2.9)

BERT ¥, BHASHEUHICB I 24 R XX 7 WLHTE, BOVIEMEENES
N3 ZEPMEZINTWS. HKEHEBIRMENT O X X 712 BERT Z#HT 5 Z & H 0]
HETH B. AT, KRB OX A 70—/ LT, HioMEIERL Z
DRI %E &% BERT W THET2 e 2idsb.

2.5 AR D4FHH

21 BTNz L D12, L 2 —DFRHMUZHET 2 A RIATHIED D 5 23,
AFRIX NS DML IZB R 2 RETCL 2 —DERANEERTS. Thbb,
LE2—Il2—HYDOERE ZORUNEEFNTVWBEEE, ZOLE2—I3EHT
HBHEERTDH. ZUE, L 2—OFHMEZUEMNERT 2 dDTIIRL, #F
EDREDPLEANEERLEZDDTH S0, BREBIZ S0 E0% HEIN

WS 2N S AU, FTLWHREDL S L Y 2 —OF AL ZFHES 2 2

CAJREIC T B

2.2 FiCHEN U 7= #EEBAGRARNT IC B 3 2 JEATISELE, B D 2 ikaEREfRD—Do L
THRIMERZHK > TH D, RIUBEROMHTICERZ Y TRHETIIR V. K%
X, BIUBEROMBHOAIES L, RUBEGREDEIT Z2ET LV EFET L7200
AT — 2 % HEINICHEER S 2 FIEZIRER T 5.
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F£38 BERCBRUZzZTEHOHED
73E

3.1 HE

AETE, ML 2—RKERZORMUDIEENZ 0 502 HET 2FIE
WOWTRE, BERE ZIUTT 2RI 2 DDEIC L - TidibEhhTwnwa &
D20, LNZEOHIZERT. ROT7 4 7RER (TH2CHELTVWET. )
EHfi cp ICHDATED, ZOMRM (MRS THA L7z ) & 1IcEHbRT
W3,

’@%ﬂ%?»%ﬂmﬁ%f%ﬂLt@f%i+ﬁmﬁﬁbfmi?f2
REFZEOMEERN 3.1 1RT. BEROXr LB EN2EHL Ea—% AT
L, ZhWWERrZIIHT 2R EZE0rE&ErE2H 35, ¥3, L a—
P HRDZIERICH ZEOMEME ST 5. X 3.1 Tl (¢, cin) EMRINTVS.
R, ZRZPNDEHOHIIH L, ZANERLRILE ST (Yes) 22855 (No) % ¥
ET S, DU, ZonEdsr BRI EER) X, 2L T, TREHIE) oE
Pa—)L T, 0&DTD Yes LHESINHOMD D 255, ZOMMLE 2—
BERCREZELEHEL, ZRLANIEERVEHET 5.

X 3.1 1BV T d BEERHEIIRUBER S EROEE TH 5. A5 TIlE, B
R ZoiRIE2ECHIOM, $hbLbEERE ZORIL W5 BFRESOHiOM%E
DRILBER-FiR 7 | EPER. F72, BREBNEZE SR VEHOME TIERILEE%-
iy YR ZLT, 2200HIB52 56 &, AR R-EIR 7 Ik
LB R-EIR T DWIT N TH 20 ZHETE2HLWER I ZERT 5. LUK, Z
DRV % TIRIWBEBRAEZ A7) X, BRPBERIEREZ DR RV ZfiEL
ETILTH 5.

# 3.1 ITARYUBEfR-Fix 7 & IEARMUEA(R-EiR 7 O 2 7R3, (1) ORMUEIFR-Hfi<
TIZBWT, LE2—DNREBSTWVAEMIZEETH 20, Hi213 2ok
BFAPTV] LWOIERERLTED, @i1IZZ0MEHZFHHELTVWS. —7,
(2) DIERMUBIR-FIR 712DV TIE, il 22 iz D X 5 RERIEER SR
W, 2B, fEEEWTH ZAEEEDRH D, (2) DHID & 5 IHIR 7 IZERRIC
BEXDMIZIRBZeRH 5.

17



(Cll; C12) Yes/No

. , BRE

SLEg— (ca1,€22) Bz | YesNo =

f SHE | — BWEED
| hED

(Cnl, an) -5 Yes/No

S
Training —
>—5tv
KWDLC (OM)
<

S———
=iy | ChatGPT
(Augmented)
-

3.1: LE2a—0 B R ZORWUE GO 2HE T 2 FEOBE

# 3.1: ARWEHFR-FiR 7 & IERMBEFR-Fi R T D
fi1 fifi 2

(1) BB R-FiRT AR a7—rOxfik NEIZDD? DRI L i
ek TWwaDT, HIrdbhFT.
(2) IEARMBAFR-FiR Y XXV 77 —TFfask X—UETHELTH S

E‘Lﬁg

2 TERTT. Z5DHEL VY —L R
TY9.
(3) tRMUEA(R-HiR 7 EoTHABWSTA L DTay S Tho %
B2 272D TIH, CHRFesNTE L.

WROWADERE T, BR L ZORIIIH 4 DfiIcH 5 REL TV, L
L, LE2—ZBWTEREZORUBED LS5 CHbLN 2 ZAELE Z
2, BREBIDS 1 0HICHLNE 220 eibhotz. FlEHAE T,
IRPLBEfR-EIR 7 D 60%I2BNWT, BERE ZORAN 1 DDFEICHE L TV, #
DRlZZ 3.1 D (3)1nd. Hi LI EENZRER IE2ICHE) & Z20RI e
THAFV] DEFENTVS. AMAPRET 2BUBERIELA R 7T, BER
¥ ZFDIRID 1 DDENZD 202 2 DDHENT TP TNV B0 E D ICBfRR L, Hix
THERL ZOBRWEELIrEIPENET A EHNE T 5.

AEDOLIEOEH CIHERFEOFEMICOVWTIHRR S, 32HITIE, LE2—25
HioMHZME T2 FEICOWTIRR S, 338iTIX, BINEREEZ2HE T 57
DDA T — R 2R T 2 FIEICOVWTIRR S, KIFFETIE, BEEFEOKEREGRD
T—Xty s TH3 TKWDLCJ, #ahtEak (Discourse Marker; DM) & F23%2 D
IR L7z T5— &+ v b (DM)), ChatGPT 2> THELE IT—Xt v b
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(Augmentation)] @ 32D 7 —Xt vy FEFAIFT -2 LTHWS. 34 HITI,
IN6DT =&ty b HIRWUBERDHREG & EE T 2 FERICOWTHERS.

3.2 HIDDE

AHITE, GRoNLEa2a—05HOMZHMIE T 2 5EICOVWTHERS. %
T, AIRZXDOXYID e LT, LEa—23niElT5. K2, stk ZzfioXyD
LT, XeHIIHEIT 5. ZDtk, HAGERMS - 18 - BIGHNT > X 7 2 KNP[37]
WX D XEHIDBR Y ZITER 2175, KNP X, XHOBOZRDZIEGRE2H 1T 2
D, XHNIEARR R 7 L — X0 F v Y 7 IWHEM L SHBHEAMTH D, fikD b
INEBRBATH 5. XHIFDORD ZFEGFR?2 S, (lEeHisTaEl L) #iEo
ROZIBEREIET 5.

K2, FACXRNTHRDZFBERICH 2EOMZME ST 5. ROZIERICH S
BN E VIR E D, BERE 20U 2RI S OrIgEERESVWEE R S
N3, 7, BEREBIUIF LTRSS, BARA2 BT[N H 5. Z
DG, HARBIIBT 2 EMIIRBROHITH 2 Z o, BRSCBILS XORE
DOHNCHB T 2 0JEEAEVWEEZ H6NS. 22T, EHit T2 2200XIBIT 5
TNZNORBEOHZHRT & LTHHT 2. 206 ORIRT MIRILBI R K
AT DHREIZD.

fir7 ot o ZRT. K 323 F%DZIBFTOMROFTHE. T T ¢
2 FENENRA DL (Sentence 1) & ZFH D (Sentence 2) IZH1} 5 Hiz
T F7, REZ 2 o0HiOMICERD TGN H 2 Z e 2Rmd. F—XH DR
7ELT, (c,d), (), (,cl), (c3,c3), (c3,c2) Bifans. XEDOHi~RY
ELT, (d,@) iz,

(N

D D G

Sentence 1

~

Sentence 2

3.2: HifE Dk D 3217 T OBl
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3.3 dlET—%

3.1 HIThNRTz X 912, AP TIIBHE R EES 2 FE T 572DI23DODFT —
2ty beHWS. LUK, Zhzhor—&+ty DI OWTIRR 3.

3.3.1 EHPKFEYIIXEU—RI—-/IR

222WHTHN LIHFHREY = 7 EY — Fa—r 2 36/1F, V=7 LoxXHE
WL T OMEEBIMRD AN F O 537 — &Rty b TH B, [Fa— 2t
BEINTWBHGEBBRE7D5 5, Rt b B#ED H 5 X 71% TEEK /HH ]
TH5. ZHZPDTB 2.0 BXU PDTB 3.0 IZBIF 2 ikahBE%R % 27 TCONTIN-
GENCY.Causel IZHY T 5.

KWDLCIEZEMRE 77V RV =2 V72007 =&ty " ORI THY
3. BiEZEMARIRGEEGRE Y ) T —>ay LT —&THD, F—&2EID
WD, ZFOHGEERRZ ZXMEETE S, BB 7Y R U —h —hkialR%
777 =aYy LT —=RTbHY, T—REIZVH, 779 KU —H—I3HM
FIRHGERZ R > T0RWzo, KEERRZ 7 OEEMEIZ K.

M EZE 2, KWDLC 2 ARG A RO FEE 7 — X Z LU D X 5 ITHE
5. ¥3, KWDLCIZBWT, NERK/#HH % 7T~z Xof%IE
B ARILEAGR-FiR 7)) & LTI T 5. 72720, BMRT—Zty MBI 22T
DR7E, 799KV =227 F—&Xty NOHRTEEEN0.7TULEORTDAE
FHT 2. 299 RV -y rF—%&ty FTlE, #KaElRE 273 ERD 7 5
R == Lo THEIRSINI X T DZLIRIZ K o TIREZXN, £72Z DikGER
RETDEFEXZDOXRTEFER L2777 RV - —DANBOEGTEHE XN
5. —7%, NRK/HE ) MAOBKEERER R 75 X=X % &l (FERILEE
B-HiR7) e LTHMT 5. 2720, EflaflofiiFETe L, Bk v X
DY) T B,

KWDLC 5 a -7 — Xty ME, KFEINR L § 2RI R 5E X
22T LBELTVADII TRV CICTEESKLETHS. 3, KWDLC
YPRAMLE 2 —IE R XA Uh3® 2. KWDLC Tldtk4c 7w = 7 XEIH U THER
FFENTWBH, WGBS EZAZDF X4 VI3ERL Ya—Tdh3. T4b
H5KWDLCIEZ7 Y b« XA VDF—Xty b TH2. TAVNTFT—XLERL R
A4 VDI T — X2 B¥EH I N0, [T KX A Y OillfT — 20 5%E
U728 © HERT, DEOMREMEL 22 Z e HIshTwa. 72, KWDLC
@ TEK - #Hi) BfRe A DER L RILERIIL TV 22, SERIFE U TR
W, KWDLC 282 TREK /B ORI —RNRERREGREZRL TV 50,
AT BT ZIRMMBR DR 27 TRRER 203 2Bl wo 72k h B
R ZEREMSRYE LTW5. % 3.21C, KWDLCIZBWT MEK /Bl ok

https://github.com/ku-nlp/KWDLC
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T7 /7= ayESNEXOMoZRT. (1) IZEWT TGk ziRL Tns
Tl (X2)keBiFs NEfgEERD 2] 2 DHEHICR > TIEWSA, BEHE
Z ORI DBIFRTIZ R .

% 3.2: KWDLC 2812 &K /HEiH] BAROH
X 1 X 2
WH T, F-RHEETHMBIERE | SHREDHIE A -7 FL AW
LTCHEHF2BEGEIEREZEL TV | & THEEEBEVEL 7.
9.

3.3.2 EEEERICKBZTF—Ftv k

AETIE, 1V FXA4YDT =Xty bEIL—NAR=XDFETHEMEES
ZFREICOVTIHRS, /¥ XL YDF—&Rty blE, TAFTF—&L[HE
CRAALVDF—& THROBEMNLE 2 —I120 U TRILEEFRD 5 L fh5 X
N7 =2ty b3, ZZCIIHAZRIFRGEEZTHS 26 & ToTy
WEHTS. 6] & ToT) 3EHRFATH 2D, ZhoDERFADRNICIED 5
HIFIZOWTOMANHHIA TS ZenZWn. LT, ZhoofHbs
RIHGEERT SO OMZIRUAR-FR 7 e LTt 2 22 T7r =%ty b
ZHERT 5.

T3, NN RLDOLEa—FHAETS. RIS, 328 THHALEFRICE-T
HoMHEMt 2. LEIC o) 23 ToTy Eaghtuviiug, BERE
Z ORI & F N EH] (ARIUBAR-EiR7) & LTHIH T 2. £, 2O DG
B x & £ R WET O 2 BB GERILBEMR-EiR 7)) & LTHIM T 5. 721, 1M
rEflOIZ1I T 3. Al TAHIOMIZERM LR CESZ T v R LT
UINZ 4 -0

ARahimak  F030 DI S N7 ARMUER(R-Ei R 7 Dl 2 K 3.3 12T, THRD
HEEIJHEBEZRIAGEERTDH L. WIThofld, & 1I3H 2298 THEOMEH
ZEEHLTWS,

KWDLC 21X, HRKeilEaiz F0n D IR LT -2y M4 > - R
XA DT —RTHY, BHUBERSEROEFIHEL TWEEEX5%. LarL, IE
ple BRI EEHMH I TV S 720, RO Z VRN H 2 Z L ITHERT 24
BENbhb. Tihbb, St (o) ToT) B3XTLIHEEZERT DI TR
W, ¥, BHERTLETYH, 2—VFoRERICHITZ2EETRVWI L DS, £
3.3 D 2&HOHITIE, Hi2 IR (BK) KT 2ERIEEETATHRL.
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* 3.3 EEIEED B T2 HIRT DfI

fifi1 ifi 2
FRHERITL L2 —d R 207D T, | FFHRRFIUIE-H 02w e v
9.
SENEEBAL Y ay TEZATH | BIEOE S B OHEDBKIE
AL7Db D TIHD, ENTL B EWIFLTVET.

3.3.3 ChatGPTIc&357—42tv +

Dai & & Gilardi 5%, ChatGPT 237 —&XILIRIGE L TEB Y, EimERIRT —
RERYPTEZZLERLTWS (7, 11]. 2ITOTF—XLkREE, HEMNCZS
NVEMNEG LT =2 24K L, T —2 082 T W Z2i53. RIHTI,
IR EEZ X 71229\, ChatGPT-3.5 ZRIH L TF—X{EEE1TS. KR,
BT (50 TOT) ZEFHROVIBLER-HiR72EEST 22 2HS. 20
X D 7RIEHNX 3.3 2 TH TR /-FKGEEGR Z FODL D IR L -7 — XLy NCEE
TV,

X 3.31%, ChatGPTICE D F—&Xty "D LI ITHEINZ2ERL T
5. ¥7F, 9D0DBRLRIEMT ¥ YLOBEMLE 2a—05, BEREZORIOM
ZEUHIEHET 5. 2hehofiicxy L, ChatGPTIZE D, ZH LD
BERr ZOBRIEELH LWETZE 40 AR T 5. BRI, ChatGPT IR
DIy ye52%.

Bld 7 — RS, e BRI 2RI E0EmL e
2 — 1 #7200 40 EE AR L T XV, #i 0 [Jrofi]

AT BT BARMUBI R TR 2 7 TR E 2T 20, ZOFIETERS
N2DIFH—DHITH 5. HIOHDT -1y BT 2728, ChatGPT ZHW
THEBLEHEIX, R ADLE 2—056F Y X LSRIZNH O i
o, IEFIORMER-TIR 7 2ES NS, fERRE N ZIERDF701E, ChatGPT
W EkoThERIN-HizROOH Y L, D OFX 3 2FHOHI L T 5.

FEROFEZEFHOALENRT 2. 22T, 332HTHIAL-FELRUFIET
aflzrEks 5. APloIIERMOHEFRIC LT 5.

K 3413 ChatGPT I & % 7 — ZILROHPIZRT. ¢, ITTDOHETHD, ¢y B&
O g2 13 ChatGPT I & o TAERINLHITH 5. o DEIIZIZTTOHI LRI L
BEFERD, BERZOMRMWMEEATVS.
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WA ChatGPTICEL DA A BUERS v > ILOE

=

LT 8
 ——
BIF—IILEEHRS - TNE /'@ W A
LEBRICH T BRUERDE , .
R 1 1 872 F40E% £ Rk \tﬂ WA
LTLEELY, &8 tﬂ . @ '
l A — A A
ChatGPT

X 3.3: ChatGPT 2 &k 25— XYLk

# 3.4: ChatGPT IZ & » THEM I NL=Hio bl
o | RODOPESEZTRN-LTY.
cg | PEMUECROVEMAFEZME TFICA> THELWTY.
Cor | FTHRMKET, WO RVOTE THIMEL TWVET.

3.4 DHEBOFH

IRYLEA R R 2 7 % fif & 7= D fEes, bbb RIBERSEE 222 H %
WEHET L2720 D 4 OOFERIRR T . RKEiTIE, Z04-50FEOFHM%
BB B .

3.4.1 IJIL—=ILR—ZXDF&

COFETIE, HEERETODD L LA — ISk >T, HiR7 DAL -
HiR7 pEpRHET 2. BRI, AJE LB OnS oo s
o B L (0T AMB LTI, 2D~ 7 & RIUBIR-E~ 7 &
U, 2N 7 ¥ HET 3.

39, ANOHIR7ICBI 3 2N 2 OEE HAEHAERAN 2 Janome[30] T
WENET 3. e, NESNMER O L OFOREL, TS (hb) £
& TOT) BT 2R HET 3. FEEERO VTS L B L BEEHH
Mol EDA, TOMRTIIER ZORMEEL L HET 5.
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3.4.2 BERT

RMWBHRAELZ R 7 2 RRA A7 e L, HEiFEEABERT 27 74V F 2 —
=V 73527, RUBEGRLSEEZYE TS, BERTO7 74 Y Fa—=v
WIE33HEHICHERELET—22y F2HWS.

BERT %, (120)XDOREHEARZICHHEHATE 2L, XHOBFREDEHT 5
RAZIWCHHEATES. Thzlxx, BERTICEZZ2 AN LTURD2o%
BET2. 0e2F, A T2H0f»P5200kz &, 2 008 ZRHF b —
27V [SEP| TRYID, iz AN 3T2AKTH5. ZAUIHIROREGR (AWFFET
BERCRIWOBR) 2032 28I 5. UK, 2z AJ12$ % BERT
E7 V% IBERT-2C] &FER. $50221F, AN T2HOMMNEZ 5N
X 20O0fHiIZEFELY LT1IoDOXe L, T2 AW T23HATHS. ZhiFl
ODOYDNEREBIE SO, E2 0BT 28 ICHYT 5. UK, chEzAhed
% BERT €7 /% [BERT-1CJ ¢¥F:3X. BERT-2C & BERT-1C iIZBIF 23 A D
ERXZLITNIRT. [CLS] & BERT THWHARRHk M —2 > T, ZHcxts 3
HDIAADETF 72 3HIOMOEKREKRE L L TN 3.

BERT-2C: [CLS] #ii1 [SEP] i 2 [SEP]
BERT-1C: [CLS] #i 1 i2 [SEP]

FREBEHETF VL LT, HAE Wikipedia 2 5 HHI¥B 30, FALAEC
o TR TWS BERT base Japanese €7V [38] Z W\ 5.

3.4.3 Intermediate Fine-Tuning

Intermediate Fine-Tuning (IFT) &, 7V OHREZM EXB 272512, HR
RRIDT =Ry bEHWT 7 74 VFa2a—=V 7 RITHENS, FEIl7T—2ty
NEFRALTET AR I 74V Fa—=V 5 5FETDHS [6,24]. ZZTOH
M7 =&ty biX, MREXRAZ EEEPFECHDRAIZ DT —2Ly N TH 5.
WWREZZDF—Xty DL, ORI KRB OREE X 2 7 D5 —
Xty "HET—2ty b LTHETX 254, IFT MEHEINE. £33, H
BF—&Xty NCETIAE T 7 A VFa—=V 7T 58T, HiEEer st
RERA 7 CEHET 2HEMERR XY, ZOBRMNRAR DT -2ty b EHWT
T77A4YFa—=V 7 FT5ILT, WREXRT OHFEEITBE IS, Cengiz 513,
IFT ZfiH3 % Z & TEHE NLI(Natural Language Inference) X 227 D87 5 —<
VAN EF B ZRL (6] ABFSETIE, IFT % BERT ZX—X & L7211
BRSSO AR ICICHT 5. HET—X2 LT, 77 b FXA VDT —Xt vy
FTH2 KWDLC ZHWS. £z, MRXRAIDT—=X LT, AV FXAL YV
D2DODT =Rty b, TROLKFERZFLPDITHELT -2y b
ChatGPTIZ K 27T —RINRIC K> THER LT Xty b ERHVWS. 3, 7V
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FFEhs iR & AR EEZ X Z1I2BWT, 7T FXAL ALY B X
L DF—&Ey AL, THEHWTBERT 2—ER T 774 v Fa—=
YT BFELHART, IFTHENTWEI2ERIAET 5.

3.44 NALTVVyRFEZL

—fRIZ, L—NAR—ZDFEEX, BERTO XS5BT 4 —F 57—V 7T X
D B ERABETHEAMEDSE V. X512, L—IARX—XDFEZ, Ficdhruvir—
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N—=ZADFKE B FAE I H DO FEOM A D7 a—F DA ZIENTT2DIZ,
W& ZHAGOETHWS HIEZIRET 5.

BN, FENHEEWE TEIN L —ILR—ZDFEZHNT, AJOHI
R7 PIRMEAR-FR T 0G0 HE S 5. RIUER-EHR7 HEIN X, Z
NZZDF FRAEOHEMR L 55, JMRMER-Eix7 L HEx Nzt =, BERT
I K BIRMBI R AR Y, ZDOHIEMRE L REDOHEME L 3 5.
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4.1 RIERTE

BRI 2B GZRE ELHIR 7 ISR L, ZOEEIREMICE#EDH 5 05
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X, BERICEET 2 SEMMEDATWS - FEINS. FlZ1E, FHMBONRE 42
BEUGED T2 A Y =) THBH =, ) Bl FHE] 2 Wvwo2rmic
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F—V—FOEEGEHLPULOHEL, ZODPHIRTICHETINICE-T, #
DERDPEMCE#E T 20 E50EHET 5.

RETFEONHONEZRK 4.1 1RF. 7, ERCEET 2 X—v— FES
HOPUDHEET S, 2770, BWRBICF—Y — FEAZBET DI, FHMix
REBDIEMDEDIEFICZ N o, HEMZELW. 22T, KIFFET
X, M T I VECHEES -y — FESEZHEET S, CCTOREMA T
VX, T8BA TR TRE) 7Y, BMOBEEESEL-DDTH 3.

AR TIE, BRAHBOT—XLy b 27 TERINTWAEMHA T IV ZF]
53, A7F—&ty MBI 20EMAP T3V IZFEEESE IS > TWE D, ARiff
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WOWT, ZRICETAREMDOL 2 —%22THEL, IV va—858) 235, X
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W2, L2850 0EELRF—Y—-FE2MHEL, T ¥—v— N NES) 2185, §F
i ROERT (Z ZTIRERE ZOR 2 Z0HIOM) BE5Aoht Z, Z0
HiR7E2ELL L 2 —DONREFZO NICZOBEHAITIVIEZ 513 LIRE
T5. LE2—DRMA TS, A2V 0BGy i, & EMD
FimA 73V %155, K41 0FITlE, ANINZLE2—Dfmp TV 'z
oft) THbD, FEEMEE X&) - THifE) - T84 s, FENICER L
fohra) T8 Z21585.

&2, ZOREMNOATIVIINIET 2 'F—V—FNEF) & TLEa—) 1
FUT MRE) OWUBEEITS. BRI, SiRv7ICESRITITVDF—T—F
HEEOWTNADF—T— RT3 L 121X, ZOHiRT OERIIREMmICE
HNH B L ART. M, BIR7ICEMATIVDF—TY— KBV O HBL
TWVWRWVWE X, ZOHIRT ORRIEREMICEEENZ W\ E ART.

RETTIX, ML E2a—0REEPLEERXF—Y— N2 T 2FEITOVWT
BB,

B

: H>3V

: & Lea-me —> T

be-> BE LEa-ga —> T
FE  Lea-ga — T

wx7 | = pFIU

X 4.1: 7 DESICER L TV A0 2HET 2R FEOME

4.3 F—DJ—FoOHH

AEITIE, DABHATIVDLE 2 —DEEDS, FORMICHEEST 3 ¥ —
7 — REMEST 2FECOVTHENS. 5, LY a—E505HIE (4, 8
i, JTERFARY) ZHHEL, ZhEXF—v—Fofle 35, i, ikl F—
7V — FHHEFEEZRHLT, ZAPhoBBOEREZHET 5. &R, HE
EDREW N 200 HOHELZ TV DF—T— R LTHIH T 3.
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F—v— e 2L LT, TF-IDF, TF-ENT, YAKE![4], TF-IDF+YAKE!,
TF-ENT+YAKE!D 5 2OFEZHWS. LI, Zh 2ozl 5. <
B, DEOHHATIE, »7aV%c, ¥—7V— NOBEME R ZHFEL w; L0 T.

TF-IDF TF-IDF 3, [® 2 FICHH T 2 H 5 HEOEHEE | 2R IHIIRR
EThHD, BRRROTHTILLfEbATWS. 22T, d5h73V ¢
WKEBT22TOLE2—8EE8% 10D XELARL, 273V o(XE)IZBWY
% HGE w; DEEE % TF-IDF 2 W CEIE T 2. TF-IDF OEHEZ R (4.1)
RS

TF-IDF (w;, ¢) = TF (w;, ¢) x IDF(wy, D) (4.1)

DIF—RICeELEREEERT. KMROGE, #73a3VHBIILa—%%L
DIREXEDEETH 5.
TF ¢ IDF 0t&R %, zhzhil(4.2) £ (4.3) ITR7.

AT IY cDLE 2— 2B B w D HEER

TF(w;, ¢) = HTTV cDLE 2 —DEXFH (+2)
B |D|+1
HE@“D)I%(Wﬁ&ﬁﬁéﬁ%ﬁuwﬁ 43)

TFE, ¥—V—Fwu, DA 73V cDL V212X HHET 2L, EWH
PWD, ZOHENEETHL L ERT. —F, IDF &, ¥—V—Fuw;
MEZLDATAVDLE 22— ICHET2IZKL, HPBorT7aVoL
Pa—ZLrHELEVWE 2 dE R 5. IDFICKBRAa7 i, F—
U—RRENTATITVDLE 2a—ICHIRT A XX, F—U—REZD
HTIAVICBWTEERKEZR-L, BEETHIVWIHIEZIHE L.

ETOEMBEZEICOWT TF-IDF Z3HE L, #0 A7 200 tFOHEEER *—
7— REEL LTHET 3.

TF-ENT TF-IDF (%, XENTOHEOEEZ7HE3 2 BRICIA R T
M, KZETIEA T2V clCHTIEEZ LY 2 — 2K BN XEL L
THHALTW2 77, IDF B8R E 2R WAREN D 5. HlZIR, T8
bl DATIVDEERF—T—RE LT R 252235, L K]
N TER AT7ITVOAICHET 2425, ZOIDFIXEL RESNE. Ly
L, FERZE TRy 2 WS BEEE, DRVWEETIEH 523, hoh73V) D
L a—lHHRTIZEEZONS. TR 28 T8 »73VDLEa—T
EFIC IS HEBRTBHETD, thoh 7TV THHMNNC 1 EITH HEHETH
X, K (4.3) IZBF 20 KRELRD, IDF HEL HEsN 3.
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Z OIS 27912, »2HEPFRED S T3 VIS 5\ %
IDF ofkbbiczy brE— (ENT) Z HWTCHHEI 3 2 FIEEZRET 5. 2
Ty huV¥—IX, HENH T IV ICHRT ZHERSHOTY fo—
ThHDH, N(44)DEIICERINS.

ENT(w;) = — Y _ P(cluw;) - log, P(clw;) (4.4)

R Plclw) &, HiEw, DL a—ICHHLLLE, ZOL2a—DAh 7T
UV cTHHMERTDHD. ZDERLN (4.5) ITRT.

Plefuws) = BTV BT B w;DHIEE (4.5)
Vo 2h7anicBiI b w,dHBSEE DO
ENT(w) &, ¥—=V—Fw, BETOHTIVIHFEIHET 2 & Zizm <
7D, MEFED AT TV DA THIERT 3 & 212K K 5. A%,
I rrE—ZIDF XD 3, F—U—RPREDH TIY DAZE LIS D
AT A2DIHEL TWAEEZS. D7/, IDF % ENT ICEZH#X /-
K (46)ICEkoTHF—Y - FOHEEE LRI T 5.

1

TF-ENT(w;, ¢) = TF (w3, ¢) X ——
(w;, c) (w;, ¢) X ENT(w) T o

(4.6)
QB 0ICR B Z L BRI B 1D DERTH S, AW TIX a=0.1 £ %
ET 5.

ETOBEMBEZEICOWT TF-ENT ZEE L, Z0 EA7 200 O HEER ¥ —
JV—REEL L THISET 5.

YAKE! 2.3 2 TN LMt N— 2O FiE YAKE! 2 FH S 2. YAKENZ
HdDLIGEENRBIILENLLF—V— REMETZ2FETH D, HEENR
R=ZATXYLENTVWBEZ e EZHELTWS., HARETIIAR—RAIZE->TH
ORISR TWRWD, I LT, HARGEZEEMBN A janome[30)]
EPRWTEHRNCOPBEEERITS. X251, YAKEIDORRTI X —XREHRET
B2i2ix, SREEZHARREICHEEL, n-gram DRRARKDY A X 3IHKET 5.
72, EEHIFROBMEZ 0.9 L% E T 5. YAKENZ X o TIRAEGEDEEE D
AayzHEML, 20200 F0FHEZXF—V - N EFL LTHIRT 5.

TF-IDF+YAKE! TF-IDF I X2 F—v— FHiHH ¥ YAKENZ X% F—7— FHl
HEMHAGDOEZFETHS. £3, TF-IDF 2518 L, 0 L7100 4D
F—U—FEMHT 2. R, YAKEZHWT100F0F—v— Rt s
5. INHLOMESEERENLEF—V—FESGL T3, AitOF—TU—FOD
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B3 200 TH 503, 2 ODFILTH UHFEIZEIINL & ZIWIXERZIRL 2
B, EEOXF—v—FEIX200 XD /ML k5.

TF-ENT+YAKE! TF-ENT 12X % ¥—7— Rt YAKENWC X3 F—7—F
HHEHAEDE 2 FETH S, TF-ENT 12X > T 1004, YAKENZ X -
T100MF, ¥—v—FEMiiL, ZOMES (BT 200 H) & E4& M7 —
7—FEGLT 5.

LD 5 2OFEDSH, TF-ENT & TF-ENT+YAKENZAWIZZIZH T 31RE
T, o FEIHMEOFTIETDH 3.
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C o i

AETIE, IREFEOMEERICOWTHRRS. F5, 5.18TIX, AEBOT
AR F—=RIZOWTIHRNR DS, 528 T, 3B THRNARUBEHRIFEEZ 27 B fEL
REFEOMEROERRE L MR T WME L, IREFEOFEMEICOWTEE
?5 5.3 fi T, 4B THRNRLFERE NI EX R & RERFIEOFHHFER D

RERHAL, EEBEERERICOVWTHET S, £/, WX hdF—v—7F
OJWJ’S:/TT

51 TAFTF—4H

KREDE Efﬂ«t D, REBETIIRUERTEE R 7 L BEME R TER X

JIWZOVWTFHIT 2. ZZTRENTRDRAIZDT AT —RIZONWTHNS,
ﬁ%%%”ﬁ&xauomfmzomrxbr ZEHW5. Utownﬂwmc
TRAMTF—&X] ThH3. 331 HTIER7 KWDLC 26ME L7 —&%Ey b2
8:1:1 DENEGTHEL, ZhzniliT —%, BMiET—%, 7AMT—XE T 5.
TKWDLC 7 A b7 —& ] I EFROTENC L > TERENT AT —XTH 3.
KWDLC ® 7 NI AFTRHEGEINZdDTH 30, BRIBNZ X 512, KWDLC
BB TEK/HEE) ORI T LHAMAEIEIETER & 2 DRI BEFRT
BaznwZedbdhs.

HIVEDE FRRTRA N TF—&] TH3. U, EBEOLE 12— 5 X
NGO L, ZRILBER-FiR 7 2 IERIBER-FiR 7 TH 2 0% NFT
FRNMNF LT =2 TH5. £3, BERIGOLEL2-2056, 162FDL B 2—
7 YR LMGERT B, RIZ, 328 T LT ERIEY, L e 2= o oM
ZHH T 5. TRy B LI DARGE+FiRL TEICHEIL, 7EILHORRELHE
IEETE RV E 2IFRIEFICET. 2L T, HRYZIEBRIKLT 2 2 TOH
O EHHE T 2. HHIALEHRTIZOWT, 2 AOERED, s Dfiss—
FOBERE ZHUINT 2Rz 002 HET 5.

2 DDFHI T — &2 DfEt 2R 5.1 1T~

EimE MR 27 DFHii T — R I RO XS IR T 5. £33, BRKT A b
7 —& T RMER-EHRT ] & 7T SN 723 5. K, #Hh#
FH1ED, ThOOHRZICEIN TV A ER RIS EMICE ML TV A0E
PEHET L. LUEOFHRETHEFANDS MDD 20 E1% T _RUAT LT —
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K 5.1 RWEHBRDHEZ A7 DT AT —X

MRILPBE(5-Fi_ 7 JEARILBIfR-Hi_ 7

KWDLC 7 R b7 — &
WK TALT =&

131 131
186 329

£ 5.2 B ERDEHEERAIDT AN F—&

BERANDEND D

FERANDE N L

160

26

Xty b ERVERT 2. ZOHE 2R 52T, BMICENDD BEHRTIZRVE
R7 e HRTH 6 G2 0.
WRT AT —REERT 2BUCHRALEZL Y 2—1%, BARBEMSD TV D0
57 VELMIBERLTWS., ZORENOREMY T I 2R 5.31RT. BEMD T
TVORIZ 28 TH 3.

5.2

£53 BMRTFTAITF—RICBIFA3L Y 2 —0DK EMNOBERAITIY —

X

K, VZFRY 2

B - N4 27 Hf

B

KMEE-aIvy

A7V 7 - BE - I

AL = « BET Ry ay . JEIERR
v —L - TV - F—F 4%« Hh A

FE - AAR - FK

LT 4 —R 77w ay

FoX - RE—IX=T 4

Ny 7N 75 v PR

it H—7> DIY

Ry bRy v X

HAMHER - XFEE - F=

Edsh s av ko b - i

XA T pwray #
CD - DVD - %583 MRS T

Bbbp s kE— - F—LA

X v F UMM - B - HEERE

A>F— T -FA L vxT

Jax)—-F7rEHFY -

AR=Y + T M7

ATy b - fEEE

BR - RALERD 1R DT

5.2.1 FligETF—4

AREFRTIE, UTFD52D7 -2ty bZEIl7T—X2 LTHWS., oD
T—Xty v 5EE LR RS T i S B
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Diware : KWDLC B L7 —& €y b (33.1H). 7FAMIV 2T LET
HY, ML Ea—TldRW\WED, 79 RXAL VDT -ty N TH 5.

D : HEEERE T D CHER L7 7 — &b v b (332 78). 72 MIFEMHL
Pa—THhH, £V FXAVDT—KELy N TH5.

ChatGPTIC k> TSR L 727 —&X v b (333 TH). AV FXA4 VD
TRty NTH5.

gpt *

Damigpt @ Dam + Dgpye 22DA Y « AL DT =&ty b eGbELT—X&
v b

Dall : Dkwdlc + de + Dgpt-

Dim & Dgpt 137XV DIRNL B 2 =55 HEIICHER I NS, TAMT—XL
[FERIZ, 2NV LLEa— LTERT—RIIBILERTHZOLE2— 27 %
T2, £541%, 52007 =&ty FOIlT — &% EMGEET — X ICEEN 5
R7DEERLTWS, “og” ¥ “non-og” & MEHLEEIR-FiR7 ) 2o N TIER
MBIFR-EIRT 1 KT, Dy & Dy 13, HEMERL 12, 8:2 DEIGTIIRLT —
REMGET — X2 E L TW 5.

#£ 54 T—&Ev bDOFE

T—=&Rtv b AR 7 — & MREE T — &

0g non-og 0Og NON-0g
Diowdic 1,044 1,043 131 130
Dam 582 560 146 140
Dyt 558 560 140 140
Damtgpt 1,140 1,120 286 280
D 2,184 2,163 417 410

5.2.2 RERTE
FERTI, 3AHICERNLUTOHMME BT 5

Rule 34.1JETHAR?= X 512, KEHEH (226 TOT) OBFEIC X > THRILBER
DEEEPHET 21— L RN— 2DTFE.

BERT-2C 3.42IEHTH®ARZX51C, BERT 2774 VFa—=0 7 F528T
R R fEeR % 8 T 2 Tk 2 00HIOME AT LTEHZ 5.
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BERT-1C [AffiZ, BERT # 7 74 ¥ Fa—=> 73 % Z & CRILBER S SES %
FET T HoMEHEELE—XEANE L TEZS.

IFT-2C 3.4.3JE TN X 512, Intermediate Fine-Tuning 12 & - T BERT %%
VI 2FE T —RDB Dyy D EDAEETE. FF7T - RAXAAL Y
D Dywaie EFHVWTBERT 27 74 Y Fa—=V 7L, RIZAL Y+ FXA
D Dgmigpt EHWTBERT 27 74 ¥ F 2 —=>2F%. BERT "D AN
BERT-2C 2[RI LK 2 0DFiDMHE T 5.

IFT-1C L3 IFT-2C &IXIEF U255, BERT ND A 1% BERT-1C 2[R U <
o2 EE L -—X e T 3T

Rule+BERT-2C 3.44JEHTiAR=NA 7Y w bFiE £ RuleliZ ko> THIER
v, JERRHLEIR-EiR 7 L HE L= & %1213 BERT-2C & Fl W CHREHIE %

4= >

1T72.

Rule+IFT-2C Rule & I[FT-2C ZfHA GO NA 7V v Rk

BERT D7 74 ¥ F a—=V 7T BEEDNA =5 X —=XDPREIZIX, Pre-
ferred Networks #:23F%E L 7z optunal[l] & W5 HEIEEIL 7 L — 24V — 2 Z2{HH
3 5. Optunald, NA ZFxEILIZ & o To%F X —RDERZNRANATS Y —Iu
TH5. FHEKDO ERZ 50 [EEFFEL, Ny FH A4 XOHRKHPZ {8, 16, 32},
FEBOERRHF L {1e75,2e75, 3¢5}, MEET —X TOT Ry 7 BOERHPH %
{1,2,3,4,5} 2 L, 7 — 22X 2ET VDI EMREET — X2 X 2 ET VDR
liziEDIRL, REENA =T X=X DHAEDOEEHELTS. BERT D85
X —ZER DR T LT X252 LT AdamW(18] Z{#HH L, fEJHE (weight
decay) 1% 0.01 ICRXE T 5. 50 BIOGRITOHTREET — X I T 2 FEIRD B
Mo lzNA =T X — R DIAEEEEIRT 3.

FEROFEIRMZ, ChatGPT-3.5 3 R—X 54 & LTHEET 2. Fur 7k
LT, AFTERLIZ3DDERY > T e 3 oDafY > 7% ChatGPT IZ
HZT, 7A M T =X OHR7IRIBEZRIE TN 202 T3R5,

5.2.3 fERCER

Bixb 7 =Xty b EFEOHAEDOBIZOWT, RILBIRIEE L X 7 DMERE
Il L 7z 2 3R 5.5 1R, AHliFERE, ARILBIfR-Ei_ 7 #H DA (precision),
R (recall), F1 227 (Fl-score), I X I THHDIEMER (accuracy) THH, %
NEN (a)-(d) DEICF L BTV, Rule & ChatGPT OHERER, 5~ & 57—
Xty bEHLZWED, 2TOIT— XN L THEUHERZRLTVWS. —
7, IFT & Rule+IFT OHREE Diwdare & Damasgpr DT DT — Xt v bR REY
270, Dy DHDFERERT. BET VBV T—HFRERVIRDP 07T =X
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v b OFMEE KFTRS. £/, Dy THFELEET LD bk bIERIE
o 1=dHIEZ KFhoA4 XV v ZIKTRT.

A FXAL DT =&ty b (Dgy & Dyp) THFEINZZETNVE, TV b -
Fx4y®?—&%yb(Dmm>f#%éhk%fﬂib%ﬁﬁﬁ@ﬂfhé
3, BEHFICEL TEEENMEV. Lo T, Thodr—&ty F2iAS
b%fﬁm% ¥, BEVWOEFZHVWE 5%%#% XNB.

Fl1 xa7 e EfRRICELTE, 2K, 1> RXL D7 =Xty bDF
MW7 %x4/®f—&%vbib%@mfmé.:mw,4y-Fx4y®
T—Xty b EEHEBNHEET 2L DIREZFEVENTHS 2R LTV,
Dgm & Dy Z T 2 &, BMH2C%?»T@Dm®ﬁﬁ°BMW1CT@DW
DHFBFERNME V. LA L, BERT-2C X BERT-1C & b 3 F1 22 7 RIEER)
BV DD, alCH AU Dy OTTBENRTWE EEZ 5. ZHUX ChatGPT
k27 = ZIBROAMEEZ R L TOVS. Dypygpt V&, ADT =LY b Dy
F7203 D,y B LT, HHEREMELTWE2, FI1 2a7ikZEAEFETH 5.

BBIC, Dy THFEBLEETLOFL R 73, thioF—&ty X b sEATH
5. 3007 =Rty NefEE LT — 22 HnW258 2 HERT, Intermediate
memmguFLx:7tE%$%é%kﬁiéﬁé RED F1 22 71% Dy

FEULIFT-2C3#FER L7 0.71 TH D, Diyae TFH L7 BERT-2C & D 0.09
’]‘\/f Y hEW.

CNBDFERNPS, BR2EBHEOT—XZty b, Thbb, AFIZEoTIN
MIFENTZT T b s RXA4 DT =&ty b, GFHAID D EEFIERICEL-T
TR ENTZA Y« XA VDT =Ry v 2HAGEDELZRADT Tu—
F5, BRI T 2IBHUBARDODFEX A7 ICENTH 2 Z LRIz X512,
INODERLZIZEHOT— &2ty b2AHT IERCE, 7T—%ty b OHMILHS
& & D 3 Intermediate Fine-Tuning D25 LT\ 5 Z & 23 - 7z,

INFETET—ZXEYy FOBEWIZOWTEREL T\, FEDEWIZOWT
ERTLHEe, LR X5 icFedohs.

o BIRHNIC, AT LTHIRT 2T ANSET L (F-20) 1%, H—DHiz3ZlF
ANBETL (S1C0) EVEBATVWSE Z e hot. BREFILELIZL
R 1o0HNCEN 223, BERT ET7/VICANT 5 & 21X, 2 00Hi%0HES
BIE5D KW,

o N4 7Yy FFKIX, BERT 7% EEISAW, K2, Rulet+IFT-2C DFF
fEiX, RuleRIFT-2C X b &\, ZUuX, Rule l&iHifiT — X D 23% LH57
HTXRWD, IFT-2CIX 6D T — 21205 2 0 EOREDE W (0. 79) 7z
H»TH5. Lz2o>7T, Rule & IFT DA DLRIIHEEZ D125 X hho Tz,

e Rule DIFRIZLEEIE . 2L, TANT—XD 7 7 ZADAE DR
KTHs. £51IRLELDIZ, FEBRIEER-EiR 7 DENIBIUEIR-5i<
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£ 5.5: RT R b7 —RITBT B RMB R DORGR
(a) FGEE (precision)

= 7_\\]1/ Dkwdlc de Dgpt de+gpt Dall
Rule 0.72 0.72 0.72 0.72 0.72
ChatGPT 0.40 0.40 0.40 0.40 0.40
BERT-2C 0.47 0.49 0.61 0.53 0.63
BERT-1C 0.49 0.53 0.49 0.49 0.54
IFT-2C — - — — 0.67
IFT-1C - - - - 0.60
Rule+BERT-2C 0.48 0.50 0.57 0.51 0.57
Rule+IFT-2C - - - - 0.63
(b) FHH (recall)
ET IV Dyware  Dam Dgpt de-i-gpt Day
Rule 0.47 0.47 0.47 0.47 0.47
ChatGPT 0.92 0.92 0.92 0.92 0.92
BERT-2C 0.90 0.55 0.70 0.84 0.76
BERT-1C 0.83 0.82 0.89 0.92 0.83
IFT-2C — - - - 0.75
IFT-1C — — - — 0.84
Rule+BERT-2C 0.82 0.63 0.81 0.82 0.84
Rule+IFT-2C - — - - 0.76
(c) F1 a7 (Fl-score)
TT I Drwdatc Dam  Dgpt  Damigpt  Dau
Rule 0.57 0.57 0.57 0.57 0.57
ChatGPT 0.56 0.56 0.56 0.56 0.56
BERT-2C 0.62 0.52  0.65 0.65 0.69
BERT-1C 0.62 0.64 0.63 0.64 0.65
IFT-2C - — — - 0.71
IFT-1C — — - — 0.70

Rule+BERT-2C | 0.60 0.56 0.67 0.63 0.68

Rule+IFT-2C 0.69
(d) IEf#ZR (accuracy)
ETL Dkwdlc de Dgpt de+gpt Dall
Rule 0.74 0.74 0.74 0.74 0.74
ChatGPT 0.42 042 042 0.42 0.42
BERT-2C 0.60 0.63 0.73 0.67 0.75
BERT-1C 0.63 0.67 0.62 0.63 0.68
IFT-2C — — - - 0.77
IFT-1C - - - - 0.74
Rule+BERT-2C 0.61 0.64 0.71 0.65 0.71
Rule+IFT-2C — - — - 0.72
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7DIFF2METH 5. Rule \ TGRS R OD o 7258 D ARMEAZRD D &
HET 2720, 2RI Y 2 IFRILBIR-HiR 7 & 0T 2 H[M23H
5. YU EOHEHDS Rule DIEERIIE L RoTWwWd b dh, Zhik
I LD Rue EMTHZ ZEZRTDDTIERV. Rule D F1 X2 71%
BERT R—ZDET N LD HELZoTWVS.

o ChatGPT IZHiR 7 Z IR R-FiR 7 L 2T 2 EHAAH D, HHEELAEN
D, FBEEW., FlRa7id7 74 vF2—=>27 L7 BERT & bhi&u.

5.2.4 KXAVDEWCETIER

BB R D TR A 7 2R Jod D HflinFiRZ, BIFO I\ fETF—Xty
F KWDLC 2322 ThH3. LaL, 33.1HTHEMLIZE D1, KWDLC
DRXAL EY 2 TXE, KRR CTHEST 2IRIUBEBRTEX A7 D KX 4 VI
ML a—THDh, MEFZ—HLTWERWSED, KWDLCIIZAIED X 2 71258
R L TWB DT TIER.

ZZT, T =R T AT —RDBEBVOHELRAET 27-012, BINFEE
21127 Dppae ZAl T =2 UTHAHAL, KT X b7 =% KWDLC 7 X
b F— X TOMWRER KT 5. Rule, BERT-2C, B X Rule+BERT-2C O
P), HHEE (R), F1xa7 (F), BXUIEME (A) 2R 56I1TR7.

£56: FALVORERZT X MF—&IZ X 3 HllifER

Fi FARF—2%| P R F A
Rule KWDLC 0.74 040 0.52 0.63
TER 0.72 047 057 0.74
BERT-2C KWDLC 0.78 0.85 0.82 0.81
TR 0.47 0.90 0.62 0.60
Rule+BERT-2C KWDLC 0.70 0.82 0.76 0.74
TER 048 0.82 0.60 0.61

TUR s RXAL VDT RAIT—& (HK) I3 % BERT €7 LVOMREE, £ > -
FXAL DT A M7 =% (KWDLC) IZH 3 2MREL D S 2ITH o TS, —
NR—ZAFEDOHREE, ZD220DTFT AP F—XTRIFIERHZETH I, N4 7
Vy RFRETET Y b - XA 2 OFBFHEEDMERL.

Z DFEBFERIE, LB 2—I1tBT 2 EREBRIE EMIZEHT 5720121, A
Ve RRXRA VDT =Rty VT ANENR DL ERET S,
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5.2.5 DHEFAIS—9
IREFEIC & BIEMBERIEOF

R 5. T IRBFRIC L 2RI R EHOH 2 RS . Gold IXIEED 2 Z X%, Pred.
W F1L Ra 78 —&F@Eh -7 IFT2CGEI T — 21& Dy) I2 ko TTHlIN T Z
A%RT. T2, yes IIBRHWBR-HIR T, no \ZIFRMER-EiR 7 2K T

£ 5.7 Doy D> BFE U= IFT-2C 12 & 2R ALEI R o

Gold | Pred. | i1 i 2
#1 | yes | yes | ivE, Mol 2THEEIK XL ToOMOEDLEIZDH
ZiE L TV TEICHGLTHE X L.
#2 | yes no | ROFERED TS, ZOADrOLFFY AX—DOXOD
INSER

#3 | no ves | FIDTHIHLZBIEE 272 EKLD»->7<TT.
DTHLARLDY L7
3,

Bl #1 ZEBHEOH, TROLBIBRFIRIC K > TRIUER-EiR7THS IEL
CABELEHITHSE., 70, BER TREMELTVWET ) BRI THEIER
OPDEVAI B 1ODEICEEN, FHESCHAHZ R TR KGR D 72 W)
WKHEDOLT, HiRTZICERERIUNRH 2 L IELL 7HELTWS.

B #2 \ZBREMEDE], F b B IEMRIIIRILBIMR-EIR 7 TH 2 B REFIEICT L -
TIFRIBIR-EIR 7 LR THIE L 2HITH 5. IBEZFEOETVIEIER TRV
EZAH EZORI TRWTFY A V) | ¥ v AR —DXDff) 2R 5 ZEHMNT
XTWVWARWY., 2k, BIZRTEARPREES 7 L — XHRIICRHE ST
WRWEDTHBEEZILND.

Bl #3 G TEDHI, 7205 IEMHIIIFRILBAR-FiR 7 TH 2 2MERFHEIC X -
TR R-HiR 7 Lo THIE LB TH 2. TER L1721 WS ERICHT
BRIV H D 5 S, BT VIIRMEIRD S 2 L HKT L Tnw 3.

RO

BETFEOBY M ZITo72. F1 2a7d&dEd>2EF L IFT-2C IOV
T, Bk BEEOBIE ST L, R ORREEZERL 7.

BIZMEDRD I 48 D o7z, ZDH B, 391 (81%) ICEEMRERIEENT
Wiz, RE5TDOFI#2ZFZD LS 2FITHD, 2—FREHFDOFF AL VHARBWER
RTW5., T—&ty MNMZE, 2—VFOEENZER L 2Ua3 2Bz &
BB R-EIR 7 NEZL EFhTWE. ETME, BENREBERRDZ L EIZZER
WX BIRI S FEET 2 il 3 A E R o iz,
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BIFHEDRRD X 70 thd o7z, D OFER, KR (O T 2D OFERH
KTH2Zedbholz. 70 DBEHED S B, 17(24%) HFOHIR 7121E & DiKAG
B E EN Tz, ToT) BRREFRZ RS, 43 L ERCBMORMGRE
EBR S v, il 2, £ 5.7 0 #3 T, TOT) ERHEPI AR - 7-HH
(ZDOJETHES DD TR o72) ZRITD, 2—FDOER (ER LI ->7) OHH
21372 o TV,

5.3 BmADEROEEDSHEDFEM

ARETIX, BMmsSNAEEARY, I hLbEERE ZORNEZELHRTBE 2
LTz &, ZRHEMCBEHLTERLTOWE D (BT 2EARILTH 3
D) BHIET 2 ESHEME R R REFEE TGS 5.

5.3.1 RERGTE

KBTI, 4.3FTHRRZEBERZ L5 oDFE, TF-IDF, TF-ENT, YAKE!, TF-
IDF+YAKE!, TF-ENT+YAKE!Zt#R$ 5. ZhoDFEIC K> THEmA T IV
BICHER XV —FREZHEL, A T2HRTBZNALDOF—TV - %
BOPEPTEHENDEMNOAREZHEST . 7TAMT—XE LT, R52ITRL
72186 tFDEIRT 52 2 a MR R 7 D7 =&ty b 2HWS. ik
I, TEADHD ) D7 FRITHT 2FEE (precision), FEH (recall), F1 X237
(Fl-score) &3 5.

5.3.2 HRCEE

* 5.8 W= RO R A7 Dailifih R

FiE FEE HIHE Fl1Xa7
TF-IDF 0.87  0.74 0.80
TF-ENT 0.87  0.68 0.76
YAKE! 0.88 0.84 0.86
TF-IDF+YAKE! 0.86 0.91 0.89
TF-ENT+YAKE! 0.86  0.89 0.87

EEFERZER 5.81RT. £F, TF-IDF & TF-ENT IZOWTHIRT 2 &, FEE
R CTHh o7z, BHRRICITHEREZNR SN2, TF-IDF OFE#EN0.74 T
Hol=DIZH L, TF-ENT OFBFEEIZ0.68 THo7z. Lid->T, F1Rary
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TF-IDF O d3E L o 7=, —77, YAKENZ TF-IDF & TF-ENT & b & &\ IEEE
LTz, FRCHEBRIZ 084 &<, TF-IDF & HEANXTO0.10 KA > b, TF-ENT
LHARTO0.16 K4 > b EE 5 7=,

iZ, TF-IDF 7213 TF-ENT ¥ YAKE!? O ASEFEICOVWTEET
TRENPH%KH@,TEENT&&@LT;F1X:7ﬁm1ph4/b#mtbt
(0.76 Xt 0.87). F7, YAKE!X L7z &, F1 2a7130.01 K1 ¥ bEdro
72 (0.86 Xt 0.87). TF-IDF+YAKENZDOWT®, TF-IDF % YAKE!¥ [tRT, H
RSP FL Ra7PEmnZ e PRIz, D> s, B x—v— T
PHAGOEZ Z XD, BMENEOMRED M LT 2 2 b SRR X 7.
%12, TF-IDF+YAKENX, B (0.91) & F1 X227 (0.89) b E <, B
EHMoFEL ERTREREZ R -7-. SHEOEKRTIE, TF-IDF ¥ YAKE!
PHAGOLETEF—V— NE2HME T2 FEPRIENTHE e bh o 7.

5.3.3 F—TJ— R0

M L¥—v— FHFRIC X > TEBICHE SN z3F—7 — FOFIZRT.
Bt EHDOER A TV DEFNEFRICOVWTEELRF—V— F2HIHL, 2hs
DOHFPSFHENRDEV20HDOF -7 — FEAHELZ. K51 BIUXK5.213,
TF-IDF B L UP TF-ENT IZ X » T S 72 mHEH DO F— 7 — K & Z DHHE IR
LTW3. Fi3fEox—v—FRERECTHD, 213 Mk, M, Mk ©
Hb. Fio, BMICEET2HFANZ BAond. HIZR, MER, &, T,
MU, MR 72258 TF-IDF, TF-ENT OS2 ko THiHXhTtws., 2%
2, TF-IDF & TF-ENT TiX, fitHax s F—v— FIZTREZEWTRDP - 7.

—77 YAKENZ X o THil 2 7 BUSERE B 20 D ¥ — 7 — R e 2D HB
BAFE R 5.3 1R F. YAKENZ Ko THIH I3 —v — FIiZiX, damicEEs
ZEMEEENRZ K Rond. FIZE, Te Ty v IKICAD) MEnw) TR
Molz] MY DHEBENZIUIHEN TS, /2, YAKEWC Ko Tt XhsF—v—
FiX, TF-IDF R TF-ENTIZ X o THH SN2 F—U— RN R DELZZZ N
bbb, LERsT, 2200F%F—7— Nl FiErlAaEHE % TF-IDF+YAKE!
¢ TF-ENT+YAKE!'CIX, Ot D2OHMMFEZ T ZHVI5E & HART, B
B3 245 iHMEEDOM S 2ME T2 28N TES. Thbb, LhERx—
V—REEETEZIENTES. 2D, £58IIBVWT, 200 ELHA
BbE 2 FEPE—DOFRL HRNTHEESLFL Ra7083&W0W 2 8 O ERIFEKTH
LEZILND.

5.3.4 TF-IDF & TF-ENT O Lt8;

Z ZTlE, TF-IDF ¥ TF-ENT ® 2 DDFEIZOWT, fH4 DfEmB T VI
SLTHHEIREF—T— F2IET 2. £ 5.8 DEEERTIX, TF-IDF & TF-
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Word Frequency based on the Tf-idf
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Word

X 5.1: TF-IDF I X o> T zF—v— F e ZoHEEE

Word Frequency based on the tf-Ent equation
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Frequency
[}
1

Y
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Word

X 5.2: TF-ENT IZ X o CTHiH I /zF—v— R 2O HBMHEE

ENT XD dEWEFL Ra 7 &R L7, EEICHH I F:—7— FOARYICH
FCEE L TV A0 I W BEL S, MEDEVWEMGEST 5. OS5
CERRA TV, IR CHEEE - a3y s Ty ay - ISR TR — -
BETF) THHM - N Z7HMN TBM) 5208 7F 5.

£ 5.9, 5 200B&HA T T VIR LT TF-IDF BX U TF-ENTIZ X o CTHiH &
N7 HBEE A 20D F—7 — FERRLTWS. BEmAb 73— bHEHHE
RO NF—T— R 2 KFTRT. TF-ENTIZ X - Tt X - 8381, TF-IDF
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Word Frequency based on YAKE! method
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X 5.3: YAKENC ko Tt E /2% —v— N 2O HIRMEE

XD BRI T AV ITRED S DHZ . —F, TF-IDFIZ X o> Tt Xz F—
77— RNiZi& My TREs Mg Dkl TRU ) &y, ohr7a v TtsHvwLR
2X97F—T—FRBEZLEGENS. ZDXSRHEEZ, IDF 3 LLIZENT Off
PMMEL 72D, BEERF—T— N LTHHEINRWZ s 523, TF-IDF
XD 3B TF-ENT DN ZFD & 5 REFENIDVIRNZ 5, ENTIXIDF &b 18
NFEETH B E X 5. FIRAT7IZ X 25Hli Tl TF-ENT (& TF-IDF 1245 % 25,
J 7V IEBEOHFFEZHME T 2 WO BARTIE, AR TIRE L TF-ENT I
TF-IDF KD BN TV 2 EZ 5.
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# 5.9: TF-IDF & TF-ENT IZ Ko THiHH E e F—v — F D

A 73 TF-IDF TF-ENT
K-MEE-a3Ivr | ~vh, BF, BLA, | At—V—, FAL, K

K, ], YV-X, &
&, WM, &, &L,
fE&, AR, B%, 18H,
A, BE, fiih, FH#, A
", A

it B, azv o, ki
=, AFE, BT, Ty
2, EH, WA, &k, ¢
o, WA, &, FJE,
B, {EE, KB, &

NV ay - JEIRS

HDD, Ak, #§ JE,
RX—%—, LAN, ¥4 X,
b, &, r—7, M
USB, &L, &, PC, /¢
vay, ixEl, @K, 8
%, BEm

Edy, & C , MB, A
VA=, B, ER
SATA, edy, HDD, ffi
W, =T, F—FK—
K, LAN, SSD, % v
a Yy, Bk, PC, USB,
AR, A

AL =Y - BEF

BHET, ¥—*, RIE,
B, L, vy, B,
B/ Fr oA, Flt %
W, EER, Vv, #E, =&
L, ¥—X, B, FEx
¥, K, F

EEL, RXFv, B, RLC,
J¥, XA —hrHKTh,
EOFF, 0y, BEM,
HFakn|, Fr X
W, ¥y 7 AL, TEM,
F—X, L, WK, HF=a
AV ra, 7—hET I
N, BEEF, F

B - XA 7 Hb

A, X427, ¥—h, 7
v~y f, LED, [, fff
#&, {4, HID, HUD {7,
Sy, ROvar, R
L, ¥4 X, LED, H,
HisH, {EER, BEm

T A X, H, DA,
D, KINGWOOD,
H #x B, LED, {8 E%,
Gear, Xy, KIT =z
¥, V27 ¥—, SMD,
K, O0o7-< b, HID,
Xyawy, 7 A bV
X—T 4y, AT —X,

i

i, VE— b R-—
=, BS, &Y, KNIk,
HIE, Wk, 1§, 8H,
£, Fift, fh, v, R
L, I&, {EER, =¥, &
fm, K

BER, me, 7 —H,
I, ZAL, it 4
b, R, XV,
fBER, ¥, BbE, 1,
BEA, ZR, KR, &
mm, ZEH, 2o, B
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FeE DI

6.1 L&

AT, BRI T2EAE ZORMZZDE VOSBRI HLE 2 —DF
M2 HET 2877 Tuo—F2RE L. £3, LEa—FoHioMIcER
EZDIRMUDPEZENT VI E S T 2 RGOS EA R 7 | ZERL
2. ¥, BREBINZZOHRTIIHL, ZOREARPEMIINTE25DTHS
DT 5 MR EEAR T ) ZERL]:. ZLT, TNHDXRT 2
RS 2FEZHER L.

MRMBEIR R 2 7 ) 1ITOWTIE, TDOXRRAZ DR EEREEET3-012, 3
DDBRLLF—&REy VEMEELE. (1) TRK/HEB) ORI 2HoM%EIE
il LTHIH$% KWDLC 7—&+t v b, (2) XG5S %E F00 b IR IR
T—=2tv bk, (3)ChatGPTIC& 27 —XIFRICK o THRI N T =Xt v |,
D3DTHolz. INHDT—Xty ORGP EBEZFE T FEE L
T, V=N R=ZADFL, BERT #7 74 ¥ F 2 —=227F 5FK, Intermediate
Fine-Tuning 12 & - C BERT 2% 3 2 FE, " 7V v FFE, D40 R
L7.

EEOMER, BIFOANFTHEREINSZT T b XL v F—&Ey b (KWDLC)
Y, BEICHRINIZA Y - RXL VT —REy b (KR K27 —&2Ey
b, ChatGPT 2L 57 —&tyv ) ZflAaGbE S Z T, BIMBEGRIEHLZ RS
DF1ZAa7dm bl IENZFLRAa7E, 3207—2ty v EHWT
Intermediate Fine-Tuning & D %#¥ &7z BERT €7 VI k> TiEo N, ZDMHE
12071 CTHo7z. ZE, KWDLCZZFZHWTHEEINZETLED D 0.09 K
A4 ¥ baEbh ol

B S MAFEX A2 ) 120V TE, BmA 73V EBIERD X —7 — F2hil
L, 20F%—v— FDBHOMICHIRT 2 0 G012 X o TRFHAND S NOHHEZ HE
THFEZRRBE L. F—U—F2HHT2FEL LT, HEEPEBDO AT VI
HIRES 2RO Y bR =2 k> THF—v — ROEEE & §Hlli$ 2 Tk (TF-
ENT) 2858 L7/z. ¥ 512, TF-IDF, TF-ENT, YAKE!, TF-IDF ¥ YAKE!Df#A
& b4 (TF-IDF4+YAKE!), TF-ENT ¥ YAKE!DfiA&HH (TF-ENT+YAKE!),
DEODFEEFEL, hortL 7.

FKEROFER, BHFOMEIN—2DF*—7 — Nl TFETH % TF-IDF & YAKE! &
D3, 2200FEEZHAEDOE S TF-IDF+YAKE! ¥ TF-ENT+YAKE! © /523 F1

44



2AT7PENT EARENT. F1 2a7 &b ED - 7201 TF-IDF+YAKE!T
HYH, ZOMEIZ 089 TH-o7z. X, H—DF—v— Nl GIETH % TF-IDF
25N YAKE N  HERT, Z0Z240.0972 5 K2 0.03 R4 ¥ MEh o 7-.

F72, 50D A T I VIZOWT, TF-IDF & TF-ENT 2 X bt & hrx—
V—RPEMmA T IVICEHEL TOWE0E S 0% RAE L7z, TF-ENT 12 X - T
HEN7F—v—Fi&, TF-IDF XD SFFEDEMA TV IEED S DRZ N
ehbhroiz. £z, TF-IDFIZX o THH I /2F—v — RiZidtio s 73 T
ILMFONTVWEHESZ -7, TNHDRIED S, TF-ENT & TF-IDF t Lt
RTF1 2273 BEWd0D, h7I3VICEEDF—7— F2HMET2DIC8EL T
Wb Zehbhol.

6.2 SEDFE

HMIEER CIXER T IEO B DHERTE D0, WENPDLELEDH VLD
MROMoT2. ThEBEZ, SHBOFEZLINCELD 3.

HERT — R DILER AIFFLTIE, KFEREEE & ChatGPT 2L T7—&t v b
EREEEL, BIBROESONRERZ M EX . L L, KO ZBREREREERZ
57012, T —2 2L, BEREBMOEBZRERI SHERHIAVIEEICEE
NZa—R2AEBHETZXVENRD L. INODOTFETIE, AflZHioHz2 S v &
LIZHHAEDE S Z TR L TWB A, SRR OMHZ T — &
WINZ 2 Z i3 LdZUTIERW=D, X BWARIOIERTEDESHT 2
RNREXTH5.

EFILDOHE SFEIOFEETIE, Intermediate Fine-Tuning 235 b &\ F1 A3
TRER LD, ETNVOERZRLZEEPHEEEZONS. HlZIX, HEEEO
FEEZEATSZZT, BETIEBMOXZXBOBELMEEZFZH LD, X&%
HD—HTdH 2 Prototypical Networks ZiEH 3% Z & T, RHDEIRT7ITHT 2
ETNLVOEMREZA LZELD TS5 D, MEiELE LTHETLN5.

MIEDIAAN—ZADMEFEDFIA AimL T, BmsE&AEHZXZAZIZo0
T, MatR—2DFFRICL IR F— v —FE2HAHL TEHNDOSNDOH
HEHELZ. L2, A 73V ICREDOF—7 — FRREXLT LS
TETVWREWVWEWIREBHLNICKR -T2, ZOMBEICHLT 272012, 5141
SIFRank 72 ¥ DX DIAAR—=ZADFIEZFH L TFx—U—F2fHTsz %
MEtd s, Zhuckh, SUEDAADFROZRLRBMEZFHAL, B T3 VI
IOESEHET 2 ZHEF -V — FRF— 7L X222 T 3.
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