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Abstract: Knowledge graph completion can make the knowledge graph more complete. Unfortunately, most of existing methods on
knowledge graph completion assume that the entities or relations in the knowledge graph have sufficient triple instances. However, there
are a great deal of long-tail triples in general domains. Furthermore, it is challenging to obtain a large amount of high-quality annotation
data in vertical domains. To address these issues, we propose a knowledge collaborative fine-tuning approach for low-resource
knowledge graph completion. We leverage the structured knowledge to construct the initial prompt template and learn the optimal
templates, labels and model parameters through a collaborative fine-tuning algorithm. Our method leverages the explicit structured
knowledge in the knowledge graph and the implicit triple knowledge from the language model, which can be applied to the tasks of link
prediction and relation extraction. Experimental results show that our approach can obtain state-of-the-art performance on three
knowledge graph reasoning datasets and five relation extraction datasets.
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Fig.1 Low-resource knowledge graph completion problem: examples of link prediction and relation
extraction
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Fig.2 Knowledge collaborative fine-tuning, where Ti andYi (learnable) are unused or special tokens in the
vocabulary . In this paper, the input text and template are fed into the masked language model. For link prediction,
we esitmtate the the probability of the tripe based on the output of the [MASK], and calculate the cross-entropy
loss with the ground truth; for relation extraction, we convert the output of [MASK] to category labels based on
the label mapping function, and calculate the cross-entropy loss with the ground truth.

B2 RR B R A, e b TR Y 2 ] b O B R A P sk R A, L O AT 22 S I A AR SOR BN SC
AR RIS — [ N BIFEAD 1 55 458 B mb A o Bl 42 PO A 55, 0 A5 7R A [MLAS KT ) i H Ok 41 i = e 4 ) 37 ¥ A8t
I 5 SRR T A SR 10 5% R AT 0 5% A il U 55, AR SORHSE RS A8 [MASK . F500 £ 28 51 226 T e 28 i S5
B KU A N 2R AR 25, 0 5 B SR PR 2 T 558 SO 1 2K B L

21 EFEXMER

A Xin = {21, X2, e, Xy oo, Koy Xy & — NN T H1, e o, 52 5 51 v B AN 0N AEAEG 98 905 60 3 3% b 42 AT
S5 i BTN i N R A Sk JR SRR DG 2 (1 SOA R WA 3R 06 2R B R SCIIA)F) 1 H B 2 0T Sk SR X
R SR X, 2 (M98 R 15 AL T RAMBUT % CRIANRE S SKREARNIHIAXR LR XHaF) ,
T5% H b T 3k SEAR X AR SEAR X, 2 [ (126 Fr, e € RIF H ROBEUR R TSE 8 LR RES AT
R — T B N T DL R] AT R P T4 TR AN 5 R ek E A o 8 T U R P A 3 5, T R 1A A 1
J5 K 5 FAT 55 W 4 AR 18 S AR (MLMD [ 7 58 0T 55, 3 75 B2 pe LA R 15 /A% o0 il

(1) Gl kg GEREAR 1) 1T 2% 51 5 A58 B T 7 1 7 F

(2) LT R IE R E AR 2R M(Y)

AR SCKEASAR R AR 2517V 48— B N R (Prompt) P VIS A& 8 5 A8 (IR R, TM: Y - VAR X R F
T 5% TRV PR e S5 bR 2

RN CHban s F [CLST M &= AE N 4r K8 04D B NGB E J X, = [CLS)Xin [SEP]. Xin 23 1 4% 4 1k
[l 5 (1) token J¥ 8K, , 2 J5 & T 18 5 B8 L6 X, #e Ay — A 1) & 7 51 {hy, € R} A Z X T A S 05 7



6 Journal of Software ¥4+ 3 3k

KnowCo-Tuning KU, Xprompe 8 & 2 BT WU ZRAE 55 5 A7 1045 7 745 [MASK], B A SCH S A 36 9 BLUR B
v
Xprompt = [CLS] X;, [SEP] T [SEP]
Kb Xprompe H A 2 T I S5 45 AL 24 op R SCWT DL A5 B AE 5 5K 7 4F [MASK] 7 B E B B R > A
P(IMASK] | X prompe) - A J5 A SCAE FH 5 b MOt mT LA 21— A5G 2R 200 y o o7 (R R 4

p(y | XPTDmPl) = Z p([MASK] =w | Xprompt)
wEM (y)

Herh M ()37 B2 B — SRy 2 AR 25 380 T AR 59 (9,068 T 5% SRl B ASCR R IR I 775 (<el>,</el>)
HARC Sk B SEAA T AN I BSR4 S L B S AR S35,

2.2 FIRESHRIRGE

AR S S A T R AR PR v 5 KA A R TR A R R A AT 25 AR AR 3 S L T 615 S R A T LU
T T T AR ) 17 T A AR AT AR DI 5 S TN L A ) 5 2R LSO R4 1k 3 5, AR SO T S e R A AR
DU FH 8 5 A58 20 20 et R TR T DI 20 7 10 9 2 e B T, A S s Sk PRI e 4 AT 455 2 O BRAR T«
T = X, is the [MASK] of X,
L XX o 3 ) A Sk B S A S AR ABAR A 3 J 17 B, FLELAT — 8 R P 1 T A0 e A O
23 HMIRBSWREHLEE
HR B AN A AT 55 b 2k RARITTE A B B KR R XS B2 I8 R, A ST Rl — X 22 B e 5
BV R U TR BRI SUE BRR T (Bt “A27 ) “BE” #uT IR “HLFE” X —KFR) BT LAWLGT R 4L
M ARIE N
]V[(Y]) ={vy,.., v },VEV
HhvoRoRTEE 5B 52 o b 1 2 38 5 12 e S iR B, A SCRT DURI FH O 3R 0] AR B ke g SRR 5 AR 2 1AL G
mxt T A XAARR A EELIEN U7, B U7 EAFRE TR B4 ST LU RS R
AN IR
exp(War(y) - ymask))
Yyer exp(Waryr) - Mimask))
Horhywask 2 1 5 R L3 H [MASKIL B 87 () R5A1E ) &, H AR 1R L7 %480 B 100 () 7 &5 5 115
S Wiy FRFE TR R U] VX I (R ALE R B, T 2 R TR 49 31 7 1 5 R TN ]V 5 R A T VL A AR B 1
Fabr. B 2 F IR T AL KnowCo-Tuning (25 Bk 28 1] Y 14 B S 3k A2, 3 911 o A 165 B 1T A 25k 0 LA J 1ok
B 1 TN ZRFN T AT 55 2 (B I 25 B AR A — 2] .

2.4 1ERFIRERE

H T R0 IR 9B A AR AT SR N A B RS TR 1, HAR A A A R A8 TR B I BT B R IB AR R
SR AR S D AR T RIS 5 AR, UE — 2B SR TR (14 o 5, 3 — 2P 1) PAil: KnowCo-Tuning
MTHE 2K N IES .

241 HIE MR

Xt F A FE 55 AN R AR 75 B R 7] FOAEAR X AN 2RI 28 1130 25 5 BN R B e e, B AT REASAR 75 4 I 2R 4B
(LD 0 AR SOAAS — B30T 5 BOBE R Y e AN TR A SCHE AR b 18 n — LEBE LRI 46 AL B 777, SR 8] 58
it L 1 45 S B0k 2 213X Se Rl bk 7 4F, AR B AR IO BAR. 45 58 BURT = (X, [Ty.i], [MASK], [Tia5), Xo J A SC
FEAERCL A«

p(y | Xprompt) =

{e(X,), e([Ty]), e([MASK]), e([Ti11:m]), €(Xo)}

ARSI TR R A B N P 7 5 R B A A 1) 6 T BN B 4 A SR P BE LD S -



TR AT 4B AR I R a R B AN T R 7

{e(Xs), Ay, oo, hy, €([MASK]), Byyq, ey By €(Xo) 3

Forb,hy (1 < i< )02 2] 1030 1R B 2 30008 1T VI SR 1K SAE 55 5 A 19 2 50 A SCRT DAAE T 5 22 ) 4 21 B A
A RS CInBER T, R RO MR A 7 e 28 A Sl i v S 40 5K R B g A X B A 55 R AT 11 1]
Ch=%

El;m = arg;l’nin Jd (L(Xprompt ’ y))

ARFF Z R H P-tuning J7 3= HSR XA LSTM RE2 DL K 2 MLP SR AT A BEAR 17 B, A S0 18 hn T
AL ATUA 1) 2 B0 nT LAAT & 3R 45 v ] P IR AR AR )
242 BHIGERARZERMA

xR ANy € Y,LLHT 7 1% LM-BFFU 2 T T 2515 5 BRI 25 AR B4R 25 T 48 k M BEBE ok ik

A 2R HOG K, AR BN TS A (RR) EH 2, X2 RETE A0 R 5 4 5, i AR
%, (2) %77 b 38 2R 2SRV 7 BEAE K B A I 8] A R R LAt A8 4k 7 925 L U0 AutoPrompt! i i 7
B RS 48 R R4S BRI, 1t 7R R S I VR BLPE DR AR 5 T R A

F RSB0 RAR A E — B AR IE SUE B A SR & BLAR B0 LATE 7 27 1 3RV 25 (] 4 R e AR
ZEA L BAR KU, G 8 R RIRRY ={Y1,Ys,.., Y}, 5 50 B0 8] 1 5= A R AR P A8 450 i 09 4R 28 3] {vq, ..., vic AH
L, KnowCo-Tuning ¥ b5 251871 & AT 2 2 BRIk i), R oR 9

M(Y]) = {Vi}’ Vj € Vlabel

eV B E IC R, B Vg NV = 0L AKS2BLAR A4S0 BERT M2 J5 2 2 o 10 unused "5 B #t
BN ARSI BRBR 25 5 (X T R A7 75 unused 57191 1 GPT-2 748, A SC 72 1 e b N BIAM i 57 K e s B
)

25 hESSIEE

T ASCA A2 S B AR S5 1 &R T KnowCo-Tuning F LA f e A2, 1 56 9 T &1 IR 0K 30
B A 05 14 2 41 £ 15 BT A (0B (Prompt), HE B LA F 3 A% 8 53 4 01 L LA 1] FTBR 2 4 U I8 2 5 40
U (057 2506 PR AL BRIk 7 D BBR 25 R R ey, o o B} (37 A7) BRJ ML BT 42 35 1
S (812 47) KnowCo-Tuning 7EMIXEHERUIN 31 A T 41K itk 5 70 1 45 4 56 36 76 J 4 D0 A i ot S 75 49
P T T 25 25 MR o 0 ok 0 2 0 8L, L T 5 990 % b 2 A 90 K S0 7 5 SN 8 4 8, 5
F540 A T B AR P O )

B &1 KnowCo-Tuning & ;&




8 Journal of Software ¥4+ 3 3k

Be: J(0): Hbrea %L
([
0, E B B eI L B M
=R
h € O: A E) F AR LE 1] Y B 18] ik N 2 50
: FEHL#I 3R 1L,
L IR 2R S8 < 0
c 3 b, RIS
te<t+1
9e < VoJe(8,_1)
h, < AdamW(g,, @)
AR — B Bl
c Y 0: *q&ﬁﬁ(
9: t «t+1
10: 9e < Vode(8e_1)
11: 0, « AdamW(g,, B)
12: 455 B Boilll 4k

01N LN B W=

HI T ASCHY KnowCo-Tuning 77 i H A& 70 32 715 A B LI 46 A 1R, 8 5 0 3 BR 3] RN 2 T2 A B AR5 T AR AR
ST R AS S SN — AN B T N R B S AR g U4k B AR S ROR B A SO AN H AR s 8 SR M0 H
P B8 B Jp N SE AR A 531 H A R 2 T

SR 2 F0 59 bR oA U R P B 4 5 ) 3 2 H AR bR A0 AR T LR AR RE A8 0L A 7 AR ST R P B A
SR 5 MRS 48 T N (X, T), 7T LA B R BCSH N X prompe A\ T TH 55451 2K bR 2

Jr = CE (p(y I Xprompt ))

Horb CEARTRAR 22 SUR 10 5% bR 0. 0 1 DR B I 0 08 5 A0 R A B 000 4 5 5 1) B 0 AT % i o A 32 s,
HALE S BENLAI A6 AL 1 37 AF BAR#H57  KnowCo-Tuning 34 A1 T — AN SR H) 51 H AR K YIZR IR 2515 = AL
A R B A AF S ORER AR Se A 1 R B AR SCE AR R S N P BE AL 2 > S 2R E R T BN GRAE 55 H bRk
i F B 5 N i S AR B x Dy AL 5 S X B 7 xR R SR AN B — R BN A S R T 5 BL R A
732 Jg:

q(x™|x',y) = softmax(L(x’, y))

Jg = Z BCE(q(x™ | x,¥))
meM
K £Qx', y) 98 & B E S 7 R4 S — A7 9 20 808 3 Softmax A2 #45 BUEAL I A — 10
L AR BCEZR 7 —AH A2 SO 453 2K bR K IX HLAE A T Softmax il _E BCE HU4L &, 9 IR /& 2 B e i 58T (¥ 37 3R
R e A g R T DIE S bR S0 ) B [ SE AR SUE S R I PR A A B R A H
RS
J=Jr + Ak

3 I

FEARTE R PR A 21 1 ARSI 7 I AE P AS R R A A 55 i e 00 A1 5% 2% 4y BB 9 R B A S 1
AN SR AN [ HUABE (4 A B U5 B 2 TN A0 5% ZR A IR 55 S 3 5 SR 3R W, A SCHR Y 9 75 7% KnowCo-Tuning
RHUAE 48 DR BT B T R DBy

Table 1 Statistics for knowledge graph reasoning datasets



KT A T 4Rt B AR A IR R R 4R B A A ik 9

R ARG SO R S

Aot 45 44 B K% KA IIZRAE (BEHLRAE) EoglIRS PAURES
umls 135 46 329 652 661
WNI18RR 40,943 18 88 3,034 3,134
FB15k-237(mini) 14,541 237 1,896 17,535 2,000

Table 2  Statistics for relation extraction datasets

*2  RAMPEIE LS

LA KREH FEAHL TRREHAE
TACRED-Revisit 42 106,264 79.5%
Wiki80 80 56,000 -
SemEval-2010 Task 8 19 10,717 17.4%
DialogRE 36 1,788 -
ChemProt 13 10,065

3.1 BEENESE

ot T 1 T, AR ST BT LA R v AR R T R A B AR R s T 2 R UmlsPY, 3 T
WordNet®ft) WN18RR, A% % T Freebase!®?'[1] FB15K-237. FB15K J& KHUAA11H &1 Freebase (#1421
FB15K-237 Wil 25 7 w] DL i) 1) = J6 20, S m) = 76 28 5% 485 2 Sk 8 B o A 3. WN18RR AHEL T FB1SK, 5K
B HE Z T % R BT /D [E) I T ) = e B R B D R — AN SRR D BN A0 umls B 4E
PR 2 A 42, T DL SRR BT AT B R D B R R ISR 1 R,

MTREAMB, AXERETEMNARWBEIFBE, AT A F %5 0K/ EEED
TACRED-Revisit,SemEval-2010 Task 8°%,Wiki80P*F1 ChemProtl®®. H: it ChemProt 2 & [ /5 41038 ) 5% & 4ih
HUAT 55 A AR 78 X6 4 2 S (1 i BUAE 45 TR 34T 1 I8, EE 40 DialogREP ™ 454 3¢ 2 i B398 45 1 PR 40 45 i 3%
2 fii.

32 LWIEE

5 56 4 B BV LR T 58 2 1) D i D8OV SR T, AE AR B2 R 3 500 T 4% B 0 S0 7 1 R B 2 ik o B
TN B S AT SO TT R 2 5 BB BL U GR i AN R, R ELYE R R EUHE 48 R, 45 R O 2 AR KL IR I A S
LM-BFFU 255 Sl 1 4 F 5 AN (7 BE AL 175 20 B BE HLRAE B0 /NBE AR Dypgin, I VH S URSE I8 BB SR VR4
RERL (¥ 14 B AE 15 UG I8 b A8 FH [ (0 k7 S 5 SRAF AN R (R AP 3513 B 45 R Ts € Sqeeq, 1 25T RLI
WZRIEEE A { D ain » Daev ) TE ML IE A 1 DA — 2858 2 A0 1 2 HEAT W A% 48 2R I BLAE B0 IF SE Dy I I U UF 1) 5
K S BT A8 P 1 B RS TG K /NS [X 43 ¥ BERT-Large S i Y 45 545 A& 52 ff | SCIBERTP"/ZE ChemProt
PR Bt AT S0 B EER IR, A E AR T UED AR E (N-way K-shot) ,%f T4~ & 0] LAf#
FAAT: B0 U G A T TE 75 4 34 AT 55, 96 2R 2 TN 6 75 A ] S TG, ATk B i 4 0 5 5.

33 EEIHER

N 3 From, A SC S T 2 A iR B R R AR B AR R R R = (AR R 8 AMFEA, 8-shot) T
PEBE. A SR I T3 S (S 2 (9 R T 4% G 10 R R PR B b 4 vk, LA T AMIC R R A A R 48 7 7% RAND
A GRL"™ CRH DisMult 1E R JZHAY D IXAF B T $ tH R Bt Bk 44t 4F . KnowCo-Tuning 7F umls b 42
FHEE /N, TILE FB15K-237 25808 4 F A% T KG-BERT 7 hits10 $8Fr - TF T 5%, XLEDREARTEN FH %
B K127 FB15K-237 32 T+ £ 85 45 T KnowCo-Tuning J7 ¥ A4 78 4> F ] BERT 7 R I 2538 Al 3R 1511
Fa g s A

W 4 Fis, 5 3 B2, AR SR H O AT — Se Bdm 4 b 1) e Se it SE LR AR R AR IR R TR A &
FEA B N KnowCo-Tuning 77 5 I 5k Hi SR FIBEBUAE BT A % RAMIUAT 45 F B4R T 15 S8 0o 5 ik AE &
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A H KnowCo-Tuning 5 & G U i 5 A0 LE P33R 15 T 240 2.9% B3 A+, L H & /£ TACRED-Revisit Fll
DialogRE ¥ 3 48 i A ST 77 155 3 54 4 T e e HERE BB T GDPNet!0.6 % AT 1.1%.73: 7 2 KnowCo-Tuning
{1 S TULAHE X A7 5, 2 AE B A (I 3 A B T 2 3 B 0% R AR EUAT 55 MR RE R IR T O 1 SR R A 1 .

FEAR % U8 /> K A 3 5t N KnowCo-Tuning 3 Bt 77 50 A f &R 8 J M BT % M 80 0 #2
£, KnowCo-Tuning HIFFIHE T WIN G K E LRI EBNRKRMNE 8 MEAMWKAZEIRE T mid
28.9% IR (P 20.6%) FHUKBEE K N 8 N3] 32, K3 KnowCo-Tuning A% 4 5 7 72 1 48 T+
BT I B R B R AR, % 7 AT DU U Sk B B4R BT A IS AR ARORT AR 283X A8 @ T A 4.

Table 3: Results on knowledge graph link prediction (8-shot)
3 ARTEIEENR BRSO 45 R (8-shot)

R /B 4 umls WNI18RR FB15k-237(mini)
MR (raw) Hits@10(raw) MR (raw) Hits@10(raw) MR(raw) Hits@10(raw)
TransE!™! 38.7 0.32 19988.3 0.0004 5834.2 0.0937
TransR1?"! 43.1 0.30 20241.8 0.0022 5920.2 0.0910
TransD!?!! 43.8 0.30 20371.2 0.0006 5915.2 0.09
TransH?! 41.7 0.31 19979.5 0.0015 6024.8 0.0805
DistMult**! 59.6 0.18 20785.5 0.0003 5705.0 0.0060
Complex®! 59.2 0.21 20701.1 0.0000 6372.7 0.0050
RotatE?! 67.3 0.05 20120.2 0.0003 7273.8 0.0067
KG-BERTR!! 35.2 0.33 2720.8 0.11 2020.7 0.047
RAN 34.2 0.32 3150.2 0.07 3120.5 0.007
GRL!" 34.5 0.33 2913.3 0.09 2913.5 0.030
KnowCo-Tuning 27.4.65) 0.34.0.01) 15571010657y 012700017 733412573, 0.101 10,0073

Table 4: Results on RE dataset WiKi80 (accuracy), while other datasets (micro F1). We use K =8, 16, 32
(examples per class) for few-shot experiments. Full represents full training set is used.

T4 AT R I, Wiki80 AHEM R, AN IR E N FI AN KRA T 8,16,32 MEAM SLIL 45

4 i %t K=8 K =16 K =32 Full

Fine—Tunini; 7.6 16.4 25.8 75.0

TACRED-Revisit GDPNet!®° 7.9 17.8 26.1 77.2
KnowCo-Tuning 26.9 193 31.2( 145 32.0(:6.) 778023

SemEval Fine-Tuning 28.8 45.5 65.4 88.1
KnowCo-Tuning 53.6(2453) 68.9234) 7720113 89.4.1 5

J— Fine-Tuning 47.6 59.4 69.9 87.5
WiKi80 KnowCo-Tuning 69.50010)  75.7¢163)  80.20103  88.0005

ChemProt Fine-Tuning 30.0 42.0 51.3 80.5
KnowCo-Tuning 58.9(125.9) 60.6(1156) 64.7¢154)  81.5.,0

Fine-Tuning 26.1 40.8 47.7 57.3

DialogRE GDPNet!®] 23.6 38.5 47.1 64.9
KnowCo-Tuning 39.5(-13_4) 46.5(+5_7, 51.2(+3_5) 66-0(+8_7)

3.4 HEASKIE
N T ISR TV AN R LA (A RO A SCHEAT T IE R AL SR B i 3 Bs %2 E) KnowCo-Tuning 7£1%
A S N AR s O B BT PR RE R B T B3R 3R B A% T IR R A R b A L 52 B B I S R A5 R X
KnowCo-Tuning 4% 47 it JLH A EAR B P37 5T RN BEAE K R85 00, BEHL SR THZE#8).
Table 5 Ablation of KnowCo-Tuning with different components on SemEval. (FT=Fine-Tuning,
ED=Entity Discrimination)
%5 KnowCo-Tuning ¥Rl 236

T LA K=8 K=16 K =32 Full
Fine-tuning 22.8 45.7 65.4 88.1
KnowCo-Tuning 53.6 68.9 77.2 89.4
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-ED 523013 67.1¢15) 76.0.1 ) 88.2(.0.%)
- E & AR 52.8(0.%) 68.3(.0.6) 76.8(.0.4) 88.8(.0.6)
- [ 38 N bR TR 47165 63.3(5.6) 74.3(2.9) 87.8( 1.6

4 SFHTFHE

4.1 TEMINEESKE

11

HT T 2SI 0 R rh R S T AT ARV PO AR 55 10 L A 38 SRR (Bl BERT) N T
PRV 7 vz A 3 — P MO AE B R0 UEE S A e i GPT-2 b AT 7 seie 1B 418l 3 R (6 A GPT-2 AR ik
BRIy TR ZR AR FT BLRT BERT-Large HR8CR A SE, X B 7R 7 A SCHI 77V RS T 4 U A 4% GPT-2 7Y fY

B AE LA 5 B AR 55 LA BERT MAURIL— L RN GPT-2 7R B 1% 5
RERWIME G RI A J5 5 4E BERT A BRI 25 5.

ERITEAREIK T WIKISOSIRERIN

=

0
(=]
1

Z

=== KnowCo-tuning(BERT)
=== KnowCo-tuning(GPT-2)
== Fine-tuning(GPT-2)
=== Fine-tuning(BERT)
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mircro F1(%)
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(=]
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32 full
BERIHIERIHK
Fig.3 Experiments results based on GPT2 and BERT
K 3 %F GPT2 F1 BERT () KnowCo-Tuning 525 45 R

4.2 RN EIRHORE R M RIRFIR R IA

FEASCHE Y KnowCo-Tuning  HHREAR 17 FHAR 25 7] 2 A N BTG R 17 & {hy, ..., R, -, A s METE
19,38 B IHAE N 2R FE AR BE 06 FE B ShRi AL 6. o 7 BRARAR AL U IO AR 2807 B A2 AT 4 8 i o 5L, R B8 SR A
T AR RV A B B BR AR R I =AM A X B R AR WIKI80 (ARSI 1] 8 R /n E AT ¢-SNE W WAL U 7R
X SRS FAR A& S He inesZ @K 4l (place served by transport_hub) %< K7L 4 H U EREA
L1589 HIIE =AIE 2 52 “HlI% Cairport)”y “ Kid (flown)” Fl “/NKHLIH (aerodrome)” .iX 7R
T ARSCIN AT B bR 218 75 & B0 HA AL

B T O 7 T BERT,
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Fig.4 A t-SNE visualization of several relation representations learned in KnowCo-Tuning (optimized) on
WiKi80 data
4 {f KnowCo-Tuning H %} WiKi80 £ 45 > (1) JLFP 2% RF IR -SNE w4k

4.3 KnowCo-TuningFAFine-Tuningtt 3%

iR g A4 HTIE B, 8 KnowCo-Tuning i A8 & B 8 AH % T Fine-Tuning W] DL 5E 47 3 1) FH A5 A
FEAE T AMER AR L E EIH DT LR JUANAS [F] £
(1) KnowCo-Tuning %A 51 A\ HT i/ 25 5249 5 Z 44,1 Fine-Tuning 5 AT #7328 )2 3F H LA [CLS]#
A 1) AR D SCAR R i N 3 43 25 2 v 45 3128 70 TIOM AE 23, 3 7% EE A AN K 2 4 AR AR
(2) KnowCo-Tuning Fl T Il ZRAT: 55 i FEARALL K B VR A1 I 25 45— 456 .70 Fine-Tuning 1975 AR A
T [CLS] B4R AT 1 i 75 e A2 5 51 % N R RRAE
(3) KnowCo-Tuning | T 5115 B ok b &5 #4 R A 38 T W46 (1 42 7R AR, [FD I R A 77 603 3% v (1 (2 5
SERIAGEN R RS 5 B Y B AR i RAR RS R AR T SR T F e AE 55 A H.
R E 2,85 R8T AR SCHE Y KnowCo-Tuning 1 Jv#7 # HIRR Y6E A PE REARER, 0 BRI HoA 4
J&& B HABAT 55 11 RE

5 ZEip

AR T — b T B R R AR B U S R B G A 2 T7 i (KnowCo-Tuning) %77 VA T % T AN [
TR 515 5 B R AT 5 51,6 B A T BB T AN 5¢ R UM 55,78 8 MR & B BUS T R ILRCR A S0id
SR T B [ AR A 380 A R A v RV DA B AR 5L 2 AR G A 1 DX )R TR R 5, AR ST 7 VE AN R AT AT
A A RBR S B, HRE WS & ) T AN R BB AR R A (137 57, B A — 5 (9 2 F (A 2RO AR ST R e P 2 1)
T3 AN W 5 O] SRR AR 4, UL e R P DR TS A v Bl e b, AR St e 2 e S TR BB v U A
AP R vh, DL 54438 R A B SRR BEAR
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