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Abstract

Relation Extraction aims at recognizing the relation between pairs of entities men-
tioned in a text. Advances in LLMs have had a tremendous impact on NLP tasks.
In this work, we propose a textual data augmentation framework called PGA for im-
proving the performance of models for relation extraction task in the scientific domain.
The framework introduces two ways of data augmentation, utilizing a LLM to obtain
pseudo-samples with the same sentence meaning but with different representations and
forms by paraphrasing the original training set samples. As well as instructing LLM to
generate sentences that implicitly contain information about the corresponding labels
based on the relation and entity of the original training set samples. These two kinds
of pseudo-samples participate in the training of the relation extraction model together
with the original dataset, respectively. The PGA framework in the experiment im-
proves the F1 scores of the three mainstream models for relation extraction within the
scientific domain. Also, using a large language model to obtain samples can effectively
reduce the cost of manually labeling data.
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1 5§

K& F B (Large Language Model, LLM)E5 8 =7 Bk K H3R & T &0 B A IE S &b
#(Natural Language Processing, NLP){ES5 FIPERERIRE , THTHY £ T 302 3] TR R4
R R & A R A FINLPAE S5 A13E 18T AHLIE (Brown et al. (2020)) - GPTHRYIE HHi
RIMATHILLM, DLHMER R A S B RN R T ME 4 . KE T/ESR
TLLMAPERE « MEFRFIARRERE ), $RH T ARG HT(Li et al. (2023a)) - Wei et al. (2023)1@ 1
i 5 LLMAE & FE EIHE (Information Extraction, IE){ESS_ERIMERE, XTLLMAYRE 13 T2
WHAIE AT o BIRLLMAERETCIE S S BIRISOTAR AR 18, HIER] T LLM#HE 54K
AN HIRRRNLP A AT S5 IBE ST - Han et al. (2023)38 HHT AN LLMAIESEAN bRvfE, B — MK
DUFC R VEAL SRS, DUSE HERf S BRLLMAIPERE « X 28 TARFRIER T LLMAENLPAL S5 B B R
HE -

K Z B (Relation Extraction, RE)J& M AFLEH AL SCA IR BUEE R AL RAIR IR 5 SO A
SR Z IR HTE SR RHIESS - B HEET BRI RAMBUT AR ) LRI, BRI
¥ #4172 932K (Eberts and Ulges (2019)), JRELE FAE/ ORI BIHF E BIPRC X R 7 B IR %5 1Y
SRR ERR, DUETIISRAEE] 5 4T 27 5] SEAK 2 (B F) 2% 2 (Ye et al. (2022); Zhong and Chen
(2021)) »

—HLE, HINLPAFMESIRECAHR B b 00 A PRIE S B REdE & — 3R APk
P RN E RV E S (Beltagy et al. (2019)) - FFAZ AR AR BN A, B 9 A8 X8 H 45
BEREIESE, Bl USRS EE SIS WS RIPE . IR A BIR R T RS E L IR
T BERERWIAL . SRS ERS, ERRAE A IZL, BTEEEA]
TEALT R ER EAMAS A, R X SRR R R Z REINE -

e 2R TAEF , B TLLMAEM R K R MBALS R E— R AT - HB—FEA
F £ F 3% >] (In-Context Learning, ICL)F1E4E% (Chain of Thought, CoT)#I /7, #id Rk
RAMEB R &5 1 SUR A AU SS (Wan et al. (2023); Ma et al. (2023a))8% 7] 274155 (Zhang et al.
(2023); Li et al. (2023b)) - BIAMGXFEF] < RG]~ EF A, HLLMERES HER - XETTE
TN T Low-shot IR E T, AT LLM# I #0715 5 1RGN, S BT H R AL R AL
H T — Pk (Wadhwa et al. (2023)) - [FIRS, HITRR2A USRS B EGETFELM E UMZ
H, MZLLMEERE R HA—E 6 & X EHEE MR, X EF A —E K ITIET
T ATV ) 5% AR AR

AN =M RN E MR GEIRAT - BRIFRITF L, R AMBURL Y k—ERE
AIPRE RS o AN OUR few-shot )i & MRAL, £RAYIZRIRE NRERRERHER KRR L
BN SRR A Jor S AN ECE B o mn 5L Bp v R 2 AU ) R0 BT 7% O RO B B TR , aX E —
MNESEE A AEE H WML . LLMOY ORI — IR B 807 %, N bR RdR R (2 1 T
BE(Mgller et al. (2024)) 1of ZE TLLMAEIE N 58 7 15 F ZRE TR AR5 K (Dai et al.
(2023); Piedboeuf and Langlais (2023); Tang et al. (2023)), S5Z AR, FAMBGET A&
FINFETE XFR%EE B (Xu et al. (2023c)), PAKET RS0, JF HR#AUEEGES L
R A BN & B B Bl o poh, XL TARRREU) Tew-shoti & THIRE, HIEIEEAT
BEreE D BRREAM L ETI RGBSR . SZHRIE, BE NSRS P F
BRI AR B BRI 8T few-shot 1B -

i, FATANEE T E T, RLLMME DL R 50 R} 22 80 B & A 1R AF S LLME) %
ANER, AN A X — SR AR, H A RS RSN BOE R A o X T T AER T 4
PGA (Paraphrasing and Generating Augmentation)H T I58EI2~4AUH A & R MEAOREZE, HE
ZRA K3 S TGP T-3. 518 13 55 58 T A Bl o 75 6 & Al O g AN 38 5% 28 b RO B e ik
e, Hokah -

L X TAERIAFRR A, LLM AT LB FA 1t i A iR, REELFALIR
TERIE DL N AR R WA PRI RORL A S 5k A TR -

2. AT H TP GAREZRE 1 FR A A il i) 77 2R B A D BEAS 7 AT RERS LE JL D TR I ok 2R Pl
R WF 1 USRI A FREE AR = -
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2 HXRIAE

KAMB K AR SRR SOR PR BRI SRS Z B HIR R - FRATTIER 70 Rk
ERELETE - (D)WKE T ERIRCER A TS5, 74 L4175 (Named Entity Recognition,
NER)FIK ZIRE, (EEFERERE R (Ye et al. (2022); Zhong and Chen (2021);Miwa and
Bansal (2016)) - (2)8 & AT DS i [ A0 B0 1 T 25 R BRI - Yan ot al. (2021):
Wang et al. (2021); Wang and Lu (2020)Rf B 555 #AE I R IAIFRICHK AL - Sun et al.
(2019); Fu et al. (2019); Nguyen et al. (2021)1F] FH B #FH M %% (Graph Convolution Networks,
GON)M L FIMKFEIA T, IR IATECS R AT . Yan et al. (2023)F] F 8 [ 1 22 1A
2% (Hypergraph Graph Neural Networks, HGNN)®i#HET =R, JELAYe et al. (2022)#93K
LAY B, ROTER G IR RTHEBUESY - Kong and Xia (2023)8& Hi 7 BXEA B F] 53 7
g, SR RERRAHSE I DTAESS Z B B E B3, B SERE B TR AT o Chen et al.
(2022); Zhang et al. (2022)# OB RBENEE 1 ITEE G IREURA! - Zaratiana et al. (2024)2T
SORES LRV RN, AR BRI R R RN SRR LR 1 7 18 [ HIL il A 2 G
P E5-ARIS 2R 2848 « LAM. Ren et al. (2023)f FEH T EMA T IERAFAE RO 7 Z i/ ME, 3R
T A TR AR AR O RE R AE RE

TERVEAI R RAMEITE, Luan et al. (2018)1&H T — M B A LZHEERRIIMELE, B
THES ZEHREREE R - Jiang et al. (2020)F FH AFEMIIE D 170 bR &S i B A — M 20k A
REVBHAARERS, PR R A A — B IRA B ARTEX )R R KB . Santosh et al. (2021)H
THPEPRIL(POS tags) FI K AN transformer & AL BN U AT EE , Bof 7TR2ER R
B

LLMH#ENLPHES &iff, LLMAE(E BMEUESS #4 7 HTebn DRI T Al LA HERE,
X ANLPAESS 3355 3 N T BT OTE J1(Li et al. (2023a); Zhu et al. (2024)) - i3 % (0 T/ERR
T 5 ChatGPTHIE B HBEUEREZ Fb, KT LLMMUA AR FRiE AT T 050, LUK B3
o B E A BE(Han et al. (2023); Wadhwa et al. (2023)) - BEAN, Wei et al. (2023)25 3¢ RFHE
SR — PP B AIChatGPTHESE, MERES I ERIMARAMEBAEEF /T - Yuan et al.
(2023)W5% T ChatGPT{Ezero-shothf ¥ X RIEBUTHAIGE 1, AMHMERSHRHENITEER
KHEIZERR - Gao et al. (2023b)FEFFIERA T ChatGPTH THHRBGLE —E Pkl . 7EE 2408
M, Agrawal et al. (2022)BF 5V RIRBUESS 1, GPT-3R)RINER L T IH zero-shot Ffew-
shot 4% - Jimenez Gutierrez et al. (2022)BF50 T M THUAE/ NUPLM, GPT-3 ICLJIATE
PN EYIE 75 B IR EUESS EIEREBIEANE

TERAZMBTTE, Ma et al. (2023a)$& Hi T —F0ff FHLLM i 47zero-shot % R & BT 1%,
A B AESMAIAE SLLMA BOESE, 7R H N ACoTIR/R LI#EAT K AR B - Wan et al.
(2023)B 1 R R R P INAAE S BFNIRIE, DU SVRES SHEESERFEER, MM
# T few-shot 5 R AL - Zhang et al. (2023)f# FHLLMRF % R HELS [A] HARZ (QA) 45 &R
DU Rzero-shot Kk R AMEL - Li et al. (2023b)H FHLLME JAHIHI AR, Rfzero-shotk F il B
NEEH B RUIQARE L - Tao et al. (2024)F FHLLMAITCLIE 1 3 T 71 5] A0 13 20 4 2 o 5 22 4
sEfew-shot ok RIEH, FFHMER T IR0 R R RBBEELER TES5 . ' T A E IR REL
PEHAEBEAERNE o Li et al. (2024)RLLMSRZRIEEDFEIIER, M SEEAE SRR FAA] FE /Y
bR -

74, B[R (Model Collaboration)td GE# =i ¥ & £ 55 BITERE - 5 A LLMAI & T HlH
()18 e AT 3 [F] R 6 RIHEL - Ma et al. (2023b)3&H T —Fh Hi&E R 3 JE-EHE (Filter-then-
Rerank)Zzt, LLM*A/NEF A (Small Language Model, SLM)iA 5! Hi f)—/INER 43 IR MERE A 57
TEHE, DR A few-shot K RIHEUIERE - Xu et al. (2023b)FEH THEZ LT % >] (SuperICL),
RWLLME /GO fSML—# TA/E, #Rethae, R FFRICLE) AT Z M - Tang et al.
(2024)2% A “IIIZ5-8 F-TIM” (Training-Guide-Predict ) 5 8%, T 4518 5 28 (Pre-trained Lan-
guage Model, PLM) 4 ST, BHESFIREHMALLM, HiESFLLM#EHIT X RMHE -

BRI 5R REMESS T RIEIRE R AU T IaEaR IR SR E N, AN EuE 4 R R A
ZREME, BT S I3 A S SR DL R AR RSB T e & AHT B O BUE R RERCGE AN
SRRERTIAIIZR, SRERBANZAAEST « 5 IR SR EEIG 55 U7 15 55 [F] SUA R (Hsu et al.
(2021); Wei and Zou (2019)) ~ FEFLIEA ~ FEYLACHE « FEVLMBR (Belinkov and Bisk (2018))F[H]
¥ (Sennrich et al. (2016); Hayashi et al. (2018))5 o X7 AN [RIGSCAIITEHE, B EHH)
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AT

B2 A T ELHE 1 58 (Paraphrasing-based Data Augmentation) /3 12 & X R 16 AR #4178 5 5
BEHRR, DAERB AR SUEREE AR AR SR, BR R 2 N H T &NLPAE
%5 (Kumar et al. (2019); Okur et al. (2022)), HFHFR A (Yu et al. (2020)) - FHFLLMHK]>
i, BRIAFARBE ISR E A E, Piedboeuf and Langlais (2023)8%7 T ChatGPTHE LA 4>
RAESS EHERREIRAITERE -

A AR LR 1Y 98 (Generating-based Data Augmentation) /7 228 5K 42 Al F AR 75 22 /R AT e
Fn FERENEIE A, HF ARTFSRBEIEHELIFER - Meng et al. (2022); Gao et al.
(2023a) R E T H H MY ZRE 5 A (BERT) 84 AU 25 7 S 88 (GPT-2) i A7 A B ds
B2 EHR Z FUTR AN RE e 2 Ml B FEER S A OBE RS, ENREREBOT MR RS
Pkl % (Pouran Ben Veyseh et al. (2023)) - X1, ETGPT3.5RF|FITIENHRREME, HE
AT 21 3 1 75 FAEAT A AR - R AR AE IR BT YR (Xu et al. (2023a)), GPT3.5480d
ERERESG, AT EREEME S, XL AR T4 B R, DR
AR HAESS (Dai et al. (2023); Piedboeuf and Langlais (2023); Tang et al. (2023))715¢ RfHEL
FESSHIERE (Yoo et al. (2021); Xu et al. (2023c)) -

3 H
3.1 FEFHEX

K A I (Relation Extraction, RE) kR MBUESS K B2 IRIELS €167, fEA
T (ARAFAE) REBIAE T RO SR Z AR 3R - 8% % A MBCSIRE SR B /) i BHE - S2ik
RIS R BT . — S R AR B L & — N B 2 A IR BB A TS = {wi}, .
PRSI 3 e B RRT 1R Sk S ke M K ARe,, HHeg e, € BAIR Ar € R, HAEMRS I
RHTUE LRI EFERBMR AR . BFkY, RAMBMESZRAEE—MATS5,
RFTENRS, T ST EE Be, e, ZBIAIXNRR (WMREE)  BEXAMB=TC

Hes,re0) o BRI TFERE S GANUIGHREED = {(S es,,0,) . HTUM HI B KRBT
e

SETG

N
PLm (T’S, 65760) = Hp(ri‘sy esmeoi) (1)
i=1
BRI AT BERI R R A MR AT, FEARIBE M IIZREE AR DR TR = 1% A& -
N
r* = argmapr(rﬂS, €s;5€0;) (2)
reR i=1

B B B SRR R RAMEU(Entity and Relation Extraction, ERE) 7 T{F 5 7Ef# ik
ETEENSEMRXAMBUES, B EARERES T 45 € M ATE S8 (5 B A §1 FINERA
R - HEAMY, ETEEENEEA L, 4E8ATSHZ D717 (token) 4
B S = {ti}, - BEEUNES HtokenfFF, BEHFBMERIRT I NERBRERDLR, &
MSpan = {x1,x2, x3, ..., o JIETE AT RERIBE BE, SHARE SUNPRE B R RBIMBE R, KARE XL
FIRE R RBBI LR EXT o NINERIESS KU, BT EIN GBS E SRR, RIBY
BB EILEREF: y(r;) € EREBERESLE, HFEEMENEEREER, My (z;) ¢ EIUER
BEARSE, RIEAINERET 7RI AY. = {(zi,e) : ; € Span,e € E}» A REMESS KU, &
HFREN G LR s, v, € SpaniH AT E SR RRA, RIPRSH AT SEAAR RS 3% R RA
By (s, ) € RINENFXN LB EFARR, HEEMEMKXRAEE, y, (v, 2,) ¢ RILE
EilEERZR, RIEHRERSHHNY, = {(2, z0,7) : 55,5, € Span,r € R} -

3.2 JiEMER

WMEFT7R, X TAESR H T — DR AU Z 30 B £ 15 98 HE ZEPG A (Paraphrasing-
based and Generating-based Augmentation), i1t 4:AFIER A J7 ok FE FLLMAE B AR
KIRT R RAMBUR T A RE - S BARMOR YL, BB NLLM S 3 A R R B =, 551
Wt TR R A BT SR BRI R FE R, TR R AR AY3ER 0 4 Al Task Formula-
tion ~ Demonstration Instruct ~ Sample Input . 77 ZF B AR, A AECEE Y 58 7 1A DRI E
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“ Label Interpretation - i1 iX K501t AIRR, FEFLLMAER K EF EREEEHE
Ko BE, ZdBOREOEDE, HIEEREAR, DIEGEARRE, AR AR A 1Y
ARG, R X LRI AR AR S R B I 2R R 5 508 TE 56 2 R & B FREB A #1754
W, RBERIEEE -

wWig—= |- -
A_FERRm Nx N EREPIREA

[
| [ Task Formulation: Suppose you are a Sentence Paraphrase model, your goal is ... J |'\\ Within this paper, we suggest a new [method] of
: I b learning the [intrinsic object structure], which is
| [ |\| essential for [robust visual tracking].
| Demonstration Instruct: Il |
| Input 1:  [English] is shown to be trans-context-free on the basis of [coordinations] ... : : |
| Output 1:  On the grounds of a specific kind of [coordinations] that... [English] ... 1l
: [ERE
| Sample Input:In this paper, a novel [method] to learn the [intrinsic object structure] « | |_:___ v
\ for [robust visual tracking] is proposed. 77 ) -=
N
- S0 [ JN J
~- _ _ T _————__ sz 7/ 1
N~ O - = !
— e ===
8
RN | x N

/ \
A _ o BERT
l Task Formulation: Suppose you are a model working on generating a dataset for relation ...

Label Interpretation:
Here are entity types you need to understand: [Task, Method, Metric, ...]
Explanations and examples of the relation types:
- Used-for: B is used for A, B models A ...
1. The [TISPER system] has been designed fo enable many [text applications].

Demonstration Instruct :
Iput1 |

"entities": [["tasks", {"type": "Generic"}], ["method", {"type": "Generic"}], ... .. 1,
"relations": [["tasks", "Evaluate-for", "method"], ... ... ]
Output 1:

Extensive experiments on two [tasks] have demonstrated the superiority of our [method] ...

=D4: 7 %N
We propose a [method] to exploit the [intrinsic m

\\ HABRE

“relations": [["method", "Used-for", “intrinsic object structure"], ...... ] object structure] for [robust visual tracking].

Sample Input:
"entities": [["method", {"type": "Method"}], ["intrinsic object structure”, {"type": ".."}], .. .. ], |«=j
[}
/

~~_ - - = X

Figure 1: PGAHEAHEIR o 172507 e ME IR B4 SR A2 i B3 38 7 SRS s Al -
AR E B RINGHER KRR A REAZGPT-3.5F, ARMARIEAR, XERERZTE
PEE b3, B R AR R TR E AR, EREE R AR — R A B T 5 R MU

.

3.3 ¥R (Paraphrase) IR 87X

M FGAFNGRIERD = {(S, e, €0,)}iy, HF, LURSHITEFREERRIEL,
ST BRI REEE = (Y, (RE&REETIEE) MAELLM. #5675
i, (ERFEE S NEMORLET, 18 RLLM™ 4 — NS R % 508 V(B R 5 B 7
Fik - HRRRGFCARSp, BEHE S EA SR EBEE, B3 — MR R
HDp = {(Sp, s, e0) ), - HABMIPIRER DR EELL REMT M b2 5] B B AR E £ 1015 By
FER—FXE AR N E L ERTEI 3, MAERTIIN R R AR EOME . B H oAk
BRI R I 7 Ry I SOA B AE BAES5, BEAT RR AT LA i F

L

PLLm (SP’57 e;veg) — Hp (?/l|S, elsaeijvy<l) (3)
=1

A FHLLMRE A B N LR Ry (BRI A+ ) B

B, NEENEERMINGEFEREEARNEIEGET WK, FRERAZGPT-
3.5 WMELE FE PR, B DR RBARH LU T 3R EAL, FeBERE A TR R I 3% -

Task Formulation: %574 LLM#FITTEE ARG AR A EdE, AMEES T
B E = - IR KRB RS A - ERPERED, PELLME A HAFF &
FLRE FOREZRS < BEINEcE M sE A 8., LLM#H — SIS ESK

Demonstration Instruct: ALLME % >] 45 € IR & B A O RE AR 55,
IXER S FE R M LLMER ML T A 55 o JEE A 0 AR I AR RE AR B3 ) - SR &2 T, LLMH
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TN B 22 ] IS RFIR A 2 & 5 T AR BB RIE AR SO E R 2, B4R T U %
T ARMELER, B U A REE AR I R 3l 2 MM AEE, &R mLLMY
AT . FORE TS TEEAH KRE L, SEREA LT ZISONKRXMETE, ®E
& RES - 515, TRERATHNGERELEZ, SELLMERHEARFEEER. Hit, &
SRR 7 AR R B A\ A R AR U, SRR T BR SR R ) 5 T RE e B B
HIJSONHEZL, TS £ s SR A7 TR B EGE - Rrtokemi DR N SEEERIG) T, HIJTHE 5 R )1 poxs
RS EEER, R e TaF, HAERELARERREE), OON SRR E RN 515
B(E = {ef}iL,) - XHEBRMmER AT EEMER, MAFETLLMIE@EASES] . RN 2R K
FERRA, FAIRENL M N IR ZREE R W A AN E iR, B 7R B A A\ R0 i H A U i
TH] B 2 AR 5

Sample Input: X85 5E7R S —FARIRT R UIGREE S IR AR I A 7 AL R BS B0
FEE, HEIENEAREIRERESIEA - FREEE AR S RN EdEst, &R
\AFRART, FEERMAZLLMA -

3.4 4 (Generate) FEHEHEE T =

KRN FENGEEERD = {(S, es;, €0,) L, PRIAITF S RIERERE = {e}Y,, NI
R TEIMA AR, BIRRRER = ()Y, —E¥AZELLM . J#if LLMGR K KA F 5
HEREETT, BRI & 2T R RIE A FSq - W ESUATAR, A B B2 E T
RIS BN NEEARD, TR FHES PR RRER . MAEKOEIEEE T, TR
PR XA AL LS BIER 4338 ot 72— B LLMARIESE (A0 & AR R A BT 225 R - XT84
PR, EEHETE CHEIREREBEM = {6, €0, i}, MWERFINATSe, HEHE5RE
MISCR R BaERE, BRI~ MNERT RINEERDG = {(Sa, sy €0;) v » IR EEREA A 1AL B A)F
EIHSEAFARPHERIIRE, BSTBAREER, M2 2 H 2805 A brE
FEA . [RIRE, BB AE AT S PIEIR 5 5 AN R A5 By SO TN R RS, Had FEmT L
ER T

L
proyv (Sales, eo,1) = Hp(yl\es,eom Y<1) (4)
=1

WMENZE TR, HEZR N4 E I GREREA A B BRI 58 7 Ui R, 1R
BARHUN AR R, SR A AR s DR 5%

Task Formulation: X#B73FERIERLLMITEREMEAAEAUEAL, #LE & REAR P55 €
NFMESS BFR -~ iRV EAERSET, BIELLMA RS R EEA - OB RS RER, 3 BEid
By NSO BRE LA T3S & X, ELLME — 2 B A\ K o M RE B HY SO R AR R
g, EEBEMM & REIREAF - HTERTBANEREEEIRNIZE, KHMET
EE SR BB A T2 A AT SR B EEASE “No result can be generated with the given
information.”, EEAEHLBEEMRXRFEENZ -

Demonstration Instruct: — EZUE B0 A FIH H 7~ 5205 55 B LLM B 2 & B AR 4%
%5, XERE R ALLMIEHE T W S5 FEHL AR AR B A KA e A T B B3 - 7R AR AT SRR
B RIFERA TS EEAF PRSI . BAR TR AT RAE, ST = AL
RS AT R R FHISONAE =, XA RN AR T A AN Z A FRSERER, TR TSR
LERBMIXANEER - BNWMANGE A F, B CUCIEE B AT H A 7 455 8 E LR
2, RN BT ISONSSAE AR Bk, BRI A R T 20 B AR SR R S S -

Label Interpretation: {#EH 587 20 0r A2 B A FEAATI IR OR 47 SE AR AN 56 2R BOPRIE TR
P, RERAE R R 2 A S R ISR ROAT BE st i30T - (E RIS 2 o AL il TR A EE K
SR, DU OR BT BERS M AP 22 ST 2 0SB SE . T A (B g R R 5 PRt . 18R
L ENLLMIB T E LIRS R S - KRR EFEEIO2E « B RRIREMRFILIL
WLLM, #RHEA PSRRI S SR P RIREE BT, Mg . Ef, XSNATR
RIREEIA R T Luan et al. (2018)

Sample Input: [FFF, KR UIZRERE & B BSR4 B BT SR F 5¢ R 15 Bk I
NICER S 3R T VE R A BT BRI SR AR S5 R -

PP ET SO E AR, 53520036950, AR, P, 20244725 H %28H
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3.5 HEEAHE

BELLMEHMATE, BT RS —, H BN ERAPIRtokeniHFE, HinH
MECFEEM R & TR RTS8 . EEdRE DR, FERIA) 755X R p R AR %
SEARFN R RARE(E BAH NN, RIS E5 N EERE BT, HAH B
M EFEERP AR, BRREE I A PR SRR - &5, Rk AL R AL
AREMBIGEEIAIRE S, BRORECE AvERRPE A — B0 PRIER BRI 25 RE 08 BUS B 4 AR
B,

4 SEE
4.1 HiEg&E

AIAE— D RE2ESU R A EEIE S ITEHPGANESE - SciERC(Luan et al. (2018)) %R 1L
£ 75000 AN TERIR RS, NEWRE T RAMEEEER - FTATER T REFE A4 RH
A, DAERAITEMNREE EyPAIERE - HA R N EUR B ST SR IR TR -

Dataset #Train #Dev #Test #Ents(Types) #Rels(Types) #Defect Rate

SGiERC 1,861 275 551 8,089(6) 4,716(7) -
SciERCp 1,861 - - 5,598(6) 3,219(7) 21.60%
SciERCg 1,589 - - 4,341(6) 2,402(7) 14.61%

Table 1: JREFESE « R (SciERCp)FAERL(Sci ERCq) BB LM ST

4.2  HEFERR

Wi 4 SERRANESS , SRR B R SN SL AR R T T BAGTY [R] F IERR TR « 5% R
BUESS, A3k s 7D TR TERR: (1)1 R V-l (Rel) ZERIET IERRTRIN & > T8 SR 0
FARTRAEXT B A FFEANTZ R R RER, (2)7 1Al (Rel+) fERelARE T, #—HE
SRR SR ) 2R 7+ TR TR A (Taillé et al. (2020)) -

4.3 EEMETEE

N T RPCAMEZRHATI-Al, AR Alde AT Se i )k R BURE A E APGAREZR & T
A (1)SpERT(Eberts and Ulges (2019))& 3Bk & SE AR K RIFEUEAL, 51|23 R R AT
RERI R ECBE B, mIDAEAEE R0 BRI, HFfAT I B A SS AR AR5 0 R T - SR Fn
SR EE B PR BON, R e — > 22 g3 RAR SR A SR 2 [k RRAL . (2)PL-Marker(Ye et
al. (2022))8 TH/KEAREL, a4 SRR BIRERSE T 16 (] SR IEHT GLIRNG , LR85 8 T AP
B, UFERHERESEOFER . HRAMBOT T 25 LA TRRE, A &FERCH
FEEPRC, AFE SR AT DIt 2 [F—F RS . (3)PURE(Zhong and Chen (2021))72 ¥
Fm AR K AT a4 SRR B ER AN 0 A BUS BRI SZ IR, EA1 3 F A8 [F BT 2R g%
25 o MK AMBUES IR BB, ML EREMAE . 8] DUEFHHS— e AR
KRB P45 & (PURE-Approx)(Zhong and Chen (2021)) . 4N, ARIEIMNIA T 61 ER
FR)5R R TR LR BE LR AT HUAR
4.4 SR

LLM77H, HTEIET#HIT98H HEAR, OpenAIESE#H AIHE T GPT-3.5K SR A #RA A
& text-davinci-003 , 7B SEEE HH 32 BH gpt-3. 5-turbo 58 18 F T B0 R 3F 1% A58 1 H JE K SR A= A AT
1w, FrAARSGEFE text-davinei-003E N PGAMEZR I EEFLLM -

TERA BRI RP, LLMIBEIRE 05, MAERATRE, HTHREFFHIEARNZHE
P, BERORE L ARICRRIIZRE R A AT T A4 R, 7R850 I T LLM %
HE IR RIE O - B R R 77 U5 B O i 2 a) T3 5 B A ) 1D 15 I B2 20
B, BT DTEREE E BB RS, BRI A AR IE TR A H N5 R N AR B R AR AR
MALLMEF &, BEIERSEWRPEEARNIE o 7 H AT 3G B TR G 56 B2 R
REARIERER, NMEXER, LR REEREF - PTG SO B3RO 28 3
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WAL o LERFONEA ) 7948 S5 M R AR RS BEEX ) token & ZURY X FARLAR AL g A\ 77 Z I {H A S
S5NERMREEFH TR EENEABIEEE (WHEAFTAFRRIR, HID) | HOEHER
Gi— RO MR A

H TR, T SpERT(Eberts and Ulges (2019)), #HRIRTAE, {#H scibert-scivocab-
cased (Beltagy et al. (2019))ENTIZRwA%4s, JHERIKE, FHSAERCHIVIZREFTLIELE
SRR, X TPL-Marker(Ye et al. (2022))f1PURE(Zhong and Chen (2021)), %R TAEfEH
I scibert-scivocab-uncased (Beltagy et al. (2019))/ERFIZRSwig%s, [ HSCERCHIVIZREE FH LA
WIZRIETY o - oh FESLEGFIER & IR A SER FHEZR T A B TR IR AL R 28, HE SR
S N TARRRB S HE TS0, AF LB

4.5 FELGR

HPCGANEZE EE LR R G KL T EN G TREMREHIT T I, SGRWERR -
TEPGARI P FHECHR 3G 58 7715, PGApRERE A T X MEIR IS 8, PGARER LK T X1
BRI . WERA T LIE, HURBEEX X RMBORHE —ME B EREI T, Er L
HFHLLMA) J558 F0H Sk A B R AR DL SR & TR0l R T $2 A1 R . PGATEZR K - HUS
TEnt, Rel, Rel+="18%r F = BIF150%, WL TZ AT EES% - £ T 5 THEIX T
Ji T, ETSpERT(Eberts and Ulges (2019))FIPGApHH IR, ZEEntFIRel+F14 £ 1 B
BT HEE, BEEALT8%, TMPGAGH HIERRIERe+ EEUF1.53%F15r 8038 F, {EERelT
FRRH—& NE; ZETPL-Marker(Ye et al. (2022))FIPGApHMILIER, B TEIr LEH—
FRF, Rel+HIF19 8 & =R 2.05%, FH HPGAGFIEEFT A 18r & H 27+, ZEEntFIRelAY
TePR R T A BRI K, RelfARel+F10 HUAR IR T 171.26%; 2 TPURE(Zhong and Chen
(2021))BIPGApMILIFSR, FIFEFERIREVE I, Reli@ A 171.81%, Rel+3&/F 71.67%, #
SPPURERIPGAGFTEfRIRBEE R, Rel+fmiist 171.9% -

[FIRS, BANEE RS MER AT A& SO AR, RAAIFERE RS 1
AILE B, PGAREZRTER RIHBUT A FZEARSA, THBE™EETER T -

Model Encoder Ent Rel Rel+
Precision Recall F1 Precision Recall F1 Precision Recall F1
ScilE(Luan et al. (2018)) BiLSTM 67.20 61.50  64.20 47.60 33.50  39.30
DyGIE(Luan et al. (2019) ELMo - - 65.20 - - 41.60
DyGIE++(Wadden et al. (2019)) BERTpggse - - 67.50 - - 48.40 - -
UniRE(Wang et al. (2021)) 65.8 71.10  68.40 - - 40.20f 37.30 36.60  36.90
TriMF (Shen et al. (2021)) 70.18 70.17  70.17 52.63 52.32 5244 - - -
PFN(Yan et al. (2021)) - - 66.80 - - - - - 38.40
SpERT*(Eberts and Ulges (2019)) 68.54 70.09  69.31 52.66 50.82 51.72 39.15 37.78  38.45
SpERT+PGAp 69.43 69.67 69.55 50.72 50.51  50.62 40.31 40.14 40.23
SpERT+PGA¢ SciBERT 68.72 69.38  69.05 52.27 47.33  49.68 42.06 38.09  39.98
PL-Marker(Ye et al. (2022)) - - 69.90 - - 53.20 - - 41.60
PL-Marker+PGAp 71.15 68.78  69.95 - - 53.40 - - 43.65
PL-Marker+PGAq 70.11 70.86 70.48 - - 54.46 - - 42.86
PURE*(Zhong and Chen (2021)) 69.33 68.55  68.93 49.69 49.69  49.69 37.37 37.37  37.37
PURE+PGAp 70.46 68.07 69.24 55.09 48.36 51.50 41.75 36.65  39.04
PURE+PGAq 70.50 67.95  69.21 55.58 44.97  49.72 43.91 35.52  39.27

Table 2: PGAMEZENN & B FHRIZESGAERCINASE I SR AL 45 R - MEREA TS TR e
FEEMWE . GEEMF1E- B BIERRSE TERETREERE, 78 TUEMEERR
RARHITERE - BER: A5 IR F R )RR B Z (b fhiein, BATRIBIRIES A
MISEFNRIBEFLEITHISER SR - W E A5 RR5H (Ren et al. (2023))% [FHEAY 15 T4,
B,

5 48T

5.1 EXEHIR AR
BRammn A= Em iR, 5EIIGELRMETHAS T TEE . FEREKS v
KRPGACSER LR G K& THRIEMERET R, 45 R FK3PT/R - 7ESpERT (Eberts and Ulges
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(2019)) £, PGAcFEKIAHE, ZEIERIEINHIAREE TF; fEPURE(Zhong and Chen
(2021)) L EZFETRFREREEE T (UfEPL-Marker(Ye et al. (2022)) LRel+50.99% /)2
Tt o FATHEN R TR NHELE & A FE AR RIPRIE BUE AR R, Nz R 1R H, BRGERM
PR BGTS R BRI SRR, H5 ARERSEAEHARIRNE - S RHESIRENTH
TN R T 7 AR R E R BT AN S 5GBS RERTRINGENRE, X
A5 BT T R UK AT R T R R

Ent Rel Rel+
Precision Recall F1 Precision Recall F1 Precision Recall F1
SpERT*(Eberts and Ulges (2019)) 68.54 70.09 69.31 52.66 50.82 51.72 39.15 37.78 38.45

Model

SpERT+PGAc 69.40 67.72  68.55 53.00 44.46  48.35 42.72 35.83 38.97
PL-Marker(Ye et al. (2022)) - - 69.90 - - 53.20 - 41.60
PL-Marker+PGAc 70.61 69.44 70.02 - - 52.83 - - 42.59
PURE*(Zhong and Chen (2021)) 69.33 68.55 68.93 49.69 49.69  49.69 37.37 37.37 37.37
PURE+PGAc 69.61 67.41  68.50 49.62 47.43  48.50 37.16 35.52  36.33

Table 3: {ESCiIERCIAEE_FECE PIAMINFEA 5 [REUR S DIGUA & T M RE, A 2k
TS THRAE NHREMERE . PGACURA B TSNS 1 PR EEE 55 77 208 Rl
VAT IS -

5.2 AR E

MRE F T BRI SC 8, R R AR S MR Bl 2R B AIBR VR S B O RE AR DL
HB TR . RS WAL RS &7 TRAEMERE T I, SHRMFAPTR - B
b, 0 B RS SR TN A B TR R A AT SRR A AR (R 1 RE R H L R B o X SR 2= BR SR BA
AR 2 SRR R EME AT — SR AMSE - BIEERKFEN T, SpERT(Eberts
and Ulges (2019))7EE iR IINEEAR BAIZR T, EntBIF14 50t N F% T73.06%, RelfIF15340T
W% 75.88%, Rel-+M FFET4.12% - AT, WIFEF NPURE(Zhong and Chen (2021))%f I
BN U B SRS I A N BB S RO AT — B IS, TR AE R DR R R BRI 2R
HRISECGERMEBEA S TREEHREZN, EntfIF19 34 RAE] T25.56%, RelfF15EEET
F%729.34%, Rel+F8FRMI % T22.95% - PL-Marker(Ye et al. (2022))F0 T B0 2 ) 4b T 76 &
Z I8

BRI, HEZRFIMFREEERS R P, BRI ES TERNERRE - T
W, R PR AR T R TR B — D F L BRI T % B AR B O AR RO T B T
BAMF154, H BB — D BIRSHHEEI0%L L BINBEERULASMEREEET: &
ST, SHAERTTEME B EERERMAERRRM, MLLMASE SRR RS A—E &
IREFE SEAR . SRTT, TERARTTHE, R TEF AR RE LT IRELLMA A 735 L #
JEHIRARIHER, FoRE RN KR EENEA, LLMTBEHESHIURPREMRR, X
SF HARBI A HEREAE B RRE T E — E PR - R AR PR AR IR, LLMTR 2242 pig & SE 44 8]
BYRRNA)TF, XEREESRRENASCRERRET, DEERREXRRFE - 14, &
BCESIRY T IEF E R RERBNFUEERTZ, (UaAWMREER, WEAFHRHESE . X
FTLLM IS A R AN anEe iR 77 =0, A AT REFE AR AL A) F EELLME AN & 5 ABERE A K R
BRI S] . HHMEARRRE —ENgE, SEHEHTEAWEE -

5.3 RS 550 EE N P RE R

SR BB EEAR, R ENE B UARSENREIIGEER—ES 5%,
BRI E M S NEREE —E M, SRWE2FTR - A] LIEEE], X T i & SR 5
ESHKUL, MERRANERPEE IR, RS ERA R B RE id Z AR AT~
B o SR AR RO AR U 2280 WG IR TR T 5 4218 E 7 -

FH—TH, FTRAMBUES KU, HMERRNEARNEERIRA, RelfRel+FEIRAIMH
REECEE— M E R AR, MEHEEZhEREMA, R TR, TR
HAREAMES R R EMEET - BT, Z BT L4 SR B 3¢ R E A BE R S
7], ABESZ R NSpERT (Eberts and Ulges (2019))/2& — MRS SR K RIHBUEAY | §E— EFEE
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Ent Rel Rel+
Model
Precision Recall F1 Precision Recall F1 Precision Recall F1
SpERT*(Eberts and Ulges (2019))  68.54 70.09 69.31  52.66 50.82 51.72  39.15 37.78  38.45
SpERTH PG Aok 67.24 65.28 66.25  48.67  43.33 4584  36.45 32.44 34.33
SpERT+ PG A2°'e 50.34 56.74 53.35  36.73 21.46 27.09  26.01 1520 19.18
PL-Marker(Ye et al. (2022)) - - 69.90 - - 53.20 - - 41.60
PL-Marker+PG A3 67.00 59.41  62.98 44.68 34.63
PL-Marker+PGAZ°' 52.67 41.61  46.49 - - 26.60 - - 19.42
PURE*(Zhong and Chen (2021)) 69.33 68.55 68.93  49.69 49.69 49.69  37.37 37.37 37.37
PURE+PGA3 59.25 55.13 57.12  40.37 3142 3533  29.95 23.31 26.21
PURE+PGAZ 52.21 37.09 43.37  34.62 14.68 20.62  24.21 10.27  14.42
Table 4:  7ESCiERCIl I F{NH B MAELRS G5 WG FREAFAERE . PGAA R

B BRI AR Z 5%, PGAZ'REME BMAERKNERS 5% . ik

=

. SpERT(Eberts and Ulges (2019)) A% E S, [RIIZREFMIIEELFIZ5 TI1%k -

MRECER R, FF B R TBUS AR TERERE S5 R 5 i 4SS R AT TE RE R (LA - 5
— R RNV B R BUERE L WAL SiF L, Rel+MEREEEZMNEARS S M E
REFFUCNRE, FHUCRIFEMI Y, dn s SEAaR AN S R BV BEFF N BERE B 22 D E AR N AT 2]

FFEEHIERTE -

——Para Ent Gen Ent —+—Para Rel Gen Rel ——Para Rel+ Gen Rel+
70 51 38.5
69.5 . 50.5 ’_—/\ s ’___‘\\
37.5
69 50 % 37
685 195 36.5
/ 36
68 49 35.5
67.5 48.5 >
34.5
67 48 34
300 600 900 1200 300 600 900 1200 300 600 900 1200

Figure 2: 5 AIHARIEENEREFFINIZGES 51T, SpERT(Eberts and Ulges (2019))#
BIRIEREZEL, B RS ENEARE, PLIMURF1E

5.4 DYFEAKT A A R SE B

NTHEE EHAXRRIERBERETEEREELETESHRERINGERER, JAIME
F sentence-transformers® B all-MiniL M-L6-v21E7RY | 53 RIXT 40055 B2 iR R A Bl 7= A2 B DR REAR
R EA1E B BTRS BRI ZR B AR R A A 73T SORERON . 08 - SNE R IE R 7] & 25 (/] 1
AL R A TR AT IR P BE, BB AR AR 2 (Rl AT, DOUIER D e 250 R AR )
FESCRE . FEBATAN, FRM VAR S EEEARRST AN ORI EEREE . W TE— MR,
AFEETNETENREREE — D EE LR A AR - SR, AR O RE AR 5 IR AR K ER
FESFME, BEMNWERERE, HSTHE - AMNESMERE EATUAH, 2%
IR T OB A 2 B0 N R AR AT TR 0L, AR IAREA > AR IR IR G « Bl B b
A R AT [ A A SRS R B R R A T A Y RS

6 4w

X LAEF, B T — B NPGAME T KB SRR ERIEIR, ZMEIRAEE
T R IR AR R AR 5 T R S TR B S ROV AR, A B B R A AU AR
E L, BT ERA R AP ET T EdEE8, 3871 TR R R BATERE - X &
H NIRRT BRI SR80 )5 . ARSOAN, PGARRR A IR AR CREFAT SR A A S B AL
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Paraphrase Prompt

Task Formula-
tion

Demonstration
Instruct

Sample Input

Suppose you are a sentence paraphrase model. Your goal is to follow a
given sentence and the entities in the sentence, describe the sentence in
different words than the original sentence while keeping the entities in
the sentence and the meaning of the sentence intact, then output it.
Note: In the sentence to be processed, the part enclosed in parentheses
is the entity; do not add, delete, or change the entity, or output any
redundant information. Please fully understand the meaning of the sen-
tence before paraphrasing.

Please refer to the following examples for the format of the output, and
please study the following examples to accomplish the above tasks more
accurately.

Iputl: ’[English] is shown to be trans-context-free on the basis of [coor-
dinations| of the respectively type that involve [strictly syntactic cross-
serial agreement].’

Outputl: On the grounds of a specific kind of [coordinations| that
require [strictly syntactic cross-serial agreement], [English] is demon-
strated to be trans-context-free.

Iput2: 'The [agreement] in question involves number in [nouns] and
[reflexive pronouns| and is syntactic rather than semantic in nature be-
cause [grammatical number| in [English], like [grammatical gender] in
[languages] such as [French]| , is partly arbitrary.’

Output2: The number in [nouns] and [reflexive pronouns| that must
match in this [agreement] is based on syntax rather than meaning, since
[English] [grammatical number], like [grammatical gender] in [languages]
like [French], is partly random.

Sentence: In this paper we show how two standard [outputs] from
[information extraction (IE) systems]-[named entity annotations] and
[scenario templates|-can be used to enhance access to [text collections]
via a standard [text browser].
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Generate Prompt

Task Formula-
tion

Label Interpre-
tation

Suppose you are a model working on generating a dataset for relation ex-
traction. One data sample of a relation extraction dataset is a sentence,
and its corresponding entity information and relation information. En-
tities are embedded in the sentence, entities definitely have entity types,
and certain pairs of entities will also contain corresponding relation types
based on semantics. Your goal: to generate sentences that contain in-
formation about entities and relations, given that information.

Here is the information you need to understand: 6 entity types: [Task,
Method, Metric, Material, Generic, OtherScientificTerm]|
Below are explanations and examples of the relation types, with pairs
of entities where a relation exists enclosed in parentheses.

e Used-for: B is used for A, B models A, A is trained on B, B exploits
A, A is based on B.E.g.

1. The [TISPER system]| has been designed to enable many [text appli-
cations].

2. Our [method] models [user proficiency].

3. Our [algorithms] exploits [local soothness].

e Feature-of: B belongs to A, B is a feature of A, B is under A domain.
E.g.

1. [prior knowledge] of the [model]

2. [genre-specific regularities] of [discourse structure]

3. [English text] in [science domain]

e Hyponym-of: B is a hyponym of A, B is a type of A.E.g.

1. [TUIT] is a [software library]

2. [NLP applications] such as [machine translation] and [language gen-
eration]

e Part-of: B is a part of A... E.g.

1. The [system] includes two models: [speech recognition| and [natural
language understanding]

2. We incorporate [NLU module] to the [system)].

e Evaluate-for: B is evaluated for A, A use B to get estimation, E.g.
1. [Intra-sentential quality] is evaluated with [rule-based heuristics]

2. We describe a new [system]| that enhances Criterion’s capability , by
evaluating multiple aspects of [coherence in essays].

e Compare: Opposite of conjunction, compare two models/methods,
or listing two opposing entities. E.g.

1. Unlike the [quantitative prior], the [qualitative prior| is often ig-
nored...

2. We compare our [system| with previous [sequential tagging systems]...
e Conjunction: Function as similar role or use/incorporate with. E.g.
1. obtained from [human expert] or [knowledge base]

2. NLP applications such as [machine translation| and [language gener-
ation]
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Generate Prompt

Demonstration
Instruct

Sample Input

Caution: Do not leave out any entities, if the ’entities’ is empty, output
"No result can be generated with the given information.’, and please try
to avoid generating entities in the output sentence that are not provided
by the input, such as 'Problem’, "Task’, 'Method’ and so on. Do not
leave out any relation or add relation between pairs of entities that
don’t have given relation. The genre of each sample sentence generated
is the abstract of an Al paper. Please study the following examples and
refer to them for the output format (entities enclosed in square brackets
in the output sentences)

Inputl:{’entities’: [[agreement’, {’type’: 'Generic’}], [nouns’,{"type’:
"OtherScientificTerm’}], [reflexive pronouns’, {’type’: ’OtherScien-
tificTerm’}], [grammatical number’, {’type’: ’OtherScientificTerm’}],
English’, {"type’: ’Material’}], ['grammatical gender’, {’type’: ’Oth-
erScientificTerm’}], ['languages’, {"type’: 'Material’}], [French’, {type’:
"Material’}]], ’relations’: [['nouns’, ’Conjunction’, 'reflexive pronouns’],
grammatical gender’, 'Feature-of’, 'languages’], [French’, "Hyponym-
of’, ’languages’]|}

Outputl: ’The [agreement] in question involves number in [nouns] and
[reflexive pronouns| and is syntactic rather than semantic in nature be-
cause [grammatical number| in [English|, like [grammatical gender] in
[languages] such as [French]| , is partly arbitrary.’

Input2:{’entities’: [['tasks’, {’type’: ’Generic’}], ['method’, {’type’:
'Generic’}], ['state-of-the-art methods’, {’type’: ’Generic’}]], ’rela-
tions’: [['tasks’, 'Evaluate-for’, 'method’], 'method’, ’Compare’, 'state-
of-the-art methods’]]}

Output2: ’Extensive experiments on two [tasks| have demonstrated
the superiority of our [method] over the [state-of-the-art methods].’

Now please generate the output based on my input.

Input: {’entities’: [['method’, {’type’: 'Method’}], ['intrinsic object
structure’, {’type’: ’OtherScientificTerm’}], ['robust visual tracking’,
{"type’: 'Task’}]], ’relations’: [['method’, "Used-for’, ’intrinsic object
structure’], ['intrinsic object structure’, "Used-for’, 'robust visual track-
ing’]]}
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