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Abstract: In recent years, prompt-tuning has demonstrated excellent performance in natural language processing tasks, which aims to

design prompt templates and answer spaces that match the task. However, building appropriate templates relies on expert knowledge in
relation extraction tasks,and it is difficult to effectively utilize the semantics of relation labels. Moreover, the predictions are susceptible

m

to the false associations between entities and relations. To this end, we propose a model knowledge calibration method based on

prompt-tuning for relation extraction. Firstly,, we inject relation label knowledge into differentiable prompts and aggregate the multi-lay-
er representations of the model through an attention mechanism. Feature matching and structural constraints strategies enhance the mod-

el’s understanding of relation semantics and triple structures, jointly optimizing prompt templates. Additionally,causal analysis is used

to eliminate the prediction bias caused by entity knowledge in the reasoning stage. Experimental results show that the model still per-

forms competitively or better in standard and low-resource scenarios on four relation extraction benchmark datasets.
Ell
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Table 1 Data description

Dataset #Train  #Dev #Test  #Rel
TACRED 68124 22631 15509 42
TACREV 68124 22631 15509 42
ReTACRED 58465 19584 13418 40
SemEval 6507 1493 2717 19

TACRED 2— M3 106264 LB 0 ZHEH IR R
HEBBIEE, BT 41 FHEXWEREE, M TABETX
BT B R R LH, BB BIAR A “ no_relation” .
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PR MRS AR I ) A, (R B8 T 41 Rk RS BUA “ no_rela-
tion” 285, IRt T B R R M X R PEA.

ReTACRED &% TACRED $(#E 4 i EH IR A, 47
BT 41 R RISEIFN“no_relation” 28 5], 3738 &3 F 45 BT
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Table 2 Experiment settings
WIERS Windows10

= 24GB
CPU AMD EPYC 7320

GPU NVIDIA GeForce RTX 3090Ti

Python 3.8
PyTorch 1.8.2
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Table 3 Parameter settings
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g)PTR™ :Han % AF 2021 4E42 ), 3% 07 1 7 3B 48 40
|3k #4 # prompts Fl— & sub-promtps, B DL 7E prompt tuning
TSR RIERR AR,

h) KnowPrompt!®! ; Zhang 26 A F 2022 4F42 4, %X R0
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—Fi 5 P B F AR A B AR R R SR T s

i)FPC™) ; Yang % A F 2022 4242 ), 583 % 453 I s B
MR S AR BT ROA , BB M B R B SR E.

j) :GenPT"™ :Han % A F 2022 4E R , B BRI T —
A A AR AR T 2, MR RSB EH E X RHER
[FIRR I T MR T8 ik B RR .
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Table 4 Low-resource RE performance of F1-scores( % )on different test sets

ModeLL TACRED TACREV ReTACRED SemEval
Shot 8 16 32 8 16 32 8 16 32 8 16 32
SpanBERT 8.4 17.5 17.9 5.2 5.7 18.6 14.2 29.3 43.9 - - -
LUKE 9.5 21.5 28.7 9.8 22.0 29.3 14.1 37.5 52.3 - - -
GDPNet 11.8 22.5 28.8 8.3 20.8 28.1 18.8 48.0 54.8 42.0 67.5 81.2
TYP Marker 28.9 32.0 32.4 27.6 31.2 32.0 44.8 54.1 60.0 - - -
PTR 28.1 30.7 32.1 28.7 31.4 32.4 51.5 56.2 62.1 70.5 81.3 84.2
KnowPrompt 32.0 35.4 36.5 32.1 33.1 34.7 55.3 63.3 65.0 74.3 82.9 84.8
FPC 33.6 34.7 35.8 33.1 34.3 35.5 57.9 60.4 65.3 - - -
GenPT 35.7 36.6 37.4 34.4 34.6 36.2 57.1 60.4 65.2 - - -
Ours 34.0 36.3 40.6 32.7 36.2 39.4 60.5 66.0 68.4 78.5 82.6 85.0

2)InR 5 P , 2 MBS T , B TR R E NS
f9 PLMs 14 SRR B AL TS A &Y, REAS| AR S HIREY
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FERMES EEZ B T RBSN R IR AT SR R AR Y
SREVEEL JeAh, RE PLMs B &—EMES AR, R MRS
BAERRE T U R4 8800 05 I R R R AR 7R PR AR
FHEL T R A SR A (0 SRR B T ik, AR SO T IR TR R
ZHHEELRAEM, UHEEZERE P RERIE

*S5

HEMRALARTS. LA, 55 2 BB S E ) A R R SO O
GenPT AL, , AR XM H BB A LRI E R, I AL
REAT R B E LT 3 REBUS A 4 19 14 B8 RE Know-
Prompt™'*! [RJRER A 72 42 25 ) HEAT A5 RIR , A SCAUBI R
EREBRRBA T HRAEE, P IERATEEXRH
BES ERRE

ZERLRMTER, FERTERATRERELRR
HEES .

2B R A MBERRWIRE LK F1 5% % ) HRERH

Table 5 Standard RE performance of F1-scores( % )on different test sets

Model Answer space  Extra Data TACRED TACREV ReTACRED SemEval
Fine-tuning pre-trained models
Roberta-large - W/o 68.7 76.0 84.7 87.6
GDPNet - W/o 70.5 80.2 - -
TYP Marker - W/o 74.6 83.2 91.1 -
NLI - W/o 71.0 - - -
KNOWBERT - w 71.5 79.3 89.1 89.1
SpanBERT - w 70.8 78.0 85.3 -
LUKE - W/o 72.7 80.6 90.3 -
Prompt-tuning pre-trained models
PTR discreet W/o 72.4 81.4 90.9 89.9
FpPC discreet W/o 72.9 82.9 91.3 90.4
GenPT discreet W/o 74.7 83.4 91.1 -
KnowPrompt continuous W/o 72.4 82.4 91.3 90.2
Ours continuous W/o 73.5 82.7 91.4 90.8

3.4 HRUXIE

AR RART SRS E R BRI, 2 BIRIE T
FAESRE R IR AR 25 5 PR B 7E £ B /MR AR 3R 8
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REERE—EP [ MASK] VB HRIEHTRRIMN. 455
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Z IR LM REL. IR 6 BTN , 76 16-shot 3% B o, ft /DR 4E
TR LR FU LRI BB N 66. 0 TREZ) 62. 4, T #% BR4GE UL Ap
EHA R T RS 63.0, Z BRSC iR 556 R R 45 M LR
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BT DL R T R s R DA R B p 5 AL 54
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Table 6 Results of ablation experiment

Model Fl1-score

8-shot 16-shot 32-shot full
Ours 60.5 66.0 68.4 91.4
-attention 59.1 63.4 67.6 90.7
-knowledge 59.2 62.4 68.1 89.4
-rel of knowledge 59.4 63.0 65.1 90.0
-struct of knowledge  60.0 63.5 65.7 90.6
-bias 58.0 61.7 67.8 91.0

)R Z R BRAE IR I BOR « LS, -bias 18 72 0% SRR T
AR RUHTR B2 7E 8-shot LB H M EIPEBE Dy 58.0, 12
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2 fis.
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Fl-score
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SemBval¥iiEse
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Fig.2 Experimental results of base classifiers
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