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Abstract

We propose a novel framework for applying physics-informed neural networks (PINNs) to discrete data domains such as natural
language processing. To overcome the limitation of discrete data lacking differentiable equations, we introduce the concept of a
physics proxy that approximates deterministic relationships within the data. Using the TACRED relation extraction dataset, we
define a decision tree as the physics proxy and integrate the auxiliary loss computed from it with the loss function of the base
deep learning model. Experimental results show that applying the physics proxy to a BERT-based deep learning model improves
the F1 score by 2.14% and achieves faster and more stable convergence. The proposed method is expected to be broadly
applicable to discrete data domains without differentiable equations.
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Table 1. TACRED Data

Number of Sentences Data Source
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1A|

LAl 24

o

i
riot

Afole WA FE& 913 2 WX vk dolHAll
TACREDE AHE3FATHE 1).

TACRED+ TAC KBP(Text Analysis Conference
Knowledge Base Population) d &4 9] Hlo]EHE 7|¥to.2
TEENCH, F 106264709 ALz A= ek 7
T Ao = o} E2]o] 7§A] o] B 7= o] o)ouq 0|59

= 34 §l8(no _relation) 171E T3l Z 4279
2 EREh dojelAle 542 3 fl& U
"H o}

2

o r

oflt
)
o

=
F 80%%E A8k 4l 7ket HlolE &% A
Ath= Holth & &4 71 s 2
sto] stetn|E = A5 Hl o] E|(Validation Data)®] /3
71Eo & Ao, ¥t A= HAE HolE
(Test Data)E AHE-3IITE H7ke #A 3 Bl 2Tl &
FHORE AHEHE Micro F1 R4S 52 ARR A8}
, AUES} AFEE I 2718t AAE HH R
2737 A2 = BERT(large) =9-S A3
FE7F 2 Qle] g £7 A EE F7 }U“’
FHQ 29 JEFS viA st AlbetE
2HE AFeaAt sk F A B
AdamW FE]HlO|AE AME-aFGlom, 8

>
=
H

of AN mt N o ru f

mlo ho b

A= AA
o] mA 2Ad =

m—l



L4 9 1% o2t HolgdX e A FE& AT &Y TFA]

gy =

93 863

(Jinyoung Oh et al.: A Physics Proxy-based Learning Framework for Relation Extraction on Discrete Data)

2 S%stn PE £ e AN Bel F 2
of 48 BE £4 NEE AT 5 U= FRE 9
2 2% Joz BUY & Ao

FE2 3e-5, WA A= 647 ARSI BE AP
o 100 Mlth(epoch)7HA] K18 7 JoH, A dloE
A Q5o 71Hkste] Ads AlAde] 3AI <t o] FiAA|
&S A 27 ZH(early stopping)S #8313tk

2. 2t ZEA| 45 7t

B AYe B ZEAL F RU9] 858 2T UF
o] Qe B ASE ALY F UdeA Fste As
ERE Sk AR wHA ek whaof whak, A 9
HE S Sl o7l BRVEA EE ZEAY AT
S ZAPom, I AFE 7 29 2k B J2/8lS
H&(R/~ R ratio)2 =8| ZFAIQ AAUFAA 214
FEE AT o BA A/eS the v ondth
ol Hlo|H e EF¥ S Healr] 93 o7 ARE-Si,
M =2 A B A2 Data 2014 T4 Al £
AR S A AHEE A2, Fl A5 57.072 7|53tk ©]

¥ 2 2| ZEA MY 21t

Table 2. Physics Proxy Experiment Results
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Feature RI~ R ratio Precision Recall F1 Score
0.8/0.2 45.42 40.72 42.94
Sentence 05/0.5 48.74 30.89 37.81
02/0.8 44.0 39.34 41.54
0.8/0.2 34.14 2217 26.88
Entity 05/0.5 36.82 26.89 31.08
Data 1 0.2/0.8 34.96 31.46 33.12
0.8/0.2 49.57 27.94 35.74
Context 05/05 55.41 41.86 47.7
02/0.8 56.62 32.93 41.64
0.8/0.2 62.13 36.81 46.23
Sentence, Context 05/05 57.05 38.59 46.04
0.2/0.8 60.3 34.95 44.25
0.8/0.2 34.67 73.89 47.2
Sentence 0.5/0.5 35.62 73.35 47.95
0.2/0.8 37.13 69.23 48.34
0.8/0.2 30.99 56.9 40.12
Entity 05/05 33.25 54.38 41.26
0.2/0.8 30.83 62.68 41.33

Data 2

0.8/0.2 37.29 68.84 48.37
Context 05/0.5 40.32 65.74 49.99
0.2/0.8 42.16 58.32 48.94
0.8/0.2 45.06 69.62 54.71
Sentence, Context 0.5/0.5 49.78 66.86 57.07
0.2/0.8 44.01 68.72 53.66
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Epoch by (NN/Physics) Precision Recall F1 Score

Base 8 - 63.42 72.15 67.5

7 0.8/0.2 70.38 68.9 69.64

Data 7 05/05 68.7 68.51 68.6

7 03/07 62.79 71.52 66.87

1 0.8/0.2 43.88 80.84 56.88

Data 1 3 05/05 48.17 80.24 60.2
3 0.3/07 43.28 80.12 56.2

7 08/0.2 34.38 70.29 46.18

Data 2 4 05/05 27.69 79.07 41.02
5 0.3/07 37.63 71.19 49.23
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