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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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Fig. 1. Physics Proxy-based Learning Framework
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# 1. TACRED H4|O|E
Table 1. TACRED Data

Number of Sentences Data Source
Train 68,124 TAC KBP 2009~2012
Validation 22,631 TAC KBP 2013
Test 15,509 TAC KBP 2014
1. A8 =t

Aol WA FE55 AT R WX w2 dolEAll
TACREDE AH-3IATHE 1).

TACREDE TAC KBP(Text Analysis Conference
Knowledge Base Population) @& %] 2] tlo]EHE 7|¥FO g
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&L 3¢5, WA A7)E 42 AAEAAL BE APS FAE B 29 o] dad $HI17} ohd sk
i 100 Alth(epoch)7kA] XS = o, A5 HolH o] Wk AAslE TolEete A AHE o FEE T
A Aol 719kste] A3 THAd o] AT &<t o] FolA]A] sttt o] A Sk Hl Bl 9] oF 22.8%ek= ¥ H|olE]
%S A 27 FE(early stopping)E A3 th e 2% vlo]y Wl EAlete el S AFHL
2 Shata e & IS A, meb F Y
2. 2| ZEA| 95 4ot o f&¢ B &4 NS E AT 7 e T2 IAY
S 2% AR B9Y & Iv
AR 28 ZEAVL F B9 g T T
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ERE gtk ARE oA g olgh wkel] wel, <A 9l
SRS ST o)W BRVIZA B T2 A B TIAE F QY] SRS de) A% 5L
< Ao, I A3 129 2t c3A S/ 7Fsl7] f1al, B EA 7EEA A #ke 2k AdE 18
H&(R/~ R ratio)> =8 ZEAR] A T4 24 gtk 7]F(Base)> =8l ZEAE AMSSA %> BERT
EEE AT o A AL/ v HES 9vet (large) 222 ojv|sic}. 49 A3 % 33 2} Datac
ol tlolHe] BHES Hekatr] flgh WHOE ARg-gtt St HolH HAE émldhe Aoli, Z K Precision,
M =2 ATs B AL Data 2004 T A £ Recall, F1 score)= HIZE HlolHl| that 235 HoFE
A& I AHESE A2, F1 3 57.072 71538tk ©] o} A ¢tele ZH AN AE HE&32 W, ‘NN/Physics H &
E 2 22| Z=A| Mg Zn
Table 2. Physics Proxy Experiment Results
Feature RI~ R ratio Precision Recall F1 Score
0.8/0.2 45.42 40.72 42.94
Sentence 05/05 48.74 30.89 37.81
0.2/0.8 44.0 39.34 41.54
0.8/0.2 34.14 2217 26.88
Entity 05/05 36.82 26.89 31.08
Data 1 0.2/08 34.96 31.46 33.12
a 0.8/02 49.57 27.94 3574
Context 05/0.5 55.41 41.86 47.7
0.2/0.8 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
0.2/08 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
0.2/08 37.13 69.23 48.34
0.8/0.2 30.99 56.9 40.12
Entity 0.5/05 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 05/05 40.32 65.74 49,99
0.2/08 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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Table 3. Integrated Experiment Results

Epoch A (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 0.3/0.7 62.79 71.52 66.87
1 0.8/0.2 43.88 80.84 56.88
Data 1 3 05/05 4817 80.24 60.2
3 0.3/0.7 43.28 80.12 56.2
7 0.8/0.2 34.38 70.29 46.18
Data 2 4 05/0.5 27.69 79.07 41.02
5 0.3/0.7 37.63 71.19 49.23
0.8/0.2°01A F1 A5 69.645 7155t 7H¢ 22 A%< 4. o5 8Y 24
Btk ole /1% 99 67.5 thy] oF 2.14%p FHE
FAR, g2 ZHEAZFRD HF A5 hAdel 424 =8 ZEA7H UEJ o) st A4 AA vAE =
OS2 NS W) HelFrh 53, AUEsE 6342 A5 8 9 AF S40) Ms S #EdT
o)A 7038% AA TAE Ho|] FrHA =Y, o= &g (2% 2). =% E“E]J £43 7]F(Base) FE= M E T
ZEAZF A A S GRbAQl i o] o] o g FARFE ALdEl AdAQl e AR Hlaste A2
AE MO R dF3Es FAlste 9E Y5& AX AdsA G2 g Utk webd £ Z4oME £4 A9
goh whE L ATS 07714 EA32 We 23818 Aol 7 A el 23 9] oo A A
AP, ol F AA B HlE =2 ZH5A H7ystaal gk
ek 257 REEA B E] S-S W] W A A3, Algtehe B8 B F 7] SHA F8
o2 BAMHE Data 1, 2& A &o] Folx = Hl&] A gk oldS Btk A, £8 &4 o] 7E RdEd
7k ¥ AL, F A48 A A ES sEdhA U 7htEA Faste] wEA FHss A B ol
gol FEA B AEY AF 2 FE AA el € = & ZZAFAlFshes F7HAR] 7ol =7 el F
ozt Aol dE o A8AoR Y E Fete A oA
Train Loss Valid Loss
3 — Integrated Loss 3.2 \ — Integrated Loss
NN Loss NN Loss
2.56 2.88
212 2.56
1.68 2.24
1.24 1.92
0.8 1.6
T3 2 2 Y AT 24 ol

Fig. 2.

Train and validation loss trend
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