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Abstract With the broader applications of artificial intelligence (AI), their ethical and moral issues
have attracted more and more concerns. How to develop an Al system that complies with human
values and ethical norms from the perspective of technology realization, namely, ethical aligned Al
design, is one of the important issues that need to be solved urgently. The ethical and moral
discrimination based on machine learning is a beneficial exploration in this aspect. Social news data has
rich content and knowledge of ethics and morality, which provides the possibility for the training data
development of machine learning. Because of this, this paper constructs a social news dataset with
ethics and morality of human behavior, which is attached to law and code of conduct dataset for
machine learning training and testing. The ethical behavior discrimination model ERNIE-CNN based
on enhanced language representation of information entities ( ERNIE) and convolutional neural
network (CNN), is developed to extract ethical discriminations about behavior by calculating semantic
similarity based on the vector representation of words. The experimental results show that the

proposed model has better performance than the baseline models.
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S T RRAE Y 1 R A A 4 A 5 I R
[ 300 4 v 3] 1) 1 Y ) 4G Ak F TR R A L JE T O
(T8 ST R A RCORN BB R AT R T I A R
WKL, BEAERKELAHE R 30, % E batch_size
g 64.% ] Adam B BT [ S BT R 45 28 18 22
SUJH (cross entropy) 1E AR A bR B, 1 B0 B Y 131 0
G5 SNSRI Z 0] 1) 25 kR T G2 A I ko Al
AE B A FUL A I 0, A A R (1 4 3 20 T B
ML 3% (Dropout) F1# 7 5% 1k % A, 5256 /010 & T+
Pytorchl1.5.1 SZ#.

4.2.1 AR FHEAT R H ) 5L 5

R T AL 23 P AR AR AR YIRS AL AT A B
A 2 030 T3 D A4 A 0 4 R T SCAS TR AT R A R
EAEAT N AN TEEAT R EAT IR 8 RN TR
(1) L ERS LSRR A F — 00, = Jn s KA.

1) TextCNN'W A Sk #6386 BUE 19 KN (2,
3. B RSB A% 100, dropout 15
H 0.5, 5 R E N 1X10 7,

2) TextRNNFY (Bi-LSTM). fifi JI X ) K 45 )
ICAZ P2 PR R B 10 LG R L REE TR A 1 3R Gk I
T OCfF B TextRCNNYY 78 Bi-LSTM 1) % fitt | Jin
A — 2 e K AL )2 o 1l 4 EE 2 RR AR AR R AR SOl
M2 2B LSTM, & 24 & 256 A~ 4 ot
dropout B E N 0.5, 27 2] RiZE R 1X10 ",
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3) RNN-Att" 78 Bi-LSTM f4 2Eal F o A v
B IHLH A8 A% 15 A i R 45 A A AR G 4 S 26
I B AR SO 2 2R LSTML 55 1 2
128 NI, 5 2 J2 L 64 DML IT, dropout %
BN 0.5, ) RIE S 1X10°.

4) DPCNN G A T 3R 22450, m 17 2 R)E
TR I ELEEIN T SCAS 3 R 28 I 246 1) I 446 TR
JE, DABRBOCCA 38 5 56 R R AR AR Sk R U 1Y
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MREE A 1X10 0,
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FEA B 1 2 ) R Bl 52X 1077,
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N2 B B 2 ) 4% 22 5 o RS 4 B0R) 1 4% )
FRAE , 28500 1t Ak J2 (% BF 3 BRI L S0 1) 2 2 SR
A 5X10°°,

7) BERT-RCNN. 3 F BERT-CNN 4 Text-
RCNN ) # 31 J8 #% o6 BERT A9 % HAE b i ik A
2L MA Bi-LSTM i # K B 8515 R 5 A
— 2 R R A2 Sk A )2 R AR S TR i 2
REEEN5X107°,

8) ERNIE-CNN.A SCffi F /B2 & A 1Y Bl 25
FiA ERNIE_Chinese® ¥EAT S , 1o 8 (1) 2% 2 ik
BN 5X10,

4.2.2 FRARTHILR

T S UE L TR 2 e S AR AR BRAT S F 0 T
2 B ROPE A S o TR AT AL S0 HEAT g E , T
TR A A I 25 A RN A b o A AR [ B P A i RS
AR 1V BB 7. S8 2 AR SR 1 Pk RE
PR €8 B T ORI R R IR 51T
F R AR S0 2 h HA S HcE 5 S 1 AR,
43 IWHERSH

ERAT R FI L E 25 R 3% 6 fiR. FREAT RS
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Table 6 Ethical Behavior Discrimination Experiment Results

Fo6 REITHAZNLEER

B 4 o S Sk
VA 1 S T E S % F1E FRER A RER % F11{H
TextCNN 0.907 0.889 0.898 0.764 0.744 0.750
o TextRCNN 0.896 0.883 0.889 0.740 0.720 0.726
A TextRNN-ATT 0.899 0.885 0.891 0.739 0.718 0.722
DPCNN 0.894 0.884 0.889 0.733 0.729 0.729
BERT 0.951 0.944 0.948 0.807 0.766 0.773
" BERT-CNN 0.934 0.947 0.940 0.819 0.781 0.785
T BERT-RCNN 0.956 0.952 0.954 0.815 0.763 0.769
ERNIE-CNN 0.957 0.966 0.961 0.829 0.808 0.813
T BB RN MR
Table 7 Zero-shot Transfer Experiment Results 4.3.1  ASHRFT A ) 50 52 56 28 B4 By
BT ERAIBIRER 308 3o % LGS [ T F 19 75 4 28 (TextCNIN
s — :gj —— ;’\j - TextRCNN, TextRNN-ATT Fl DPCNN) 5 3 F %
W% E% @ e EE ¥ i 5 B2 (BERT, BERT-CNN, BERT-RCNN
BERT 0.839 0.875 0.854 0.695 0.735 0.689 1 ERNIE-CNN) T 15 i i sE 8 25 3 0] LUE L 7818
BERT-CNN  0.858 0.854 0.856 0.708 0.758 0.711 Y FEREE W TR E S BRI T35 T4
BERT-RCNN  0.850 0.879 0.863 0.696 0.748 0.705 TEIE= R, 0] 2 F transformer 25 K [ 48 70
;RI;;Q\Q%,;;;)M(;”Q 0.906 0.767 0.803 0.781 SR AR T 35 T transformer 2 4 ) R

D https://github.com/google-research/bert
@ https://github.com/PaddlePaddle/ ERNIE
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TP AR S5 Gl i T Ay AT 55 I SR B A R RT LA
F A SCH ) ERINE-CNN % fE macro-P
macro-R Fl macro-F1 ¥g 45 ¥ HRE T mAEMERE,
ArAEE] T 0.957.0.966 F1 0,961, &5 fie 22 Y JE
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23T D BSCHE A VI 2 1 £ BELA T Ay 0 A 28 R X 4 2
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U 45
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J5TE & W48 br b ¥ A Fr 48 JF BERT-CNN fin A
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HARTHE AR YERE, 5 BERT-CNN A H 43 51l 2 F+
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R,

4.3.2 FREARITH LIS R0

MWL Ty RAR S R SR AR AT DL L AR S
B ERINE-CNN #AIYE macro-P s macro-R
macro-F1 ¥ 345 7 B AR, 451352 T 0.890,
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