TR 2 SRR D)

5T OHE1IH 202141 A

Acta Scientiarum Naturalium Universitatis Pekinensis, Vol. 57, No. 1 (Jan. 2021)

doi:

10.13209/j.0479-8023.2020.089

FEHCRT G £ G ) B IR 53 A e Y

KA

H B s fE SR A BRA R, 750 215000; T E-mail: ross.zhu@aispeech.com

9 - =
GIR5

TEE RS A E ) R R A R R, B A T RS A AR R PR A R L e, T
YR A 75 BEALIN ARG 24T, RIS, e gt i 2 VI 2R s AR R B, 48 TR X g s FRAE
FISEIEE 1, fJm, fEgmtsunii b2 mA T ZRE T AR, P KBRS 7R A B 35 10 . O B TIE T2 A 28 (1 e g
BORE, R R A LS M (1 B T O R 0 R e b R A o AR IR AR b SR g R R, TR
BT MRS 2R ST A TP 45 SR A T R A 8

XEHE HMET AR BUIZES B BERT; Transformerfbifl

An Antinoise Response Generation for Open Domain Dialogue System

ZHU Qinpei', MIAO Qingliang
Al Speech Co., Ltd., Suzhou 215000; 1 E-mail: ross.zhu@aispeech.com

Abstract
antinoise model based on encoder-decoder architecture. Firstly, simulation noisy characters are added to the input

In order to reduce the noise interference on the response generation model, this paper proposes an

utterances. Then noisy character recognition is trained at the encoder output layer, thus improving the ability of
extracting noise features. Finally, pre-trained language model is fused at the encoder output layer to expand the
coverage of noise. An antinoise test set is presented for verifying the model’s antinoise effect, which is the first
Chinese single-turn open domain dialog system corpus with real noise. Experiments show that the proposed
model’s results of automatic evaluation and manual evaluation on the antinoise test set are better than the baseline
models.
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Table 1  Proportion of noisy and smooth utterances
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Fig. 1  Architecture of proposed model
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LR
Target .. =[tgt,, tet,, ..., tgt,, ], 3)
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S=[s1, 82, ..., Sul, 4
Hh, s, e R" g o P2 P AT GBS RAE, b R B E0Z 4
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smooth(tgt ) =
(tgt,) {(l—s,s), tet, = 1,

Hrp, g1, M), e I PUHESEL KRB 3E X
W5 KL BE Z A

NoiseLoss = —Z Zl stgt, -log(p,) —
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Fig. 2 Union of Antinoise and Fusion
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Table 2 Test data set
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QALOK Al AU, HIERESHIRE RN 10000
Q2: BURAMIFEE
________________ T T
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3 LB AR TN BRI A AR Y ] 5 3 ) iR A T
TS7 AR, Ak AR v R I [ 52 ) RS AR g X i
KR BAFEEAbR W ESAE R 1) WA,
FEon Il B E I ) 16, I oA ) R R AR )
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PN B EAE St N wa e
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RIS BIL T B e LA S Z AL Al A T kY
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L I S s | B2 A N e VI B 2
[F] B i 47c MR AL o) A Rl 5 LT o 3 X6 B S 6 43 Sl T
QA10K Fl Hard 1K [ 47 . FEZBIAI L $E seq2seq+
attn Fil Transformer, EREBCE T
i A T A ACAS 5 5 H TEX-
AR, P& 2 K/ (hidden size)i% & K 512, 5 118
Z (beam search) i £ A 10,

Transformer &7 T #2065 5| 5 H TEX-
AR [RUECE K /N B R 512, g B A AT 22 4
(block_num)i% & K 6, R IIHLEISLANECHR 8, & W)

seq2seq+attn

HWRTEEN 10,

InputNoise 7F Transformer A9 3EAl -, HAEYI
SRER DR A TR AR (RN RIS

Antinoise  7£ Transformer [ JEfli I, Jin A4t
MEMLE . DI s AR A P K =12, &=
0.5, JUJ M 75 HE S poiee=0.056, F5 KM 7 i ik K O 24
BRI 12, P ZHe=0.9,

FuseBERT fifi | Cold Fusion fill 5 Transformer
%5 i 11 5 BERT i iy, A fnytWeslil . BERT L.
TS 5] H Google-Research B 71057, Hiilll %2
i 110 M SCHE %I (BERT-Base, Chinese). i ]
YR 4E Fr A S A B ) %7 BERT i #it i)l 2%, 7£ BERT-
Base [ Aili E 4 925000 25, SRS HUIRS B2 4 0.72,
YRt B rf, T8 BERT 24K

Antinoise+FuseBERT  Transformer % fi%h %t iy
HEE ABLMELE, BERT K& 525, [l
Cold Fusion fill & Transformer % fith % i A1 BERT %y
W RS BIRSHRE

R A BERL YR 4], fH A BERT [ 47 14
Hi, FRARUHE DI ZR S KN (batch_size) o 2048, it
H bR B A bR &1 0 — S 80h 0.9, e Kgi 1
B 32, AEH B A 2 41 6=2.0, fx K Epoch
20, RAFSSUESE ERCR SALBA, H T 505 1T
XF o BT REAVER AT e A BURRRR [B] &2 1 ) “[SafeRes]”,
FORARAR L AR, Rk IR A A Ko
1, Distinct-1 737 2A 0 0, A T PEI BRI 2 .
3ibriE N BN TP Y Kappa 3 50— BRI
0.82, RUIVFI LR BA = — k. SCg sl
W3 3,

&3 LIE H, FRATHYEIAL Antinoise, Fuse-
BERT H1 Antinoise+FuseBERT, 7F £ 138 #r o 8
i HL LR R A seq2seqattn Al Transformer, H Hk &
% Antinoise+FuseBERT R i I, 16 FHFRAT AU ALY
AL EA —E B PTMEBE 7, XF 5 R S )t O dE
K30 . 78 QA10K A1 Hard1K I+, InputNoise
B RN LT LT R LA Transformer, Ui (Y
TR MR P A N, I AN REA A5 46 BROWR P R 1IE, T
IR RTE N S B ARG BRIL=ZAh, FEZepiml
seq2seq-attn 2 N HEFRK T Transformerfbi i

@ https://pypi.org/project/sacrebleu/1.1.7; @ https://github.com/neural-dialogue-metrics/Distinct-N; @) https:/github.com/asyml/texar/example/seq2
seq_attn;@ https:/github.com/asyml/texar/example/transformer; (& https://github.com/google-research/bert
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Table 3  Test results on QA10K and Hard1K

Ko QAI10K Hard1K
BLEU Distinct-1 ~ Distinct-2 PRGN TIFEN/% Distinct-1 Distinct-2 SR A AR
seq2seqtattn 4.3 0.678 0.678 9.69 10.1 0.591 0.587 8.52
Transformer 6.1 0.954 0.851 10.3 25.4 0.698 0.599 6.56
TnputNoise 52 0859 0775 858 180 0719 061 653
“Antinoise 67 0966 0871 0o B2 0876 0764 883
FuseBERT 6.2 0.956 0.857 10.7 32.1 0.731 0.632 7.41
Antinoise+FuseBERT 6.7 0.978 0.884 11.5 40.5 0.911 0.806 9.92
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Xt Hard 1K [/ 5 N 0 — 408 ml LUE B,
BRI A 18] 52 ) Ao AR T o DG 1 i A1)
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DN TTE AN R ST TR R I 28 252 14 B I E ) ik
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VB i FLSE e i iR, A7 B T AT e £

% 4 HardlK Ui [ 5 %4)
Table 4 Response examples on Hard1K
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e e ow T wene e
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weE s 1 Nz g, POLRI, AR
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Ebanfg i 4 1R S 5 BERT il & 5, FRINZRIE S
BeAh, R SR AT T NS B A Sh iR b

2% STk

[1] Collby K M. Artificial paranoia: a computer simula-
tion of paranoid process. New York: Elsevier Science
Inc, 1975

[2] Barzilay R, Lee L. Catching the drift: probabilistic
content models, with applications to generation and
summarization // Proceedings of the Human Language
Technology Conference of the North American Chap-
ter of the Association for Computational Linguistics.
Boston, 2004: 113-120

[3] Angeli G, Liang P, Klein D. A simple domain-
independent probabilistic approach to generation //
Proceedings of the 2010 Conference on Empirical
Methods in Natural Language Processing. Cambridge,
2010: 502-512

[4] Sutskever I, Vinyals O, Le Q V. Sequence to sequence
learning with neural networks // Advances in Neural
Information Processing Systems. Montreal: MIT Press,
2014:3104-3112.

[5] Hochreiter S, Schmidhuber J.
memory. Neural Computation, 1997, 9(8): 1735-1780

[6] Bahdanau D, Cho K, Bengio Y. Neural machine

Long short-term

translation by jointly learning to align and translate
[EB/OL]. (2016-05-19) [2020-06-01]. https://arxiv.
org/abs/1409.0473

[7] Vaswani A, Shazeer N, Parmar N, et al. Attention is
all you need. Advances in Neural Information Pro-
cessing Systems, 2017: 5998—-6008

[8] Wolf T, Sanh V, Chaumond J, et al. Transfertransfo: a
transfer learning approach for neural network based
conversational agents [EB/OL]. (2019-02-04) [2020—
06—01]. https://arxiv.org/abs/1901.08149

[9] Rashkin H, Smith E M, Li M, et al. Towards em-

pathetic open-domain conversation models: a new

44

(10]

(11]

[12]

[13]

[14]

[15]

[16]

[17]

(18]

[19]

benchmark and dataset // Proceedings of the 57th
Annual Meeting of the Association for Computational
Linguistics. Florence, 2019: 5370-5381

Dinan E, Roller S, Shuster K, et al. Wizard of
Wikipedia: knowledge-powered conversational agents
[EB/OL]. (2019-02-21) [2020-06—01]. https://arxiv.
org/abs/1811.01241

Jozefowicz R, Vinyals O, Schuster M, et al. Exploring
the limits of language modeling [EB/OL]. (2016-02—
11) [2020-06—-01]. https://arxiv.org/abs/1602.02410
Devlin J, Chang M W, Lee K, et al. BERT: pre-
training of deep bidirectional transformers for lan-
guage understanding // Proceedings of NAACL-HLT.
Minneapolis, 2019: 4171-4186

Zhu J, Xia Y, Wu L, et al. Incorporating bert into
neural machine translation [EB/OL]. (2020-02-17)
[2020-06—01]. https://arxiv.org/abs/2002.06823
Sriram A, Jun H, Satheesh S, et al. Cold fusion:
training Seq2Seq models together with language mo-
dels [EB/OL]. (2017-08-21) [2020-06—01]. https://
arxiv.org/abs/1708.06426

Szegedy C, Vanhoucke V, Loffe S, et al. Rethinking
the inception architecture for computer vision //
Proceedings of the IEEE Conference on Computer
Vision and Pattern Recognition. Las Vegas, 2016:
2818-2826

He W, Liu K, Liu J, et al. DuReader: a Chinese
machine reading comprehension dataset from real-
world applications // Proceedings of the Workshop on
Machine Reading for Question Answering. Melbourne,
2018: 37-46

Zheng Y, Chen G, Huang M, et al. Personalized
dialogue generation with diversified traits [EB/OL].
(2020-01-02) [2020-06-01]. https://arxiv.org/abs/1901.
09672

Papineni K, Roukos S, Ward T, et al. BLEU: a method
for automatic evaluation of machine translation //
Proceedings of the 40th Annual Meeting of the
Association for Computational Linguistics. Philadel-
phia, 2002: 311-318

Li J, Galley M, Brockett C, et al. A diversity-
promoting objective function for neural conversation
models // Proceeding of NAACL-HLT. San Diego,
2016: 110-119



