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Abstract Traditional interactive stance classification methods reveal a constrained performance, due to the limited
context provided by the modeled interactive text and the insufficient support of background knowledge. In this paper,
we proposed an interactive stance classification method that incorporate unstructured background knowledge, which
retrieves relevant knowledge sentences from Wikipedia with the interactive text as query, encodes them as external
memories, and utilizes the encoded memories to enhance the representation of the interactive text with a multi-layer
deep memory network. Experiments show that stance classification system can achieve better performance when
background knowledge is incorporated with a proper setting of knowledge embedding layers, thus proving the
effectiveness of our proposed method.
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Fig.1 Overview of model architecture
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Fig.2 Pipeline for retrieving background knowledge
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Fig.3 Knowledge embedding with multi-layer deep memory network
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BB = AN BESCHARE R R AN, FRATEE 2016-12-21 (FE 0 4EHE [ RHES 2k B A E Y S anin e
K. iSRS, fREE T 5,075,182 % 3CRY, HAEE 9,008,962 MAFEIHIA BT 5. EARERGH,
T I FIVERE, K eI B R I SR B B 0 bi-gram PHLSUEI, 8T murmur3 WA LD
1Tk o

AHIE TIPS K AR 2 B 1) B AR B AT LA R N 40

CIAZHSCA GRS 53, 28 FLSCAR 5 IR AN 25 (1) SCAK 358 58 D 64 Gk K I, 3ok J62 ) b 4= <PA D>
TR, Hor i A N 300, B GloVeROTI ki [ B4 L BiLSTM [ BRIRASRFIELEE N 128.

(2) IREEICIZMER 7y, BN E AN SAREEEL 10 MIRA T, BN TSR K ER
FERE N 64 G KRN, L% K <PAD>F4F), Hrr i 485 A 300, B GloVe Tk A &
WItGtk; 757 SARICIZ LK BILSTM MIBRIRASFRFELE LN 128. B R ANRIRNERZE S K VL GES:
773 (share/stack) &4 BE X I SUG Hp )45 Il AR &

AR ISR, BRI EE AdamPI2E I R0A 1e-3, —B A —IshE R R 558 0.9
F10.999, FfEFREREN le-8, PAAMETEIRAREN 1e-5. AT A FHEIIZREHE KN N 32, B ABCD %
PEEE LIS COBERIA H e N ZREE FAIIAREE ), HAR AN Hicdis A2 35 458 FH T 28 BRAIE 1) 77 03RS AH B A5
RUIAZ H LA S 0 ik B
5.2 SLIRLER M

®3 REXFUADHEELER

Table 3 Experiment results on interactive text stance classification

IAC DP ABCD
il T3 ol TR it FFE F1E
NBM 60.3% NG 74.0% MEP! 50.8%
JRipz* ™ 68.2% - - ME-+structurel®! 77.6%
NLIP! 74.9% NLI® 92.4% NLI 76.5%
BiLSTM-hybrid!*%! 77.0% BiLSTM-hybrid!'%! 93.6% BiLSTM-hybrid!'%! 76.9%
""" MemNNoshare  767%  MemNNshae  953%  MemNNehwe  77.4%
MemNN-stack 77.0% MemNN-stack 95.3% MemNN-stack 77.3%

P XL (Conversational Structure) /& ABCD HiE4E4FA ML, 1 ME+structure AL & -

! https://dumps.wikimedia.org/enwiki/latest
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Fig.4 Influence of different number of layers to the task performance
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