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Construction of RNN-bsed Dialogue Breakdown Detector.
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Abstract: We propose a dialogue breakdown detector based on the Recurrent Neural Netwoek

(RNN). RNN is an extension of the neural network, which can consider old context information in
sequential input. We construct a RNN network that receives utterance pairs of user and dialogue
and outputs the breakdown label for each system’s utterance.

system as inputs, The input

utterances are separated into vectors of words, cooccurrence words, and represented distributional

sentence vectors. Finally,
detection accuracy.
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we combined these features and detector evaluated the breakdown
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# 1: RNN % FU 7o el RERRHE R e o0 R Al

Score Detail
Accuracy 0.47 | (414/880)
Precision(X) 0.36 | (110/307)
Recall(X) 0.44 | (110/251)
F(X) 0.39
Precision(X+T) | 0.76 | (241/318)
Recall(X+T) 0.44 | (241/543)
F(X+T) 0.56
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Score Detail
Accuracy 0.47 | (414/880)
Precision(X) 0.57 (4/7)
Recall(X) 0.02 (4/251)
F(X) 0.03
Precision(X+T) | 0.86 (6/7)
Recall(X+T) 0.01 | (6/543)
F(X+T) 0.02
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Score Detail
Accuracy 0.46 | (405/880)
Precision(X) 0.43 (42/97)
Recall(X) 0.17 | (42/251)
F(X) 0.24
Precision(X+T) | 0.76 | (356/469)
Recall(X+T) 0.66 | (356/543)
F(X+T) 0.70

Accuracy #WE L7=. F£72, RNN % 7= kFaEGE
RHIERE, BE 7 ~L XAk 2 FAEIC OV TH R —
AT A AN TYET DN H o 7.

3.1 AR &S

RNN % 7= kb aERRER 2 0 (A & 58T %
729, MESOHI T~V ET ) T—varan
KE 7~V & OIRFEITHIZ R 4 127" T

IRFATHI G, RNN % T fRlfE s e o i
TBBnT ) TF—a LV ENTWAEKET ~UL & [F
CHoRKRKER-TWND., —FT, T (BZ6LW
k&) OHIBFELL DL, 1ZFEAERX (W) £
72130 (fE<Ty) L LTHAZRTWD., b
D EHDH, RNN =AW oxtabikfemteasis T (8%
O ERE) =X (WEEE) , O (fEThvy) SRl
TLEERMRH D EEBEZLND.

RIZ, RNN & W72 EEEIGHER AR 2 & - TR 2
WE LI FINZHOWTER S IRT. — 2 HOFITI, =—
PHREEE VAT AREFICHBLT TV —< ] &
WO BEEN A- TR Y, —REEEE MR L O E1T-o
TWAHEIICRZ DD, LENAATHYISEL LT
ARG TH 5. /—E LI-iERHETIE, doc2vec %
AW HES#HEREEZ AV T CEEIRZ D FEMEE AW
TWDHTes, N—=2T A Ui TITRE TE o
THERE T~V X SR ATREE 7o T b B2 bD.

# 4: RNN Z W7o sl iiei g 2 B8 10 11 5 S h
127~V IR T IV OIRFFTS

Predicted
X T O
X | 110 3 138 | 251
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307 11 562 | 880
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User Utterance System Response Annotation RNN Baseline
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