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Abstract The authors present a hierarchical neural network H-RNN-CNN as a general model to represent text in
sentiment analysis. Firstly, since information may lose in long text, the authors divide the text by sentence and use
them as middle layer. Secondly, recurrent neural network is used to process sequence and relationship across
sentences is captured by convolutional neural network. Moreover, the effectiveness of the variants of recurrent
neural network and the pre-trained embedding are discussed. Experiment results demonstrate that the approach

works well on several datasets.
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Fig. 1 H-RNN-CNN model architecture
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Fig. 2 DVA model architecture
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Tablel Hyper-parameters setting

i e A HALEAE BEBUZ e 4 Dropout
200~300 8~128 100~200 0.2~0.5
SRRl BRRE0 | BRERE
FRER maxnorm K A%
20~80 1~3 1,2,3,4 20~120

2 SLIg

AR S S DA b SR S 32, TR e
SCECE FAMCT SEEE, DAUARA 7 VA G aE
2.1 FIEEFEM ISR

ARSI T B L R 2R, BT a4
ARV A oy R IE RS, FEARIFHLNR .

1) PR(NLPCC 2014"), H13Cr= fhitie$ds,
5 P48 S5 S e . B A 10000 45
ZRFE)F1 5000 £ RE )

2) ChnSentiCorp(Songbo Tan®) ., 1 3% & i
B, AL HE 45 £ (Book) . i I (Hotel) F1 2 i A HA, i
(Notebook) (9 PF it . s 5 A 2 H 1Y 4000 45+
1], %143 15% K MR 4E

3) MR(ACL 2004°), #3CHEIFHEEE, Ha
10662 &4, Kl 43 15% A 4k

x2 BUREHIR
Table2 Summary statistics for datasets

B K i |[ éﬁ;‘/fFZi/ ﬁ%ﬁﬁf/ $ﬂj{’<f§fl
=S i il
PR 2 8500/1500/5000 900 40
Book 2 2800/600/600 1500 80
Hotel 2 2800/600/600 1700 90
Notebook 2 2800/600/600 150 40
MR 2 7462/1600/1600 70 20

@ http://tcci.ccf.org.cn/conference/2014/pages/page04_sam.html
@ http://www.nlpir.org/?action-viewnews-itemid-77

® http://www.cs.cornell .edu/peopl e/pabo/movie-review-data/

@ https://github.com/fxsjy/jieba
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R T TR A R, AR A
Baseline #1714 . H i, CNN, LSTM #1 Bi-LSTM
G150 R R RIS | B B I 4 R SR XL
FM4 ., H-RNN 232 T H-RNN-CNN Til )24 CNN
S50, [l S | AR AR IR S 4 O A AR e TR
PEAT . Hidr, Wang % 18I7E NLPCC 2014 f)i%
TiPEI_F WS e B 5, AT T7E Mikolov Z:19
Skip-Gram R v, B AF AR HS A SR H bR eR S
—HB4r, WA B BE B i, R
HJHTF SVM. ChnSentiCorp % 4 A £ WA (M
G, BLERS LEAAE), RATE T 2012
A DR S i 1) — Sl SRS 2 28R 1 U7 i . Zhang
25 (205 A1) - 1) - A 5 iF, 38 32 KNN AT Rocchio
AT/ 26 Luo %P —Fh 45 & DF A CHI Hy4:
fE £ R CDPNC, i [l SVM #474r2%. Zhang
2122 (i Y self-training 59 W& 5 vk, @R, A
[P IR I UNA

FATLE 5 HE R A T8, 25 R %k 3 R,
FESCHGH, FRATT ST I A L T 00 28 R0 45 (14 7 1k 34 LA T
Wt il [ AR A A . R 3 AT LAE Y, H-
RNN-CNN 7E A $E 4 1 #BUS Feir rReR .

x3 IRERLR (%)
Table 3 Results of our model against other methods (%)

— Fl/Acc

PR Book Hotel Notebook MR
CNN 743729 91.4/91.2 89.1/89.3 91.8/92.2 —/8L1
LSTM 754/73.7 90.2/904 85.9/856 89.8/89.1 —/77.3
Bi-LSTM 75.8/743 92.2/925 87.7/87.0 91.4/90.6 —/79.5
H-RNN-CNN 77.9/755 92.9/92.6 90.3/89.4 92.1/92.1 /819
H-RNN 770752  92.8/92.6 90.1/89.2 92.0/91.1 —/8L5
Wang %18 76.9/—
Zhang % —/91.0 —87.1 —i87.7
Luo %12 90.1%/-
Zhang %5122 90.5%/—
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Table4 Resultswith different RNN variants

Acc/%
BARAE
Bi-GRU DVA DVA+MC
PR 74.8 74.2 755

i8] Bi-GRU XU GRU, DVA+MC 1 DVA [ X S 7E F{fi
SRR IE R

x5 AEWANEDERHIE
Table5 Results with different input embeddings

Acc/%
il TR Tl R
PR 755 721 75.8 746
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