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Introduction
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Related works

* ConvNetsD EEBRIBNDEEDEF
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- (Syntactic or semantic knowledge’z L T)
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Model

« Key module

— Temporal convolutional model
* 1-D convolutionZz 5t &

k
h(y) = Z flz)-gly-d—z+¢),
r=1

— Temporal max-pooling
* 1-D max-pooling

A k .
h(y) = max g(y-d -z +c),
r—
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Model

» Key module
— Non-linearity

* Rectifier or thresholding h(z) = max{0,z},
» (Convolution layeridRelLUIC{M3)
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— Minibatch - X1&128
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Model

» Character quantization
- MXRITTDNY L% RE
 1-of-m encoding TXF%&2F1t
- XFDERE (BEFE. X&) z=F1t
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« ZHPYPWRADXFIFall-zero vector
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Model

* Model design

— 6EConvolution. 3|
« XK/N\2FEDConvNets % FF

=fyll connect

e w =

=
J/CN

— Feature#70. input length 1014

* ARDIXFH70

EC. 10147 =9 3%

— Dropout% £&full connect/@fEICEA
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Model

Length
—
c @ |
T
i3
s
&
. I
Convolutions Max-pooling Conv. and Pool. layers
Layer Large Feature Small Feature Kernel Pool
1 1024 256 7 3
2 1024 256 7 3
3 1024 256 3 N/A
- 1024 256 3 N/A
5 1024 256 3 N/A
6 1024 256 3 3
Layer Output Units Large Output Units Small
7 2048 1024
8 2048 1024
9 Depends on the problem

Fully-connected
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Model

» Data augmentation
— Data augmentationD#fifTld. AL RS
R ESETEEDICEE
« T ¥R MF—% Tldsignal transformation’x & &
TE7R0)
- A&E%Z B L Tdata augmentation
- XEROBRTAAEE % R (C B
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Comparison models

* Traditional methods

— Bag-of-words
- EH50,000EEZZER (BT7—7tEv )
- BIEE#HZEZFDX X or TFIDFE
- Bag-of-ngrams
&5EH500,000 n-gramZ%z &R ({FETF7—Ft v )
- BIEE#HEZFD X E or TFIDFE
— Bag-of-means

- Word2vecz=EHAH (&7—%tv k)
— 300k7T. BEIM EHIRT BT R
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Comparison models

* Deep learning methods
— Word based ConvNets

 Pre-trained -> word2vec CERIFE
ta

ble%Z £

* End-to-end learned -> look up

- LSTM
* RNNZ{EARUICETILE EEIR
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Dataset

« EE ODFTCICERL

- WBAWEHBITETFT—FENRNTDE- -

Dataset Classes Train Samples Test Samples Epoch Size
AG’s News 4 120,000 7.600 5.000
Sogou News 5 450,000 60.000 5.000
DBPedia 14 560,000 70,000 5.000
Yelp Review Polarity 2 560,000 38.000 5.000
Yelp Review Full 5 650,000 50,000 5.000
Yahoo! Answers 10 1,400,000 60,000 10,000
Amazon Review Full 5 3.000.000 650,000 30,000
Amazon Review Polarity 2 3,600,000 400,000 30,000

Sogou News®D A HEZEZ pinyinfb U TEAT
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Results

Model AG Sogou DBP. YelpP. YelpE Yah. A. Amz.F. Amz. P
BoW 11.19 7.15 3.39 1.76 42.01 31.11 45.36 9.60
BoW TFIDF 1036 6.55  2.63 6.34 40.14 28.96 e 9.00
ngrams 71.96 2.92 1.37 4.36 43.74 31.53 45.73 7.98
ngrams TFIDF 7.64 2.81 1.31 4.56 45.20 31.49 47.56 8.46
Bag-of-means 16,91 10.79 955 12.67 47.46 39.45 55.87 18.39
LSTM 13.94 482 1.45 5.26 41.83 29.16 40.57 6.10
Lg. w2v Conv. 9.92 4.39 1.42 4.60 40.16 31.97 44 .40 5.88
Sm. w2v Conv. 11.35 4.54 1.71 5.56 42.13 31.50 42.59 6.00
Lg. w2v Conv. Th.  9.91 - 1.37 4.63 39.58 31.23 43.75 5.80
Sm. w2v Conv. Th. 10.88 - 1.53 5.36 41.09 29.86 42.50 5.63
Lg. Lk. Conv. 8.55 4.95 1.72 4.89 40.52 29.06 45.95 5.84
Sm. Lk. Conv. 10.87 493 1.85 5.54 41.41 30.02 43.66 5.85
Lg. Lk. Conv. Th. 8.93 - 1.58 5.03 40.52 28.84 42.39 5.52
Sm. Lk. Conv. Th. 9.12 - 1.77 5.37 41.17 28.92 43.19 5.51
Lg. Full Conv. 9.85 8.80 1.66 5.25 38.40 29.90 40.89 5.78
Sm. Full Conv. 11.59  8.95 1.89 5.67 38.82 30.01 40.88 5.78
Lg. Full Conv. Th. 9.51 - 1.55 4.88 38.04 29.58 40.54 5.51
Sm. Full Conv. Th. 10.89 - 1.69 542 37.95 29.90 40.53 5.66
Lg. Conv. 12.82  4.88 1.73 5.89 39.62 29.55 41.31 5.51
Sm. Conv. 15.65 8.65 1.98 6.53 40.84 29.84 40.53 5.50
Lg. Conv. Th. 13.39 - 1.60 5.82 39.30 28.80 40.45 4.93
Sm. Conv. Th. 14.80 - 1.85 6.49 40.16 29.84 40.43 5.67
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Results
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(a) Bag-of-means (b) n-grams TFIDF (c) LSTM
- _-Illf . —

(d) word2vec ConvNet (e) Lookup table ConvNet (f) Full alphabet ConvNet
B AG News mDBPedia YelpP. mYelpF mYahooA. © Amazon F B Amazon P.
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Results

« XER—ZXDConvNetsldBERRBFE

« =1 XK > TConvNetshH'EBRIMIEERE S
» ConvNetslgA—4ERT—7 ICERADD L
« ZILT7 7Ry NOERICKDFERIEIED D

- 5 XY MSemantic I R

+ Bag-of-meansi&1E L WEWLG THR L

* No free lunch
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Conclusion

s TEXERANDEDIZHDXFICHT B
ConvNetslcDWT., BIFEFFEEHLRU
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