5 34 %55 6 I Ao ok A o Vol.34.No.6
2017 # 11 H Hebei Journal of Industrial Science and Technology Nov. 2017

X EHS:1008-1534(2017)06-0421-07

BT A B4 5 a1 3 2 32 R R
B S

(THEXFHEMESREEFR, L HET  211100)

i R EZTABRAG Ry AN ER L LRI AR U B X R TR ERE
%Lﬁ%ﬁﬁfr B R AR S R TRV TEREAR, ATRSDSEZAELD R, B
TEATES AHHBEREGADEHTEBATHEM OGS LML, ZREAF T 5 T RETESK
L ER—ATRAET S HFREZHBRA ARSI RSB T Lo 58, AR
MALASE T Mk AT 5 B4R, B i a6 30 & B T B xR &= WAL 2 gb AT 2 AL, 35103 7 49 11
RAFM, WA AR, R RGBT, SRA R B R RAURIE T 4 M, B F AR
AA AT By o MR A A A sh S T ABRARAZ L A TELGEH AT REL S TH

FKEFE AN ERN A HEERER T B HRLEFHEIRTFH; A

hE 4% =S . TP389.1 TR EARD A doi: 10.7535/hbgykj.2017yx06006

Dynamic topic model based on variational autoencoder

SUN Ling, HAN Lixin, GOU Zhinan
(College of Computer and Information, Hohai University, Nanjing, Jiangsu 211100, China)

Abstract: The posterior distribution of traditional dynamic topic model requires complex reasoning process, and a small change
in model assume will require re-deduction, meanwhile with high time cost, which restricts the variability and generality of the
model. A dynamic topic model based on variational autoencoder fusing with dynamic factor graph for inference is proposed in
order to improve the performance of dynamic topic model. The model makes a reparameterization trick to evidence lower bound
to generate a lower estimator, and converts the hidden parameters to a group of auxiliary parameters, which makes new param-
eters not depend on variational parameters; standard stochastic gradient descent method can be available to variational objective
function directly. At the same time, integrating the dynamic factor graph on modeling the state space model weakens the proba-
bilistic of the model, simplifies the optimization process. and makes effective inference. The experimental results show that this
model guarantees the accuracy, and the simplified model reduces the time cost effectively, which will provide more possibilities

for dynamic topic model to be applied to complex time scenarios effectively.
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1.fuzzy controller neural self network learning tuning rule predic-

tive control

2.fuzzy controller control optimal mark tracking robot redundancy

end coding
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