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M IEMAEE o Fld R & H o VEE R I 5%
25 (MSEE BRI BRUE o

BESR I3 ISR BP0 AL < ) Bl 1 BE 4G s b) &y
W A2 H AL I ; o) Bl AN S R B DTERZEUE LT
ENE N T
2.1.6 COEC Ffif£iny

Zhang 2049 3 41 T COEC (clicks over
expected clicks) ¥ #l, COEC & X A F i HE— 1
SRR RS R R S bR R RS R RE 1Y
W R LA S H A s & A HE R bR
TERIUFAL
2.1.7 RGBT

Wang 542 H TR 4 R RS (7R 2R DL i
&9 (online bayesian probit regression) ., 3 57 [11]
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W) ) s 3. AR S5 IHT AR
TEL AR B 5 B VR AL B 0 S L R A
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PRE 81 ] DA e rd o 28 TN AR 3 ) oty 1 A
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3.1 KL

KL i 5525 (KL-divergence) X I A X , & &
PR HE 38501 (9 B 5 3k FEL A L B A 2 LS A B 5
AFT R 4R ek P A A ] A7 22 T L ) I M 3 A 1Y
22 GO0 H SRR o0 A P (o) FAF23 a) L
A QCa) A8 (AT i i B S A ME S35 ) 22
Giifidh, FIEAH IV Y g K FEIG n 1 2 /0 LU AE .
HAHE AL T
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L2 DP || Q) & KL BEES . P (o) {5 BRI &
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g3t P, AT DIAS KL Bl @4 i
FLSE RS A1 I LU R T Ak 1 o 38 A 2
R
3.2 ROC Hi£e T Ak

ROC(receiver operating characteristic) ] 2k 43
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iR TR 2 ) SRR RE T R
¥ DNN(deep neural network) IR fF 2= >J i FH 21|#%
R IFT 2018 E MRS T HEE R ERS. H
DNN 742 )5 B0 e e AN 45 i s i) 4
FUTTEE  AART F8 43 A 4 o3 A 2o AR 1 dR K BB
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Study on Acquisition of Printing and Dyeing MES

Production Data with RFID-Based Electronic Material Vehicle
RUAN Deng-feng' ,ZHOU Yan-jiang' , XU Guang-ming*
(1. School of Mechanical Engineering and Automation, Zhejiang Sci-Tech University, Hangzhou 310018,
China; 2. Hangzhou Kaiyuan Computer Thechnology Co. , 1.td. , Hangzhou 310013, China)

Abstract: Most of current Manufacturing Execution Systems (MES) adopted by printing and dyeing
enterprises apply barcode technology as the identificaiotn of production task to indirectly acquire process
data. It is hard to ensure instantaneity and accuracy of production information. aiming at this problem, a
method of acquiring real-time process date in printing and dyeing MES by using RFID (Radio Frequency
Identification) technology through material vehicle in shop floor was proposed. The design of the
electronic material vehicle based on RFID technology, the technologies of anti-collision recognition,
location and radio frequency card read-write were studied additionally. The above method can achieve
synchronization of material processing information and production management information in
informatization architecture of two databases and three layers of two data base and three layers through
MES-based real-time information acquisition in production process.

Key words: printing and dyeing; RFID; MES; production data acquisition
(REHLE: FRAEE)
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Overview of Advertisement Click-through Rate Estimating Techniques
CHEN Qiao-hong ,YU Shi-min, J IA Yu-bo
(School of Information Science and Technology , Zhejiang Sci-Tech University, Hangzhou 310018, China)

Abstract: The prediction of advertisement click-through rate is an important research content in the
field of computational advertising. Accurate prediction of advertisement click-through rate can improve real
advertisement click-through rate and increase income. Logistic regression model, support vector machine
(SVM) model ,the Bayesian model and neural network model are applicable to enriching historical adver-
tisement click-through data, the models without historical advertisement click-through data and sparse ad-
vertisement click-through data, similar term prediction model and factorization machine etc. Time-space
model and hierarchical model apply to all the above situations. According to the characteristics of different
advertising data, different models can get good prediction effect.

Key words: cadvertisement click-through rate; prediction model; neural network; factorization ma-

chine
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