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Analysis of Extraction of Semantic Feature in Agricultural Question
and Answer Based on Convolutional Model
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Abstract; Tens of thousands of question and answer data have been increased per second in the internet
agricultural technology extension community, these massive data have features of recessive part of speech,
emotion and unwanted vectors, and how to implement data aggregation and data block reduction is the
difficult problem in this field. An analytical model for the extraction of emotional polarity in agricultural
question and answer based on convolutional neural network was proposed, the training set was
transformed into a 256-dimensional word vector by using the Skip — gram model after segmenting the
dataset with agricultural word segmentation dictionary. The convolution neural network after batch-
normalization specification was used to train the dataset, and the neural network model parameters used to
identify the part of speech emotional similarities in the agricultural technology promotion community
question and answer were obtained. The experimental results showed that the method could accurately
identify redundant queues in the test sample set, and by comparing with the other four text classification
methods, there were also obvious advantages in each index, the accuracy of the semantic feature
extraction for the test set was up to 82. 7% .
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Fig. 1 Schematic of data preprocessing
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.85069127=-03
.35596364e-03
.11570373e-04
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Tab.2 Worked examples of model identification results

1.70148944e-03
8.36299674e-04
1.86652120e-04
3.80182988e-03
1.91218092e-03
2.62568443e-04

-1.02271978e-03

3.32624838e-03
7.82271905e-04

-1.37049856e-03
-6.61627797e-04

3.24225938e-03
4.84531804e-04

-2.56357162e-04

3.50663468e-04

-7.95818574e-04
-2.57842862e-06
-8.74277845e-04

2.50367634e-03
8.01117800e-04
1.02038775e-03
3.48501810e-04

-1.43137353e-03

2.75811204e-03
3.06186872e-03

—2.25051306e-03
-2.60237284e-05

1.89925544e-03

-1.18543547e-04
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1.28140126e-03
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—3.85895284e-04

2.156306959e-03
5.71614655e-04

1.16078544e-03]

Fig.4 Examples of word vectors
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27867776e-04
959219347e-04
35208534e-03
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.81366175e-04
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00238982e-03
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.24412865e-04
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.28238660e-04
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.408899759e-03
.21107046e-03
.72666309e-03
.61727946e-03
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4.39916388e-04 -1.

26754632e-03
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.83012255e-03
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.73781021e-03
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.385987198e-03
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Tab.3 Comparison of experimental model parameters

EWHE  FHIE W ORAERE IR /s U R A %

3 3,45 200 1945.7 81.4
4 2,3,4,5 200 2343.8 82.5
5 1,2,3,4,5 50 945. 6 70. 0
5 1,2,3,4,5 100 1493.0 79.3
5 1,2,3.,4,5 200 2926. 8 82.7
6 1,2,3,4,5,6 250 5121.3 82.8
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Tab.4 Comparison of various classification methods
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