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Agricultural Technical Consultation Classification Using Improved ErcNet.
an Empirical Study Based on Jilin Provincial Information Platform Data

YU Helong' ZHAO Dan' BI Chunguang' ZHAO Ming® WANG Mohan'”’
(1. College of Information Technology, Jilin Agricultural University, Changchun 130118, China
2. Jilin Zhongnong Sunshine Data Co. , Lid. , Changchun 130000, China)

Abstract; Aiming to address the limited classification performance of non-canonical short texts for
agricultural technology consultation, which stemed from semantic sparsity and insufficient feature
representation. Based on the Jilin Provincial Agricultural Information Service Platform, it constructed a
dataset of Chinese agricultural technology short texts under real scenarios ( average length < 30
characters) and proposed a fusion optimization model ( ErcNet) based on deep semantic reconstruction
and dual-driven feature enhancement. Differentiated from traditional methods that only improved single
structures for standard agricultural texts, this work achieved dual breakthroughs in the entire agricultural
technology field: firstly, it adopted a fixed weighted fusion strategy for the last three encoder layers of
pre-trained language models, built a deep semantic representation completion mechanism, and this
mechanism effectively resolved semantic fragmentation in spontaneous questions from farmers; secondly,
it designed a coordinated optimization module combining multi-scale convolution and efficient channel
attention ( ECA), established a “semantic density enhancement — discriminative boundary sharpening”
dual-driven architecture during feature extraction, and this architecture significantly improved the feature
discriminability of non-canonical short texts. Finally, it proposed a global — local feature fusion
mechanism, which further complemented semantic extraction. Experimental results showed that on the
self-constructed dataset, the model outperformed ERNIE, TextCNN, and other models, with precision at
96.82% , recall at 96.96% , and F1 score at 96.88% ; in cross-domain testing on the THUCNews
dataset, it achieved 91.70% accuracy, which verified the method’s generalization ability.
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Tab.1 Example of categorized data sets for agronomic advisory questionnaire
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Fig.7 Ablation experimental confusion matrix
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Tab.5 Comparison of experimental results of different deep learning models
T K 22 0L 3 o i
. sbi A i ) 7 2 531 EWF - ACE R S SR
2 4 ¥ifli/%e B/ % /%
W%/ % 66.09 77.66 89.23 82.22 74.19 90.91 99.00 82.90 8l.24
FastText HBI%/% 67.84 68.87 83.25 86.77 95.34 87.91 38.16 75.45 80.12 80.12 0.84 1.52x10°
FI{fi/% 66.96 73.00 86.14 84.43 83.45 89.39 55.24 76.94 79.63
K3/ % 72.76 84.00 94.39 92.28 96.72 93.09 73.97 86.74 88.29
BiLSTM — Attention ~ Z[2%/% 89.43 59.43 88.52 92.00 91.71 96.15 71.05 84.04 87.71 87.71 0.41 3.54 x10’
FI{fi/% 80.24 69.61 91.36 92.14 94.15 94.59 72.48 84.94 87.65
K%/ % 82.77 86.14 95.52 95.81 92.96 87.06 91.18 88.12  90.85
Transformer HBE%/% 86.78 82.08 91.87 91.38 95.85 96.15 81.58 87.91 90.67 90.67 0.35 2.36x10’
FI{fi/% 84.73 84.06 93.66 93.54 94.39 91.38 86.11 87.80  90.68
W3R/ % 70.99 94.81 93.56 92.57 96.20 92.51 90.38 90.15 89.59
TextCNN HE%/% 91.63 68.87 90.43 92.00 91.71 95.05 61.84 84.51 88.47 88.47 0.45 3.32x10’
FI{fi/% 80.00 79.78 91.97 92.28 93.90 93.77 73.44 86.45 88.47
Ki%®/% 88.11 86.11 90.05 95.65 97.80 93.44 81.33 90.36 91.88
TextRNN HE%/% 88.11 87.74 9522 94.77 92.23 93.96 80.26 90.32 91.81 91.81 0.29 3.47 x10’
F1 {8 88.11 86.92 92.56 95.21 94.93 93.70 80.79 90.32 91.82
W%/ % 82.80 94.19 94.34 96.55 95.41 95.63 90.28 92.47  92.99
BERT HMEE/% 91.19 76.42 95.69 94.77 96.89 96.15 85.53 90.95 92.79 92.79 0.28 1.02x10°
FI{i/% 86.79 84.38 95.01 95.65 96.14 95.89 87.84 91.67 92.77
W%/ % 84.06 92.47 94.71 95.65 96.39 97.24 88.41 92.71 84.14
BERT — BiLSTM HME/%  92.95 81.13 94.26 94.77 96.89 96.70 80.26 91.00 93.02 93.02 0.29 1.26 x10*
FI {fi/% 88.28 86.43 94.48 95.21 96.64 96.97 84.14 91.74  93.01
K% /% 83.87 91.30 95.24 95.15 98.40 94.71 95.16 93.40  93.33
BERT — CNN B/ % 91.63 79.25 95.69 96.62 95.34 95.34 95.34 90.64 93.17 93.17 0.25 1.04 x 10
FI{fi/% 95.34 84.85 95.47 95.88 96.84 96.50 85.51 91.80 93.12
K% /% 93.61 90.18 94.42 97.52 98.39 95.65 93.75 94.79  95.41
ERNIE Al#%/% 90.31 95.28 97.13 96.62 94.82 96.70 98.68 95.65 95.37 95.37 0.19 1.01 x10°
FI{fi/% 91.93 92.66 95.75 97.06 96.57 96.17 96.15 95.19  95.37
K%/ % 88.51 90.48 95.67 96.26 98.40 95.63 O9l1.14 93.73  94.30
All - distilroberta HF#%/% 91.63 89.62 95.22 95.08 95.34 96.15 94.74 93.97 94.23 94.23 0.23 8.21 x 10’
FI{fi/% 90.04 90.05 95.44 95.67 96.84 95.89 92.90 93.83 94.25
W%/ % 91.48 93.14 95.69 96.33 96.84 96.26 92.50 94.61  94.98
BGE — small — zh A% /% 89.87 89.62 95.69 96.92 95.34 98.90 97.37 94.82 94.99 94.92 0.18 9.14 x 10’
FI{fi/% 90.67 91.35 95.69 96.63 96.08 97.56 94.87 94.69  94.98
W%E/% 63.32 75.32 66.11 69.03 62.39 69.57 62.34 66.87 66.81
Llama3 — 8b A#%/% 55.51 54.72 56.94 74.77 73.06 79.12 63.16 65.32 66.69 66.69 1.41 1.09 x10°
FI{fi/% 59.15 63.39 61.18 71.79 67.30 74.04 62.75 65.66  66.39
W2/ % 94.67 96.23 96.67 98.93 98.93 96.28 97.40 96.82  96.82
ErcNet Al#%/% 93.83 96.23 97.13 97.54 95.85 99.45 98.68 96.96 96.81 96.81 0.13 1.03 x10°
FI{fi/% 94.25 96.23 96.90 97.54 97.37 97.84 98.04 96.88  96.81
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Fig.8 Accuracy and loss curves on verification set
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Fig.9 Confusion matrix on public dataset
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Tab.6 Comparison results on THUCNews public dataset
i AmE - FLE/ ik M

e

RK/% R/ % i %%
FastText 82.91 82.42 82.55 0.59 82.30
TextCNN 84.61 84.44 84.44 0.53  84.30
TextRNN 79.52  78.84 78.95 0.66  78.70
BiLSTM — Attention  82.69 82.39 82.36  0.62  82.10
Transformer 88.12 87.91 87.80 0.44 87.91
BERT 83.40 83.45 83.18 0.6  83.20
BERT — CNN 82.45 82.77 82.41 0.59  82.50
BERT — BiLSTM 79.09 79.18 78.88 0.72  78.60
ERNIE 90.25 89.94 89.97 0.35  89.90
ErcNet 91.78 91.75 91.73 0.24 91.70
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