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An Online Engineering Practice Evaluation Framework Based on
BiLSTM with Attention Mechanism
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Abstract: In a virtual learning environment, engineering practice courses usually collaborate online in groups to complete a practical project.
However, existing online teaching platforms lack deep mining based on learning behavior data, making it difficult for teachers to perceive the
learning status of learners like in offline practice, thus making it difficult to conduct very objective and fair evaluations. To this end, a bidirec-
tional long short—term memory network based on attention mechanism is proposed as an online engineering practice evaluation framework.
Based on online practice behavior data, a bidirectional long short—term memory network model with attention mechanism (GEP-BiLSTM) is
constructed to predict whether students can pass future practical exams. Practice has shown that the proposed method can provide more target-
ed assistance to students before they encounter academic warnings, and can improve the teaching effectiveness of engineering practice.
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Fig.1 GEP-BiLSTM framework
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Fig.2 BiLSTM Attention framework
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Table 3 Experimental results of different models on the

SETAP dataset
#3 AEERESETAPHIEE FWIRER

Bl ACC R P Fl
RandomForest 0.520 0.200 0.080 0.214
Bagging—DecisionTree 0.680 0.200 0.008 0.114
BalancedRandomForest 0.520 0.600 0.120 0.295
DecisionTree 0.440 0.300 0.130 0.181
ExtraTrees 0.520 0.400 0.180 0.248
AdaBoost 0.440 0.300 0.213 0.248
GradientBoosting 0.520 0.300 0.147 0.194
CatBoost 0.600 0.200 0.080 0.114
Stacking 0.520 0.300 0.147 0.194
DNN 0.720 0.714 0.500 0.588
LSTM~-Attention 0.720 0.857 0.500 0.632
GEP-BiLSTM 0.800 0.625 0.714 0.667

FH 2 3T, BRI A A BUAE Accuracy $6 45 I AHES T
AR SRR RSO A (R AE LAY 3R BR T A4S 43
AR, 275 5 IR AN TEM R AR 1945 53 5 T 45 GEP-BILSTM
7E SETAP Edfa 48 T 0 R B T HAA A . R KL el
#% 2% > 75 15 (RandomForest | Stacking) 5 & & 2= >] J7 %
(DNN LSTM) #E47 He g, ik B T #h 28 W 2% 7 4 T4 58
HLER2: > Tk o
4.3 DEEDS #iB& LR

1E DEEDS B4t 4 |, GEP-BIiLSTM #5118 K [ 445 84 £
SCE AR AR 4 P . F ULV, B SR DNN  LSTM—Atten-
tion F YE B B2 AH 3¢ T GEP-BIiLSTM W% & , {H GEP-BiLSTM

TEHAD 3 4845 E 94543735124 0.900.,0.944 F10.915, 1]
AR T HARRI A 255 25 18 A TEM FE AR 091543 J5 T A%
GEP-BiLSTM [ & 3L S L, iE B T GEP-BIiLSTM 7£ DEEDS
F R AR b R IR b
Table 4 Experimental results on the DEEDS dataset
%4 ZEDEEDSHIE&E FHIHRER

BiR ACC R P Fl
RandomForest 0.767 1.000 0.700 0.800
Bagging—DecisionTree 0.846 0.800 0.900 0.819
DecisionTree 0.833 0.800 0.700 0.733
ExtraTrees 0.733 0.800 0.600 0.667
DNN 0.933 0.800 0.800 0.800
LSTM-Attention 0.933 0.800 1.000 0.800
GEP-BIiLSTM 0.923 0.900 0.944 0.915
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Fig.3 Experimental results of different models on the DEEDS dataset
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Table 5 Ablation experimental results

x5 HHMLBER

FiTY ACC R p F1

AN P AL Y BILSTM 7Y 0.690 0.605 0.939 0.736

GEP-BIiLSTM 0.800 0.625 0.714 0.667
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