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Abstract It is of great significance to detect cheating behaviour of MOOC learners quickly and accurately. In this paper, a
hybrid model of deep learning is proposed for MOOC cheating detection. By combining Convolutional Neural Networks
(CNN), Bidirectional Gated Recurrent Unit (BiGRU) and Attention mechanism, the model greatly improves the detection
performance of a single model. On the data sets of a mooc platform, the experimental results show that the precision rate,
recall rate, AUC and false positive rate of the model can reach 98.51%, 81.35%, 91.07% and 0.016% respectively, which
have good application prospects. In addition, in order to solve the problem of data imbalance in MOOC cheating detection,
the paper adopts the method of data augmentation, and the AUC of this model is improved by 1.78% by this method.

Key words cheating detection; deep learning; convolutional neural networks; bidirectional gated recurrent unit; attention
mechanism
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{"id":"eea3cfc938ec91852281a778616£5599"
,"time":"2019-10-23 03:00:01"
,"host":"www.uooconline.com"
,"method":"GET"

Jip™"119.137.52.247"

,"path":" /test/ffmpegVideo"
,"agent":"curl/7.29.0"

,"response_code":O

"request_data":"[]"

,'response_| msg" "

,"response_da
J'uid":0
,"login_by":0
,"gender":0
,"identify":0
,"token™:""
S"@version™:"1"

J"@timestamp":"2019-10-23T03:00:02.100Z"

}
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Figure 1 The learner’s behaviour log data
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Figure 2 The learner’s behaviour path data
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Figure 3 The learner’s behaviour sequence data
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Figure 4 Structure of MOOC cheating detection model
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3.4 FE1Z(Attention)

Attention HLH (14 F 2 10 I 0] 455 280 iy A\ AR5 AR TR
TR, o 2 E B A 4 R 15em . 76
VEBAT R R R R b, BT R R AE X e 2845
SE RO DT RN, BTk, ASCHI Attention
B X AN R PR RF A 3 LA R A A . ST 2038
i CNN. BiGRU W% 43 5l 3REL T 47 49 F8 51 e i s
TR 5 B PRAE I 5, O T SN SE MR AEAT A 7
H11, g Jed S E i RS R A 1) B AT B R ATE
13 BB AT P HRRAE &z, AR5 8 L 4 N 2
Attention JZ13 2IEBAT N M A KR

Attention JZ MR A(12). (13)s (14)
FiR

m; = tanh(@,z; +b) (12)
a; = soft max(w,m; ) (13)
=y oz (14)

o, ey Ml WBCESIFE; b B I0 7 8E))2
R
3.5 HHiE(Output)

2B FaE—A Sigmoid 432548 . £ Wi
JUSB, Bl LA B T 17 2 B 16 i 2 A i B

KA A2 Sigmoid 7y R4AsHHREAT 70 K45 BBk
MEER

4 K

ENS RS 7 A Bl & W =T o 10| 8t O (£ 2
Centos7 4 & 4t; CPU 4 Corei5-8300H, 128G N 17;
Wi ACE 2 B 1TB 1 3.5 5] SATA; GPU 4
QuadroGP100, 16GB ] HBM2 & . A 3 f# F Keras
K SRR Y 15 48, Keras A& — > H Python %% 5 [ /=
HAZE ML APL, EHeM L TensorFlow. CNTK &\
# Theano {0 JGuiia AT, B 1856 BORBE 2% 2] I POk
TR
4.1 HIFEXKIE

AICHE MOOC 71425 211 & [ s 22 h 3R EX
T 210 %A R E G 203.5GB I B s, I TR
5 2018 4E (1K) 9 F 3 2019 4E (K 12 H, % T 60 A4
Bikedt 46920 44255 2138 125 AT R . X AR 2L
PAT TALHE, AT 1788416 4% AT hIT
HIAIG AR Fr e J7 VAT 24k, U 75% M FEAS
VE R INZREE, 25% HIAREAAE S SR 4
42 SHIEE

SR VCE o EL AR SCRE R (RS I R, A
R SEBCE WL 1 Piw.

x1 EEBNSEHRE

Table 1 Parameter settings of the model
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BiGRU-Attention 97.53 78.96 89.65 0.017 3.526
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Figure 7 Training loss curves of the models
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