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TA} (representation) ] 2] 4] AFe| (knowledge state)2 A4t
Y} o] & GRS B R A4 = S HaoA
214 HE 7o 2 H3 wAof o't ohEAe] e

+ (binary classifica-

A 2EEAC) BE AR 478

o
S5t BREAE LA LA binary-valuett o 5

517] [q1—r°ﬂ open-ended question®} ZHS B Ao A SH&52}9]

FUE dZate SA0] Saate] ANES FHS s

o 37 24 4 7152
2 ot ol

Al prefix-tuning, T = A%

o S5 A4 S5 RS wets
i A ol 27 70 malg Agslel 49

open-ended knowledge tracmg (OKT)
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open-ended knowledge tracing (OKT) ej A= 7} AT} [5]
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3.3 Response Generation
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estimation
71& OKT LSTM 0.681 0.423
Transformer_Enc 0.699 0.426
ours
Transformer_Enc
0.670 0.428
(Pretrained)

4.3 A¥A7

4.3.1 Knowledge Estimation

Al Ar =4 (knowledge estimation) R-Eo] w& OKT
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4.4 Response Generation

T 2. prefix Zo]o]] W2 OKT 2o gl A A% vl
RS KU

Prefix length H CodeBLEU ‘ Dist-1
71& OKT X 0.681 0.423
5 0.5378 0.3463
50 0.6825 0.3748
ours 70 0.7155 0.4124
100 0.7190 0.4411
300 0.7067 0.4297

4.4.1 Response Generation
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