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Abstract As online education increases, the field of Al in Education (AIEd), where artificial
intelligence is used for education, is being actively studied. Knowledge Tracing (KT), which predicts
a student’s knowledge level based on each student’s learning record, is a basic task in the AIEd field.
However, there is a lack of utilization of the dataset and research on the KT model architecture. In
this paper, we propose to use a total of 11 features, after trying various features related to the
problems, and present a new model based on the self-attention mechanism with new query, key, and
values, Self-Attentive Knowledge Tracking Extended (SANTE). In experiments, we confirm that the
proposed method with the selected features outperforms the previous KT models in terms of the AUC
value.

Keywords: education, personalized learning, knowledge tracing, deep learning, self-attention
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= HolA A58 uSF A|ZEATS, Intelligent Tutoring
System)2 ®-$- fF83tta & 4 JqTH3]
shAte] sy V)5S MfEO R Egale] R4 4
< ¥7}8l= Knowledge Tracing (KT)+= ©]2gk ITS
Az'g s do dofA 7 718l He Aol
t4]. Z7]ol= Hidden Markov Model& ©]&3
Bayesian Knowledge Tracing (BKT)¥ & tdlo]g
no] g 93k Learning Factors Analysis (LFA),
Performance Factors Analysis (PFA)¥ 22 WHE
o] AFHAJTE6]. ©olF, FaEW 7&o] Tl wet
Deep Knowledge tracing(DKT)[7]0] A=, 53]
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SAINT+XET} 1.08% © &2 AUC 0.80018 71533
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1 847 A% 27 volEe] 54 aE
Table 1 Features of the learner’s behavior log

Input feature

Description

row_id Unique ID for each column data
The time (in milliseconds) between a
timestamp user’s first start of learning and each
interaction
user_id User ID
content_id Problem ID

content_type_id

0 if the event is a problem-solving, 1 if
the event is lecture related

task_container_id

ID for a set of problems for a single
passage

user_answer

User’s actual answer

answered
_correctly

‘Whether the user answered correctly

prior_question
_elapsed_time

Time to solve a problem in the previous
problem set (millisecond)

prior_question
_had_explanation

‘Whether user checked the explanation
of the previous problem set

3 2 A vigtdolE e 54 f=E

Table 2 Features of the questions

Input feature

Description

Question id

Foreign key for the train/test
content_id column, when the content
type is question.

Bundle id

Code for which questions are served
together.

Correct answer

Answer to the question.

Part

Relevant section of the TOEIC test.

Tags

One or more detailed tag codes for

the question.

3 AkkE mel 1R Y EAE
Table 3 Additional features to the proposed model

Input feature

Description

Tag information

Tag for each problem

Popularity information

Popularity of each problem
based on users’ activity log

Difficulty information

Difficulty of each problem
based on users’ activity log

had explanation
information

If the user had explanations
about the previous problems

lag time including the The time between the current

current time.

and the previous problems
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3.3 Self-Attentive Knowledge Tracking Extended
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o THEQLE 15 Ede g 720 2HERekA AdE
o a1 9] B wlojeet APl gk AAZ W&
o] ArEo] QA kot o] AFoA = vlnE 3t FU
tH14]. 29 A9 e 27 A8 baseline B9
off TheFgt EAES A 83l BHE 49 AR
3} Qe baseline 222 AUC A2 Hlwgch

DQE (Different Query Encoder) =22 baseline %=
g3 7EHog e Fxol

O

=
2dE

T queryolli= baseline

A A4BA A28 (2021. 12)

¥ 4 g 2dE9 gk AUC vl
Table 4 AUC comparison between models

Model AUC
Baseline 0.7850
SAKT 0.7663
SAINT 0.7816
SAINT+ 0.7914
DQE 0.7974
DQE+GN 0.7983
DQE+GN+DP 0.7995
DQE+GN+DP+TE (SANTE) 0.8001

X4 K (position), B/
AE E717FA A9 AlZHprevious lag time)&
AH-&-3iT.

E 4049} Zo], DQE =22 baselinedll Bvl3] AUC
7} 1.6% FF&E AT, DQEC 7F-AIF o] Z(GN)E F
7}k DQE+GN 249 baseline 2o+ AUCZF 1.7% 7%
stk =3 difficulty 53 popularity 5% (DP)<
DQE+GNel| 715t DQE+GN+DP =22 baseline 2.tk
AUCZ} 1.8% 743t ath. vlA SR tag 54, prior_
question_had_explanation & F7}3F SANTE (£, DQE+
GN+DP+TE)< baseline Xt} AUCZ} 1.9% ‘&35t

E 4oA E F %ol g EAES F1ETE O
T2 A%E Wit

Y Ho]EHE FRIg SAKTY H5=
QIE 4= ok SAKT A= EAl(exercise) Hl°lEIZ 37)12]
EAES queryol ARE3I FA|-F(exercise-response)
2 EAES key, valued AHE3I9+=H], DQE,
query$} key, value =50 A7te] #H=

oJ K (correctness), ©|A &
ERdo=

I 4olM 3

DQE+GN2
E-A(elapsed time, previous lag time, current lag time)

=
g F7hate]

I G o]d BAIE = vl 29 AlZHelapsed time), Z 79 EAL ALE39Th
® 5 7 o] Eo3t EAEY FF
Table 5 Types of features included in each model
SAKT DQE DQE+GN DQE+GN+DP SANTE
Q K, V Q K, vV Q K, VvV Q K Vv Q K,V

Timestamp v

Elapsed Time Vv v v Vv N

Position v v v v v v v v v v
Correctness N N v N v
Previous Lag Time v v v v
Question N v v v v v
Part v v v v v v
Current Lag Time v v v v
Difficulty v v
Popularity v v
Prior Question had Explanation v
Tag v
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Table 6 Number of parameters of models

Model # of parameter
SAINT 18,900,737
SAINT+ 19,032,065
SANTE (DQE+GN+DP+TE) 2,922,753
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