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Table 1 Caluclate activation parameter

Algorithm 1: CalculateActivationRate (b;)

Input: This round of knowledge point learning plan b,

Output: The activation parameters of g; have changed

1: for g; in b, do

2 Recognition( a; )

3 if Recall( ¢; ) do

4 Deepenlmpression( a; )
5: end if

6 else

7 Learn( q; )

8 end else

9: UpdateActivation ( g, )
10:  end for
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Table 2 Calculate curve parameter of the forgetting curve

Algorithm 2: CalculateForgettingRate( b, )

Input: This round of knowledge point learning plan b,
Output: Calculate memory retention rate Q(x) , and

related parameters s, , 4, x;, y;

1 1 [0, 1200, 3600, 32400, 86400, 172800, 518400, 518400--+-++ ]
2: /1 is the set of time lengths set, in seconds.
3: for g; in b, do

4 X — X +oemv=sil o= 1]
5: i < 0W-00(x-x)
6 Q) < Q(x—x)+y
7 o — 1, +1
8 s — 1[4]
9

end for
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Table 3  Spaced repetitive learning planning

#5 EHEUSG
Table 5 Reclassify of set

Algorithm 3: Spaced Repetitive Learning Planning

Algorithm 5: Reclassify( Sy, S, S., b;)

Input: Total number of knowledge points N={ q,,a,, ---,ay }, initial learning
parameters n,; , n,

Output: Knowledge point learning plan M={ b,,b,,---,by }, b; isthe
learning plan for the knowledge points in the / round

1:  Initialize object a; ={ Q(x), s;» AX), ;s X5 ¥i }» So»> Si»

S, , in the initial state @, isin S, .M « []

2:  while §, !=null && S, !=nulldo

3: b < LeamningKnowledge( Sy, S\, n » n, )

4:  Reclassify (Sy, S, S»» bi)
5: Balance(n,, n,, S, S,)
6:  Append (M, b;)

7:  end while

8:

return M

Input: The set of knowledge points S,, S, , S, , this round of learning
plan b,
Output: Reclassify the set of knowledge points §,, S, , S, based on the
learning situation
1:  for @; in b, do

if q; € §, do

Move g; from S, to S,
end if

else

Move ¢; from S, to S,

2

3

4

5

6: if Is Mastered( a; ) do
7

8 end if

9

:end else

F4 PSS
Table 4 Knowledge learning

Algorithm 4: LearningKnowledge( Sy, S, n » 1y )

Input: Knowledge point division set S, , S, , learning parameter n, , n,
Output: The set of knowledge points for this round of learning is b,

1. b «[]

2: Randomly select n, new knowledge points from S, and add them to
this round of learning plan b,

3 sort(S,,04%(1— e li=s1)103% Q) +02*% A(x) +0.1*
&)

4:  Select n, learning points in sequence from §,; and add them to the
current learning plan b,

5:  CalculateActivationRate( b; )

6: CalculateForgettingRate( b, )

7:  return b;
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Table 6 Balance learning parameter

Algorithm 6: Balance (n, , n, , S,, S,)

Input: Set of knowledge points S, , S, , learning parameters »n, , n,
Output: Modify learning parameters based on learning situation n, , n,
1:  u « CalculateAverageFrequency ( S, ) / 2 — CalculateAverageFre-
quency ( S, )

20 o= —u*(n + ny)l

3 o= HuF(ny o)l
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Table 7 Spaced repetitive learning planning variance Table 8 Word learning result prediction
Algorithm Num cVar Algorithm Param F1/% AUC/% MQ
Leitner 371 2.354315 ACT-R curvel880 1 86.70 81.62 0.943 842
curvel1880 419 2.317563 2 86.70 81.61 0.944289
curvel991 428 2221028 3 86.76 81.61 0.943226
curve2015 439 2.246310 4 86.30 81.62 0.952764
ACT-R curvel880 517 0.007345 ACT-R curvel991 1 87.37 80.77 0.894011
ACT-R curvel991 461 0.547167 2 88.05 81.11 0.942725
ACT-R curve2015 510 0.340006 3 87.17 80.47 0.93349
4 84.46 81.60 0.839454
%ﬁ%lﬁﬁx@] 0.9, 1&:":?‘:{&%%&’ ﬂﬁgﬁ%i&ﬁ ACT-R curve2015 1 87.81 81.02 0.892609
R 20 B4R NH M SR ALk, 100 1, 4 R 5 6808 8120 0942148
HZHAUE MBI E R ZR I PEN, XHHX
L 2 4L 4 i A AN T 0 B ) A T e e
4 84.79 81.98 0.827532
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Table 9 Word learning planning simulation parameter

Algorithm Param cMean cVarS Time/d
ACT-R curvel880 1 8.0782 0.085713 216
2 8.0074 0.085713 216
3 8.0074 0.085713 216
4 8.0074 0.085713 216
ACT-R curvel991 1 11.0102 0.728424 309
2 13.7606 1.015231 392
3 11.6064 1.045609 334
4 9.0068 0.082189 245
ACT-R curve2015 1 11.884 0.569745 334
2 12.8514 1.275478 375
3 12.1676 0.698003 343
4 8.0074 0.085713 218
Memo — 12.02318 7.463726
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Fig. 1 Spaced repetitive learning planning based on four parameters of ACT-R curvel880
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A Cognitive Spaced Repetitive Learning Method Based on ACT-R

WU Yunchao, LUO Fei, TAO Junchen, WANG Chen, ZHANG Ziyi
(School of Information Science and Engineering, East China University of Science and
Technology, Shanghai 200237, China)

Abstract: The spaced repetitive learning method has played an important role in assisting students in self-directed
learning. However, traditional spaced repetition algorithms are too rigid in spaced control, resulting in significant
differences in daily learning tasks for students, which in turn affect learning efficiency. In order to improve the
efficiency of self-directed learning, we propose a cognitive spaced repetitive learning method based on ACT-R. On the
one hand, by basing on ACT-R programming learning process, this paper simulates student learning behavior and
extracts activation parameters for the dominant model's memory changes. On the other hand, a forgetting curve cutting
algorithm is proposed, which reflects the forgetting characteristics in learning planning and extracts parameters such as
memory retention rate and recommended review interval. Finally, based on the learning parameters obtained from both
approachs, this paper dynamically generates spaced repeat learning plans for specific learning tasks. Experimental
analysis shows that, compared to traditional spaced repetitive learning algorithms, the cognitive spaced repetitive
learning method based on ACT-R can arrange autonomous learning tasks more reasonably and effectively. It achieves a
more balanced daily amount of learning tasks and a more reasonable distribution of learning time for each task.

Key words: cognitive architecture; ACT-R; forgetting curve; spaced repetition algorithm; learning planning
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