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ABSTRACT

The intelligent education system can establish a learner-centered education
environment and improve students' learning efficiency. It has been included in the
national new generation artificial intelligence development plan. The intelligent guidance
system is able to track the mastery of each knowledge concept of students through student
exercises, and adaptively recommend relevant exercises to students to enhance students'
mastery of knowledge and improve students' learning efficiency. The research on it has
important theoretical and practical significance.

At present, there are two bottlenecks that restrict the performance of the intelligent
guidance system: 1) The knowledge tracing model cannot accurately track the knowledge
status of students and predict the results of student exercises. The reason is that the current
knowledge tracing model does not have a reasonable model structure to effectively use
the exercise’s concept features(knowledge point labels), resulting in poor model
performance. 2) The design of the exercise recommendation algorithm relies on manual
rules is not efficient. The heuristic-based exercise recommendation algorithm only
focuses on the students' short-term performance improvement, and it is difficult to find
exercises that make students' ability to improve steadily.

In view of the above problems, this paper is based on a large-scale, real online
education system's exercise database and students practice data, measures and observes
the effective features related to the students' answering results, designs the effective
representation of features and the knowledge tracing model which uses the new
knowledge concept structure. This paper creatively applies deep reinforcement learning
to exercise recommendation, designes exercise recommendation policy algorithm, and
evaluated the policy based on real data. The specific contributions are as follows:

(1) In order to improve the performance of the knowledge tracing model, the
hierarchical structure of the exercise concept is innovatively introduced into the
design of the neural network, and a new deep learning knowledge tracing model
is designed to improve the model tracing performance. Firstly, based on the
multi-level knowledge concept feature of the exercise and the dynamic key-
value memory network DKVMN, a concept-aware knowledge tracing model
DKVMN-CA is proposed. The experiment proves that the neural network

structure of the model can effectively utilize the multi-level knowledge concept
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features of the exercise for knowledge tracing, which significantly improves the
performance of the knowledge tracing model and has 1.2% of AUC higher than
DKVMN. Secondly, the model is modified by adding features such as difficulty,
stage features, and the duration of finishing exercise, which further improves
the performance of the knowledge tracing model and has 1.9% of AUC higher
than DKVMN.

With the improved knowledge tracing model DKVMN-CA as the student
simulator, innovatively introduce deep reinforcement learning into the exercise
recommendation algorithm to optimize the exercise recommendation policy.
The exercise recommendation policy can be based on the student's history of
doing exercises, considering the long-term performance improvement of the
students to recommend exercises, in order to maximize the degree of knowledge
of the students after completing the exercise recommendation sequence.The
experiment proves that the algorithm can find the exercises that improve the
students' grades in order to continuously improve the students' knowledge level,
and solve the traditional heuristic recommendation algorithm problem that after
a certain number of exercises, the exercise can not be found to raise the student's
grades. To the best of our knowledge, this is the first time that deep
reinforcement learning has been applied to the math exercise recommendation,

providing a new reference for future exercise recommendation methods.

Figure 17, table 2, reference 46.

KEYWORDS: Knowledge tracing; exercise recommendation; classification prediction;

deep reinforcement learning;
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Figure 2-4 Recurrent Neural Network Structure
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Figure 2-6 Deep Reinforcement Learning of Convolutional Agent
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RFIEZH G 1 PR A B3 B8 2 [ ARRAE G B B — /N IRRFAE ,  DAR IS IX SEARRAIE [F] ) HY
L7, Fe PR AIE 2 [A) v () JE 2R M AR 3R A T S 5 (1) & IARFAIE , 5528 388 5 2H & R AR
AT BTN RE J1 2 1R KRR FRE I AT — RRAE R R 0 . 2 AN E AR A )
REAEAR AT LIS 20 A R R AT R, TR AIRFIE , FRATMEE A A A G A 0 dE 47 4
e fEMEML, FATRMEA S, I TAREME, I HFRK T AE AP AT
ARSI, NI REBE PR TR AL MR RE . T T 1S5 2U3RoR T Wl EA T 5 MR R LA
R

HEANB -, AR VXS 6 P RN 22 K o IX (VAT 23 AR, SRAF B K B Dy 5
PIRIDRHIE R . B0, T8 e S E R En] IR

binned latitude = [0, 0, 0, 1, 0]

binned_longitude =0, 1, 0, 0, 0]

S IR AL R B TR AEZH A, BN binned latitude * binned longitude, #B4
ZRHE R —A 25 LRMMRE, HPaE 244005 14 1 xAEHmEs
| RoRGE 5% e %

R, AR R, 2h (BEH, BHEM Ak, “8H” 5 “BFIE
Ty #BARINEHE, A EE R RN AR 2 B AR S, T8 B Ak #
Pt K FERR S H 3R n T . IHTRHIEAL A S, HEFHERKESN 2*n, B4
2*n-1 N0 5 141, BERFRREESEH RS EMIES. Bk, FRA@E A2
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A FFIER R N IX — U 45 X — k.

(3) ELRHIE EHUL

FLORRE B IE S RHERUE, FRATRRZ N SRR o FRAE I E LA 7R AN [F] 1)
B X R R B R AN —FE, BT DA B G SR AEAE AN [ 1 DX B AN [E) (A R, 5K
P 75 R R R AR AT Rl 43 XA, AN X B D — AN RHE o 5 RO, e o
SPRFEEATHET , S8 5 P IR A BT i N AN X ], A4S X 8] 9 — N AL

FRATTER) = AR v 1) B B AR AR Ay SR BB R, SR XA 7 iR Z I SRR
BT B HEUL .

(4) BEEURFME Embedding

MBS ECRHIEAE R 2 iy i, BB g () 1] 2 4 B =y, B0 2845 0 T
P IIN GRS T, ik, % ZERBOT R I A 7]

Embedding 5 764 W 2% Hh I R R BUIREE . SEE . E R ER A, 15145
B fr) B AT LALE ) &2 (R v B A s DUSCHEBR I RE 77, [RIS R A48 J7 (R 4R
BLES S SRR BN, TN T FRAT T R R, AT DLSR I b 77 v f ik H4
B 24 3 vy 1 i) R

B, EPAE R, EALIXAMEFER Embedding FEFE, FEFEMAE— SR E
TR T ZAFIER — AN AEAE, HLAE R 28 2 524 E MR EE 2 B AR R . R
I, 3B R MG Y 5 1% Embedding 55 R 18 B USRI 45 20
A BT XS B RIREAIE [ £, Tl 1 b A A 4 55 et vy AT AR R 500 it [ i A
Embedding 5 R4 A28 5 75 248 I 284 91| 5 e 3o I [ 4% 43 B3 A i B 37 DA B 7 ¢
FoRANF A FHAEAE -

BATI BB G R, DGR, AUHMERE, BB IR, 3% H & EURHIE
Embedding 1) /772, A G i 55 6  1) ERR

2.3 HEEIPEHE

231 THEAE

XFFHLER A IR, BRATTHS 2 AR AOREAS IO B0 o5 A S B L Ay
R, B, BA TR > SRR ) SR T ey 5 AR ) S
ZEFEMEN “IRZE"e RFINGBADRUL, RAMEHESR N “INZE”, “RiEE”,
“COAET. “CUIGREE” FE HI T HLAs 2 S AR & ORE A, Y I 43 2k R B
SRR L T PRSI D7 i R R R U 24 “ IR b g ” 2 T 1 AL i 2 4
YL PGS B B TR A, Mg . “IE” NS5
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RN, HH TSR 2 A BE 7, RV TR A (1 R v Al 1 A7 A
WGEHRE LR ERCR “EIiRE", TENREHRE FINRERA “EHIRE",
—AMERRIR TS IR, A% E BN AR ZE", IR BRI 2R 42
LRI RUFIIMERE, (HRIEHMAEAR L2 R ZER K, ML T A ER, X
Ui BRI PE e AN ER AR,

A8 G AE R — R R PPl s, e e B BRI k AN R/MEALI B
J¥ 7%, BID = D;UD, U ..UDy, D;ND; = @(i # j), FATEMEIE AL &
D k-1 DNTFREIFHELERIGE, Tl FHE—DTFEENRRE. RAXML5 75
P3RS k ARG ESINREN G . RIFHT k RIS SR, R&R
[FIX k56 AR R, X k R AR S BRI IIE, 13 2B 1 RE R I . X
FRPPAS AL 70K “K A8 XRUE”, LI k IEBUEA 5,10 &5,

232 MEE=

X B 5 ST B AR BE P MY 7 2 AR 5%, 16 ERAR RIS
1B 0 152 T 1 V2 A BE T #EAT PR . AE BUIIAE S, 4 e MR AR K HE RS =
{(rp, 1), (2, 72), (X3, ¥3), ooy (i V)3 HeHHy RAEAR X L SEARIL . EEAR DAl A5 R
fEIvERE, AR BB TS R f(x) 5 BRIl y AT B

Pl IR AT 55 T Z o A EH 502, #EXFEEAESS, W I 25702
“BIITIRZE":

E(f:S) = =X, (f () — y)? (2-13)

ST RS TE , LAH W =00 2AE 55 9, AR ARIC i B RE AR 4 L s
KSR TR L& 4 N IEE] (TP, {RIEH] (FP), FRH] (TND, K
Bl (FND o b B IR FoR A EL SRR 2 TR HAR L T30 A IE B AEAS, fRIE
TSR AS SR 252 S BB AR T O IE ] BORE A, B B 9 R AR L SR 28
s S A HASTY FIE A 08 S 45 BORE AR, AR S 1) 9 e A T SIEBR 25 AR 491 {EL A2 AR T
NIRGIIREA . 8 VR AR R AT LA, 03k x IR .

% 2-1 TRIEREE
Table 2-1 Confusion Matrix

. SUNIESE S
Sy

Sl i1 5% b
1EH41 HIEH (TP) BBl (FN)
S A RIER] (FP) BB (TND
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HATTE SR8 P
P=— (2-14)
TP+FP
S SCH RN R:
R=—~ (2-15)
TP+FN

FEFRS B BFNTE R E R, RN E R, B0, R0 FE
g . fE—LeR A, FATIEHR S @ RIERWERAR, WEEERSET, N
TR T F BHERE R F P B SR T s, FRATTAY B HERE R AN TR =, R A
HARG MR PR RedR S s, X T EHENEL L 25, RATA R
FH BRI R, KR AT REHUE BT A R R AR, X BRI B R . AT
RIEFATDIHREAFR G BRI R EREE, &8 T F1IEENEEREER
*/I\*/%‘/ﬁ: ,
% (2-16)

Hrbp > 0K TN TR S H BRI . g > 1B hnE 4 ]
F, B < VBT s AR

IR Z ML a2 SIS — /R AE, e N4, @4 R [ )9 S5 A,
INEWEBIME, %0 AERE R TBME, B4 NIES, BNn ARIE. HILE
AWEBMEN 0.5, B MEKRT 0.5, 7NIESE, BN, XA BME K EEH
B TR Z AL RE 77 . DRI, FRATTAR 4R A5 28 iy b 1 ot A 2 5 S0 N R At
ATHET, MERBOR, AERBERT, REIRE— T A, fEHEREZT R RTNIE
B, ZJEWINRMB . TESEhR TS, FATHRIEAL 55X k50 R 5 H B2 7K
AFE, EEAFRT SAE, 5 ABEERT, MR E N EMAET R, T AREE,
B INE AL A 2R B X AR R 7T, R 7B AEAS FMESS T 2 AL iRe
[PIAFR . ROC HhZ8 5 & K FH X fp I Bk B s R I MR BB« ROC FRA “ 2l
TAERRPERT 2R 7, HAEHE “HIEFIR” (TPR):

F1 =

TPR = —— (2-17)
TP+FN
YR “BIEHI%E” (FPR):
FPR = — (2-18)
TN+FP

U 2-7 firas, AR PR AR Y A H RS HE PR IR AR U, K i B B KAL) 4y
245 N RIALFR(0,0), RN B A IREARAR TN A ] . =FhARIEERR T
SAAEBEA) ROC #h14k, HARFIBIALR ROC fEf%iA %] TPR=1 1] FPR=0, {HJE
X PR AR RYAR AL B, N T A R AL PERE, BRATTRH ROC #h4R T T 1 TH
FLAUC SRAIWAS R 55 . AUC 0K, SR M RefRdT, ez il .
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A 1 ; | . | ; | i
00 0.2 0.4 0.6 0.8 I
(RIEfIZ

K 2-7 AUC 5 ROC HfiZk
Figure 2-7 AUC and ROC Curve

24 FEEE

AT E BN ARSI TR R 6, BN 5 S 5L E Scikit-learn,
LR EZNBLE AL python KATHUA Anaconda, A% >I57LEE Rllab, #l#

2% SIHESE TensorFlow s

2.4.1 Scikit-learn B XFE

Scikit-learn & —/> T Python i 215 5 196 % HL#8 2 21 /22, SZHF Linux, macOS,
Windows 5#/E R4t & RA&FHT 038, BAFRERKPLE 7 EE, AL
FEH =ML, BENLARIR, k HE R DBSCAN EK5%, [FFN T HBOH Lg% >
FEAAE XS N EEET, W0 Xgboost 512555 . CLANZRIF IR, v LLHTIRAE, J7
E T R o FLEE L S B 1 ek A F R B, REAS T BT RN B DR T 5 N

XY AL J7 TR, Scikit-learn [F]N 2 £ 1 7788 1 5040 1) AL 24 ok £, )
SNSRI, HERME4E, BP0 — b, RS0, FFRF T
DAAR AR B B I 350 17 Dlde 2508 1) R B0 AT B TAL 3 o RSB0 PPA 7 T, & B4
SEL T A XEIE, F1{H, ROC 4k, BiA AUC {HEEH WA VRS ik S B &
J7i%, DMEFF R0 TR AT VP Al gt . FEAIR SCRBE e, AL VP Al 5 2R
TiALEEIS Y Scikit-learn FESRSEIL, HER LY Python FIEUEFI:E NumPy Al
SciPy k& i H]
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2.4.2 Anaconda ERRITIE

Anaconda »& FH TR TR Bk, HLasy I R, KIS b2,
TR 3 #r4%) 1) Python A1 R ZRAE1E 5 IR HIE AT, B AERI LR B
EIAEE .. U OE RS conda B HE, MIRMM LR, HE, TH5F . Anaconda
RATHRALE T 1400 Z2/NEH T Windows, Linux 1 MacOS FIAT £ £ 244 .

[A]H} Anaconda 57 T Jupyter notebook Fl spyder. Jupyter notebook j&3& T
web AZ B ATHEIRE, AT LAGwEE 5 T AT e, T s8R 4t i i
2o spyder =— MEH Python &5 B FEM . R IBHERITKIEE. FEAR
T, KRR K ZLE Anaconda SRS N HEAT Y, B )21 pandas, numpy
SR E YA conda BEATEHE

2.43 Rllab FE

Rllab #&— T IR AMVEAL SR A 22 S HARHESE,  BLIMT AR R 1 oAk ) i 2k
REERME S, BFE T, 28, SiESE, WLl 7R AIETE R )
Pio DRI, BT e BATAT LA G gk AT SR Ak 2% ST ORI AL, BRATTAT DURYE B TR 7]
HE SRS TR SR, KA G2 S BE M E O i

OpenAl Gym #&— /MR A Ak 2% 3] B2 T A AL, o Hs TR 2 3858
TR MG 2L S P HI{ELR TSR, Rllab SEHL T 5@ ) EIA O SLBl, X eeseil 5
RIS AT JRJC R, RLIab fl Gym SE4FFY, JTRE T USR] Rilab 5840
) EEAE Gym IR 5 EHBEEAT FF o AR SO E 47 SR iR F [ 5k
SV EPE RIS AL (TRPO) At & 2E T Rilab SZHLA .

2.4.4 TensorFlow fEZ2

TensorFlow #& /MR E R I, M BUETH SRR, g Z M T
B RHUEG X FIE ARSI . BRI “ 457 AN 247 1A [ R f R 2
TR, R R RS BOEA AR, (BT DR R N RS /A 2 R B
HAE TGN AR I o B A2 U 3R - A2 ™7 i T8 AH LI 24 1) 22 4 40 240
4, HI5kE (tensor), fURE “HWRl” ZIRMRIN/AIH ISR — B A5 1 pra ok
EHESRLS, R BB BT B S R P AT AT IZ 5. e AR RS H
ATBMEZ R & ERIFIHHE, lin & it FEALH i — 24> CPU (5 GPUD, Ak
Fas, Bl &S, JFHAARIEMATRHEE, aTUEMESIEIIRER T, &
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B S~ e fE 2> CPU EMERALIZ S . TensorFlow SCH7 2 il & i,
U1 C++, Python %§. TensorFlow ##IH Google Kii/NH (FJET Google M
REHT FEATLAGD ORI FE GO AR DA A ke, AL 2% = R B b 25 19X 48 77 THI (1)
WAL, HIXAS R G0 H I8 A LA m] 732 T A Ak . A SO AU
BB B AUAE & 3L T TensorFlow HEZL AT #8 A ZRIT

2.7 AKREBINGE

AT EENG TEAR AT PEART 5, EEURRA R EESE, UAIT
KRR SR TR BRI T 6. BRiR .
(1) IPS FHEdR > RGUM 24 > B Bt gk .

(2) BRI BTR B 5 o1 B SR B SRR VPl . R T
(3) AR 5MHNEE TR,
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3 AREFHEERER

A E A AR AR B R VB B . JRATTH a2 T AR HE AR
WOBEAR Y AR, SR A IR i R B H RFAE S 22 AR AT R IR S 22 AR
ZERIEAT T AHSRIE AT, AR5 JE TR SR AL AT R R X 5t s R H R IR S 2 4
HGIARIZ e M g BTt Wit TR RIRE S S MR ER Y, ARt TS
Baseline AR (11X R SC 06, AL 1 FATTSCE R RN IRB ER AR AL A R BE

3.1 EARBR

N TR R AR T B A TR N S A A Al IR M R AN e e, R T
DKVMN 24020, AZ0 7 R (RIS R R L H 5 % FIR R A SRR
FRITHSR 5725 DL B A H R RRBE R ik, AR5 A SRR AR R 55 A H e
JE, RARRFAE RS B 5 FFEAT TN o A5 PR e UM A R I e R A 2 A ) S B A 2 6
AT B LB ER A AR RVVRZS , b w] DA (0 R0 H BEAT VR 2 45 R o A% A
(R S AR R BT T, AR R A > R Al R ST A A I R AR IR
B FIRME SRR R 7%, DASRAT S A AE B R R & 2 42 /K1 L B A 1)
RAL, AT SETH I 2 A R 2 R R HERA

32 FHEZITSFRIE

FEARATH, FATE Jen i 7 IRANTEFE LR, IR a2 T 28R NIt 3
FHIE, S2AEAT AL S S AR B S5 RAAR S, JFRAIRL 2 T R R BEAT R X
FERFIE RENS 16 ] IR RN TRIB BR T

32.1 BUBENA

BATR A BIEE NG —ZAEN IPS B RS S] RGN TG S 0 5
5, HFE 24806 4474 390340 S AIC R . B — 5k S E B0 SR AL FE S N
], @HID, 8HMNES, EEER (EHSE), SEXMERE, X RBFUSE, &
TR H A = AR S5, BT IR H 389 R 13 AN —RAiRS, 47 M
HURMES, 123 D =ZAiEmE.
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3.22 EMRHEE

FAVE G A BUE S H Fres R @A B ET 100 ANEHREE S 3T T 08T,
e 3-1 fow:

1.0

0.8

0.61

COF93 %

0.2

0.04

0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
AR E R

3-1 KRR S IRE L RAR A

Figure 3-1 Correlation between Knowledge Status and Answering Results

TAGE T 100 ANFIRBES R H BRI R 20 K%l (CDF: Cumulative
Distribution Function), MEHRICLEH, HIT 80%HI A1 HME S IE# R BN S
SYATE 0.6 2 0.8 2 (8], TEIERHZERN 0.8 F| 0.9 2 [A] [ KNI & AR X 3] 5 i
MR, B R NERRE IE R /E B Z A IRME S AT S8 H . 520 10%. 1M IE#f
F/NT 0.5 BETTRBE S A X HE AR S, 0 T 10%. B, AR E AR
SR AR HE FERFAE, 3X 2 AR ML A B 2 B BRI 22 i B« 224

JUANFARBE S 1 H A UEE O, e WA 2B AR IR SE RS I IR 5 0L, B AR
AR X 8 H A 2 45 ROR ST A AR B A FR B 0 RS, gk T =
PEIERRPREIE B H OB o DR L H 2 R B AR e e T~ 2R AR
B RGN FIRIRS R+ B2

A H 2 M R B AN R R g (1,2,3..0 BHTHRFIERRIL, A
FIRIB BRI XS RFIE Embedding HERFBEATIEIE LLTH SR8 H A RIR AR B )

EHo

323 RBEXF
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FRATHCHE Pl B i) H G RASHE TR, BRATI, WEI, MRk, =IO, By
BelElpissE 6 Aok, BUARE NSRRI H B H AR, AR KRS
W BLE IR ESRIRE AR, SAEES R R A H LR AT 257 .

0.8 1

0.2 1

0.0-

Bl 3-2 A KR IR
Figure 3-2 Correct Rate of Each Gate

Gk 3-2 s, BANGEHH T 6 DAFSEFR 390340 @R A B AR A S R DL
Horp 1, 2, 3 RRHIEMZFRIE 0.65 L4, EMELHBERIRFE 4, EfEREIME
Ko 1£0.77, XU, AL AR 2 R, MRS SRTE, @ H AR
U, E NG 0.9 ity #E— D ULBIRTIH 52 S BCR - By BRI BT L i
RS, IR 2 RS2 FUBUR I [R] DART A 2B P 2 N 2, AR R R H 1E
FARIE N B, ££ 0.59, mIfgR A fEZed — B [a)Ja AR T 12380, I
59, WA MNEERRF, SEGEHERE LI

ANE R H B B A B RN H SR Ik, AT BUE N, 24
IS H 2% RARFAIE, BERE— DR T E], 22 SJ B Be A R R S B0 22 2R R R iR
RS, IR L8 AR 2 o B A H A5 BT RIS, T2k RAIm] PLd X
FRARAL,  DATIXH e 2 SR BEAT B S S TN, 0 SRR 53047 S e A 3t B

A H RIS ILJE TR AE, RATRAEE — & 2.2.7 e 2l A gty 5
BHURAIE Embedding 775008 H AR RAFEEAT S0, 5 HAh IRRFAIE 7] S 2
LI > R 2 4 R AT T o

3.2.4 {HERAET(E]
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FAgeit 7 RHEE H i &R E R L s AR B i AL 8, R — A
FAESERASE M H R e A, BATREE 1, BWE-1. Bk, ek
OB % R — 26 B 1 -1 i T 2R P 81 o JATTH A — AN A i
B R 5z R U H Fr A B TR e 51 1 B /R BRAH R A B X L BT 3 17 A
A AR R ) 2000 44 5242 RO RUE AR EAT 1 0 i, IR 1A 5C R %) CDF K.

1.01

0.8 1

0.6 1

CDF9y %
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BRFFEAXFY
Kl 3-3 SORFRMR R BRI 0 A

Figure 3-3 Cumulative Distribution Function of Pearson Correlation Coefficient

M 3-3 AT AE H, K224 (R 90% ) HIPEZ 45 R 5 (MU s 18] A7 EE At/
MIARSCTE, ARMENT 0.4, HAAAIXS 5] AR — w0 22 AL AR A R S IS
AL EATARGR AR OGN o DL, e [RD X d Ja 22 2R SO E SR BE AN K, (it )
RS GRS R BRI %

SRR TR D EE SRR AE, BRATRAIEE — 5 2.2.7 4R B 0 IE SR L B 1
W T8, RIS TAVRRAE B AL, RSO (8] 20 A 2 538 0O 10 AN IXTE], - BETT 45 5
10 AN Ta] (BT R, R4 AN I TRV RN A Dy — S SRAIRFE o FRATTHR Y 2 25 PO Sl it i ) Ay
SE VI 1) - WIRA s 8] 8] K, 3 717 75 21 B 8] O SR ARFAL , 32 A0 A2 s I 1) AR5 AL 2 LA
SR o R T ESCP 0 A ) A A e e i ) 5 B HURF IR Embedding 9735, 3
I LA N A6 70 R TRUME 2 R e B v

325 HABME

BT H S RERFAE,  FRATAIUAS IR ) e B2 ) H IR 2R 0 A AEAN [R5 R
AR
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BEHERE

BEEHE
HEERE

ES ] ES S £F6

MEEWmE
BB iFiE
MEEWRE

w
3-4 RR-AEREH IER R
Figure 3-4 Gate-Difficulty Correct Rates of Exercises

B 3-4 52 6 MR 5 AR @A FEEE L. MEFRTLE H, BT AFE
KET, BB HKAE, ASFEERE S W E ST AR, 2R RRIRES
A, B, ARSKRT, ARG H QISR EEENZER. sy
1,2 (78 H ERRAERT 5 DR RIRA IRFFBRIKCT, i HBEE A2 5 S i AR it
7, 3 MERERRH RILERT 5 A SSR P B IR ET I N, XA A S AR
SIS RE. FR, EXF 6, PrBEIRF, S MAEENEH IR T,
FLBOAE R H R Btk 22, 5 HESE 08 H BB URIC SRR T IR E IR

ANTRIHERE e H A IR R AR5 i, %R 4 MISGH 5 Bk, TR
R LRAMEREN S FH, kR 1AMKFR 6 XY 1, 2, 3, 4 I H E .

DRI, SEEERFALSS & G RARFAL, RN A E (OB R 2225 . i H A
REAE J& T 2R AR, RATRAE % 2.2.7 WWHHR B AR IS 5 5 HURE1E
Embedding 175X -8 H (A HEBERFAEEAT b, 5 oAt AR RS AIE 7] B B2 DA >3 A
B RAT N o

3.3 RAEIGE
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XA AT EAEN BN THR M PUB ER R, AR RS E T3
T3, BRLEIT, R S R B

3.3.1 EMR#ERICIZFERE

BAVET S CAZ NG R8T T R IO I o AR & 0 12
JE T RN A SRS S IRIRAS o 50 P 1 4 P 2 AR B0 ST 8 H S 71 5%
HATE S, BCAZHERE I AERE N N, WSEBAIEAZHE BRIV & N ASAS R AR &
WWAZIRES, BARVVIRES B M 4e M &7 Ron, RUNE 3-5 RRsErEMy, 53
X LA AR REME, A& Embedding 45, FH DA N MBS K 4Em &K oR.
w, fE “HR” —RFRMEETTH 7T A ZREIRMEE, 15 DMERFRNEE, Wk
B N=23. M{ESIASBE L M ZSH, N B S 4, o8 B MmN,
AL HE B 2 B A RO AT T AN 5 N S 38R, LB B A2 SERT I AT UIRES o AT
IR R L T AN A A CAZ I 4, 456 5L bR B 1 2 GRRRE S AT Bk ), 3k
ATIRRIK FAR IS A & B 1) B A AR ICAZ I 4%« B S5 R P 3-5 iR . R 2
AR (R An AT A 4
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Figure 3-5 Knowledge Tracing Model
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3.32 EMRHLSINE

FATHE S8 H B RS ALE (KCW: Knowledge Concept Weight), %11H
RSB 2 TR & AN FHE LS K AR AR T, dE M @ H R 2 46 R gk
AT I H, AT T B BEE G, RN SEPRMEE SR, A AR
WESBE 2 B 3 AR B AR 1EAZ AR B

Wk 3-5 fios, E5E, SRR ISE L > ) Embedding R, RAFH

Embedding () &EF&x. RERATIZIEE 1 IR, 75 B AHARES A E .
Algorithm 1 Knowledge Concept Weight Calculation

Require:
q,: embedding of the exercise arrived at time ¢
K;: knowledge concept list of ¢
M/ the concept embedding matrix at time ¢
Ensure:
Weight: Knowledge concept weight of the exercise arrived at time ¢

/% Calculate KCW x/

R <[]

for each k € K; do
corr <= q, - MF[k]T
R.append(corr)

end for

Rs < Softmaz(R)

/% Reshape the weight vector to make its length equal to the number of conceptsk/
7: Weight < [0, ...,0]
8: 1«0
9: for i < 3 do
10:  Weight[K}[i]] < Rsi]
11:  i<=i+1
12: end for
13: return Weight

W Fos, B —47, BAVEWIEL—MESIFR R, KoY EH L
W = RS, R R KN 3. ARG ARYE B ¥ KRR & bR 5 41 %
Kes MRS B B2 BO R FNR AL Embedding. 728 4T, FRAITHE M
H Embedding 5 & MEHCH K E1RAES Embedding 1) /8, FR 45 RAORAFE R
FF. ZJRTEFENAT, TAT R FIR PR BUEM Softmax THE, HitH A N:
Softmax(z;) = e“/ Y e% (3-1)
REVHHARESAE KCW. A5, BATWIEH— MK NS S EE T
0 [ & Weight (7 17), FEX R H W K =GRS THE 1 KCW, K HAEAME
IRAE 2] Weight 7] & HIZAHAMES R 5 I BALE EE (847).
BISRUL, AT BB IO 2, RTRNE S A B R BRI T
R FENES PR RAE, R0 B 5 H =GRS 1 o8 /AR, A2 BT
A FEMES AR 8 BB, H NHAR RS 2 TR AR, FRATTICE Y 0.
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333 1EELERTN

BAVEL THH A RN 1 H FR S A KCW, ITBGZE B AT S 1 = AN H1E
RES B AR &, R IR SRR A B AT SR SR R AL 52 AR 7 1% B ¥ i e &
RS AR SRR, T AR R X S A AR AR A SR I 2 A AR X AN R H R 45 R .
HARM, BATELEE 1 BRREN w, WFAELEZEH &R S RSk

PR A
re = XL, wi)MY (3-2)

WKl 3-5 o, TR, M TS ECIZM L, RAIMTAERE T 74
FEIRAS, EFRE T E MMERE, RRERME. Bk, ST 408 Hq,, &
i@ H Embedding FFFHAT @ H 1 &R mm,, KRBT, RATHRAGE
ML R d 5RRFHERE g REHENETHHE, @id DL tanh J9B0E R £
BIEEEAR D EME R

f = Tanh(Wg [ry, dg, ge, m]) (3-3)
EASAERECS TEAEMBRESBEERME. K, Tanh(z) = (e% —e )/
(e*i +e %),

I e f Rk — N BL Sigmoid DI BR824 2 i tH S AR IERAVE B %A H 1
M.

p = Sigmoid (W f,) (3-4)
Hrr, Sigmoid(z;) = 1/(1 + e™%),

3.3.4 RIZ5EFEEH

FERAT S 2 A i 5 R 5, BATE L @ H 1 545 2] AR S A E
KCW, EHHIRRF A& NES EAR R 0 AR S 1Z 5B REMY o SCHRU M 2
A R RS TR AT L AR & ) B IR AR A G B, HHEL T3St E D2 2%, JR
ATIEE BT AR RE S A RE R H e 25 B8 T 25 2E (OIS (B, T R 2% 7 XA A
P, FRATKIESEE AL BN AT S B G, 8T B ECRHE Embedding )77
%, RO E o AR (B, (EEIEMSS) Ri12% DKVMN k2%
[20]H) 5 0T 28 — iR B A S R AT 9 % 8. Embedding 6 F% B RN
M Es,, RE t Ss AT PHER RN E B &, SREH AR &L I R R .

B, AR OFE A2 B R R 51028 IR o FRAT 70 i 4 AN
E S5UINAE D R EE R A & e 5idIZE iR m & a:

e = Sigmoid(E™[s, t]) (3-5)
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a = Tanh(D"[s,, t]) (3-6)
ZJE FATEEAF B 5 B AR D AZFE FEMY, 4 -
M{ (D) = MY(D[1 — w(De][1 + w(Da] (3-7)

A KB R ARE, W E, D, Embedding %5/ A, B, & &AM &
BEME S R I R SRS . BRI G2 B ML T 45 2R p 5 E SRR & 45
VALE B ECEENEEAE

L=-X((elogpy) + (1 —y)log(1 —py)) (3-8)

PR BB Rh T BT A, DL Sl ZrAsi Y

B FRATTFT BT IR B AN B BE A R BE  S bR, R M E A EE, AT
X T A BN AR DG PR RUREAE , & EE R S HI3R, B H 5 = iR
WSO R, RN T8 HEHIE, 22405 04T NFRIE, REEm A IIE B R I

3.4 MEEETRME

X R EE R ST EL AT T IR AT UE B R R L, BAEE T LSTM
PR RS I ATUE BF A, BT S sE IR 12 M 4% DKVMN ATHIE BRp Y, 38
T T R T 2 2R M-S 1 DKVMN-CA B, DUIE B 2 AR SR
v, HATHE B S50 4 Be 78 40 B 2 BRTHARESRFAE, DA B B4 TH
RIMERER H . 7F DKVMN-CA [2Eat F, AT 7 2 AT sz, AR,
KR, YU TR SEARFAE, I A REAE T 0 B R AR 14 B (%) R

3.4.1 HIEFEFAIE

TRATHAT 50 P BAE R FH =M IPS RGN AT A EIEE . BdnsE
FREAIC S 1 A R T PR (S B, B H D, @ FARZ IERTE A (1, 0D,
SERGE H I a], BH 2 GRS, BH SR, AR, SRRSRALSEE R . AT
REPE R T A T BUBR R R I HoR A T U G (N B R s SR A Dy S 36 Kl
%

gra AN BN 5, A—RARMESR LA >, Bk, JAT it
A7 TR DE, SEBUCEEAS RIS AE I — RS T RS A, X AR FR A —
RSy “Hie”. DIk, S FESREGREAEEDY “Hot” —JoniRgE T
BTN TR G =ZRAE SIS L H o v T IRIER R ST AR R AT e K B 2
i () >) REBR AR EE , JA1S 5 ORI 7 ik, 5% ST R AR B FEREAT 1 PR,
TRUERF SR SR O AR R T BE 55 T 5, AN A2 I BERR 1l 1) >0 B AR e bl o 222
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THAEPACEE G, TSl 7124 2524 44128 ZAH08HE %

342 SEIGYRTS

BRI I 25, 225 STRE AR FEM* 5 3R ME S A2 BE MY TG 18, M* 15
M B R — MRS Embedding A&, HAENRE L2 A%, SI0FEB, MY
R BN N — MR I RTERIRAS, R 1M & T AR HEFE

EExEsiat ip A — AR, FRATTI 928G 50 Wk, R H, S IRSEIRAT 2R
W AR IR 7:3 B BT ISR SR E R4, ISR T RSB I%S
HMSEOHS, MAENPEMEREA MR, A EEE KA 0 WE, J5Z N0 i
S ATBENLRIGE AL . FRATTAE T A BE R BT 5 sh B B LA B2 R BRI 2% DKT B,
DKVMN #5284 53 AT DKVMN-CA S AS), AT Zh 2% E RN 0.9, BHEEHEY
BE W E A 50, 75 DKT A Z ZAIRMESRHE, RATSHE SCIRPI %, 158
H 5 1% 45 34 A F#1E Embedding 5 HIPHZFIIAME S Embedding 1F v LSTM i
Ao BUREINBIE S FEA AR, FoA TR A BIR8 H 210 #H — AN o2k brid i
FEHKEE N 2000 TATRAUI A, L AUC TENTEM R RE I Fa bR . FRATTVT
fili TREAMERAE R 50 rsia, MRS REA AUC B°FIME, oK, T2

£ 3-1 AR
Table 3-1 Evalution of Different Model

it AUC “F¥JME | AUC ¢ K{E | AUC 72
DKT 0.711 0.712 1.86¢-05
DKVMN 0.712 0.720 2.05¢-05
DKT-KC 0.703 0.715 2.53¢-05
DKVMN-KC 0.714 0.724 1.85¢-05
DKVMN-CA 0.724 0.731 2.14e-05
DKVMN-CA+Stage 0.728 0.736 1.48¢-05
DKVMN-CA+Duration 0.725 0.737 1.75¢-05
DK VMN-CA+Difficulty 0.726 0.736 2.44¢-05
DKVMN-CA+Stage, Duration | 0.726 0.739 2.43e-05

3.43 FIRBLREHRIgEE
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BATE e VAL T BRI KRS S5 M TR B A LB BRI e . TR
HAPRAE, s, SRS, AR, AT T DKVMN #A 5
DKVMN-CA R, HE5 R % 3-1 fion, R “DKVMN” 5 “DKVMN-
CA” IXPAT4r MR R AR R RE, 26T AR & 45/ 1) DKVMN-CA [)°F
%1 AUC 174 0.724, ZB12m T B iR 54 DKVMN (1 0.712, 1.2%[1) AUC #
TH & T DKVMN BB E T DKT(AUC=0.711) ] 0.01 FIARHI IR T; . X 18 B,
AT TR 3 5 AL 0T B B R AR AT AL

BT DKVMN-CA ¥ R ARMES IRHIE, AT ELECH LI A RN iR & 538 7+
DKVMN KI5 O ATEE SR B EURHE,  FRATAT DR FH B BRI Sk 44 s
19, JEEAURE Embedding 775, KB BURFIER R LA &, ORJ5 ¥ ) Bk A
MEPE SRR AL 7V M B AT T o FRAT TR T ax AN SR, 7ER A L

“DKVMN-KC” —47, HABH AUC 4 0.714, IXT DKVMN (AUC=0.711), H

HIR/NIRTE . £ DKT A Z ZAN AL R, HARRERI N, “DKT-KC” —
17, BRWACRIRARTE, RIMIEHAE L TR, % AUC #H 0.711 %3] 0.703.
DAL, ARG 6 B XS RN IR MRS X AN AR 1 T A BE AR 2R 25 M >R 78 73 4 R
PR BE RN RIB R 5T

3.4.4 HibSIB4HERIEES

BAVZ G AT SR VPAl 7 HABRAE, FE IR, SCR, USRS [R%E, X+
FIHIB BB R R o SR 45 SR SR 3-1 s . 1] UG 2 DKVMN-CA+Difficulty”,
“DKVMN-CA+Stage”, 1 “DKVMN-CA+Duration” iX =417, X=/ MR AUC
FIEL T DKVMN-CA WA #TF, i, “DKVMN-CA+Stage” HIRAISF-15 AUC N
0.728, #kF DKVMN-CA #F+ AUC 0.04, H Lt H #f & i # % DKVMN
(AUC=0.712) HHEHEMA R M EREF . A2 DR “ DKVMN-
CA+Stage+Difficulty” #7, HALFHIFRIL AUC ik 0.739, XJ M H DKVMN 5
H1.9%, i DKT #8 2.7%. HIXEEEEZLHE Kb s B 2447 ks
fE5 > BURRE S R A BRI RIE R IR 7 USR5 1, ISR AR B R —
),

3.5 FRENE
AL ELAIS TIPS H AR S MR A 45 R S ERFE R 24T

FAERIOC R, et sh S AEICIZ M 2%, (8L RENS A RO SCRFRIABE S RFAE . 7 H X
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&y R MUEI (A SEAFAE, DRI RRIB B A VERE, T — 2D 1 >
RGP TVERE RIFI A BAR AR T

(1

)

3)

WMEFH M T 218 H B S ERANES, B H M, RS S A4
RSB 2 M Ao, R SRRy 5 2 AR E A — 2 A e,
Al LA F AT IE B

EEXTETREE DN, SR A S MR R R B 0 R AT A3, 56 B K
FROEURE B AERE, SGREE, #id B AURFIE Embedding 77V R AL, T
T B[R]0 P SR BUE R AE Kk SR B B R e, P O B R AR
Embedding W77EHAT M AR R, AITTRES 1 BB AR I A @ . 1% R
HENRRES, FRATE E RS v 7 AR SR A2 A6 BE S A, st 17 %N
VRS A T H 57 7%, 7R TRIAE 2 S5 M5 FE T 56, it H XE FEARFAE
FEACTZHE M BRI 5, 125 I AR AR N SE B R R AR T 1) 1 e
Wit 2 AN, BT RS AERE NN EE E AUC B, WEBH 7 IRAN
E T FRMES A DKVMN-CA BER A S A B A iR e REAE, AT B
ST TR RS, AHEET DKVMN 5% (baseline, AUC=0.712),
BAIEET AUC N 0.724, F 1.2%1MERESE T, #EMi2E T DKVMN-CA,
BATIN TH AL, W EMERE, OG0, RN RISE, YA R FE Rt
THT R ERE, ML T DKVMN, K TE AUC 1.9%.
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4 SITHEFERS

A PIATIR B FE TR B A 22 ST ST R 8. ARG RME =%
T4 DKVMN-CA BRIy S AR AU as, B IR sk 22 2 2R 2R R >
FRAE A WS, I 1 oo 2 ) FBUHEA R GE R BEAS JB B, RS B B0 >0 i HE 17 A
55 S PR IS T T A 2R AT B

4.1 FEAKRER

N T R ST REHE T SR WS A BE AR B2t B TH 2 A IR B8 ) A 2 AR TA B IR 1 S )
), FRATHe =) EHERE A5 POMDP I8, K =& A 441 DKVMN-CA %117
B R AR Ry 2 A UL 2% G I B 2 3] B AR AL ST HERE SRS, DRI DAk 2 5T 5K
W EHEFE 21 I 5 25 A ) R IS0 27 26 (1) SRR T R 5, A8 S0 R 9 S s
REWE R T2 AR R ST o DRI, = RS 2R G0 RE 6 AR A2 1) DR A AR g sk iR 4T
SIHERE, FRER T A T B KA 22 A B TR B T2 T

42 SRR

3 B AR 2 A2 BRI A HEAT ST R R A 22 A S A B4R i, AR
ERAHEMISERGE, M HIEN SRS E DA 2 A4 %
AER T > R B SR DRI, SR R Y (i B SRR 3R I, AT
K36 = F 42 H 1) DKVMN-CA SRAFRAT ) 2 A B0 25

P12 25 3CRCT, JATHEAE A S 7 @Ay — 4> POMDP i #%. JE 3 L, POMDP
AT el (SAT,RQ,0,Y), SERIREES, W TRINBHEERGERU,
R ERRRAVURES, I HAMEES A RAFERF R SIS . fERT IR ¢ Rt
R B AR OIS B A B R R IR A sy, (H A2 AT DLW SRR 2 AR P EZ i o, €
0, ‘BRI UVIRAs IR FBERp(ods) S 2. Mk, FERTE] ¢ BRI 2
FESAAE t N 222 W ARSI SRy, SRR g HERE MRN8 H 5 id 5 =4 122 AR R AR
WS AEAER T HEFMBHaJa, A2 RRMFUREETIRSE % T
P(Ste1lse ap) s Hlseyq o

ATE SO REARHESE B H a1 B 2250

I'y = %ZF=1 Pey1(ai) (4-1)

Horr, Kog—40miBiiaony “Bo8” KB EH, Py, (@R FAEMLL] 5T
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B HagJa, RSB Ese,,, EIXRFVUIRES T IEFES q & H B, B HE
PR B AE AT RS A VVIRAS S, IER I “H0e” RANES N &8 H R 172
B, XA-FEMESE A A0l X — RAAMS R E RO B4 X4
PIAE RN R M B T R RS
XF ST R R A SR, HLERE A H RS S R JATTAT AR N :
R = E[X2, V" 'r(spa))] (4-2)
Horf, B2 T =(s1,01,21,52 0z, ...) & B 5 BE i) B A2 0 A o 1
p(s1)p(01[s1)m(as |hy)p(sz|sy, ay)p(0z[s2)m(az hy)..., YAREIINN T, HUETE 0 F
122 fa) X Raetk, HRBEEE Py e IMME #EAT A, RT3 4-2 FIst N ) 5l
TEME R EQ™, FEMFIA) t BHES > a1 K A H Dy
Q" (hy,ap) = Es,in, [re(spa)] + Erstihya; [Zl=1Y r(Setis at+i)] (4-3)
HAT >t = (St41, 041, Apgr - JELE t I ZIE HIARKAE H HEFERRAE . [RIHE, SRN
R B N DL ERF R AR H g, q' = max,Q" (hy, ap) . FA 1T GRU
22 2 B FH BAS RIS AL SR Al X A~ POMDP 7] REI01, 9 gl o 38 3 A 40 X 245
Forgmgn, EHinthy) = ap, a RVHFWEMED T, KBRS R 8.
ﬁm%ﬁiﬁmm&mﬁﬁ%%ﬁikﬁ%m%%@%%@%%ﬁ PALEAR R g
8 SCRE AR I 18 . 50518 IS RLLAB 346 % =) R R R SE 3.

43 TREGHLIL

XA FEA TS DKVMN-CA =7 AL g8 A Ak o ST 347 SRS LA .

1.(1,0),(21,1),(3,0),(53,1),(12,2)++ 5
2.(5,1),(41,0),(32,0),(101,1),(43, 1)+ EHn

/“\\ ’/ i \ /
f @@\ /’ﬁﬂljzﬁﬁf’ﬁﬁiﬁﬁ#ﬁiﬁ
\ L\ B, BELME L D
S / \‘ =
crd? ,,\__77./_\ = 4 TRPORERAL 1t
PR o Bheh
HEMHE: q

K 4-1 sk fite
Figure 4-1 Policy Optimization
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HAEE TRPO SRALFIEXS KK EAT T 100 AL, JF HAEE R4 R
Ja #R P BEALJA R 25 1) 27 AR AR X SRR AT P4, B AR TR 2 SR A 5] i
HAR EAE (R 2D RBENFIME, XA REEZ “H0t” FRM SR
T ENVUIRZS o ST SRS LA AR A B 4-1 o, SRATUINZRA B R0 TRIB R AR
M DKVMN-CA {E A ERNES, H 5B R AWIEAT A R, Bidth, B Reik
MR 4 AT SRS 20 ZA AR ML A U, S AR RULER T A AR 00, JFIRIE R
TEOLE R A PUIRES, [RINR I A 4-1 B R Sl . T IX B8 Bk
A Re Rl TRPO 20 g #EAT 04K o
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0.85 A
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T EIRIR
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R 3
Kl 4-2 SRS RETEAY

Figure 4-2 Policy Performance Evaluation

HATELLE 4-2, FTLAE 2@ TRPO FIEHHAT SKISAUAL, W DAL SR (O HES
REE VI GREe B3 o sgn, SRm 1 PERERETS I 21— R4 HARE RS, |
TR A ARSI, BIUASFEIRE D2 ds, DAL, BRFS A Sems P REAE
FER R LR, A 2R, X2 B 7 2SS RE 2 Hh I Eh i 5
PR o I T AT TR 38 AN S & Y baseline 7 SIS BEAT X EE, SRk — 0 Ui W] 3 T 5
PE ST HIHERE SRS BE 18 BE AT RN PR (2 ST RS, 3R s ST

é'%

ZZI SIS

4.4 EMPECTFE IR

PTATKH T Google #& 1 17 Expectimax!!>Vj5 & X =) @l 27 SR I% /E S Baseline 5
%, Sl itk >] TRPO AL SRR A TXS L. Expectimax FLyEKE X 2 4E 1) 2]
AR IS FE RO R A] R, Horb, RS S AZAEMAIUIRES, ®BE R
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NN A UIRES, ShENRHER RS H, RSB R P U SR
17 1 H BIONEAR o BB 1K) S UHERE #4823 i T 1) 5 el Y, 3B 58 %A H 2k
YR AR RAS i e ) 22 B R A A H BEATHE S, X — R R S HERR 5%
ERHERE A B I KA S — D e, BARMSEIL LGS 2. fE5E 2 1, 3T
f /] Expectimax HZoR ey A EIESHERE T 50 @ H , Jf HAEIR ] 722 AR a5

B — RS BUAES R H S PRI AT FUIRES .
Algorithm 2 Expectimax Algorithm

Require:

S: Student model

Q: Exercise set

H: History of student exercises
Ensure:

Recommendation rewards

/* Init student model with the history of his exercises */
1: S.Init(H)
/* Recommended times x/
2: Step <= 50
3 t < 0;rewards < [ |
4: for t < Step do
5. SC < Copy(S)
6 tr <0

/* Find the exercise whose expect reward is highestx/
7. forqge @ do

8: p < SC.Predict(q)
9: er < px SC.Update(q,1).reward + (1 — p) * SC.Update(q,0).reward
10: if er > tr then
11: target <= q
12: tr < er
13: end if

14: end for

/* Update student model */
15:  n < Random(0,1)
16:  p < S.Predict(target)
17:  if n < p then

18: S.Update(target, 1)
19:  else

20: S.Update(target,0)
21:  end if

22: r <= Sreward

23:  rewards.append(r)
24: t<=t+1

25: end for

26: return rewards

N T LR PR S, AT E e BN LI 3 1 15 A, W TR AR,
FRATVAR A2 T P e SRS 1) ) R AR S e o FERESB h, BAl1sEild 22
(RS P S 2 AEARAU AR EAT W6 AL, IR 5 v =R A 2E AR o SRJE 3AT
o FH 2 U PR SRR TR SR AR HERE 50 TR H , 1EIX 50 PR AR, RAT]
WK T IX 15 AR D IR P ME. 4R WA 4-3 s, @il
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SERAG T STEAT A SRS BATIE N “RL Policy”, 7EZIT 50 M H IZ5>1)5, RL
SRS G272 () S AR AE TN R PRR (B B 2 5 1 Expectimax S0, it 5%, HEEEHE
PR RGN, XA ZEWAEY K. 76 10 N HHEE S, Expectimax HEHg )L
PR RTAERRPRE, XEWE, RIS OERSIGE 8 H AT,
HAE R RI5ETE, AHELZ N, RL RIS ONEE— D R 2% L& KT R 3L, B
RE A UG & 1 H 2524225 5], sEmRTH 2 A K S
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Figure 4-3 Average Predicted Knowledge Status Change

4.5 SIEEEF TG

FATBert 7 AR08 L VPG FUSE R RL HEFF SRS 1) T U RCR, I mT 41
WL, R 2 AEAERA RS TNk RIRA AL T O FATREPL
U nd 5 GERUH feeds, RN ARG P SEATaR 1L TSR AR A . AR A KR
il RL HEFESRENE, 4z ARy 1 5 @@ H, Kl 4-4 R 7R 10 183
HE ID, 8 RE RS, FEESIR. e, S—MEZidsoN (88, 5,
0), XFIR T RSS2 AR 7 88, 1ZRB HW I 5 A Jmii S, A
ol H FEE RO HRIEE . WEFRBATRI LR 2], 3X 10 NP K 6 A RIRM
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o, FATRAE R P f] AR 6 AN FITRMES R TR RIRES AR S DL . L
an, AR T 88 L, 88 T M AR LA R R T R IR S AR R R A
SRR, BUOEGR, 1923 @, FAEM T, BUH BT R a8 DU Fn R RS (1 T
DFAVFRA RSBy, BBk . A A MOE SR R B RS, X SRR
TN FI RS AT BB AT AR iR
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Figure 4-4 Student Predicted Knowledge Status Change

BATIAE SR H P8, A LT gE4E R

1) W 4-4 fros, ATHASEH S5#& 2, 4, SHX, BHEHM S MEEBHE
MIMES 1, 3, 6 AR, XUl RL IS 2 IR R A A AR HARE & )
FEEOL, REERIFA “Hon” —ZRiE Sk EIREE . Kk,
XM HESE 2 B .

2) TEZEARINIEHIES ID A 760 2@, 760 @ E5ME& 3 FX (O fif)i A
¥O, BRSNS TSI 642, 642 5HES 6 K (B KALE S &/
ANEED, TS 6 58S 3 A EMRR, K, XPAHCHIAREET
S EHE R A B X .

3) M AEHNRMAES B H 642, > BHERE SRS kR A HESE TR 642,
K=k, FAEMINMMANZEE, XEWE, > RS I 22 AR
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INAREED, WE =R, SFAETEMS 3 M@ R D 1w AR S
RSP T, XU TS 3 HAEE 6 MRSLAHOC, AR, FEEE AN
SR Y T IX— A

FEHERSE 642 H G, SRES PR [ AR INES, B A e 1 )
1278, 1278 JJE5ME& 1 A6, (H2EE B 4-4 v UUE H, B 224 TR
MBS TZEH, A, MBS 1 TR SR A m, X2 1278
B H L ]

RENG

A B EEAE T RATHIEE TR B A ST SRS AL 0 2] BUHE R R G 1%
ARG EEER) DKVMN-CA FIGB BRIy A R AU AS SRR 7 2E SR A
PRI S, BEAT SIS o AHEE TR R SRS, SRS I RRHER: 1L, #R5 8

Kleas, mAET — DR, B, SN JE RE R B — % A& B k12

HKAFFEEI T AL NS BAR AR LT

)

2

3)

it DKVMN-CA 4 # 7#ARBES, PLo8 Rl 5 > b8 ek 5 7 AL 20
BEEATAS BRFE AR SS, MR Al e ng .

KBS B s, 2 UG AT SRS, Xt B TR R ST HE R R
W& Expectimax 5% -5 R FE oA 52 ST HERE SRS AE S 22 A2 AR AS 7 T 1)
X, A& EE Expectimax f AL A7 A AE IR G de T, BAR
LB H R, AR IR PRI T, (HR R G AN
FSETe T BRER, BT PR AT 3 1 >0 e Al 52 A 1 G4 21 B R 3
Tho MR T ) 2] AR RE SR, AERE— 20 1) ) U IE #8 JEAR R— o I
[F) AT 2, G ) B SR WS AN AN A 27 A A AT TR) P it 3 1, AR
PRLFRY ) 7 R, S REARRE 2 ST RO g s, R 315k 1Y) = REHE R %
17, ARG . AR 50 RIS, SR sE kA 2] 21
HEFE RIS 2h AR AT HERE , PO AT RS A bR K X H) Expectimax .
i 5%, BREEHER OCI3E I, ZREARZEIE K

ARG S AR 1 o) A R S ORI AR, AR Sr B oAb 2 ) HE#
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AT HSRMAELEF TG IPS 224 BUEEAT R, MEIHFair T
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SBURI NS EICIZ ML DKVMN-CA, BT T RIUBEEMPERE . 285 6!
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N T FRFHEN B B AL RE, BB M B B S S A R T A4
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