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Abstract

The Personalized exercise recommendation is the key to improving learning efficiency and realizing
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precision teaching. Traditional exercise recommendation methods mostly rely on the collaborative
filtering paradigm, which ignores the dynamic correlation between students’ knowledge states and
exercise difficulty, leading to insufficient pertinence of recommendation results. Although methods
based on knowledge tracing can match exercises according to the level of knowledge mastery, there
are still limitations: first, the modeling of the correlations among students, exercises and knowledge
points is inadequate, and fine-grained answering information is neglected, which reduces the accu-
racy of knowledge state prediction and exercise recommendation; second, the common knowledge
characteristics of student groups are not fully utilized, making it difficult to improve the novelty and
diversity of recommendations. To address these problems, this paper proposes a Knowledge State
Prediction and Clustering-driven Exercise Recommendation method (KSPC-ER) that integrates
graph knowledge tracing with clustering technology. This method adopts dual-graph knowledge
tracing to accurately depict students’ knowledge states, uses K-means++ to explore the common
learning characteristics of student groups, and designs a multi-skill associated difficulty calculation
mechanism and a dynamic recommendation threshold to achieve precise matching of exercises for
students. Experimental results show that the proposed method outperforms the existing baseline
models in recommendation accuracy, novelty and diversity, which verifies its effectiveness and su-
periority.
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Figure 1. The existing exercise recommendation methods
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Figure 2. The structure of the KSPC-ER model
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FE2ESIHELE . Al S HLBC B A : NVIDIA 4060Ti GPU (32 GB A 77).

5.2. B&ITE

AT TAL KSPC-ER 77 iEPERE, A2 KSPC-ER 775 8 M EA A FME I H A AT LA
DL @] 28 7 V2 1 ] B 41

(1) EB-CF [2]: — T > BUAHALRE (O HESE 771, AN =T RB- >0 RSURH UL P88 4 B w1 AL 1) 2705
PATR SIS 5] >0 2 [ ARG 2R, ARG R X B8 06 &R ) 3 2 AR HERE ST R

(2) SB-CF [3]: — I 2£ - MBI Ty, R A 280 E R A AR UL B JE B o 3@ o HT 1%
FERE, BT DA A Bl sk SR S A EE A RS S R T HC Y >

(3) HB-DeepCF [36]: ¥ F Bh4mtith &5 5 & iR b [R]d JEAE A AR 25 & PR B HERE i, Zoikisid A
Bl tD 2% A R R ) R A U AR [ B o X SBR[l B A T SRR 2 AR RV TERHIE AR 4, AT RE
g BEAT SRR AT A TEAL IR HE R

(4) DKT-CF [37]: ¥ £ S R0 08 BR B A PP AN 22 AR B A IRES, B R T2 A RS HE B AT
BT A W E O DEHEDE

(5) NeuralCD [8]: iXj&— M@ INASWIHESL, ZAESL R P ph 48 I 4 5k 2 2 52 A 15 21 2 )
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BER

SRIIAE B REL, TR I AR I A RS A ST 5 o 5 SR 5 R B A UB R (DKT) A ), ASE 2 Ak
FETF,  STRRAE R AT ) 2R A5 B 1) ST A R R

(6) MBHT [38]: X Ffi /5 v2: 7 FH A I Ak B 3R R 10 22 RURE S 46 28 SR i AEDRSE FEE FDRE KL BE 50 BRI AT A
PR, B DL A E SO 206 4 R 24T AR IO R A 21 Hypergraph fHZE 28 200 R, DU 2 i 72
TUH A, X FEMSORT DA SRR AR K A 0 25 R BT IR G R, U THERE H W,

(7) Dtransformer-CF [39]: DTransformer BE7EREAS 1@ B ARIRAS T2 AR AAAFEE, Fhig AT 2
IR E S W ARG o SR SR AT A W P R B AT S HERE

(8) PERP [40]: B St 2% A2 HEAT S RL JEF AT AL) 255 2E N GORN =) RRLENR, SREUFAE AR AR TR . Bl
Joi s BETUETARAR Y S R ] R R AT BELIE AL DUIRIUHERE R ST I 513K .

53. SERERS 5

2 Rl TERIRAR . BIVEE TR, BRI DI A R B, Ui as R R R bR . SRR
145 KSPC-ER JHEAMB TRt sm AR R Ve REFRTH R, DUMEE M Ren AL . Hrb, ACC UFRHE
Wk, NOV AURZHEME, DIV AR FAE.

Table 2. The experimental results and comparison with baseline models
2. REWHEREELIERAILR

ASSISTments 2009 ASSISTments 2012 Junyi

ACC NOV DIv ACC NOV DIV ACC NOV Div

EB-CF 0.483 0.952 0.289 0.412 0.951 0.320 0.495 0.944 0.304
SB-CF 0.725 0.953 0.572 0.754 0.960 0.599 0.739 0.956 0.585
DKT-CF 0.880 0.602 0.466 0.873 0.56 0.522 0.846 0.57 0.479

HB-DeepCF 0.826 0.917 0.766 0.852 0.944 0.791 0.839 0.93 0.778
NeuralCD 0.894 0.583 0.495 0.858 0.346 0.602 0.860 0.551 0.508
MBHT 0.893 0.946 0.343 0.859 0.579 0.493 0.859 0.914 0.356
Dtransformer-CF  0.892 0.713 0.452 0.871 0.690 0.479 0.858 0.681 0.465
PERP 0.897 0.959 0.781 0.876 0.936 0.828 0.863 0.927 0.814

Our Model 0.895 0.964 0.795 0.877 0.941 0.842 0.878 0.948 0.828

Improvement rate 0.2 10.52 11.79 170.11 11.05 11.69 1173 10.83 1172

KSPC-ER 7E ASSISTments 2009 %#i54E I, NOV 1 DIV 73 Hil#Ed T Fe AL 0.52 A1 1.79 AN 43 545,
ACC MBS F AR AL 0.22 AN 20 5. 7E ASSISTments 2012 $3E 4, ACC 1 DIV 73 5t i A A
0.11 #1 1.69 NE 43 i, 11 NOV EFFAK T 1.05 AN E 4F mie £E Junyi £dE£E 1, ACC #1 DIV 43l & T el
B 1.73 1 172 ANE 305, {H NOV BEMIK T 0.83 NH 7 i R — SR FRIER T /K, HIERZHL
fabrH, KSPC-ER HI&TfaAnil T LA (i uE 7%, 1XRE KSPC-ER &AW #HHKE, MilfEts
AR o P R 2R A% O SR R TE T A R T AT M . AR DAHERAME . BT aiiE . 2 AR ME =4 P %O
Hbr, @202 BRE R 2 5RO B T HEFEIG RO S 2 R0, JE BELYRR 1 o BB B v 412 DAkE G0
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55 ARG DB, TR o R LA R AR A =414, DU SR R — bR, B s br BE
BUEEAR; [RINE ASSISTments 2009 i S22 I Sk FE A B /)y, 4R BERFIE 2 RS FE G R, 158U ACC
EELAVAN A 1o

EB-CF H1 SB-CF HE#F R i 72, X AE N ZAR RUACR FH W [F) 1o 8 T VAT 40, SR Z 0 2 2 AN
PRSI HEMEVEAL, SERMEREZ . X EIRE BT AT R I I BHERE, WA Re iR R A
HAMMIER, WK HIR S Re R 500 E 1] ), RefS IR IR & T R IK 21, ) 32 R %2
HERE

DKT-CF. NeuralCD P A Dtransformer-CF £ #1477 [ () R IAE AN FRAR . 1% 3 B i R FH 1) e g
BT M LURS e S48 A2 A0 o) JLZ TR (R S 2R R AR, AN BR ) & AT i) &4t MBH AT PERP E 2 4
%A T DKT-CF. HB-DeepCF. Dtransformer-CF DL/ NeuralCD, XZRH T 4248 224 5 >) I 400 4T
R EE N, A, XS IR B A R B RN, e AU AR e S I B AR R
5.4, BB

AT HET ASSISTments 2009 Hiis 4R il <t 2 B BUR M, 85 SEIG 0 W R BB S 400 KSPC-ER
HEFEMERE M BB . BB RREAN K. BES i p . WaE D T &HEFRE 1 EE n.

(1) B k PosE S EREAL r Ho . 9230 8 T {10,20,30,40,50) FLANASFIHUE, HEAR S A 5 .
ZERWNE 3R, S5RE, M k=400, KSPC-ER HEERA . k it /N SRR N JIR 2 7K HEEAT
WHEARE; kI K A REA > . BHAREAR R E, BRI RUR .
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Figure 3. The influence of cluster number k on performance
3. BRANH k I RERIFZMN

() WAEZH p T PRI 1) 5 S R ACIRES T B (AU . 5230 H p € {0.3,0.4,0.5,0.6,0.7,0.8,0.9} ,
HRZHEE. SRWE 4 R, 2 p=07 NERVEREREE. o /s 5 id 5RO 1A T 220 1A 22 57
p IR IL BEMEAMA,  RAEH FOM AR S, AR FHER AL
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Figure 4. The influence of fusion parameter p on performance
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Figure 5. The influence of sliding window T on performance
5. /BENE O T X EERI RN

5.5. jHRASCIS

ARATEIT T KSPC-ER J7iE M) 2 MRVl BN LA 0 SRR STk R 24P, T RS aG 45 SR an <k 3 fr
e “WI0-KS” FARKIMNZFA N BUIRES TR ISR, (ORI 52 A 2 R 45 RAE NREE,  “wlo-Clus” R
RGBS A IBARRHE, ORI 24 B & PRREAS BT > R

MIHRLSEIG 45 KA, B KSPC-ER MIMBAN41, HAEAERIPE(ACC). Btk (NOV)FIZ FE it
(DIV) Pt R R LR MERE S 2 T %, X R AR KSPC-ER J5iZHH BB 4LAF 4 T SE Bl A 3L
BOREE, 5—J71H, Wo-KS BIEIERE TN EE . JRETET wio-KS BERLR I 22 A4 AR AR X
L, AR 2 A I 2 R 4 SRAE NRRAIE, IX 3R B 22 2R SN LIRS SR EUBEHL 6T KSPC-ER J7 A RES THEZEI T
KEAER, LRSI X 2 AR R VIRAS PR AR, N HERE R SR 58 B PRI ) R R

Table 3. The ablation experiments

3. RIS

ASSISTments 2009 ASSISTments 2012 Junyi

ACC NOV DIv ACC NOV DIV ACC NOV DIV

w/0-KS 0.782 0.884 0.653 0.765 0.852 0.681 0.751 0.863 0.667

w/o0-Clus 0.874 0.941 0.754 0.857 0.925 0.836 0.853 0.932 0.803

KSPC-ER 0.895 0.964 0.795 0.877 0.941 0.842 0.878 0.948 0.828

6. &g

ARFEFEH T A RIVUIRS T 5 SRR B ) > U J5 7% KSPC-ER. 5, i 5 A i X&
VOBERRAL, X2 A RS AT A ROEER,  CAHE A E AR BRI . 845, AH K-means++
RIF, ARG AR IR R AR AR R 70 9 R — R, FEAmBR RS DI 008 . i ol PRAE RS 51 7
AEPE 5 S T SRS ARVLES, A8 TF 58 ST mUHE 2 1 L Al b 51N SRR A 7 R4 2 15 RE B Il 2 ST A
UL JFBCE TS BIE, ZRE R R T AL B S AT B S R . B AE =R HE
Hnde b5 2 A FEARREAT UL, MHETYE . B BUE M 2 R = AN E 2 KSPC-ER J7i%2E4T 1T 4TI Y

DOI: 10.12677/csa.2026.164106 27 HEHUR 5 R


https://doi.org/10.12677/csa.2026.164106

Al

RA, Bl BIRNIR T2 A 2 ST 1T 288l S HER R R B AR S o 28, AT S vt 8t P47 77 1

PRAEPE S AT 2 M SRR X AR [A1 MR A SRATTRSAE B S HE A7 B A g N 22 ST 1 22 1) B I N
BT, FRRAWT T BB BB B X 22 2T ROR I ma LA, 3R SIS 52 AR A 2 51 45 2805 HE DL JE 1 3 e HE

FE M o
SE
[11 E o, Bssdl, BRI, & HE AT S AR ECER) []. FHINTE R 2R (NSO 2 FBHERR),

(2]

(3]
(4]
(5]
(6]

[7]

(8]

(9]
[10]
[11]
[12]

[13]

[14]

[15]

[16]

[17]

(18]

2023, 62(5): 1-22.

Sarwar, B., Karypis, G., Konstan, J. and Riedl, J. (2001) Item-Based Collaborative Filtering Recommendation Algo-
rithms. Proceedings of the 10th International Conference on World Wide Web, Hong Kong SAR, 1-5 May 2001, 285-
295, https://doi.org/10.1145/371920.372071

Liu, G. and Hao, T. (2012) User-Based Question Recommendation for Question Answering System. International Jour-
nal of Information and Education Technology, 2, 243-246. https://doi.org/10.7763/ijiet.2012.v2.120

Phalle, T.S. and Bhushan, S. (2024) Content Based Filtering and Collaborative Filtering: A Comparative Study. Journal
of Advanced Zoology, 45, 96-100.

Wu, Z., Li, M., Tang, Y. and Liang, Q. (2020) Exercise Recommendation Based on Knowledge Concept Prediction.
Knowledge-Based Systems, 210, Article ID: 106481. https://doi.org/10.1016/j.knosys.2020.106481

Huo, Y., Wong, D.F., Ni, L.M., Chao, L.S. and Zhang, J. (2020) Knowledge Modeling via Contextualized Representa-
tions for LSTM-Based Personalized Exercise Recommendation. Information Sciences, 523, 266-278.
https://doi.org/10.1016/j.ins.2020.03.014

Guan, Q., Xiao, F., Cheng, X., Fang, L., Chen, Z., Chen, G., et al. (2023) KG4Ex: An Explainable Knowledge Graph-
Based Approach for Exercise Recommendation. Proceedings of the 32nd ACM International Conference on Information
and Knowledge Management, Birmingham, 21-25 October 2023, 597-607. https://doi.org/10.1145/3583780.3614943

Wang, F., Liu, Q., Chen, E., Huang, Z., Chen, Y., Yin, Y., et al. (2020) Neural Cognitive Diagnosis for Intelligent Education
Systems. Proceedings of the AAAI Conference on Artificial Intelligence, 34, 6153-6161.
https://doi.org/10.1609/aaai.v34i04.6080

Abdelrahman, G., Wang, Q. and Nunes, B. (2023) Knowledge Tracing: A Survey. ACM Computing Surveys, 55, 1-37.
https://doi.org/10.1145/3569576

Corbett, A.T. and Anderson, J.R. (1995) Knowledge Tracing: Modeling the Acquisition of Procedural Knowledge. User
Modelling and User-Adapted Interaction, 4, 253-278. https://doi.org/10.1007/bf01099821

Piech, C., et al. (2015) Deep Knowledge Tracing. Proceedings of the 29th International Conference on Neural Infor-
mation Processing Systems, Montreal, 7-12 December 2015, 505-513.

Lipton, Z.C., Berkowitz, J. and Elkan, C. (201) A Critical Review of Recurrent Neural Networks for Sequence Learning.
arXiv: 1506.00019.

Chen, P., Lu, Y., Zheng, V.W. and Pian, Y. (2018) Prerequisite-Driven Deep Knowledge Tracing. 2018 IEEE Interna-
tional Conference on Data Mining (ICDM), Singapore, 17-20 November 2018, 39-48.
https://doi.org/10.1109/icdm.2018.00019

Zhang, J., Shi, X., King, I. and Yeung, D. (2017). Dynamic Key-Value Memory Networks for Knowledge Tracing. Pro-
ceedings of the 26th International Conference on World Wide Web, Perth, 3-7 April 2017, 765-774.
https://doi.org/10.1145/3038912.3052580

Liu, Q., Huang, Z., Yin, Y., Chen, E., Xiong, H., Su, Y., et al. (2021) EKT: Exercise-Aware Knowledge Tracing for Student
Performance Prediction. IEEE Transactions on Knowledge and Data Engineering, 33, 100-115.
https://doi.org/10.1109/tkde.2019.2924374

Nakagawa, H., lwasawa, Y. and Matsuo, Y. (2019) Graph-Based Knowledge Tracing: Modeling Student Proficiency Using
Graph Neural Network. IEEE/WIC/ACM International Conference on Web Intelligence, Thessaloniki, 14-17 October 2019,
156-163. https://doi.org/10.1145/3350546.3352513

Summers, D. and Ma, C. (2000) A Model for Generating Relativistic Electrons in the Earth's Inner Magnetosphere Based
on Gyroresonant Wave-particle Interactions. Journal of Geophysical Research: Space Physics, 105, 2625-2639.
https://doi.org/10.1029/1999ja900444

Wu, Z., Huang, L., Huang, Q., Huang, C. and Tang, Y. (2022) SGKT: Session Graph-Based Knowledge Tracing for Student

DOI: 10.12677/csa.2026.164106 28 T LR 58


https://doi.org/10.12677/csa.2026.164106
https://doi.org/10.1145/371920.372071
https://doi.org/10.7763/ijiet.2012.v2.120
https://doi.org/10.1016/j.knosys.2020.106481
https://doi.org/10.1016/j.ins.2020.03.014
https://doi.org/10.1145/3583780.3614943
https://doi.org/10.1609/aaai.v34i04.6080
https://doi.org/10.1145/3569576
https://doi.org/10.1007/bf01099821
https://doi.org/10.1109/icdm.2018.00019
https://doi.org/10.1145/3038912.3052580
https://doi.org/10.1109/tkde.2019.2924374
https://doi.org/10.1145/3350546.3352513
https://doi.org/10.1029/1999ja900444

[19]
[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

[33]

[34]

[38]

[36]
[37]

[38]

Performance Prediction. Expert Systems with Applications, 206, Article ID: 117681.
https://doi.org/10.1016/j.eswa.2022.117681

Linden, G., Smith, B. and York, J. (2003) Amazon.com Recommendations: Item-To-Item Collaborative Filtering. IEEE
Internet Computing, 7, 76-80. https://doi.org/10.1109/mic.2003.1167344

Zisopoulos, H., Karagiannidis, S., Demirtsoglou, G. and Antaris, S. (2008) Content-Based Recommendation Systems.
https://link.springer.com/chapter/10.1007/978-3-540-72079-9 10

Shishehchi, S., Banihashem, S.Y., Zin, N.A.M. and Noah, S.A.M. (2011) Review of Personalized Recommendation Tech-
niques for Learners in E-Learning Systems. 2011 International Conference on Semantic Technology and Information
Retrieval, Putrajaya, 28-29 June 2011, 277-281. https://doi.org/10.1109/stair.2011.5995802

Walker, A., Recker, M.M., Lawless, K. and Wiley, D. (2004) Collaborative Information Filtering: A Review and an Edu-
cational Application. International Journal of Artificial Intelligence in Education, 14, 3-28.
https://doi.org/10.3233/irg-2004-14(1)02

Chang, P., Lin, C. and Chen, M. (2016) A Hybrid Course Recommendation System by Integrating Collaborative Filtering
and Artificial Immune Systems. Algorithms, 9, Article 47. https://doi.org/10.3390/a9030047

Klasnja-Mili¢evié, A., Ivanovi¢, M. and Nanopoulos, A. (2015) Recommender Systems in E-Learning Environments: A
Survey of the State-of-the-Art and Possible Extensions. Artificial Intelligence Review, 44, 571-604.
https://doi.org/10.1007/s10462-015-9440-z

Ghauth, K.I.B. and Abdullah, N.A. (2009) Building an E-Learning Recommender System Using Vector Space Model
and Good Learners Average Rating. 2009 Ninth IEEE International Conference on Advanced Learning Technologies, Riga,
15-17 July 2009, 194-196. https://doi.org/10.1109/icalt.2009.161

Hu, D., GU, S., Wang, S., Wenyin, L. and Chen, E. (2008) Question Recommendation for User-Interactive Question
Answering Systems. Proceedings of the 2nd International Conference on Ubiquitous Information Management and Com-
munication, Suwon, 31 January-1 February 2008, 39-44. https://doi.org/10.1145/1352793.1352803

Segal, A., Katzir, Z., Shapira, B., Shani, G. and Gal, Y.A. (2014) EduRank: A Collaborative Filtering Approach to Person-
alization in E-Learning. 2014 Proceedings of the 7th International Conference on Educational Data Mining (EDM 2014),
London, 4-7 July 2014, 68-75.

Du, H., Li, N., Ma, F. and Palaoag, T. (2022) Personalization Exercise Recommendation Based on Cognitive Diagnosis.
The 6th International Conference on Computer Science and Application Engineering, 21-23 October 2022, 1-5.
https://doi.org/10.1145/3565387.3565416

Liu, Z., Li, Y., Wei, L. and Wang, W. (2023) Adaptive Exercise Recommendation Based on Cognitive Level and Col-
laborative Filtering. In: Hong, W. and Weng, Y., Eds., Computer Science and Education, Springer, 503-518.
https://doi.org/10.1007/978-981-99-2446-2_46

Yan, Z.,Du, H., Lin, Z. and Jianhua, Z. (2023) Personalization Exercise Recommendation Framework Based on Knowledge
Concept Graph. Computer Science and Information Systems, 20, 857-878.
https://doi.org/10.2298/csis220706024y

Ren, Y., Liang, K., Shang, Y. and Zhang, Y. (2023) MulOER-SAN: 2-Layer Multi-Objective Framework for Exercise
Recommendation with Self-Attention Networks. Knowledge-Based Systems, 260, Article ID: 110117.
https://doi.org/10.1016/j.knosys.2022.110117

Xu, B., Huang, Z., Liu, J., Shen, S., Liu, Q., Chen, E., et al. (2023) Learning Behavior-Oriented Knowledge Tracing.
Proceedings of the 29th ACM SIGKDD Conference on Knowledge Discovery and Data Mining, Long Beach, 6-10 Au-
gust 2023, 2789-2800. https://doi.org/10.1145/3580305.3599407

Heffernan, N.T. and Heffernan, C.L. (2014) The Assistments Ecosystem: Building a Platform That Brings Scientists and
Teachers Together for Minimally Invasive Research on Human Learning and Teaching. International Journal of Artifi-
cial Intelligence in Education, 24, 470-497. https://doi.org/10.1007/s40593-014-0024-x

Chang, H.S., Hsu, H.J. and Chen, K.T. (2015) Modeling Exercise Relationships in E-Learning: A Unified Approach.
Proceedings of the 8th International Conference on Educational Data Mining, Madrid, 26-29 June 2015, 532-535.

Niwattanakul, S., Singthongchai, J., Naenudorn, E. and Wanapu, S. (2013) Using of Jaccard Coefficient for Keywords Simi-
larity. Proceedings of the International MultiConference of Engineers and Computer Scientists 2013 Vol I, IMECS 2013,
Hong Kong SAR, 13-15 March 2013. https://www.iaeng.org/publication/IMECS2013/IMECS2013 pp380-384.pdf

Gong, T. and Yao, X. (2019) Deep Exercise Recommendation Model. International Journal of Modeling and Optimiza-
tion, 9, 18-23. https://doi.org/10.7763/ijm0.2019.v9.677

Wang, Z. and Yu, N. (2021) Education Data-Driven Online Course Optimization Mechanism for College Student. Mobile
Information Systems, 2021, Article ID: 5545621. https://doi.org/10.1155/2021/5545621

Yang, Y., Huang, C., Xia, L., Liang, Y., Yu, Y. and Li, C. (2022) Multi-Behavior Hypergraph-Enhanced Transformer

DOI: 10.12677/csa.2026.164106 29 T LR 58


https://doi.org/10.12677/csa.2026.164106
https://doi.org/10.1016/j.eswa.2022.117681
https://doi.org/10.1109/mic.2003.1167344
https://link.springer.com/chapter/10.1007/978-3-540-72079-9_10
https://doi.org/10.1109/stair.2011.5995802
https://doi.org/10.3233/irg-2004-14(1)02
https://doi.org/10.3390/a9030047
https://doi.org/10.1007/s10462-015-9440-z
https://doi.org/10.1109/icalt.2009.161
https://doi.org/10.1145/1352793.1352803
https://doi.org/10.1145/3565387.3565416
https://doi.org/10.1007/978-981-99-2446-2_46
https://doi.org/10.2298/csis220706024y
https://doi.org/10.1016/j.knosys.2022.110117
https://doi.org/10.1145/3580305.3599407
https://doi.org/10.1007/s40593-014-0024-x
https://www.iaeng.org/publication/IMECS2013/IMECS2013_pp380-384.pdf
https://doi.org/10.7763/ijmo.2019.v9.677
https://doi.org/10.1155/2021/5545621

for Sequential Recommendation. Proceedings of the 28th ACM SIGKDD Conference on Knowledge Discovery and Data
Mining, Washington, 14-18 August 2022, 2263-2274. https://doi.org/10.1145/3534678.3539342

[39] Yin, Y., Dai, L., Huang, Z., Shen, S., Wang, F., Liu, Q., et al. (2023) Tracing Knowledge Instead of Patterns: Stable
Knowledge Tracing with Diagnostic Transformer. Proceedings of the ACM Web Conference 2023, Austin, 30 April-4 May
2023, 855-864. https://doi.org/10.1145/3543507.3583255

[40] Gao, W., Ma, H., Zhao, Y., Wang, J. and Tian, Q. (2024) Enhancing Personalized Exercise Recommendation with Stu-

dent and Exercise Portraits. Journal of Electronic Science and Technology, 22, Article ID: 100262.
https://doi.org/10.1016/j.jnlest.2024.100262

[41] Vygotsky, L.S., Cole, M., Jolm-Steiner, V., Scribner, S. and Souberman, E. (1978) Mind in Society: The Development
of Higher Psychological Processes. Harvard University Press.

DOI: 10.12677/csa.2026.164106 30 HEHUR 5 R


https://doi.org/10.12677/csa.2026.164106
https://doi.org/10.1145/3534678.3539342
https://doi.org/10.1145/3543507.3583255
https://doi.org/10.1016/j.jnlest.2024.100262

	知识状态预测与聚类驱动的习题推荐方法
	摘  要
	关键词
	Knowledge State Prediction and Cluster-Driven Exercise Recommendation
	Abstract
	Keywords
	1. 引言
	2. 相关工作
	2.1. 知识状态预测
	2.2. 习题推荐

	3. 问题定义
	4. 研究方法
	4.1. 知识评估模块
	4.2. 聚类和知识融合模块
	4.3. 习题推荐模块

	5. 实验与分析
	5.1. 实验设置
	5.2. 基线方法
	5.3. 实验结果与分析
	5.4. 参数敏感性分析
	5.5. 消融实验

	6. 结论
	参考文献

