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Tab. 1 Comparison of the computational complexity of the MF and the model presented in this paper
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Fig.1 Learning curve and index analysis with training(learning rate and latent embedding dimension)
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Tab. 2 Accuracy of the user-specific prevalence on the dataset

2] AT B A 4K

yIReS Avg.
0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0

GM 0.5735 0.5630 0.5567 0.5584 0.5619 0.5625 0.5627 0.5634 0.5657 0.5659  0.563 4

SM 0.6327 0.6359 0.6397 0.6368 0.637 6 0.6375 0.6371 0.6366 0.6371 0.6391 0.637 0

AM 0.598 2  0.6021 0.6048 0.6033 0.6076 0.6101 0.6119 0.6104 0.6121 0.6137  0.607 4

MoM 0.6255 0.6179 0.6211 0.6219 0.6235 0.6245 0.6258 0.6276 0.6302 0.6321  0.625 0

MF 0.7519 07611 0.7625 0.7644 0.7679 0.7687 0.7699 0.7706 0.7714 0.774 6  0.766 3

LMEF(S) 0.766 6 0.7637 0.769 9 0.7704 0.7739 0.7751 0.7779 0.7796 0.7819 0.7851 0.774 4
LMF(A) 0.776 8 0.7745 0.776 7 0.7754 0.7787 0.7802 0.7807 0.7814 0.7835 0.786 5 0.779 4

LMF(S,A) 0.768

o)

0.764 7 07702 07712 0.7756 0.7757 0.7781 0.779 8 0.781 4 0.785 1 0.775 0
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Tab. 3 Accuracy of learning outcomes for specific prevalence on datasets

27 2 AR R AT BE 43 4L
Tk Avg.
0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1.0
GM 0.587 5 0.582 8 0.563 2 0.564 4 0.563 1 0.564 9 0.565 0 0.564 7 0.564 5 0.565 9 0.568 6
SM 0.648 3 0.6498 0.6453 0.6440 0.6398 0.6382 0.6380 0.6394 0.6410 0.6391 0.642 3
AM 0.656 2 0.6458 0.636 8 0.6253 0.6221 0.6227 0.6176 0.6155 0.6140 0.6137 0.627 0
MoM 0.637 9 0.645 9 0.632 9 0.631 4 0.633 1 0.632 6 0.630 9 0.632 7 0.631 9 0.632 1 0.634 1
MF 0.765 4 0.762 1 0.771 5 0.775 3 0.775 9 0.777 1 0.777 6 0.778 3 0.776 2 0.774 6 0.773 4

LMF(S) 0.7658 0.7694 0.7785 0.7831 0.784 8 0.7866 0.7871 0.7873 0.7877 0.7851 0.781 5

LMF(A) 0.7670 0.766 5 0.773 2 0.7793 0.7831 0.7855 0.7871 0.7879 0.7877 0.786 5 0.780 4

LMF(S,A) 0.7718 0.7739 0.7821 0.7856 0.7880 0.7907 0.788 4 0.7878 0.7870 0.7851 0.784 0
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Tab. 4 Accuracy of mixed features for specific prevalence on the dataset
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Fig.2 Performance of user prevalence for different identity categories in the dataset
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Fig.3 Summary of learning outcomes prevalence performance for different identity categories in the dataset
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Fig.4 Performance of joint prevalence for different identity categories in the dataset

2.4 RNIEFEMBESN

MF 3T U P B 138 5 10K 228 2500 B A5 8 % 5 2l SO X 25 7% 2 — A TR . 4 o] A e
PP 7R N il DR TR AR SCER A T — A2 [ S i Rk e B ¥ de . T B BT A A R B 1 2 2D
AR F A0 T of G, G vp B 5 T L ) 1 5 A R S R R L RS R T % e T G e f5 ST B L O A R I Y
LM g A ER R 5 TR X S AR 3 12 B T — A BUSHY 2R 2855 1 (B4 K-means) , I ] 48 B
FR YAk T R 7 SRS R SO S U AR R A 4 ) — e B X ) B X R AT

58 B L X R BT R IO AT IR N RIAE 55 BEAT AL AP 5o iy T — SRR AR R 19 1, ok [
008 AR 04 S DA 02 20 25 RN BAR G 3 23 10 1A [ A A U0 B 2R S S i T B 43 2K 001 R N A A R Y L T
AJEAEPE /R Ve FE 2 Jm AT RIXE 2 2] 3 AT R & M IR AR i RIAT 55 AT PEAS L QAT 5 (b) g i T — S 4]
T oK A RO B B0 S 1) B 27 o) B R A AR G b g3 AT AS (R A B AR B AR R S T AR R R A
AN TR MEE A BE 1 A AR A, G HLAY T B S AE T 8 T B R A R S Bl O T = A R Y
PR AR G T i AR e v B E073 28 X R IR G 1T DUTE BN A LM 4 A 25 i) A0l 2 85250015 B
B o] 25 R B OB ik R B B TS AP A 2 RS Ol N AR

3 R %

A SC AR e i 22 B Al B A R R 0 2 2] 3 B R L IR R T — A BT HE AR LMEF.LMF 1 550 2 423
TUECE R R BARTE OB S SR A g — A TUOUI ZR Y T 5 A L M7 5 08 S R B AL AR 5 R



64 T IR IL K FIRCA RAF RO 2025 4

i Sk R IR A R BRI 22 5 5 O B FE R
WOk 207 57~ 2 MR A B R & A5 A3

FE— 4G 2.5 T3 ) A 35 TN B A 5 U1 Cluster
OENGIOITELE SR LR R ST T f
WA IE RIS S S FRHET M1 2 5 B 4 R W 1 2
5 HELRAR H L MIF T BS54 5 0 Ll 7 7 2% | -

= o R TUI AE BE L O A 2 2 R/ sOSUR ASAT
I 5 i AT 250 Ak L X 2 2] 3 R LML ik A 2 RS TT
Bl 27 ) B FORBEAT RIS R T N TR BE
T A= PO 20T U O B T 18T an A A 2
PSR A AR AR SO A SRR I T (D R M

Fig. 5

() ZTLAR (b) Fi P 32K

5 B (a) A2 5725 (b) HOLMIBN C-SNEIE]
Results(a) and User(b) LM embedded t-SNE diagram

A T A 2 A 25 S Y R I L (20 R T 22 25 i B A5 B R AT i JEE A P A B R SR B AR AR SR i R
i P8 5 R £ T S 3 R B 2 B R (ELOR R AR AT RUE i LM RO L LM A B OR R
LM 45 S0 it Ah A SO7 R AR 0 i EF WO 0 JZ R B0 6 28 1 38 B 48 B B A Rk, d i ix
PR LS U B B0 B 4R ol P B B LRI RCR L DL ORI .

Bt 5% D B F R (DO1:10.16366/j.cnki.1000-2367.2024.08.12.0002).

Z % x #

PENG T,DING L Y.Performance prediction model based on data mining based education students[ ] ]. Heilongjiang Researches on Higher

JIANG P C,WANG C,HU F Z,et al.Student performance prediction based on reading cognitive diagnosis[ J ].Computer Engineering and
OSKOUEI R J, ASKARI M.Predicting academic performance with applying data mining techniques(generalizing the results of two differ-

NGHE N T,JANECEK P,HADDAWY P.A comparative analysis of techniques for predicting academic performance[ C]//2007 37th An-

nual Frontiers In Education Conference-Global Engineering: Knowledge Without Borders, Opportunities Without Passports. Milwaukee:
ASIF R,MERCERON A,ALI S A,et al. Analyzing undergraduate students performance using educational data mining[J].Computers &-
KABAKCHIEVA D. Student performance prediction by using data mining classification algorithms[ J]. International Journal of Computer

HUY-LE Q,PHAM-THI T.HUYNH-TUONG N,et al.Student’s academic performance prediction in the programming techniques course
by using machine learning methods[ C]//2024 IEEE 30th International Conference on Telecommunications(ICT). Amman:IEEE, 2024 .

AL-SHEHRI H,AL-QARNI A,AL-SAATI L,et al.Student performance prediction using Support Vector Machine and K-Nearest Neigh-
LUO Y Y,HAN X B,ZHANG C Y.Prediction of learning outcomes with a machine learning algorithm based on online learning behavior
HU Q,RANGWALA H. Academic performance estimation with attention-based graph convolutional networks[ EB/OL]. [2024-07-12].
NIU K,CAO X.YU Y. Explainable student performance prediction with personalized attention for explaining why a student fails[ EB/

REN Z Y,NING X,LAN A S,et al.Grade prediction with neural collaborative filtering[ C]//2019 IEEE International Conference on Data

(1] 2, TRz ST 08 B2 082 A4 R DU A B A A F e () ] 2R e T #F 5, 2015,33(11) :55-58.
Education,2015,33(11) :55-58.
(2] EH. ENLHIEE 538 T B S R2 W 0 2 A R BB [ ]S HL TR 5 0 . 2022,58(11) £ 160-170.
Applications,2022,58(11) :160-170.
[3]
ent case studies)[ ] ].Computer Engineering and Applications Journal,2014,3(2) ;79-88.
[4]
IEEE.2007. T2G-7-T2G-12.
[5]
Education,2017,113:177-194.
[6]
Science and Management Research,2012,1(4) . 686-690.
[7]
1-7.
[8]
bor[C]//2017 IEEE 30th Canadian Conference on Electrical and Computer Engineering(CCECE).Windsor:IEEE,2017:1-4.
[9]
data in blended courses[ J].Asia Pacific Education Review,2024,25(2) ;267-285.
[10]
arXiv:2001.00632. 2019, https://arxiv.org/abs/2001.00632.
[11]
OL].[2024-07-12]. arXiv:2110.08268. 2021. https://arxiv.org/abs/2110.08268.
[12]
Science and Advanced Analytics(DSAA).Washington,DC:IEEE,2019:1-10.
[13]

ISINKAYE F O.FOLAJIMI Y O,0OJOKOH B A.Recommendation systems: Principles, methods and evaluation[ ] ].Egyptian Informatics
Journal,2015,16(3) :261-273.



% 6 4 WAL F ATHEESMO SBREEFRLAT ALF I ARTN 65

[14] RESNICK P,VARIAN H R.Recommender systems[ J ].Communications of the ACM,1997,40(3) :56-58.

[15] SWEENEY M,LESTER J,RANGWALA H.Next-term student grade prediction[ C]//2015 IEEE International Conference on Big Data
(Big Data).Santa Clara:IEEE,2015:970-975.

[16] SWEENEY M,RANGWALA H,LESTER J,et al. Next-term student performance prediction; A recommender systems approach[ ]].
Journal of Educational Data Mining,2016,8(1) . 22-50.

[17] ZHONG S T.HUANG L,WANG C D,et al.Constrained matrix factorization for course score prediction[ C]//2019 IEEE International
Conference on Data Mining(ICDM).Beijing: IEEE.2019:1510-1515.

[18] GUO Z X,LIU T Y,CHANG L,et al.Deep matrix factorization based on self-attention mechanism for student grade prediction[ J].Jour-
nal of Physics:Conference Series,2020,1651(1):012019.

[19] DRACHSLER H,VERBERT K,SANTOS O C,et al.Panorama of recommender systems to support learning[ M]//Recommender Sys-
tems Handbook.Boston: Springer,2015:421-451.

[20] Z=8%, kAR 75, WER AL, %500 0% 3 S P 102 ) SRR % S P IR L) ] 0 AR R 4 (L0 2024, 54(2) :69-79.
LI L,ZHANG Z J,FAN Y M,et al.Sequential recommendation for cold-start users with meta graph transitional learning[ ]J].Journal of
Shandong University(Engineering Science) ,2024,54(2) :69-79.

(210 5kF4 . X/ JE T o o 19 2 P10 U Rla v IR st Bk [T B PLR TP SE . 2024, 41(7) - 2025-2032.

[22] PAL S,PRAMANIK P K D,CHOUDHURY P.Learners intention analysis to mitigate the cold start problem in personalized learning rec-
ommendation systems[ ] ].Multimedia Tools and Applications,2025,84(19):21273-21327.

[23] FERNANDEZ-TOBIAS I,.BRAUNHOFER M,ELAHI M, et al. Alleviating the new user problem in collaborative filtering by exploiting
personality information[ ] ].User Modeling and User-Adapted Interaction,2016,26(2) :221-255.

[24] LIUT Q,WANG Z W, TANG J L,et al.Recommender systems with heterogeneous side information[ C]//The World Wide Web Confer-
ence.San Francisco: ACM,2019:3027-3033.

[25] THAI-NGHE N,DRUMOND L,HORVATH T,et al. Using factorization machines for student modeling[ C]//Proceedings of UMAP
Workshops. Montreal:[s.n.],2012:16.07.-20.07.

Multi-modal military vocational education online learning outcome prediction

based on matrix factorization

Shao Dongchun', Li Kang', Du Ying', Zhao Han'

(Army Academy of Armored Forces, Bengbu 233000, China)

Abstract: Online learning outcome prediction in military vocational education has received wide attention due to its edu-
cational significance. In online learning outcome prediction methods, recommendation-based methods are more important.
However, the recommendation system has problems with cold-start and incorporating side information. Although the existing
work addresses the above problems by utilizing auxiliary information, the potential of multi-modal based recommended online
learning outcome prediction methods has not been investigated. For the first time, this paper uses multi-modal assisted student
online learning outcome prediction, using a large language model as an information mixer to generate additional guidance signals
for matrix factorization. Specifically, the language-guided matrix factorization model in this paper, using linguistic multi-modal
information, produces rich semantic embeddings for educational interactions and uses them as auxiliary signals for matrix fac-
torization. This paper provides two text embedding methods. embedding initialization method calculates specific priors of the
data to initialize the decomposition matrix, and embedding distillation method is used to align the underlying features and em-
bedding features of the matrix decomposition, making the language model more fully guide the matrix decomposition. This pa-
per evaluates the proposed model on a dataset collected on an online education platform, including 3.5X 10’ interactions for 2.5
X 10" users and 5X 10" different evaluations of outcomes. A lot of experiments show that the current model outperforms the
existing methods in various military vocational education online learning outcome prediction scenarios, including cold-start.

Keywords : military vocational education; online learning outcomes predication; multi-modal; cold-start; matrix factori-

zation
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Tab. S1 Example of user mathematical ability measurement dataset
(a) % > 3 SRR (b) AR T
Ee SOrn RGeS 3443 B PIAR A 2 B ae )1 B b %
A010000727 1 0.196 8 0.967 8 A010001001 —3.719 7 0.721 1 0.010 1 5 844
A010000542 3 —0.3215 0.939 8 A010003005 —1.717 3 1.011 8 0.590 1 6 307
A040000160 2 —0.162 9 0.789 2 A060066004 0.129 0 1.425 5 0.001 1 610
A060001349 3 —0.337 9 0.624 2 A080080003 —0.453 6 1.958 1 0.000 0 26
A060002328 2 0.910 2 0.904 6 A090020003 0.001 5 1.475 4 0.001 0 974
(o) %2 H — R TR () B2 R 25 A B0
e BUR S5 38 H. 4 i 2% FEME i Ba
A010000727 A010001001 1 5844 Jon s LA A B 5 TR I ) LE A
A010000727  A010003005 0 610 S W KR H 551 198 ST R T In - i e >k 11 R KR
A010000542 A010003005 0
A060001349  A060066004 1 26 ATHIRIFE AR AT D 1 TC R S H R AR F R B A
A060002328 A060066004 1
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Tab. S2  Prediction of online learning outcomes for different identity categories on 13 models and 4 indicators

‘ eSB! eSS HHr35) 3
ik Acc. Prec. Rec. F, Acc. Prec. Rec. F, Acc. Prec. Rec. F,
GM 0.672 0.778 0.808 0.792 0.597 0.703 0.738 0.720 0.577 0.667 0.719 0.692
SM 0.694 0.801 0.805 0.802 0.655 0.754 0.755 0.754 0.632 0.718 0.729 0.723
AM 0.713 0.803 0.834 0.819 0.658 0.748 0.774 0.761 0.636 0.711. 0.757 0.733
MoM 0.718 0.810 0.832 0.821 0.656 0.754 0.757 0.755 0.638 0.714 0.751 0.732
MF 0.822 0.843 0.951 0.894 0.794 0.831 0.902 0.865 0.775 0.801 0.888 0.843

HUY-LE Q™ 0.751 0.731 0.894 0.821 0.798 0.762 0.801 0.792 0.712 0.751 0.725 0.765

LUO Y Y 0.819 0.820 0.911 0.824 0.809 0.821 0.899 0.851 0.752 0.786 0.797 0.801
INCS) 0.806 0.849 0.918 0.882 0.791 0.839 0.881 0.860 0.781 0.819 0.860 0.839
INCA) 0.820 0.856 0.929 0.891 0.804 0.846 0.895 0.870 0.796 0.827 0.885 0.855

IN(S . A) 0.804 0.849 0.915 0.880 0.793 0.840 0.881 0.860 0.786 0.831 0.857 0.844
DI(S) 0.827 0.848 0.953 0.898 0.807 0.834 0.918 0.874 0.797 0.813 0.907 0.857
DICA) 0.830 0.847 0.958 0.899 0.812 0.839 0.918 0.877 0.792 0.808 0.910 0.856

DI(S ,A) 0.829 0.846 0.958 0.899 0.807 0.835 0.917 0.874 0.789 0.808 0.905 0.854

e Ace R MERNF ; Prec AN s Rec AR A 1.



