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H B AILFRBAREHFTHBWRELA , ORABRHEFHRFAER G OKE, B FMNERMEMAR, FHRFITF
HUEEEFAIRAFEFP I RER TN ELRE, HAGREAFTABENE R AT KL ANZIAGFTE RE—FFL T2
FTRHEF RBER AP R F T T A HFE A LightPLRec (Lightweight Personalized Learning Recommender for Dynamic
Practice Materials) , § EREF ENRFIEG DS T UFRIEFAELGERFITH, ETREAATRABZTERER @
SRARARRLET T EMET @A E RS T FAIEF R T KA SPIR(Student Profile & Interest-based Re-
commender), BT LS LR FMBE REBANREARRRZA FHATLHES.PLEAELA BRER T HET B FH,
SRAENEBRFETFHE, % T B M LK F ik gragh2topic, &4t T SPIR XARE R 49 7% K KAt A= £ R #0912 5% &
B RETEATHERIEANTHES T E, B EZA>WN T ERFARDFALERPRRFAGRIFIZ. L ABERM L
HEGONKNFAFIJITAREFTIRBF AN BB A AT RA-BFFRAKR B FFRRHET W KW
IR a9 % AR R R, FIT KN F AN RS RTRAERINERFITHDERAN AT THRESFAMET Mt
FHEFHBEE EZRBEELERIET IREDGEETFR T AR, j:—“f’,l/}( Qwen2. 5-3. 0B A 2 A Il 4 49 LightPL-
Rec A, ER AEHE L L MIEFX B AL L FRILE AR, EHE>H FHE 0,947 42 0. 939, £ K I34 4£ F DeepSeck-V3
AR —HEELGMNFLER, IHRARFABERAGEFLAZTEMRETHARAECX . ANEIEZAANRMEREI TR S
WHEBR ABRAT AMHARZEFE TR EZRTANERALRET AHRE,
KT 2T RHT KRR AR FE GON Lk b TR sk BiLE
FESES G434

Dynamic Recommendation of Personalized Hands-on Learning Materials Based on Lightweight
Educational LL.Ms

ZHAI Jie,LI Yanhao,CHEN Lexuan and GUO Weibin

School of Information Science and Engineering,East China University of Science and Technology,Shanghai 200023, China

Abstract The deep integration of artificial intelligence( AD) technology in the education sector has become a core strategy for na-
tional educational digital transformation. Within the domain of computer practice teaching,the precise recommendation of practical
learning resources serves as a vital pathway to enhance student learning efficacy and quality. Confronting the tension between the
scale of higher education and the diversification of student needs, this study proposes a lightweight educational large model-based
personalized practice learning resource recommendation framework, named LightPLRec(Lightweight Personalized Learning Re-
commender for Dynamic Practice Materials). The model is designed to intelligently recommend tailored practical learning materi-
als in response to the dynamic changes in individual student characteristics. Leveraging a lightweight large model with low com-
putational demands.,it constructs the SPIR(Student Profile &. Interest-based Recommender) educational large model for person-
alized practical learning resource recommendation through instruction fine-tuning and reinforcement learning methods. By integra-
ting multi-source heterogeneous data and deeply incorporating the curriculum knowledge system,disciplinary frontiers,industrial

development trends,and national strategic orientations,it establishes a cross-disciplinary, multimodal practical learning resource
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repository and designs the graph2topic method for converting knowledge graphs into thematic text. Empowered by the robust ca-
pabilities of the SPIR large model and supported by the multi-source resource repository, it proposes an intelligent workf{low-
based recommendation method. Specifically,it designs a thematic analysis method to extract student competency features from as-
sessment results,applies the GCN(Graph Convolutional Network) algorithm to mine student interest features from learning be-
havior data,and creates dual intelligent agents:a “Competency-Recommender Agent” and an “Interest-Recommender Agent”.
This constructs a dual-agent collaboratively driven intelligent workflow system,enabling a series of tasks from the intelligent gen-
eration of personalized student profiles to the dynamic recommendation of practical learning resources. Furthermore.a persona-
lized resource recommendation dataset is constructed,on which the proposed model demonstrates significantly superior perfor-
mance compared to baseline models. Specifically, the LightPLLRec model trained on the Qwen2. 5-3. 0B base model demonstrates
outstanding performance in both the capability recommendation and interest recommendation tasks,achieving accuracies of 0. 947
and 0. 939 respectively,surpassing the evaluation results of DeepSeek-V3 on the same dataset. This research provides a technical
paradigm for the vertical application of educational large models in specific scenarios. Simultaneously, by creating a dynamic per-

sonalized practical learning resource recommendation model,it offers an innovative pathway to implement the principle of “tea-

ching students according to their aptitude” and cultivate high-quality computer practice talents.

Keywords

gent workflow, Intelligent agent, Reinforcement learning
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Fig. 3 Student interest feature extraction method
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Table 3 Design information for capability-recommender agents
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Table 4 Design information for interest-based recommendation

agents
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Table 7 Comparative experimental results I

Zero-shot Accuracy COT Accuracy SET+ Agent Accuracy

HA e -4 % - E e - % - % . -1 %
HEE HEE A% A% HiEE
Qwen2. 5-1. 5B 0.170 0.272 0. 247 0.323 0. 800 0.811
Qwen2. 5-3. 0B 0. 230 0.503 0.323 0.539 0.947 0.939
Llama3-3. 0B 0.160 0.473 0.253 0.523 0. 880 0.836
MiniCPM-1. 0B 0.113 0.231 0.207 0.272 0.670 0.710
MiniCPM-2. 0B 0.183 0.472 0.283 0.496 0.827 0. 841

DeepSeek-V3 0.383 0.775 0. 690 0.920 — —

R R AL SE G R B X BACR LR B A T YR A g {H7E Recall@3 [ W&, Precision@ 3 #l NDCG@ 3 1, 4 435
(Collaborative Filtering, CF) & 3¢ Bk #E ## ( Association Rule £ 0.756~0.817 XA, M4 Z T, LightPLRec fE4 T
Learning, AR) 3% 7§ F 25 #t 1 4 3 55 7% ok 5 7 3C LightPL- B A [ 45 et g RT3 3% 9 o B 0 p 34, Ho v Qwen2. 5-
Rec #7880 J& ¥ %F L fF 58, R LU S5 36 45 ) — an 3% 8 i 3. 0B [ Precision@3 3% %] 0. 958/0. 951, Recall@ 3 ik %
Hl, A LLE L CF fE Recall@3 B A — & I # (BE 1 0.971/0.963,NDCG@ 3 i % T % 0. 973/0. 965, 4 T &
50,842, MM HETE N 0. 854) , {H H Precision@ 3 X N T AE G T . ARk L LightPLRec 76 #E 8 56 | A 35 %
0.772/0.791,NDCG@3 & 0.817/0. 828, it B #E 77 45 31 S5He A KM = B R T SR, I S R
BEFRSGAHETEMERE. ARMWENRY CF #if, Z A HAR T R

8 XTHLELR

Table 8 Comparative experimental results IT

R Precision@3 Recall@3 F1@3 NDCG@3

i e A -4 % M- % fie A - M- fie /-4 % M- fie A - % X -
LightPLRec(Qwen2. 5-1. 5B) 0.842 0. 856 0.861 0.873 0.851 0. 864 0. 865 0.879
LightPLRec(Qwen2. 5-3. 0B) 0.958 0.951 0.971 0.963 0.964 0.957 0.973 0.965
LightPLRec(Llama3-3. 0B) 0.8924 0. 854 0.905 0.867 0.898 0. 860 0.912 0.874
LightPLRec( MiniCPM-1. 0B) 0.761 0.772 0.776 0.784 0.769 0.778 0.784 0.790
LightPLRec(MiniCPM-2. 0B) 0.839 0. 852 0.855 0.866 0.847 0.859 0. 861 0.872
DeepSeek-V3 0. 944 0.956 0.953 0.964 0.948 0. 960 0.957 0.968
Bl 3 € (CF) 0.772 0.791 0.842 0. 854 0. 806 0.822 0.817 0.828
x Bk (AR 0.756 0.773 0.826 0.841 0.789 0.806 0.801 0.817
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Table 9 Ablation experiment results I
2 E Accuracy
‘77 Qwen2. 5-1. 5B Qwen2. 5-3. 0B Llama3-3. 0B MiniCPM-1. 0B MiniCPM-2. 0B DeepSeek-V3
Zero-shot 0.272 0.503 0.473 0.231 0.472 0.775
Zero-shot(w/o0 GCN % #i 4 4E) 0.198 0.387 0.351 0.161 0.356 0.661
ACE ) —0.074 —0.116 —0.122 —0.070 —0.116 —0.114
CoT 0.323 0.539 0.523 0.272 0.496 0.920
CoT(w/0o GCN ¢ # 4 4E) 0.258 0. 441 0.417 0.213 0. 400 0.822
ACE ) —0. 065 —0.098 —0.106 —0.059 —0.096 —0.098
LightPLRec 0.811 0.939 0. 836 0.71 0.841 —
LightPLRec(w/0 GCN 3% # 45 4E ) 0.736 0. 859 0.752 0.635 0.763
ACE ) —0.075 —0.08 —0.084 —0.075 —0.078 -
# 10 JHREESLKZR
Table 10 Ablation experiment results 11
Accuracy o
- ®AEE/ N
SFT+ Agent SFT+GPRO + Agent
it -3 % MR- % fe -3 % kMg -3 % it - % MR- %
HAER HAE & A& A% HAE&E &
Qwen2. 5-1. 5B 0. 800 0.811 0.832 0.843 +4.0 +3.9
Qwen2. 5-3. 0B 0.947 0.939 0.965 0.958 +1.9 +2.0
Llama3-3. 0B 0. 880 0. 836 0.912 0. 867 +3.6 +3.7
MiniCPM-1. 0B 0.670 0.710 0.721 0.762 +7.6 +7.3
MiniCPM-2. 0B 0. 827 0.841 0.879 0.912 +6.3 +9.2

9T B AE GRPO % B 3T % Jil AL i 09 A 8%k, B Xt
Qwen2. 5-3. 0B JAR A HE AT T FH S 14 5 fil S 56, T kST 56 45
W=mE 11 . LR RE.BRS RS
Qwen2. 5-3. 0B ¥EBE J1 /2% M #fE 72 4F 45 1= 119 1 1 28 43 ) °F B%
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Table 11  Ablation experiment results 111
P Accuracy _ ] . B R u
fit - % LR -k Compliance Rate/ %
SFT+ GRPO+ Agent 0.965 0.958 99.1
w/o &R X 0.901 0.907 98.8
w/o # K £ 0.912 0.932 82.3
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Fig. 5 Overall task experimental results
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Table 12 Inference performance testing of various models
7 SHFEER/ 3090-24GB 3090-24GB 4090-24 GB 4090-24GB A800-80GB  A800-80GB

GB QPM TPM QPM TPM QPM TPM

Qwen2. 5-1. 5B 3.2+ 60 17500 88 27000 172 52500
Qwen2. 5-3. 0B 6.5+ 35 9800 52 15200 101 29500
Llama3-3. 0B 6.5+ 33 9200 49 14200 98 28600
MiniCPM-1. 0B 2.5+ 85 29000 129 42000 262 87500
MiniCPM-2. 0B 4.2+ 50 14500 76 22500 154 47000

DeepSeek-V3(E 7 . FP8) 700+ — — — — — —
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