A4 H4W wOMROR Al (R R D Vol. 44 No. 4
2026 -7 H Journal of Jilin University (Information Science Edition) July 2026

X ERS :1671-5896 (2026 ) 04-0963-09
SR KNS Sk 2 > N HRBCR TR YR A

5 B, EHH

(1. ZEafLH B AR 2P dhse B30, B 650203; 2. RMIHI TR (E8 TR A ahfk:p, B 650504)

FEEE ;ST FEMAZCTT R A P A 7 B3 1 SR Y YRS Vo Il S g s o 7 2 ) B R ) 32 A R MR L, 523 NDCG
(Normalized Discounted Cumulative Gain) JH— k47351 388 5 N BLAR f (] 81, X 3 F sh 25 AR B 5 s b =2 > 1Y
HRHCG A PR Sk A T A BT . A 20 U8 S A iR ) MR OB R B A AR R 3R A, 5L AR B Y
HRAFRAE 7] S A3 B B A BREL; 85 B R W28 R G SRR SR BE R, TR ARAE , M e BE SR i ah &5
TR IS5 5 2 5 RHT Actor-Critic ZEA4K B AR sREUE R iR AL RITHI R R, SIARGEN AL, e 2T
RO A BB AR 5 AR BRI R B 5 iR AL T R AR S G, AR R R TG R R,
i HRAFHLRIE S AR E S vh A RO IR AT B AR, IR B IS N HEE AR, S8 RSO IR AL
e . SEIREE RN, PP EAEA RSB IR (S NDCG 5 — (LI 45 th 2w T 0. 8, 7EHFIF I T BE
B ARG B R R | 4 SE AT RR BRI ) S HEE SRR RO 8, AR B R4y, RS20 B O vk
IR TR L IR RN DE e )8, B 3 — Bk

KR SAREGE i SR IR, WY Rk

HE %S TP391 CERARERS: A

Personalized Recommendation Algorithm for Vocational Education Resources

Based on Dynamic Knowledge Graph and Reinforcement Learning
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Abstract; In the design of personalized recommendation algorithms for vocational education resources, chaotic
mapping is commonly used to construct recommendation learning models. However, such models are susceptible
to the curse of dimensionality, leading to suboptimal NDCG ( Normalized Discounted Cumulative Gain). To
address this, an optimized design of a personalized recommendation algorithm is proposed for vocational education
resources based on dynamic knowledge graph and reinforcement learning. Specifically, a dynamic knowledge
graph representation is constructed from multi-source heterogeneous vocational education resource data, and a
temporal-aware embedding representation vector is introduced to derive dynamic embedding functions. A graph
attention network is employed to aggregate neighborhood information of entities, updating node representations to
deeply integrate structural information of the dynamic knowledge graph. An Actor-Critic framework is adopted to
maximize cumulative expected rewards, and entropy regularization is introduced to achieve a composite reward
function that balances recommendation objectives. By combining a cost-sensitive search algorithm with the
reinforcement learning strategy, a heuristic evaluation function is generated. A resampling mechanism is applied

to locate effective resources within the dynamic knowledge graph for path insertion, enabling adaptive
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recommendation path planning and achieving personalized recommendation of vocational education resources.
Experimental results demonstrate that the proposed algorithm consistently achieves NDCG values above 0. 8 across
different types of resources. It effectively accounts for item relevance and ranking positions, placing items of
higher user interest in more prominent positions. The recommendation quality remains high without being affected
by browsing and filtering delays or demand mismatches, exhibiting significant recommendation consistency.

Key words: dynamic knowledge graph; reinforcement learning; vocational education resources; resource

recommendation ; recommendation algorithm
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Fig.1 Attention distribution and incremental update effect of knowledge graph nodes
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Tab.1 Composition parameters of experimental platform

P(ewu| 2,0 = (8)

ZikEs Lk SRR

GPU NVIDIA A100 Tensor Core VRAM: 80 GByte HBM2e; Bandwidth; 1.9 TByte/s; CUDA Cores: 6912
CPU AMD EPYC™ 7763 Cores: 64-Core/128-Thread; Base Clock: 2.45 GHz; L3 Cache: 256 MByte
RAM Samsung DDR4 ECC REG Capacity: 512 GByte; Frequency: 3 200 MHz
Storage  Samsung PM1733 NVMe SSD Capacity: 7. 68 TByte Read Speed: 7 000 MByte/s

Network InfiniBand HDR Speed: 200 Gbit/s
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Tab.2 Experimental software environment
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Ubuntu 22.04 LTS
0S( Operating System ) PyTorch Geometric 2.3.1
(Long-Term Support )

CUDA (Compute Unified Device

11.8/8.6.0 Gymnasium 0.28.1
Architecture ) /cuDNN
Python 3.9.13 Neodj & Py2neo 5.11.0
PyTorch 2.0. 1(Stable)

LEAFR 2 I VocEdu-DKG-202X &2 A K EAE I LB 4, Bade sk 3 R,
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Tab.3 Dimensions of experimental dataset data
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Fig.2 Personalized recommendation of Skill Coverage results for vocational education resources
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