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A Sequential recommendation model with structure-guided diffusion

and knowledge tracing
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Wuhan 430074, Hubei China)

Abstract Most existing concept-aware sequential recommendation methods mainly rely on ID embeddings or raw textual
semantics, while neglecting semantic noise in text, prerequisite-successor relations among knowledge concepts, and
learners dynamically changing knowledge mastery. As a result, recommendation results often fail to match learners current
cognitive states. To address these limitations, SG-DiffRec, a sequential recommendation model that integrates structure-
guided diffusion with knowledge tracing is proposed. Specifically, SG-DiffRec incorporates the topological structure of a
knowledge graph into the semantic generation process of diffusion models, guiding representations toward pedagogically
consistent structural patterns and producing embeddings with both semantic richness and structural consistency. In
addition, a deep knowledge tracing module is introduced to capture learners dynamic mastery states, while a multimodal
attention mechanism adaptively fuses static knowledge attributes with dynamic learner states. Extensive experiments on
three real-world educational datasets, Junyi, ASSISTments09, and ASSISTments12, demonstrate that SG-DiffRec
outperforms several competitive sequential recommendation methods.
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Fe KWK BE A 50, B0 B B 4 i AR vk 8k 30, 3
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Tab. 3 Evaluation of SG-DiffRec against baselines ont hree datasets

Dataset JUNYI ASSISTments12 ASSISTments09
Methods HR@I NDCG@5 MRR@5 HR@I NDCG@5 MRR@5 HR@1 NDCG@5 MRR@5
SASRec 0.7612 0.8240 0.8171 0.7512 0.8332 0.8113 0.7649 0.8736 0.8503
Bert4Rec 0.3550 0.4826 0.4661 0.2540 0.4247 0.4047 0.1935 0.2203 0.2342
ZESRec 0.7881 0.8363 0.8259 0.2596 0.4649 0.4343 0.5809 0.7269 0.6998
GCARec 0.1284 0.1650 0.1740 0.2119 0.3169 0.3182 0.2513 0.3904 0.3756
FDSA 0.7638 0.8259 0.8184 0.7544 0.8225 0.8118 0.7627 0.8722 0.8484
S3-Rec 0.7931 0.8415 0.8307 0.7596 0.8383 0.8171 0.7661 0.8731 0.8505
SG-DiffRec 0.8122 0.8625 0.8471 0.7656 0.8405 0.8209 0.7995 0.8776 0.8563
Improve/% 2.41% 2.49% 1.97% 0.78% 0.26% 0.46% 4.35% 0.51% 0.68%

53440 H, SG-DiffRec 7 = P42 4E I
IR T e gh B A Junyi 04 4 I, HR@1 |
NDCG@5 il MRR@5 43 Jl] & F+ 2.41% . 2.49% Fi

1.97% ; 7 ASSISTments 12 5445 5 3 5271 0.78% .
0.26% F10.46% ; 7F ASSISTments09 $HE 4 | 43 i 42
T+ 4.35% .0.51% F110.68%. I\ 245 0] LUF HY , A S0
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Tab. 4  Ablation experiments for diffusion models and graph guidance

Kl e E4r wlo Diffusion w/o Guidance SG-DiffRec
HR@1 0.8008 0.8041 0.8122
Junyi NDCG@5  0.8545 0.8585 0.8625
MRR@5 0.8380 0.8422 0.8471
HR@I 0.7461 0.7597 0.7656
ASSISTments12 NDCG@5  0.8263 0.8343 0.8405
MRR@5 0.8052 0.8143 0.8209
HR@1 0.7837 0.7967 0.7995
ASSISTments09 NDCG@5  0.8632 0.8741 0.8776
MRR@5 0.8456 0.8550 0.8563
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Fig. 2 Influence of diffusion models and graph-based guidance on performance metrics
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