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Abstract

With the development of large language model technology, the application of retrieval enhancement in the field of
education has become one of the hot research directions, with the aim of alleviating the hallucination problem of large
language models and improving the accuracy of large language models in answering educational questions. Questions
in the field of education are usually more complex and highly personalized. When traditional retrieval methods are
applied to educational questions and answers, they often have problems such as inaccurate semantic matching,
insufficient context understanding, and difficulty in data processing, resulting in poor answer quality. To address the
above challenges, this paper proposes a retrieval enhancement technology based on a neural topic model, which can
effectively improve the accuracy of large language models in answering Python programming education questions. This
technology reorders the retrieved external knowledge so that information that is more relevant to the question in the
educational scenario is used to prompt the large language model to answer the question. Experimental results show that
the Python question-answering model built based on the proposed topic enhancement technology generates higher-

quality answers than the comparison models.
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BB-KBQA 25.74 14.98 0.8024 — — 0.6482
Qwen—2.5-7B-Instruct
SimplePrompt 10.98+2.17 8.80+3.35 0.6143+0.0317 — — 0.4729 +£0.0451
SimpleRAG 31.06+1.81  19.16+2.33 0.8132+0.0252 0.5436 +£0.0311 0.6514 £0.0403 0.7049 + 0.0327
RAG+JSD 31.78+1.87  22.37+2.37 0.8259+0.0251 0.6174+0.0327 0.6573+0.0316 0.7121+£0.0419
RAG+BGE 31.51+£1.98  20.98+251 0.8397 £ 0.0203 0.5742 £0.0439 0.6539 +0.0335 0.7103 +£0.0368
TERAG(ours) 33.43+0.97 2b57+124  0.8514+0.0119 0.6312+0.0112 0.6723+0.0224 0.7366 £ 0.0269
DeepSeek—R1-Distill-Qwen—7B
SimplePrompt 11.58+2.25  10.26 +£3.91 0.6282 +0.0324 — — 0.5195 +0.0552
SimpleRAG 32.24+151  24.39£2.04  0.8491+0.0269 0.5811 £ 0.0451 0.6514 £0.0403 0.7244 £0.0443
RAG+JSD 35.08+1.74  26.43+2.23  0.8659+0.0210 0.6174 +£0.0337 0.6573+0.0316 0.7314+0.0309
RAG+BGE 33.21+1.84  25.07+221 0.8597 + 0.0265 0.5942 +0.0405 0.6539 £ 0.0335 0.7297+0.0311
TERAG(ours) 37.03£091 29.47+120 0.8721£0.0124 0.6632 £0.0134 0.6723 £ 0.0224 0.7512 £ 0.0264
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3.6 HRACIRFIEB S AT

A TERAG 1 {#  f BER Topic #f
2 FHRI R LDA FEEAEY  ETM
ALY DLPE Al 32 A AL TERAG 1 &
HIS M o K5 WS 43 IR TERAG w/
LDA fl TERAG w/ ETM. I, X T4
AR, AR B R 8 HR SRR SO A
£k, VATEAAM AR X TERAG PERE )

SO, LI R INRE6 TR T,
aLLEE ., T EA K RA
BERTopic #AI ) TERAG £ BT
FANAE R, I He=1 IR C &
SiE AR B k=5 MEREAR Y, WEIT T ARSC
PR 2R btk . BeAh, X FaEAEEL,
k=5 B T e ErERE, HIAE—EEEN,
MHRAMBIIR R Z , TR E B

3.7 BERTopic Yl & FF 455238

Y PEAS R B AR R N T ST

+6 QACPREREINILLER

Qwen2.5-7B~Instruct

DeepSeek—R1-Qwen—7B

7k MRR
ROUGE-L Bertscore ROUGE-L Bertscore
1 35.48 +1.56 0.8699 £0.0138 35.62+2.32 0.8729+0.0127 0.6077 £0.0291
TERAG w/ LDA 3 35.54+1.63 0.8737+0.0131 36.13+2.29 0.8741+0.0129 0.6156 £0.0403
5 35.67£1.54 0.8756 +0.0127 36.98 +2.21 0.8792+0.0124 0.6301 +£0.0331
1 35.52+1.64 0.8731+0.0131 36.31 +2.24 0.8765+0.0133 0.6059 + 0.0365
TERAG w/ ETM 3 35.60+1.59 0.8744 £0.0134 36.43+2.23 0.8779+0.0137 0.6213 +0.0236
5 35.79£1.57 0.8759+0.0132 37.21+2.01 0.8813+0.0135 0.6322 £ 0.0310
1 36.39+1.29 0.8735+0.0115 36.76+1.44 0.8794 £0.0118 0.6287 £ 0.0236
TERAG 3 36.41+1.23 0.8757+0.0104 37.24+141 0.8821 £0.0102 0.6314 £0.0181
5 36.47+1.12 0.8776 +0.0102 39.43+1.31 0.8954 £0.0115 0.6597 £0.0232
K7 codeQATRBIEENLER
Qwen2.5-7B-Instruct DeepSeek—R1-Qwen—7B
TRITT : MRR
ROUGE-L Bertscore ROUGE-L Bertscore

1 22.03+2.11 0.8297+0.0163 25.48 +2.09 0.8503+0.0161 0.6309 + 0.0407
TERAG w/ LDA 3 22.45+2.07 0.8311+£0.0154 26.09+2.13 0.8549 £ 0.0192 0.6357 £0.0328
5 24.66+2.03 0.8413+0.0159 26.93+2.23 0.8583+0.0134 0.6614 +0.0324
1 23.68 £1.97 0.8322£0.0143 26.13+2.14 0.8556 +£0.0167 0.6394 £ 0.0341
TERAG w/ ETM 3 24.19+1.94 0.8354 £0.0145 26.96+2.12 0.8592+0.0147 0.6589 + 0.0266
5 24.37+1.96 0.8429+0.0163 27.41+2.02 0.8607 +0.0198 0.6623 £ 0.0297
1 23.94+1.27 0.8263+0.0114 26.43+1.16 0.85694 £0.0131 0.6421 £0.0303
TERAG 3 24.79+1.25 0.8479+0.0109 27.92+1.19 0.8613+£0.0134 0.6654 + 0.0234
5 25.57+1.24 0.8514 +0.0119 29.47+1.20 0.8721£0.0124 0.6723+£0.0224
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