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Research on Domain Knowledge Question Answering via Large Language Models with Compositional
Context Prompting

FANG Quan',ZHANG Jinlong® , WANG Binggian' and HU Jun’
1 School of Artificial Intelligence, Beijing University of Posts and Telecommunications, Beijing 100876, China
2 Henan Institute of Advanced Technology,Zhengzhou University,Zhengzhou 450002, China

3 School of Computing, National University of Singapore, Singapore 117417, Singapore

Abstract In recent years,the rapid development of large language models has garnered widespread attention across various sec-
tors. While these models naturally excel at various natural language processing tasks, their performance in domain-specific ques-
tion answering tasks often falls short due to a lack of specialized training in vertical domains,leading to unreliable and less appli-
cable answers. To improve the performance of domain knowledge question answering systems, this paper proposes a novel ap-
proach based on compositional context prompting for large language models. Compositional context prompting consists of domain
knowledge context and question-answer example context. The domain knowledge context is retrieved from the domain knowledge
base using a contrastive learning based dense retriever, which can enhance the domain expertise processing ability of large lan-
guage models. The question-answer example context is obtained through semantic similarity retrieval from the training set, which
improves the large language model’s understanding of question intent. Finally, the obtained composite context prompts are input-
ted into the large-scale language model fine-tuned with domain knowledge to generate the final domain answers. Through exten-
sive experiments and comprehensive comparisons with baseline models, the proposed method achieves an improvement of 15. 91 %
in precision and 16. 14 % in recall on the BERTScore metric compared to ChatGPT,with an F1 Score improvement of 15. 87 %.

Keywords Large language models, Domain knowledge question-answering, Compositional context prompting, Contrastive lear-

ning, Retrieval
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Table 5 P-STANCE label distribution on different objects
Trump Biden Sanders
. Favor 2937 2552 2858
Train
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Val
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Test
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Total 7953 7296 6325
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F 6 BBIALE ZhuanzhiData-100k $0HE 5 11 1% G5 SCAS A B B 09 25 SR X L
Table 6 Comparison of results of traditional text generation metrics for each model on the ZhuanzhiData-100k dataset
Type Method BLEU-1 BLEU-2 BLEU-3 BLEU-4 ROUGE-1 ROUGE-2 ROUGE-L
Atom 6.97 2.55 1.24 0.70 7.40 1.04 5.45
Vicuna 9.04 3.64 1.88 1.11 10. 16 1.76 7.33
Zero-shot Baichuan 8.17 2.56 1.01 0.53 7.71 0.93 5.28
Reasoning ChatGLM 8. 11 3.34 1.77 1.09 9.65 1.73 6.55
ChatGPT 12.21 5.50 2.97 1. 66 13.19 2.52 10. 87
Chinese-Alpaca 10. 25 4.25 2.18 1.24 11. 26 1.99 8. 74
ChatGLM(K=1) 20.78 16. 44 14.12 12.53 26. 35 16.53 21.96
Domain-Knowledge ChatGLM(K=3) 21.43 17.48 15.25 13.67 27.58 17.91 22.94
Context ChatGLM(K=5) 20. 69 16.76 14.6 13.10 26.83 17.33 22.09
ChatGLM(K=17) 21.01 16. 94 14.72 13.18 26. 37 16. 88 21.53
Fine-tuning ChatGLM 10. 32 4.45 2.44 1.55 10.61 2.30 7.88
ChatGLM(N=1) 10. 88 4.90 2.77 1.74 12.18 2. 80 9.03
QA-Example ChatGLM(N=3) 12.49 6. 20 3.87 2.62 14.08 3.85 10.79
Context ChatGLM(N=5) 12.50 6.22 3.89 2.67 14. 33 4.01 11.03
ChatGLM(N=17) 12.19 6.19 3.83 2.61 14.29 3.98 10.79
CCP 27.61 22.78 20. 14 18.61 33.2 23.07 28.72
7 BHOWAE ZhuanzhiData-100k $UHE 4 b (95 08 i1 i Bt %8 fE NLPCC-ICCPOL 2016 KBQA % #& # I i 45 S % Lt
P 25 5 %F b Table 8 Comparison of results on the NLPCC-ICCPOL 2016
Table 7 Comparison of results of model-based metrics for each KBQA dataset
model on the ZhuanzhiData-100k dataset Method F# F1
CDSSM(baseline system) 52.47
Method Precision Recall F1 Score paseline system 2
5 39 s
Atom 0.4902 0.5468 0.5118 MFSMM-*"] 80.35
Vicuna 0.5110 0.6103 0.5514 DFM?] 83.45
Baichuan 0.5443 0.5838 0.5589 CGRM 85.77
ChatGLM 0.5030 0.6125 0.5476 SuML*3] 85. 94
ChatGPT 0.5568 0.6258 0.5855 BT-CKBQAL!Z] 82. 68
Chinese-Alpaca 0.544 4 0.6020 0.5664 BERT-QAL#4] 84.12
CCP 0.6454 0.7268 0.6784 cCp 86. 53

Gt br iy EELE RAFE 6 Fral. INGERfal IR H .
8 A S0 I R S, AT LA S 3 e A R AR R ) R B
ChatGLM 7€ AN [/l (9 K (A T #8 K 43 T 7 = T H At B 7 1y
BLEU #l ROUGE $8#5, ¥ 5l 2 7 K=3 W R Mz, 7EH)
2R R ST . ChatGLM fER R B N {6 F #84K 18 T 4%
e bR, BL7E N=5 B ¥R ar . A, A8 H T 0] 20 7R ) 1
T3 AU AR TR SR AR A A B T B L SR R O 40
HER FFOSCREE T 2 G MENEE . HeAh, U SRR
A i 3 AR ) ST ) A RE . Rl R AL A b
TSR (CCP) AR PEBEAR 8 T 3k — 2B $2 T

WNE 7 R DL A B, 7R SR TR A 48 A
BERTScore I+, CCP ¥ B Al A [l % 43 51l ChatGPT #2
T 15.91% F0 16. 14%, i F1 Score kb ChatGPT 4275 T
15.87% . XEWE CCP 7F 2% A U A 1 7] 2 3 55 o 2B LAY
SR ZIE SRR HEZ,

[, 26 8 3 Hh T J9r 412 Jr 2 AR H: At 0 1L 7] 2 (KBQAD
T 45 BEHI7E NLPCC-ICCPOL 2016 KBQA #4481 45 B %t
Lb L 85 5 BRI O B O T A LU A . S Ah R 9B T
JIT 4R 7 2 R0 H AR AL ZE P-STANCE 3044 109 25 B 1, [W)
BETT LU TR O WA F A e A, hAh R 10 5 T
JIT 4R J7 1 5 AN [ A6 26 5K W 1 % LG 43 #T . o, CCP-Retriever
RFGEMIN LT CR RAL, G5 R TR F BB X
Lb 2 S Y2 i S AR R SO R s fEvERE DR T HAL A R
WS

# 9 1E P-STANCE ¥4 45 I i 45 %) 1

Table 9 Comparison of results on the P-STANCE dataset
Method Trump Biden Sanders Fracro
BiCE 77.15 77.69 71.24 73.36
CNN 76.80 77.22 71.40 75.14
TAN 77.10 77.64 71.60 75.45
KPT 80. 20 80. 40 77.10 79.23
PGCNN 76.87 76. 60 72.13 75.20
GCAE 78.96 77.95 71.82 76.24
BERT 78.28 78.70 72.45 76.48
CCP 82.44 81.01 78.07 80. 47
F£ 10 ARRIKRKEMTE ZhuanzhiData-100k 504 4 b 1) 38 T4 40 (1)

JE A S5 R R L
Table 10  Comparison of results of model-based metrics for different

retrieval strategies on the ZhuanzhiData-100k dataset

Method Precision Recall F1 Score
LSH 0.4969 0.6128 0.5440
LDA 0.5160 0.6001 0.5510
BM25 0.5829 0.6743 0.6202

TF-IDF 0.5929 0.6944 0.6341

CosSim 0.6297 0.5230 0.5659

CCP-Retriever 0.6959 0.6974 0.6372

L& b CCP Uy ik AE 3 R4k B3940 F B A7 4 i gl
FLTH Rl SE B A5 R I T 4% 0 He S B 5 50 a5 R R R T A
T SCHR IR H A U b T SCORI i) 2R ) b SCR R e R
T T AR R T 5 AR R R ) 2 R ) 2 BT A AN
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