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DF-RAG: : A Retrieval-augmented Generation Method Based on Query Rewriting and Knowledge
Selection

ZHANG Haoran, HAO Wenning,JIN Dawei, CHENG Kai and ZHAI Ying
College of Command &. Control Engineering, Army Engineering University of PLA, Nanjing 210000, China

Abstract Large language models have demonstrated formidable comprehension abilities in conversational tasks,yet they still face
issues such as data timeliness and inefficiency in handling specific knowledge. To address these challenges, Retrieval-augmented
Generation(RAG) has emerged as an effective solution. However,existing RAG systems still encounter significant challenges,in-
cluding query understanding bias,inflexible external knowledge retrieval strategies,and low relevance of retrieval results. In re-
sponse to these issues, this paper proposes a Dynamic Fine-grained Retrieval-augmented Generation (DF-RAG) approach. This
method comprises three modules:a query understander,a knowledge selector,and a response generator. By rewriting queries and
incorporating externally relevant documents into response generation, it enhances the retrieval-augmented large language model
pipeline,achieving dynamic fine-grained retrieval augmentation. Comparative experiments and analyses are conducted on four
open-domain question answering datasets against four different types of benchmarks. The results indicate that DF-RAG can more
effectively integrate external knowledge with the model’s inherent knowledge when handling complex and ambiguous queries.
This study holds significant importance for improving the model’s text retrieval and response generation capabilities in complex
tasks.

Keywords large language models. Retrieval-augmented generation, Knowledge question answering, Prompt engineering, Infor-

mation retrieval
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Table 3 Experimental parameter configuration
A % HH
BatchSize 32
[ _ .
FAE 5X10°°
T5-large ?
epoch 2
KL & # % # 0.2
BatchSize 16
LS 3X1074
Llama23p
epoch 2
e & B E 0.2

5 XBWELERSN

5.1 FEHR
DU S LT i
HEAE DF-RAG A U K H 51T 3 4F N A H R AR
P e G RBR BB FEAT X . X He SR IR A R AR 4 BT
Fd AE 4 FOASIF BN 4 b A B 2R X LS R 4 2R

Table 4 Baseline comparison results on four different datasets

ol

7]
Vil TriviaQA PopQA HotpotQA NQ
Llama2-chat;sp 60.9 20.9 15.8 22.8
ChatGPT 67.5 35.4 30.2 29.2
FLARE 56.7 — 14.9 —
SKR 55.4 37.2 18.9 20.8
RaFe 53.0 — 19.8 32.7
GenRead 68.0 34.7 — —
RA-ISF 71.4 36.1 26.9 31.3
RE-RAG 46.7 — — 33.9
DF-RAG 69. 4 37.8 31.5 34.9

M 4 BESF IR A 3 MR & E R I
BT HAM . S HEGR I HLAT, DF-RAG



36

Computer Science T HHLFIZ  Vol. 52.No. 11, Nov. 2025

PO ST 342 3 T 7.1 AN 4 8, X R BA R SR I g 18
HE By ASS Y T A O b TUI A I A 5L A IE B T DF-RAG W
B R

5 B & B AR 2R W (W LA L . DF-RAG 7E M BB 1
BE T 5.5 N E 8. LI AR R, A F MR 2 A ALk
P Mg XA AL (g B R B RS I, R R IR R R IR Y
Hb 5 AT S ASAE R £ 2 i A 3R A B JBR T 2 T 3 £ R i 45
FF W, 506 & B, 3k T [ 00U 19 &6 % O ik ( FLARE #1
SKR) A b 2t T B 12 4 2% 1) 250 0 v o DR MG 6 0o R 7
IR ) 155 8 T SR ST U8 G X A8 TR A U

5 H 4 B 5 SIS A JEEAM L DF-RAG JEBLH T & /Y
PERE  MER R T TH T 5 A 4r A, X3 W 7E A BB A
VLRI A2 A5 S B, AR SC O 0k R 8 T A 80 M TR 0 O A 3 4 A4 )
MY 58 B X,

5 H 4% 2 F 5 W A9 25 E M 1L . DF-RAG 7 PopQA. NQ
Hl HotpotQA ¥4k LRI TR B 7E TriviaQA HdE £
MR RACISEF 22, &AM, Y#ETANES N, 2
e [ B0 T0 ¥ M 4 T 119 2 800 1L ST 23 4 R M 7R S e, R
W A A AT S R S ) Y R T R 2 B R
R, MO FEIEE K R AT LT, &2 2% 22 Bk ) B0A: 1 4 38
IR S AN AR S P 2 05 A 104 650 $H L B B PR AR T

g5 TR AR SCHE Y 3l A5 400k K 28 8 B A g vk
DF-RAG £ 4 BRI JF A U8 e 45 B /B, S0 45 1
A FIUETH T %05 v AR A 1A 5 SRR 2B SR AT 45 1A Rk .
5.1.2 R ARAFE MR

AR S0 FEAS ALK R AT 55 vh i A T R R A 25 (A A
AR FUA SRR 25D W AR TR AR B 15 28 76 AN [R) A5 0 o (1
12 JH R AR AR S A B L AR T A R AR 4 X B R i
B , BRI & R T H B 047K R A B AR FH A1 30 A6
AR AR FH AH OGP A 25 R[] B SR FH A R S b 2 4 R
FlRAERL AT T X S8, B TR B DR R, 7
TriviaQA $UHE 4 1 E 475 H ST 56 L PEAR K 2% 21 4 SRS 9 43 TRl
SROFIUHR 8 SCRY ml 2250 0 o B 5, DL LR B DA 46 2R A AT 55 o
AR o X A0 B0 X LG A AT A B T B A TR R AR A A
KA AT 55 vh (4 1 RS L R 2R SR ) 108 5 R i P 2 (L5 B

MR P 5 IR 6 14 55 46 25 5L, 76 K 28 A W4T 55 Hh ik ) 3
T 1 b S 150 s 5 A A T R TR A, B E T T R S AR A I A
W, FEALALE WX B A3 AT 7E SR Top-100 AH 56 SC R
TEBUT S SR R b 2 5 M A 4 A6 R L A AT R 45 B 4
FET 13.8% , i 55 i FH G P S B3 A 25 T HE L 3 TR G5 BUOREAIR
ST 6 25 FARCE L R AN G 2R 0 O 2K R AT R R A B BE A K
PR IE S B SCH M SE P XA B A G M AR 4
S5 H A 3 R L, B R LA RSN 1.6 ~E
O3 850 UE B T A G P AR 2 1 A S A At 7 o 35 4 A TR 11
A 1B FEA 2 0 R S X IR R R IR R R A
BHERES TriviaQA FFECEHE 45 L9 SCRIAH MR AIR, 7
AR A R X EL A BT o, 3 R S5 A 4 B AR L A
B AR AR R LA BT T 13.9%,12. 1% M1 3. 6% ,
HE— 25 B AE T 9 0 B G5 4 A AR ASE R 1 % A 7R 4 g Y 42
PARERTE g

-
o |
_—
@% 75 —
/ e RATHESE
6 ] B34 S
e s
— RHEERE
60 T T T T
Top_5 Top_10 Top.20  Top_100

[E 5 AR [u] A A A

Fig.5 Comparison and analysis of model recall rates
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Table 5 Comparison and analysis of query rewriting models

%
., . HotpotQA PopQA
A ok . .
EM Recall EM Recall
b % A R 27.3 81.2 32.4 81.1
DF-RAG ﬁ%}%/% =
EHEFEREEK  29.6 84.7 35.2 82.3
GLM-A HER R ERK 28.6 83.5 34.2 83.9
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Fig.7 Comparison and analysis of retrieval efficiency and
generation accuracy
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Table 6 Exact matching results of three models
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Vi HotpotQA PopQA
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DF-RAG 31.5 37.8
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