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[ Abstract] Large Language Models (LLLLM&),have made significant progress in dialogue, reasoning, and knowledge
retention. However, they still face challenges in‘terms of factual accuracy, knowledge updates, and a lack of high-
quality domain datasets for handling knowledge-intensive tasks in the electricity sector. This study aims to address
these challenges by introducing aniimproved Retrieval-Augmented Generation (RAG) strategy. This strategy
combines hybrid retrieval with'a fine-tuned generative model for efficient knowledge capturing and updating. The
Metadata-driven RAG framework (Meta-RAG) is proposed for knowledge Question Answering (QA) tasks in the
electricity domain. This includes data preparation, model fine-tuning, and reasoning retrieval stages. The data-
preparation stage involves document conversion, metadata extraction and enhancement, and document parsing.
These processes ensure efficient indexing and structured processing of power regulation documents. The Electricity
Question Answering (EleQA) dataset, consisting of 19 560 QA pairs, is constructed specifically for this sector.
The model fine-tuning stage uses multi-question generation, chain-of-thought prompting, and supervised
instruction fine-tuning to optimize the reasoning abilities in specific tasks. The retrieval reasoning stage employs
mixed encoding and re-ranking strategies, combining retrieval and generation modules to improve answer accuracy
and relevance. Experiments validate the effectiveness of Meta-RAG. Compared to baseline models such as Self-
RAG, Corrective-RAG, Adaptive-RAG, and RA-ISF, Meta-RAG shows higher answer accuracy and retrieval hit
rates. Meta-RAG with the Qwenl.5-14B-Chat model achieves an overall accuracy of 0.804 3, surpassing the other
methods. Ablation and document recall experiments indicate that document retrieval significantly impacts the
framework performance, with a 0.292 8 drop in accuracy when the retrieval capability is lost.

[Key words] EleQA dataset; meta-information extraction; knowledge Question Answering (QA) ; power industry;
Retrieval-Augmented Generation (RAG) ; model fine-tuning; document conversion
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FGAEZ G IR L R B B, 8 56D
RERLHE R [ R 5 A 2R A8 T ) A 308 SR 9 47 G 4
RS A i A G A SCRHES AR BT B CCR £
o TS B R A AR R A AT R

PR IAEE P AR B B AT, B ER TG R R
AE At o i

RelevantDocs(g) =

d; |rank(d; ,q)<bkwV'd,ED (6)

A : RelevantDocs (g V&R 7R 5 28] g AHIC ) SCRY 4
Brsd,; JEARE SR, MNSCREE S D ik £ ok
rank(d; J@9& Y d; AXF T g IHER & 2T
FE SCHY B 2 I FEHE A AR AT & A 89S0 D 2
JIT A AL et SCR R
28,4 iR S AR AR R

b S AR B TEIE i 45 AL R HESE , 5|
SRR TA R BRI R . SV b R it
T —Fh RGALI T s DA S S 5 A Y 0] 225 v
PEFE M. BARIN S B m G LT 2R

DB JseAH 5 19 SCRYS < B SE iR AR FE e 8 A
A JE [0 R SR R AF DG SCRY s DARR DR A5 5L 1 A
IR

2) SRIBOCHE ST R B« 70 AH 5& OB v U5 e B
B RPERTE A A B, FR B AT LA 12 IR) A
o3 SR THE B R A R

TR HMEF UL I« 45 G 3 i 19 SCRY A R Bt AT
TRABYHERR ST, ff B a0 ] 255 F) FH ik 26 5 18 A5
HERRZE 58 o L0 R o % 322 8 41 3HURN S B 1 43 A 3
TR T R A

D FRAEI A4 52 - A4l e R R e B i B 1E Y
B IFLIE MR e R B

3 ZWERSHMH

3.1 EAEMK

EleQA %l 4 2 %y i 7 U R n] 225 i 4T
T ) B B AE A B 32 610 45 H TR S5 2R
19 560 ™[] 2 X, Ho 35 M AUk AE 7 Tz . 38 K
FL O TR A A 6 L L L ) 2 R L L T A
AU 7 i DA L F ) AR R R A LT IR A
& EHLT R AL B A AR A4S | R AR BTLAS A% i F
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Lima BARE 25 TR BB R Bk S
FIWr 3 Foh BRI, B A T A ) SR AT A
JUfF AL B, B DR A 1 v T i 5 R Sk
ARSCHE S T — R IPAR SRS SR T T 5 A0 VP A
TEAR , IG5 ZAT 55 PEAG J7 vk X 20 A ()l B A A5 Y
Wi 7. I Ah. o B R B R 0 4G SelFRAGH
Corrective RAG'™ | Adaptive- RAG" 275 P 19 3 3%
RAG FBIRVHEAT X o 36 R AL 7 AR AN [ AT 55 P i 3%
B, Ay Ha, g U ) R IR) 287 2R e i AR T AL 1 PE A
HUE,
.11 BuE

EleQA %l 4 4% 25 Y i $ic i S & 28 v A

R 1R . ARSCLEAYEEI 5 R H] 1 500 A S F )
Wil 25 S A BEAIL 20 A1 5 DL Bl a5 B 0o e — o 225
ZERE I O I 42 LA 8 E AN [) 0 0 FH ke AV Ry )l
TRE A7 B TN BN e pg R 1Y, 4% S8 i Y
FEATRBIINER 2 FR
x1 BERAESHBER
Table 1 Distribution of question types

Question Type  Quantity Answer Distribution
Single Choice 6 150 A/B/C/D:1 490/1 530/1 570/1 560
Fill-in-the-Blank 6 590 N
True/False 6 820 True/False: 3 160/3 640

R2 BEERBERTRG

Table 2 Sample examples of various question types

Question Type Question Answer Text Passage
SR i X, 2 % T TS A R A1 R 5 T A R T
o PR PR RN R WAL 25 EL UK B K LK 5 44T e
Multiple Choice FEREHK? A BERBX B TREMX C 5 D R £ S B
7 i HURMY L
WX D, 545K FLUKIIEE K F X \" *
o TEDEATRG I, SR s b F R, Hikx A\ Y BRI £ LB AT & HLOR & e
Fill-in-the-Blank ] . R i igi iR e S
% M A VAT AN TAE AT LASEAT RS 452 AR
True/False FITA SCHERRLZ IR & 5T 4 » AN 3R AR A AR AN ) B AR 0 ST A 7 4330 7 4

3.1.2 THhfER

AT A 25 R DA e A A HERR 32 . %E
FEXT EleQA $dli 8 0 PFAili v A SOl — g2 PP
o3 DAER A i 0H 5 R AUTEAS [ - R
BRI EleQA 46 48 A 45 Halle L, % 0 F )
WL, i SR AY I 42 57 — > Pl SR TR B %6 .
TS R RR AR SR B 24w G0 IE A 25 R B
F0 R 1A) A0 M 1E Bhen I TOPEAS B2 AR AR /D BE %
XPAS R TR f 0] 24 R A 7 DX oAb B, 3, AR 25 58
T AR DL iy X i R AR ) 1 A 1 A
PE L ORI AG S I Al BT R i, e X
G R E  ANSR R R A 2 e B A A
HESHN IR AR 5. o 1 0 4 T PP Al RS 35 8
U A B ] 255 0 R 1 BT T — B XA [R)
HEAT 20 B E PP 7 ik . DRI &5 A5E 28 17 i) iy
T X 53287 2 8 A R B R A3 o 3 X I B REOR U &
OB, OC TR 1R BE 0 43 BT 19 3 B SO 1 R PE AL
B ANHERR » 45 H A8 i 28 20 W] BB A5 43 » 1 AR VAR 1 o
JE R DRI B ) 7 45 SR a0 AT i 4 Ak B 5 7E )
R E s BT ORI A e p B BEHLPE L
b AR R RRORG O B T B B R Chn A A R A 4
) B S AT LK R B v A58 78 e A A o o 1Y
RE 1 AEE ARG B S AR 48 R I AR e 4

TR 55 O 22 o PRI b 7 A A5 mieg 1 v AT A AR AR 14 4B 52 A8
FHZSARL X FN“ A TE AR 1 3 SCAR] R 7R TE 4 AN
CERRT I S AR s 38 5 S B A 3 K e
HORH DG T SCTR) e 48 O AR BOE R R i — 2P
WA
XA EIHAS A PERE A A= (D R «
! SV NACA) (D

‘ Dtest ‘ w,A)gD

Eval(4,D )=

b [ RFE 7% s AR A CA N B F5 8 B
Hoh 1 BN 05 A J&HiE L& RYR 4015 B 1 X
TAIEEG OB R A H 28 SR A 1R 43 o A5 2 ) O At
TES Asq BMREIRE Do YA ;0 R
SR, KPR R A A 2 A 2 (8) B

! > M=o (8

porey (- €D,
Ko JETUE LB R a MBI H b k) 24 235
g3 s 12467 pRE 8 7R BREL AR T SO 2R 6 =
a NEL AR Ry 1. B0 0,

iAo 1R A =0 oA = B [ e s i L 8
(Recall@k)"™ . F1{H M [ sh RIGHAE R S
RERYH HIFE R A X 73 AT 55 WP A M . 2
ARV AR AR PERE . Recall@Fk i 119

Eval(@,D )=
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MR R GEAEHT b A48 5 v R [ AH G SR 1Y g
FERPVE AR BT 55 (AR 25 R 50 L B IR A R B Y
SRR AL S AH DG SORY 2 ¢ L XA RE S 4 A U
i EAG R F R A, & 2R O R S RE S 2
B OET A R R 2B AE R

3.2 BHIRE

FERERIYIN R B, B T LR X BB 5L i
WA IGHLR K/NH 1, 2% 2] % (Learning Rate)
X0 YIZRFE R Ry 3. 86 B Bt B8k 8. %
R B A 2 cosine, Y 2Rl 1 RN
2 3t NVIDIA RTX A6000 48 GB, # M iR E 2%~
JE 4 5. PyTorch 2. 3. 1 + cul21; Transformers
4. 46. 0. dev0; Datasets 2. 20. 0; Accelerate 0. 33. 0;
PEFT 0. 11. 1; TRL 0. 9. 6,

TEHERRRY B, SC g0 Ad H % &R A5 2 NVIDIA
RTX A6000 48 GB x2,{#i [ vllm fini# 3, Python
A 3. 11, 0. 3 R TR BE 2SI HESR AL 4% Py Torch
2. 3. 1;torchvision 0. 18. 1; Transformers 4. 42. 4;
sentence-transformers 2. 2. 2, It b, if 4 $5
NVIDIA CUDA T. H & i Z A A, T 3CHF1E
NVIDIA GPU |- fy 4.

3.3 HLmE

T VAl Meta-RAG HEZR 194 201k, 45 71
AN R ) RAG BRIy SEL AR A3
W&, Horp Self RAG™ 3@ af (1 3k Wa B AL 4R ot Tk

e, TEZME S5 h R sl B &OR 2 — AR
A 2 8 59 % B AR R 5 Corrective RAGH 3% I &4
FEAILTR O Ak 0] 225 9 0 B, 7 PR 7 4008 A 102 v T
REC A B R L, e AR y B LR A I T 4R
P Meta-RAG 7 2 55 J5 T 19 78 76 fL %5 Adaptive-
RAG™ i 138 17 127 > WL 32 1 1 R 3% 1k Az 4k
AE T« 38 A5 A B HA, 7 450l 22 A Ak 08 B i RN 55 02
WAl Meta-RAG #5 A R 36 4 1 — > B4 2 1|
RA-ISF ek B AR i 1245 7 454 115 B R
KB AR B R g # iEA TR 5
BARGE, vk #HAE K HE 2R W) 22 7 B Meta-RAG
25 TERE o
3.4 XWER
30401 FEifE

Meta-RAG 5 R [AIRAG J7 2275 HL 7 Gl A1 )
SN SS BN 2% 3 P (ol s s i
DLAEL TIPS MNEL 5525 2R I : Meta-RAG ik JE {1 H
GLM-4-9B-ChatBaichuan2-13B-Chat Fil Qwenl. 5-14B-
Chat U5 TAES R, H o RSB ] Qwenl. 5-
14B-Chat i) J7 Z2 WS T S 25 0 s X L 5 58 i i g
#RIEET Qwenl. 5-14B-Chat X —IKJEH#HITHY. 1%
A RAG 5K B 5 Naive 50§ 70 B0 224K K
3 A2 T 8T LY SCARHR 43 FH T 1 ) SO B i R %
BCRIEAE TR ARIE AL R B A U Be B Ay

TSR SE R

*3 EEMKER
Table 3 Benchmark test results

Strategy Model Accuracy

Single Choice Fill-in-the-Blank True/False Overall

None Qwenl. 5-14B-Chat 0.656 1 0.044 1 0.784 3 0.495 1

Naive Qwenl. 5-14B-Chat 0. 665 2 0.097 1 0.720 9 0.510 4

Self- RAGH Qwenl. 5-14B-Chat 0.863 3 0. 495 7 0. 866 8 0.739 9

Corrective RAGL™ Qwenl. 5-14B-Chat 0.872 7 0.501 7 0. 869 6 0.745 9

AdaptiveRAG Qwenl. 5-14B-Chat 0.867 4 0.492 0 0.876 1 0.743 2

RA-ISFM Qwenl. 5-14B-Chat 0. 85 0. 489 7 0.858 8 0.732 5

Meta-RAG GLM-4-9B-Chat 0.847 8 0.478 9 0. 850 2 0.723 6

Meta-RAG Baichuan2-13B-Chat 0.837 2 0.495 7 0. 866 8 0.7318

Meta-RAG Qwenl. 5-14B-Chat 0. 887 4 0.632 2 0.895 6 0.804 3
3.4.2  HAhsLE BT 0.292 8, ANl FHHEREEE RAEZE (MetaMdChunk +

ARIGHAT 3 ANTHRLEE PRI Meta-RAG R4
PERTREAAH TTIR 23 3 I0aUKG: 28 BE 7 L] SR s 4
PR /RXT R AR SR AT RN 4 s, AAS
BB R ERRAE S (cot+ 10 BAHELR AR AER R T

dense+{O) BARWERM K T T 0. 029 2., JCH4JHAE 22
(MetaMdChunk + hybrid +cot) & (& E#f R T T
0. 030 1, XF L AT 41, SRS A6z 28 X6 48 A HE 42 5B 5 M
%j{o
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Table 4 Results of ablation experiment

Accuracy
Model
Single Choice Fill-in-the-Blank True/False Overall
cot+{t 0.664 2 0.081 7 0.787 9 0.5115
MetaMdChunk-+dense—+ft 0. 867 0 0. 568 4 0.893 4 0.775 1
MetaMdChunk—+hybrid+cot 0. 863 3 0.574 0 0.888 7 0.774 2
Meta-RAG 0.887 4 0.6322 0.895 6 0.804 3

30403 SCRY A RIS

SCRY A S A F AR 3 AN SR R A
FAHDESCRY LR ZE RN 5 R, MR LFE. L
AR IR AR E IR A K RE TR —n
B 2% Kar 2R RN A B R &, b A RRF + bge-
reranker-v2-m3 9 SCHY H [l K . H AR K UL,
RRF HRWE Al 2R R a3 A3y K

TREREE R 50 L 1) bge-reranker-v2-m3 NI 3
— AR T HEFP A BE S DA Sk 3 B v T A DG SR 1Y
AR, X H A AR A B R A,
XoF % 2 A [ R 11%) A BEAD LA B B, E— 2
iNgEew 1 S V=R e R R R R S U R e
R G55 2R G R AR et ) EHE P HOR AT
DU R G0 i B AR RS R AR AR 2 — 2 3Tt

RS XHEBELEER(Top-3)

Table 5 Results of document retrieval experiment,(Top-3)

) Accuraey
Retrieval Strategy
Single Choice Fill-in-the-Blank True/False Overall
BM25 0.498 2 0. 427 3 0. 603 2 0.511 3
Dense 0.546 7 0.474 0 0.589 8 0.537 4
Hybrid+RRF 0.564 3 0. 48973 0. 606 0 0.553 7
Hybrid+RRF+bge-reranker-v2-m3 0.571 6 0.502 6 0. 608 6 0.561 4

N T RIS [l Top-k ZEUHYSZIR . K]
T Hybrid + RRF + bge-reranker-v2-m3 {Eh LAY
KR IT I SLI A RN 6 i, AR S0 K nl
DIE k) 5 fEPERESE T P2 % B Top-3 Al
Top-5 MRCRAHIT . SR . 51 A SR ZBEYJC 5C SR Al
B2 X0 R Y 2 3 7 AR B T T IRt s A SO ¢
et Top-3 VER A KR W BRIA L S

F6 XHBEISLWHER

Table 6 Results of document retrieval experiment

Top-k Accuracy (Overall)
Top-1 0.494 4
Top-3 0.561 4
Top-5 0.564 9
Top-10 0.575 6
Top-15 0. 580 5
Top-20 0.581 6
4 HRIE

ATCHR T —Fh L T oo B 98 3l 19 Meta-RAG
HEZR B LEAR DR TS 5 15 B 7 A B TR 5 4 AT 55
P F1 5 S S P R0 R TR SR I AL A 1) 2 T 1] R )
U AR IR 2 AT 55 o 10 0 5030 oA 5 L 28 el 3 R

K g 3 B Be s Meta-RAG A &4 fff e 1 &5 dis
etk = (RAG HEZRASIE T SCRY A5 BB B S8R AR 55
A, SEHR A R R W Meta-RAG 75 HL 7 G 1R
[RVEATE 55 A 1 028 B U A [l 25 e ity R A
Ko PR T BUA R R e Ah, AR S
it EleQA $fii R i ar 1 L 7 U S v, AR R AT
FEN] R T SLIN HUR L] L 2 B Rt il S 2
RS R , At — 4R T R GEERE

S 3k
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