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Optimization of Signal Domain Knowledge QA Based on
Embedding Model Fine-Tuning
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Abstract: To address the challenges of insufficient domain knowledge coverage and semantic misun-
derstanding of technical terms when applying retrieral-augmented generation (RAG) to terminology-in-
tensive and logically strict fields such as signal processing, a QA optimization method for signal pro-
cessing knowledge based on embedding model fine-tuning is proposed. First, a high-quality dataset in
the signal domain is constructed, and a contrastive learning strategy is adopted to fine-tune the embed-
ding model in the retriever for better domain adaptation. Subsequently, a RAG system is built using the
fine-tuned embedding model. Hybrid retrieval and re-ranking mechanisms are introduced during the
retrieval phase, while prompt optimization is applied in the generation phase to enhance the compre-
hension and quality of outputs related to signal domain knowledge. Experimental results demonstrate
that the fine-tuned embedding model significantly improves multiple performance metrics in signal-do-
main retrieval tasks. The optimized RAG system also outperforms baseline methods in terms of faithful -
ness, answer relevancy, and contexts precision.

Key words: retrieval-augmented generation; signal; large language model; model fine-tuning; ques-

tion answering system

PTAESR , Kl 5 A (Large Language Models, WYE, ©AEFF RO AR R SE R I S5 AT 55
LLMs)7E IR R SRy TR IR i e Re Jy . Sk 1 HAE SRR PLIRC, SR, B4 38 F R
PL GPTMZR S AR (i R AR o Tl Z—fsk B0 T &l S ol MR B 43 A R 1

s B #1:2025-10-29; & [B] B #8: 2025-11-25
HETE A B AREHE4S (252300420990) ; 7] 1 4 BHE BT H (252102211040)
PEF ' A B30 (2003—) , 5B 28, S5 v N T BE RIS AL, E-mail : tianwh224@163.com



146 i &

2026 4E

P A SRR . KR IG5 2L 1) (Retrieval-Aug-
mented Generation, RAG)WHE At T fif ol U . 3@ o
Ay A QTR AR 2 5 1) MR PR A P R R S L BIL D
S5 KB IR A L RE ) SRR R G R MR
BERE T, ] B 2 AR T A BN A R HE 1 RO S
Tl R T Bl AR Y A T U T B
TR

RAG 277 T WA 1) 52 Z | A B — BB B fk
(YL NFL A2, il 70 AN R RAG 5 2% RAG (Al
RAG %5 34 K JR B Be ., FER R Iy T, HHE Y
FIATTIEBR THL SR, &S iy frlev4:
TR T AR IR G R R RS A 1] 1 A
DL 55 G B4R DU E DR e R RS B o R AR TS
T, A6 2 AR A % AR B ] O i 22 48 58 o &)
v ), 3 3 R HLHT I R 2 R T T RAG R SE
(A BT RS S HERA PR . IR R EETE T RAG
TE U7 5 1 L RBOR e 3 1 AR
R ) 3 14 e GBI 1 P sk e iy A i
55 K A B8 AT Ak BRI A S A R Gl o] 25 D 1 iR A
AU RS N 1 42 T T TR B RO o SR, ax gk
T3 AR i ey, LR R AR i i AR
KI5 B R AR AR T RGEMERER 2
Wi o JEHAEAR oAb B ok S 2 ik R R ORI
P53 AR Ll U 38 T e AR B T R
RIETE LRIERE 159 X 43 BEAIK, 2 5 30k & 1k g
TR, ST 29 RAG %l 45U R R BT 5 R FIR T
5 R EE T

B D 1), A SC LA 5 AU R R X 42
P T — N5 5 AU R B 4 ez B 4
X SCAS i AL AT G0, 5 T 00 A AR
RIS EAE S 40 BUAIR RAG R R G0, I ER R A
A R b R R G AT AU AR AL, AT R
RAG ARG AE (5 540 i BEF PH

ARSCH) BB TAETE 1) B {5 54
BRI KA ALl B 4R B B Bl i i £
YR 2 Sl 5 AV o 5 M, e 2908 1 A B8
A5 075 517 846 S5 BG4 , FH T i SeA
AR 2) 3T 5 40U B0 4 T SCAR A
B I FH X L 27 ) 3R itF — 2P $2 T SOR X 4
JEo 3)HETE S A ABLAIE HE 1w (755 40U
1 RAG [R5 2G5, I 0 LA 2 R0 A il o s 20 4 71
BeOL Ak, #E DS B R SR AR G | R SORS il R A
Tebn LTI R G0, AT B IE T A 3 4 e 8K
Pt B A — ok SR B — S R A R W B [ AR
167 45U RAG A AL HEZE.

1 ik

ESTUHHES

WOHE S T K I SCHR TR 2 2R IR T35
S AT Y 22 LR  FOARAR A AU R 3t AR G P
BOPRTE o A SCHR BRSO 28 5 AR B SCAS
X PR B AG A TURAE B 4 e ZIE T
DAE AP B0 B8 4 L TR AR TR 4 B30
e MR A HAR AR AN 1 R

1.1

1
: LT :
: AT ,
Y M o = l
v. g | g | e KR N—A =JuME R 1
e N/ -
B I o R KR
SR | [T |
H1 HuEEh@n
L1l P4k 28 Fn ST AC $2 B SCA N i B 2 R A B SCAR T A v

Ak LG N AR IO o3 R . 2R A U
SCHRGEORE P 9 SCAS RS 2 N B S U SRR A T
o8 B SCARE L

It 48 JBUH SCAS ) 25 36 i o 1240 v ) R AR AR
AR TR A = [ 225 Al B P o B B B AR B
8 SCA X B PR A 3



%24

FH G, 45« T i AR ST ) A5 5 SRR ] B Al 147

{“question”:[], “answer”:[], “context”:[[]]}
Horpr: question 2 I KA AY I iy ATE AL b 4 B
AN, R 5 224> 7 T s answer S KA AUAR (7]
TR A TR 28 HY B 171257 5 context 2 M2 [ it fifp {7
FHE R 30, IR T AR, S ARp Rl Rl 2%
112 RERE

o £ G A 415 B4 O 0 R B D O, AR
SCA X B

B 0 e PR T AL T R VT | N-gram AH AL JE
For 5 8 SORAARL 2 A 95 LA S BB S AR A 30 55 20 TR
2 FR .

/o

TR H LTS

N-gramAH UL EEAG 5
]
15 SR EE R

| |

| |
y

| |

| |

LGV I
]
SEPAPCH

V]
A

/ kiR
2 MR

TG X SUAS G R A T RS S HR DL B A B S
AR TR AEAE T AR D wT R ek > J5
LI IR A o T A O A S £ DTG Y SCAR
XF, Ho s S i AR v LA (1) Rk

Fie = E(S(N(c,.C.04).C.05).C) (1)
K se, RN AR p H111) context; C Fon i AiEF}

filter

x1

B 50,371 N-gram FPLEE BU{EL 5 0,375 18 SCARDLE
B AH 5 F ., 278 BEA 5 SR HEARAE 05 31N 8AE
N(+) /R N-gram £ 55, 255 1 DR, X ¢, Bl C &
— T3 Jaccard AL , AHALEE fe RAE KT 0,09 p
AU 5 S(+) o i SCARALBE R 30, 250 2 4
1, FHIE 5 R8I ¢ B C 3718 SCRUEE T3
FARLE R T 0 BIGE R G 50 5 B (+) R B 5 S Ae
By, B 3R o, BB S SHRAAAE T C il
STiPUR g8

Jox 2o B B, R R AR B R AT SCAR R PE 53
N SRR SO 5 E AT e o B B A 2R
L3 T bR : 1) BT SCRT R4 4T 7 g 75 4R 4l
R SCAR R R B 4 5 2) =AM, 4 question
# answer , question Fll context ,answer il context [ #f
A 5 3) IR o F P40, A k) R B 404 T
AR EPRE
1.1.3 kM EEL &

23k T A A IR AT AN T 4 TR AR
RGO, 5 AT SORAE , DAIRI I A 35 IE SRR AR
Hellts AT

{“query”™:[], “pos”:[], “neg”:[], “prompt”:[]}
Hot:query JEAT A, A 1.1.2 1545 21 A4 SCAR X i
question ELFEEEH15 21| 5 pos J& A I Y AH I SCAS,
SCAXTH Y context L EFE A5 5] 5 neg /& 5 A 1] TG
KB A SCHEARAR Y SOA , B3 588 4435 1 10
ZRTCRK AR s prompt J& FH TR R TR A BB NN
XA A RS DU TR R AR E S .7

B o3 8RB B A 23 S R A A AR | Oy
Sl FH T I ARG 2Rt B AR ) an 3 1 s (O
RICAAGRI JEAR) o

“

BRG]

B

k=

query & FETCMEICHNE T8 M4 AL B0 r=8 B , SR HAR I At COR 45 - d #2)

TEWEHHEE ... FIE A i C=max I(X;Y)=max H(Y)=max H(X)=log,s=log,r (4.14)--- 4 {F iy ASEME /A 0], 4 HH o oA L 15

IR B IE A

CEH 511325 A REALAS X AR T T 35 A0 FORR RO S EE A A HOORN H(X)+2 Z 7] : HXOSET<H(X)+2/n(5-115)"
TSR Y P A R0 W 7 R T DU S P TR AR A s R R
neg  “3.21 408 3.21 RINI/RINE A R G 34F RGELLAL, E AT ST 500 B 535010 0 h(k)=8(k), h(k)=8(k—N), N J3 % %L, h(k)=e(k), K &

B RGRALT IR

prompt %ﬁﬁﬁ?ﬂ_ﬁﬁ%ﬁuﬁﬁ?lﬁ%ﬁfﬁaﬁcﬁ

1.2 EFFEFEII N ER A
IR AS SCHT I K A 5 ST R AT 55« 45
E— D) ge QI — DTSR HR SO ES D =

{d,dy - dy L AES bR E2E T —A~ 20 x D —[0,1],
X TFAL R g, HAH SO d 19155 g (¢.d ") P i
F IO SCARYAT 3 o 11 R AR ke 5 SCRY A0 Y



148 7 & T

2026 4E

P

TE RAG Z 40 A A BRI 6 4 1, A SCHE 8
bge-large-zh-v1.5" Fl bge-m3" LY . Fif 25 %] 3¢
WARRIRBESIILT5 , S HORRH N T & 2 —
AMPERESR R 218 F R BRI R 2%, RO AR
Ko P A& T8 IRFFE BE i BGE 2 51 WU 4 i
DALY | B RGBT [R) 2R 97 58 XUt A
ERCRE, EH TR LR %R C-
MTP Y A 1 AT 4l SCAR TN 25 38 IR0
AT 5510 34 B Belll 25

ARSCEET A R B RS A R AR R
Fr oo, DL BC AR 5 S0 R i 7 R R 07 12
5 BGE R ARV 2k 09 26 3 Bir BEIT i B A — 5.
TER L 27 > SRS HER b, i P48 30 , Bt A
55 H bR, DT 4 o AU 75 05 5 U A R AT 55
PERER I . ORI Y F AR R &N (2) P -

<e,e >/t
. € '
min S log,—

<e,e <e,e, >t
(pa) e "+ ze '
il

K fp Mg d&— X SCA; QR — N TAFEARLE S
g € QNN IZIRIE e, e, 700 IEp Fl g
1] T RN s e, 02 ¢ I T RN 5< e e, >R[] 1
WA,

% H A bR BT AR R 45 28 A BT | J2 InfoNCE
PR AR VN GRad R bl P fe i 2k s kA
TEREAT B BAF BAG T, B8 2 5] B {F 5 S 1
A ZS (], (A5 SOR I AR 5 SCARTE Hi A %5 (]
R /N T SCTE O SCAR IR B R, DA 4 v SOAR
X3 B2 e A = Ve RE
1.3 WESEKREBMRL

R T 2 RAG FE {5 540U 1) (7] 25 U
PR Ll B AT S | AR SCHE SR BRURE 4 it X R 48
JRIFAL . DU 3R £ RAG H LR S i 7 350
g3 K RPN A iU

PERST AL, AR SO 34 I i AT AR 5T
I3RS Rl AR TR A R R FEHE T 45
FEHA A XS R R RE A2 .

AR R R R SOA ) i s iy 2
Z—o AR AR SRAT 0 SCA ] 5 AN S AH ]
AT FE G 2% B ) st AHABLEE AN ], 52 e A 2 R0
A SCRR T PR SCAR 30 104 R A i AR A il
FHEEF3X = 5 o A5 3 A A AL, DU S8R [k A
PRI R 2 RE A2 . Af 3 A& 38 F i E Y
AR

TR A0r R 45 5 Wi A 3% O S ) AL I RN A 25

(2)

R g ) s ARRURE , IR G A o 7 mp
M= (3) R

Sy(gd)=a- S (¢d)+(1 -a)-S(¢d) (3)
Ao g Fld AR R SCRY S, R IR G AL 5 S,
FETR KR A AL 5 S, R 1] EE AR R 5 o SR AN EE

AR BN IR G R AR U TL R —Ff
i A 3R B A 2R S A RIOCR | RIS SR
FRARR, I FHREMAE,

AT R X R A R T Ry, BAEXT
R R TN AT . O R WA R
SRR ={d, dy . d ), WEAFEARLS, (¢.d)1T57,
Y5133 S, (q.d,) FEFE AR, PUTDREAR SC I B 5
A5 R AT E, RiRSe sk B OOR . A SCGEFR N &
HEF#H bge-reranker-v2-m3" 1k 28 X gati 2% , i A
A0 SR A G T R A0, RS (RS i
AR

TEAE AR A SOR B T4 /R AR, etk
), GPAS AU A E ) AR R R R RN R A T Ol
T IR AR AL D i R SRR A AR 22 AT 42
e R L A VAR

2 KH T

21 EHWIFE

ASCH RAG RGEEE TG RAGFlow' 45
# . RAGFlow /& 2024 4F: fy InfiniFlow 42 Hi ) — 3K
FF U A v 2] ity Ko 2 1 i 2B AR5 | 2 TR BE B SR
fEtT TR G R R SNBMAE AR, A R
HERA I 5 A] il R o 7R A OB AL (3 b A S
PEHE DeepSeek-R1-Distill-Qwen-7B A AY 245 71 1
I IR ZE 1 M Qwen!™ M\ DeepSeek-R 1" H 41 B i
e, TR B B B Ty Th I ZE Y BB TR A A
5 GO AR A SR TR 5K [FIE 7B 1 S 8
WS TR ORI B -
2.1.1 #AEE

TEEAE AR A 2 T AR B 6, F1 6, B 253 5]
BEE A 0.4 F10.7,, LA I B 08 5 I b SCRR SCAS 1Y 22
o TEIE SUMLBE K 30 3010, itk — 2 4R m A 40
AR BT SO T 152 ), S 36 0 AH AR 1 B
AT IR UIE], I AF AR i R
Yerpr, T ACRAE Y SCRAE SR R IR RATE , A
(] -HHE Y A1 v it AL A O 1B 43 J0 G I RE AR A S 71
FEA . 3SR LU R 10% .

TR 5 PF I3 3R, 4 Hh A AL 5 o



%24

FH G, 45« T i AR ST ) A5 5 SRR ] B Al 149

I SR J5 B 52 5 X AR 48 B BB FN VR HT Y L3, 52
B BLE T 6.0 F1 8.0 AT 43 [ {2k i 8 SCAR R
JE i Dataset-L il Dataset-S P~ E(H8 4 o IG5 18 i
TE B BOHE o B AL (B R R 2, o AR AR A
Bivo fe AP 4 1 P 5000 o i A oy, (BB R D
PSR A 1 D0 LN 2 i o

R2 BURERER

BAELE 2 B FHAE AT B(E i
Dataset-S 5075 8.0 e
Dataset-L 7 846 6.0 BAR

212 Fh AR

DRRERETE bR TR BRI, WA~ il
TR 5 A B30T A 23 ) AT BOM L DR AE 45 A
AR TR R

TR 1.2 W AR S IE R R RN M
AFEPR AT .

5 1 % (Precision ) 38 7 K 2 H A9 SCRY i AH G
SCREEY e, A R (Recall) 278 62 HA A AR 56 SC
REPERTA A SCR i i 5 e THR A0k

N

P = ™
Nip + Nip

N

R = ™
Nap + Niy

s Ny RIRKE R A OC SCRY Bl 5 N, RO A
F I T SR BRIV 278 ARG R A DG SC
%R

S K T R (Average Precision, AP) X /R 1EA
[) 43 11 6 B RS IR . A0l

_ 1 N
P=—)>Pjr.
MZ‘ Y

LM FIRES D A g AR SCR R s Py
FENH A SO BORTBA 3 5 r, 7850 j 1S SCRY ARG
JE ARSI R 0, AHOC A 1,

SRS 6 2R Y {H (Mean Average Precision, MAP)
JETEV-BIRG R 0 R Al L, 24 A0 i 7 YRS i
RGP . o — A S A { g, |i =
Lo SR AN

[M,%P:%iﬁ(qi) (4)

SURUHE P 18 25 (Discounted Cumulative Gain,
DCG) % J& T o iy R W52, 115 4~ SCRS Y DCG
RhR TR AN

I ]2 2n -1
P S og, (1 + k)

K, r RN A SCR AR CTE A 2R
(4n0.1.2).

9 — 1k R HE 1 25 (Normalized Discounted
Cumulative Gain, NDCG)7E DCG ) 3&hili b 47 0H—
&, F DCG AH Bk LA AT j A7 B 19 2 K DCG {H, 23

B

Incc,‘ (5)

max Iy ;

],\JDCG/ =

-2 HE 44 8] %0 (Mean Reciprocal Rank, MRR)
PR SR TER R EE R HEA BB (. 78
B g |i = 1S ) d R AR
BN 1A OCSORY TR IR (] 4G 2R 45 51 vh i oL
B AR

Lyge = %idi (6)

2)[ME RGNV br . TERGILIT, R G
PEREDE Al AT SR IS G2 MO 2 25 bR i i A6 R
A PP HE AR, T2 R T SRR B2 2% TR
RAG H S PPASHESE RAGAS™ 1y 3 T8 H7 : [ F 3¢
R CDSEEE B RAROCHE  TEA RS
UL FEATITAL

Hodr, B S0 #62R (Contexts Precision, CP) J&
R 2 B I SORY Y1 KRS i %, PPAR R R 4 R A
PEo B/l KRR BT SCR il R A A =
(7))

1 K
ICP@K:?sz’rk (7)
cor k=1

2 P RN kMR EE R AR5 25 kA
SCRYAHSCHTEC L, A5 W HR 05 K, 3RO AT KK R 45
RSO BB

JSEFE (Faithfulness ) i o5 A2 5% 9 [ 245 2 75 58
SET R R BN B S, A AR G R B B SRy
FHE T R 1 B i n 7 ] 255 v BT A R R e Y
H S HOH AR S . 7E RAGAs H 1 JeFI FH RS AR
K 1m0 23 A b s R3S T i P A1) ] R B %
FRR A THEWT . SRR A (8) Frs

n
Liitutness = N (8)

2 2 KA (Answer Relevancy, AR ) F] F KA
RUPEAS [0 2 R A o) R AHOCHE o 45 22 1R Q , 38
i RAG RG15 8] T MIZE A R A5 A, RAGAs 1| H
KBS [0 24 FOAG F 45 SR i BE il b f o) 2 iy T
) Q,, Horpi = 1, N dl a5 B R ) A A
JC TR P A M PEAG [ 28 AH DG . A X
FH(9) R .



150 R TR

2026 4E

| &
[AR:N;COS(Q,QL) (9)

22 WERMEELER

AR CHE Dataset-S Fl Dataset-L_I* X} bge-large-zh-
v1.5 Ml bge-m3 73 53 AT A, 5 X (A i Jm A 2
AR R PEREREATIN L. SO I, DI ZRFE R 4, 5

)N 1x107, 15 8 0.02, IR K /NS E N 8,512
B R 0 B AR YRR FE PR RARCR R
R LS . AR R R 2R PE R EL AR R I
3, LG RFRY, L OR G | BT A R AE D
AR b i PEBRHE AR B ROR IR AR T, JU A AR A
K Dataset-L I 35008 J5 AR PERESE T+ B K

R3 WANERAEHESE EHRREE(FT10MERER)

VIS A NDCG MAP Recall Precision MRR
bge-m3 0.667 0.610 0.847 0.085 0.612
bge-m3-S 0.753 0.702 0.909 0.091 0.699

Dataset-S
bge-large-zh-v1.5 0.629 0.574 0.797 0.080 0.574
bge-large-zh-v1.5-S 0.749 0.696 0.913 0.091 0.695
bge-m3 0.596 0.537 0.780 0.078 0.535
bge-m3-L 0.753 0.702 0.909 0.091 0.699

Dataset-L
bge-large-zh-v1.5 0.557 0.498 0.739 0.074 0.501
bge-large-zh-v1.5-L 0.699 0.643 0.875 0.088 0.642

TE AR AR B GOR BE Gl b, A SCES B R R AR
R AT R G HATER AL, WA LT A
LRG0 (bge-m3 7E Dataset-L |- bge-large-zh-v1.5
1E Dataset-S b 74T ) JJRG K RAE o 4 0.6 K

MEHET R . bRl )E REtERE Nk 4
Fise AW, REG LA AL 3 TR A RE
fEbRERA T B R T A TR, RS
PERE BT T 29 6.7% F114.0%

x4 ZEMIUERAG RS ERE

FEIY Ptk sk Faithfulness AR cP EEIES LEA T %
I 0.456 0.537 0.473 0.489
bge-m3 o 6.7
bt 0.486 0.553 0.528 0.522
o 0.436 0.536 0.418 0.463
bge-large-zh-v1.5 . . 14.0
Ziafife 0.475 0.558 0.552 0.528

2.3 SRS
RSO AG R AT PIR BUR J7 1L 84T 1 i — 25

Y5 AT, DUBIF 53 3 86 O v 1 ELAR 2 ), S 6 4
W45,

£5 REMAHET RAG RGEMEE

Tk Faithfulness AR CP
bge-m3 0.456 0.537 0.473
bge-m3-S 0.523 0.553 0.466
bge-m3-I. 0.499 0.541 0.476
bge-m3+H HEFF 0.508 0.536 0.530
bge-m3+2 7 1] 0.495 0.556 0.472
bge-large-zh-v1.5 0.436 0.536 0.418
bge-large-zh-v1.5-S 0.479 0.542 0.479
bge-large-zh-v1.5+THE T 0.476 0.539 0.475
bge-m3-L +AX T P Ak + 1 HE -+ i i £ 7R i) 0.486 0.553 0.528
bge-large-zh-v1.5-S +AL F AL+ T HE 7+ e k7R 3] 0.475 0.558 0.552

TEXT i AR GOJE 25 3L (3% 3) A7 0 B B, DA
B RS RIAR Y A/ IN A2 A o DOECHE B A
H AR AR A K B Dataset-L b {358 )5 B A4

REFE T B K, MBI RN, 38 /MP) bge-large-
zh-v1.5 W05 B4R T bge-m3 K, IR AR HIA 4
/NI Dataset-S [ X — 2 P 3R, 78 500 ot 1=



%24

FH G, 45« T i AR ST ) A5 5 SRR ] B Al 151

FEATRRI G i A P P 50 a0 RS X B A R 52
Wi B RS, B A i R AR KR

TERT R At ABRIBERE b, AR SO AN ] 1y ik
AR I T 5055 (R 5) , 2 T IO 1 J5 7Y bge-
large-zh-v1.5 Fil bge-m3 5% 7 44 Gt M1 {H P2 JF 47 K
RAEZE . B CP XK R MR AHSCHY R bR 5
bge-m3 BRI {5 CP AR LA K, 78 Dataset-L I
TR JE SR T . AH L Z R, bge-large-zh-v1.5 i
PSR THECO W R 4R PR 4G

AP T B SH o« B E T 0.8.0.7.0.6,
05%4H. HTHESUHAREMLEL , a NET
X, L8 P IR 2R FFAE 0.5 LU L. ARGtk
BINER 6 iR . GPRERW, afL0.6 B .

®6 TEEGHRRNET RAGRFEEE

FELAY S« Faithfulness AR CP
0.8 0.460 0.552 0.449
0.7 0.456 0.537 0.473
bge-m3
0.6 0.468 0.548 0.478
0.5 0.503 0.543 0.475
0.8 0.414 0.535 0.398
0.7 0.436 0.536 0.418
bge-large-zh-v1.5
0.6 0.480 0.547 0.438
0.5 0.467 0.548 0.419

ARG R BT TR S (GR5)
ZUREW] EHE A R AR P AL, O RAG
P b BT B Y R S0, X0 T R Gk AR L H R A
RIEREFTHEH B3

FE A BT T, A SCAE P S0 i 9 4 s )
X (R 5) . AR ESCEE M AR, Bt
Je BB R TR SEER T T o

LA KT RAG ARG HIROA S A AR,
A B IRA B RAE A (« H0.6) | HHEFF A
PSSR TR SRS, RGEMERB R AHAL T AR Y 5
LAY, ARG AR TR R

3 ZEWE

AR SCEF XF 5 Ab B R L L AR TE R B
FEERRR AL, P TR TR B GO 5 R 3R
WAL RAG 50 77 1% o 38 ik FAy s g oo £ 540
SRR A | SR ORS00 Jfy 1 41 M 5 2 o 44 1)
B, T2 A [ R 55 Jo e ) R0 1 58 5 1 e L
b TR AR AT S P (A, S R T TR
RAEAR S SRR PERE . 2 —20 @ RS

B oA THR AR B RS K R A A
F WL L 2 2 7 1) 0 A 25 SR s ) 2R 9 1 E A 5
Wi, e 282 T — BRI, AT T RAG &
GG T GBS PG AR LRE
WA A SO IR AE S B SRS AN LR SORS
AR bR B IOS BESETE . TTEAIE 7 A SR
BT A U AR — R AR O — R
A R D RO AL” (9 U RAG DAL RE SR, ) 1 3L
i Mk U RAG BT BAT — 2 4 R

SRINT A SCT AR AE—E R BR . 15 %, T
S B B8l B A RS 5 R A Y T AR S e
% ] 5 LU 1 A R X AN [l B R 254 15 2
BOWBLH B W HLH AT 75 IR AR R FIRIE . R
s [ SE L5 R TR 5T, DLt — 2 HE5)
RAG HOARTEA 5 G b 1A ROV H

SE 0

[1] BROWN T, MANN B, RYDER N, et al. Language mod-
els are few-shot learners[J]. Advances in Neural Informa-
tion Processing Systems, 2020,33:1877-1901.

(2] FEms, SeElEk, il e, 4 T LR 30 S FiE SOk
RIR I FREASL IR I 2: [T 5 B TR R
1%,2025,26(2) : 196-202.

(3] LEWIS P, PEREZ E, PIKTUS A, et al. Retrieval-aug-
mented generation for knowledge-intensive NLP tasks[J].
Advances in Neural Information Processing Systems, 2020,
33:9459-9474.

[4] GAO X F, XIONG Y, GAO X Y, et al. Retrieval-aug-
mented generation for large language models: a survey
[DB/OL]. (2023-12-18) [2025-06-10]. https://arxiv.org/
abs/2312.10997.

[5] NOGUEIRA R, CHO K. Passage re-ranking with BERT.
[DB/OL]. (2019-01-13) [2025-06-10]. https://arxiv. org/
abs/1901.04085.

[6] ZHENG H X S, MISHRA S, CHEN X Y, et al. Take a
step back: evoking reasoning via abstraction in large lan-
guage models [ DB/OL]. (2023-10-09) [ 2025-06-10]. https://
arxiv.org/abs/2310.06117.

(7] 5RIESR 0T WK, % DF-RAG: Bl T &M EE Al
R LG RGO R [T ] LR, 2025,
52(11):30-39.

(8] Tifgid, Niitmih . BF KBS HAI A 1Y R k58
L ATFHLE AR S %, 2025,35(3) : 148-155.

[9] SAWARKAR K, MANGAL A, SOLANKI S R. Blended
RAG: improving RAG (retriever-augmented generation)
accuracy with semantic search and hybrid query-based re-

trievers [C] // Proceedings of the 2024 IEEE 7th Interna-



152 i B TR K% %W 2026 4F
tional Conference on Multimedia Information Processing 09-14)[2025-06-10]. https : //arxiv.org/abs/2309.07597.
and Retrieval. Piscataway, USA: IEEE, 2024:155-161. [16] CHEN J L, XIAO ST, ZHANG P T, et al. BGE M3-em-

[10] SHAOZH, GONG Y Y, SHEN Y L, et al. Enhancing re- bedding: multi-lingual, multi-functionality, multi-granu-
trieval-augmented large language models with iterative re- larity text embeddings through self-knowledge distillation
trieval-generation synergy [ C] //Proceedings of the Find- [C] //Proceedings of the Findings of the Association for
ings of the Association for Computational Linguistics: Computational Linguistics ACL 2024. Stroudsburg, USA:
EMNLP 2023. Stroudsburg, USA: ACL, 2023:9248-9274. ACL, 2024:2318-2335.

[11] ASAT A, WU Z Q, WANG Y Z, et al. Self-RAG: learn- [17] Github-Infiniflow. RAGFlow is an open-source RAG (Re-
ing to retrieve, generate, and critique through self-reflec- trieval-Augmented Generation) engine based on deep
tion [ DB/OL]. (2023-10-18) [ 2025-06-10]. https : //arxiv. document understanding [EB/OL]. (2025-02-28) [2025-
org/abs/2310.11511. 06-10]. https : //github.com/infiniflow/ragflow.

(121 DUJJ, DINGJB, LIJY, etal. SC-Telco RAG: enhanc- (18] BAIJ Z, BAIS, CHU Y F, et al. Qwen technical report
ing RAG through structured contexts in telecommunica- [DB/OL]. (2023-09-29) [2025-06-10]. https://arxiv. org/
tions[CJ//Proceedings of the 2024 IEEE Globecom Work- abs/2309.16609.
shops. Piscataway, USA: IEEE, 2024:1-6. [19] Deepseek-Al, GUO D Y, YANG D J, et al. DeepSeek-

[13] EADK, A, LW, 5. Meta-RAG : 5& T oo 4R 9K R1: incentivizing reasoning capability in LLMs via rein-
Bl Y ) R AR AR AURE AR [T ] TR TR, forcement learning[ DB/OL].(2025-01-22) [2025-06-10].
2026,52(2):383-392. https : //arxiv.org/abs/2501.12948.

[14] BEIY J, FANG Z B, MAOSY, et al. Manufacturing do- [20] ES S, JAMES J, ESPINOSA A L, et al. RAGAs: auto-

main QA with integrated term enhanced RAG [C] //Pro-
ceedings of the 2024 International Joint Conference on
Neural Networks. Piscataway, USA: IEEE, 2024 :1-8.

XIAO ST, LIU Z, ZJHANG P, et al. C-Pack: packed re-
sources for general Chinese embeddings [DB/OL]. (2023-

mated evaluation of retrieval augmented generation (cly
Proceedings of the 18th Conference of the European Chapter
of the Association for Computational Linguistics: System
Demonstrations. Stroudsburg, USA: ACL, 2024: 150-158.
(%% B F)

(3% 144 )

[13]

MOU X Q, CHEN X L, GUAN ], et al. Sea clutter sup-
pression for radar PPI images based on SCS-GAN [J].
IEEE Geoscience and Remote Sensing Letters, 2021, 18
(11):1886-1890.

PELJ F, YANG Y, FANG Z H, et al. Sea clutter suppres-
sion for marine surveillance radar based on generative ad-
versarial leaming[C]//Proceedings of the IGARSS 2023-
2023 IEEE International Geoscience and Remote Sensing
Symposium. Piscataway, USA: IEEE, 2023:5202-5205.
CONTE E, LONGO M. Characterisation of radar clutter
as a spherically invariant random process [J]. IEE Pro-
ceedings F (Communications, Radar and Signal Process-
ing), 1987,134(2) :No.191.

MARIER L J. Correlated K-distributed clutter generation for

radar detection and track [J]. IEEE Transactions on Aero-

space and Electronic Systems, 1995,31(2) : 568-580.

(17] T8k, =7, BRaR 0 A5 BE T TR P2 A JO0 47 100 2% 4 1 2%

YRR s 7R ()] B 5 1E BF R, 2021,43(7)
1985-1991.

(18] Tha . e T IR BE A oy ~) 1Y 3 K 2R PR LB AR BT 5

[D ] WlG#&B : BFRHE R 2%, 2022 1-93.

(19] v e i . s AL 3l H AR 5 R A5 5 S R R 5T

[D]FRM A5 B T K¥,2023:1-119.

(20] S8, X7 ¥, EREPE, % A0 RIS S FARER

B AR 2 b AR AU Ak 22 7 0 0 4 o 4
[J]. FEih24,2023,12(2) : 456-469.

[21] BLACKNELL D, TOUGH R J A. Parameter estimation for

the K-distribution based on (z log(z) ) [J]. IEE Proceed-
ings-Radar, Sonar and Navigation, 2001, 148(6) :309-312.
(i%g: & )



