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TE 44515 BRIERITAR,  Bods 2 00 4 )
WEEH, RENEEMECAERESEFERN
AMERE . 4 SRR (named entity recogni-
tion)fEN H AR 1E S AL 2 (Natural Language Pro-
cessing, NLP) 8 (1) G HE(E 52—, EENIELE
S A ) IR BR B R e SR ) SR, AN
ML, Hb ORI TR, TR AT 702K

AR, KBS (Large Language Model,
LLM) & R, i 44 SEAR IR J7 80 K 1 %eb
IBE TR A . RTE 5 B AL B3 SCHE i e
11, EREMGIRANSZI R ETCHRE SO, RSAER
HEEER BN UER. FEXMIRRIIEE S, TR
A A SEBR N I RORAS B T R T, ETT
VEAE B e, A B KB B 3R N ROT i
SRR TAE, A 1 3B . AR
B R R A E AT 55
1.1 A& SEEIRZ

TEAE G (1) i 44 SRR S5, 2R I BIL-
STM+CRFMe# KAk, WBERT+BILSTM+
CRFPEE I VERIEAT LRSI 3R L8 7 V208 75 22
THRAEHA E T SR AR, IF HARFIZ AR TR
HERERINGREE . SR, X7 U7 7 B i
Uig, —J7M, NIAREFERKENIIRA: 55—T7
I, WZRF R A2 At RE R A, M DA R0
JREAN [] T4 R STARFAIE o

N T FEIRNTRAS, SR AR Z W AN R E)
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TEREARFIRHE TAE, B8 T REFHE. B,
Wang% ANBILL K Yang % N 32 2 R AT 6 LA 2
PR EHEAT G 00T, SEIU R ARTE B 1 2 REA
2], ARZITIEAE KA & T AR . X
bR, Lufs AP T A B S —HE
B, AZHEZESTIL TSR . DGR IMEL. SR
MG BT E AT S G — &8, JFEAFTESZ
[ I R ANZALRE J). SR, ZHEZERR
B E A BUSAR ,  FF HOOH T A 44 T ) 4
HRCR I AT AR
1.2 KR

AR, fEREN TR B ARMRE KR, B
DeepSeek!S 9y i AR R (1 [E] 7= KA ELAS T o] W
IR . R RIRE 7, Wang®E A DO0KE &1 4
BT DL ARE & b e A e Ut T e, 9F
TES AR BTSSR IIZR,  SEEURT AR WAREE
PR BEAT VPAL . Dbl FEHADSIE, RZFEW
FERE T RE TAE. Fln, Hufs NMIFHEIHR A
KT IR T e MU #i &5 R SR B M E G B,
Kartchner% A MR A A B 34T 2 FE AR IR
SEIG B T AT AT AT TR R, ik E AL
A58 FH 8 FH AU OR AR B3 AT R e A8 S S 3 B 4 28
AR, R REIREE NS B KB B B4k B SRS
By FRE AR AR FE TR e A3 ) R R i AR
RUEATROR, 7 A oM A RS 7 B 1 A0 R )
SCARF A 4 T, FHE S AN — AR
TS AR 1 AR i 2 S i 44 SRR S 7

SR, 240w 48 SEAR U A 70 2 B LR
4/ (1) 4% G S OB B T RN T
FRvERIIZR AR, HAINZR G M DUIE P58 AT 55 1)
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ZEACREE s — D R0 R A JE UK KRR iy 44 SRR 759

663

oKy (2) 3T FREA S 3] M ARl BT A8 Ab PR
B 441 g B S BN A, U RCR AT AN PR
s (3)Fk T RS Y S A b B V2 A A 243
A ARMARTER, SHBSCRIA AT (4)8R
DR S RN VR P, S I s i AR B 2 T
AR

BEXT IR B, AR SR R g YA S A
SR P R T KRR (0 iy 44 SRR T ik . %07 B
DeepSeek KR NyHE L, KA LoRA (Low-Rank
Adaptation) "R B, T 1A FIRAE S A
oA B g, AR RENS 78 70 7 51 I 1 b
FHEE B AUR AR RE. FI, IR RIGEAE
% (Retrieval-Augmented Generation, RAG)!®5
W, GBI AT X TR B U T A i SN
W, R AMBER S B 5 R ARG &, DA o
RRERUAE U SR TS Th R I, R Rz
KRB “L)ue” R W Bk, AR007%

B AESETH i 2 SR B E TS 8 K HE B P 5
B

2 ETAREM R FRAGE

ASCHEH T — P ) FRIRAS A ) T KA
) iy 24 SEAR R ) vk . 1% 5 VAR H DeepSeek/fE
JRAERIIE ), FIHAE 2 . RAGHK 214 984
FSCUA R T R (e U, AL 2 0 A e KA Y e PR T
B AFRAE Bk, HARREZE L ATR
2.1 #ESRA

AL [) FFIRAE S 0B B R A T E i 4R
ff F LoR AT R 18 S R A= S FH P e 4
SEPR A AR SEAR I T SRk . LASR 1A AR e
S5 RAMN T E G SR F A “JeKZEL
TR “RETT 57, RS X SRS
“CERREE” X RIEE 17 o BARPAT T
nr

1 AR R

® 1 IESBUREHA

F

PR —AnlpE5, FECHCLUT I MANE PRSHE, SO R HIWIM. Kaekes. . M, Haofgsok
Instruction 58T R AR X R HPREMBCR PRI SRR AFRE, RER S RSB E L M WA 9%, mREHE AT,
AR RERRBEIT AT, BEMRBA RN, i jsonts X, WAHRISARAREE.

Input

Output

2AI8HIE, EEMEERA, LSRR ERZEENE RN “HET” 5 H AT RS g O 3T R 246
{UANBR": ] ERNUR": [ ) AR R AR [EK A A B “HL ] SRR R | A "2 18 ),
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2.1.1 HEMBARIES

Fe A O FIRZ OFE T e S5, A0
P T IEAE S5 AR A R R At DL A il A5 24
TR RIS HIRE, 8 HIR R R
B

T, B B AR AR T — e T
J5AE B IHT I SCA . it a2 1) v o = 0O R 1 7
K, A pERAASREESATR. HERE
MISCAS, BRI IE G I A R & EE B FRE R
BE G, {5 BhE B U Be AR Ik 5 1 SeA 3 T HE
EHUSEORHEL, I fal, Hhp . AN A
DA B A 28 28 SRR B SR, I N bR v Ak
Ko wfa, AMEERERIESE, SRR
NTARIETAE o B i U 1% &5 SR R0 8t s e A it
TN TERE,  FFAh 78 EU A e A SR I B E AR S
FRE.
2.1.2 LoRARE

15 5E ORI 2R BB SR IR ST, o KA Y
REAS o I S AC A AT 5 SR TR, FF 2T
I TAE, Ak FHLoRAMIA 7%, B AR
5 ARSCEABER G “q proj” , “k_proj”

“V_pI‘OJ » , “O_pI‘Oj ”» , « gate_prOJ » , 13 up_pI‘Oj »

Al “down_proj” X JUAN KB = B S H A7 R
LoRA IR it 22 Xy
|yl

max Z Zlogg (Pograse) Wilr, ) (1)

(z,y)eZ t=1

Hrp, oRopRmN, yRoaaft, ZRRBOIAEEE
£, ORREMNSH, oRRMHSH. HET 2
BEZHAOTH, FIANSHET DIIAS (0)KALHE
i fol, A R0RD 1T aIGSHmEE, BRI
SRCA B[R, BRI th PRI AL P B
2.2 RAGHRIZEE L

ARIAEBRAGH AR, #xF Mg FiEE &
UL R FNRPE TR E R R, A ROWEE BT A
Ab R FFIEAS B AR AT S A L) “ 4 [
. AR, EEIRAGHARS LR ARE, WEH
51 R AE TS S U SEAAR IR RE ). Bddk
s .
2.2.1 FMREME

RAG T 56 5 T @ O L X R . 400 3
WITEZ R “ ARy Ye-1a) B N- [ BEAEAE ™ (1)
— B UM (1 Chunk-Embed-Storeii ), FIAER
A SR AR, ARG STUR AT R IAFAE
BB HACFRE YU ORI, BGIRIgST
Bk SR, BAE B A v 5 R AR TE SR
MER .

RNT R LIRS, ASCETT T 3R E i R S
P ERERASEMCER: e Bk, BB
PR gl T AR . [bw HArRE LT “EFE
7“7 EFHSHRMW “E24E7 ‘A’
“RERT HTMEOLTE, B ERELHDE M
M7 “HiEER” HAMEERM A7 “ala”
“Uisr “EER” HEUNTE, WP E T
CHEHBNT M T “YnsT “EERET FHe
FB . FEBOUEE WR2-FA4.

€ HbRE “LRR. QL. R S70M%

* 2 EEBERMREREERTRIER

o) FBAR i
1 longitude B
2 latitude ol
3 name_target E HFR B
4 name_ alias I 5E H 5 4
5 description & H ik
6 country K
7 arm_ force B BA G

% 3 BHBERMREREERTRIER

e FEATR ik
1 pennant number iV
2 name 3 Hbr 44K
3 name_en #3)) H AR o AR
4 name_alias 3 H br 4
5 level 775
6 country = %
7 construct _shipyard &M
8 builder MR
9 major _experience THEZP
10 member _of BN
11 home _port B
12 construct _date s H Y
13 service _date MRA% 5 4
14 retire_ date 1B H
x4 FHIFFHRERBEERFERER
5 FBAATR £
1 country E
2 code Hifidy
3 name EA
4 description HhiR
5 parent T
6 equipments_ names I
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OB, BEIRZEHIEM . O S SR ) A R)
— SRR MRE, VST BRI «SERRZ
D-FEEJEIE” HIsRIEE R R

(1) FsEmith:  “27 1ERNE S
PIME—FMbriR, 5 “@4E” (ZfMgEk). “H#
JEEAL” (HER M) ST B EE R, EMERAGHK:
KRNI Fr BAFAE o BB, itk 2B haeit
KA E AL “ BFRA- LB E” 5 M) 58 FE 5K
A, WK “RZEHIEN 5 H IR AL bR R H YR
SR EPSE ST

(2)18 B GE MR “HR” FB (W “RmE &
JENLAE R “FERWHMB O )Fh e sk e
B, SEAHALTEL, HBRERX 4 F S AMER
[E A E 1 SR (ks NG~ 5 “YEdEpL 7
FEHE R IR H AR ), Bk PR SCAR TS R
SRR ZE o

BohBFRR “4F. 4. fF5. BxR” %
UANFBE, EAECMAT . T2 88 5 sh 4 SR 13 3 it
B2 RRRERE, NSRBI E S B
(1) S IAK I -

(1)S2ikme—tEsmtk: “4w5” (WM S
“DDG-1000" « &#Hlgm's “82-0001” e HNBhZA
SRR, 5 “Ex” FRASG, THEE
B SEAR A JE S AMA B 4y —— RIMERA G R 21 1 5
AR A FRRIBA —F (W “F-35A” 5 “NH
117 ), “H47 FEARESCOLZFRIE N 55, B
AU R — SEARR AN 2 DA SR, AR b 221
B R

(2) k@b 2. PR “ABS5 . i
B SN R SEN, 5 4R E. TR
&7 FEEEF BRI AN, KEMTIETRAGK
RGN TB, SERRA SR T “ - IRAS-6%
717 A “EFEAER S M (CVN-78), X477l
AT IEEE R, 153 F-35C ML ), 8GR )
SEAAR A BRI R A O A 12

TR “HR. s, HEEE” Fe
TR B AT R ] SR A 2R RS R R R
FEME, SRR AR “HRon-2E-TRRR T M
i %

(1) RARERE BN “HFR. Hs” W
HRBATEFR R R P B (0 “ S5 10125 BT ),
CRIBES” “ATEIA” FBO— 5w SRR
AeJEVE (a0 “ PIARPESREEBA 7 “B S E BN ), #EEh
KA s “ a8 REER” 5 “AERR” TRIE,
PETHH LI SR IR IR B

()RR R DAL, “BEE” TR

KIKE B HARRRIBh S LAk (I “ 3 & F-22ARIfL 2
FeHBRN” ), A RBIALE I RAGH R B A g ar “ 6
A2l 1] — o 5 K B — B K7 B SRIBRIA RN, AMY
REVUA “HEFBL” X — DSk, L RE T A I
LI o e 28 SEAR R B IR B RIS &%, RAL 4t
ARG “HNGRAERFIR BRI RR.
2.2.2 FRKE

T ARG, S0 rh AR AT A
o HAEl, RZENRER RO TSR &
RRITIE. SR, HERRTTAFEE— RS .
(1) FERT SCA AT TAL BRI A &y T B0 T,
INE A SERE IR XM (2)4 AR VI PG 47 7]
BIRABRIEE S GINBEE, TR rE, 2t
MR R BT & . (3) ) AL B T S To i 78
FRESUAR G SR . E T ORI PA K s AR,
XAEAHR R A5 R ] e 5 H P R W AH OG5 BAFAE
T 22 o

LT ERRAAE LIREZ W, e
AT B UL IR, AR SCR AT TR HER
ST XTI R . BIHFR 5] REW B @ L A
D@ 0] S P i A NG s e
ZIR) R, [ R 1 R N AR TR S ON R A X
RSP RS VSN CivkeE i P SR 154) 27 T

(MEES . REMmE, AT RTKECH
AR RRFERE, ASCHIE T — BE X 4S
HEJ A B0 P B AR AL PR SRENG o AA5 ) A 8080 P vk
e T RAERIENREYER 7B Pl i
WS . LA B AR R (R3) NI, I
“name” (#%#K). “name_alias” (4). “con-
struct_shipyard” (BIGM))EFFB, FTXLF
B E g, M EHER gl

I HER 51 A G H IA - SR IE SR Y
RGO 28, R 4 i B 39 1 A A D 5% B AR T
fir, PRI A& AR OCAE B ik skl . H
DEVERIIAEST I . — R B BT IR B A R
RO, B 24518 1) o B 3B e A Dy S 1 S
A PRIE LS, T R KRR SEIR RN 755K 80
B T Bl i “RFR7 a4 iR
BB PE SO FSHERE RN I, 28 S 5 A A O P 3 T
Ky =R ML ECIR BEy LA, Joilad SCHein]
VB 7 i 1 B P P AT IE NI DTS, R PRI 4 B A A
BIVCHEC I TH A

(2)BRIULIC : 24 1 7 g A 2 90 B SO AR A
I, RGEE o i d 6 SOARREAT 7334 . AR,
THIEAE B AUERAAE R E i A B A% A RRETK
ARSIk, i 8 &y IR VIS 5L, AT
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SHLERRBIERMBINE . T AR —
W, (EBEAT RSO R, 5N IE N A E AT R0
DLAC, BRAELES;ia a8 RAUEFIIG LT, tasRn)
BEMLAR BUAH OGS B . Ban,  “ K E-159H PR iE
S SRR KR “157 .
“UMBRT AN CHGESF” , TEEERER, AMIE
WRIE “~ KB FIRIE SRS ” B “ - FiE S
Ph$” HHATILAC, ReREA R KILICVEE, =
NI RERETRE

(B)VMHAAFEHEFP 2 58 ik B 14 I 3R 45 2 if
GG, T REME N R R G,
XA W 4 R B A UL R B AT HE R . A SR A
BM25(Best Match 25) % F T 1R R ARBLEE o
Ko BM25RIE %0 AR i i 5 FE 7 v ] 7 S
R A L SR PR B DL K v ] R AN S
MRS AR ERER, RiHE SR 53
M ARG 73 3B, RO 5 A
IR PR RS . ST Ry

“ o»

Score (Q, D) = Z IDF (¢:)
i=1

TF (gi, D) x (k1 +1)

TF (g, D) + k1 x (1= b+bx ;2y)

Forfr, kg Ao PR, 20 ) 4 ) 3 AN S
PR BERAG 7 ML, DRSSO, dU2 30
DKL, avegdl & A E & H T A SCRE P K
%, ¢ RRBRNE, TF (¢, D)Rp 1 E R
PR, IDF () NESCRIIR, TH5EIEN
N —n(g;)+05

(2)

Horr, NSRS TSR n(g) REE

B g SR .

BM 25 530 i 45 & 75 5 A ) il 72 0 sk P )
AR . e KGN ERFTEEEN T REE, &
A P B S E S A e E R HE T . L B
FEAR. —EEREHRT BRI RMITTRN
A, IS £ R X KRR IR, RSl
EFH (Wl < KE-157 BIRICEE, HBRE
CHpTE e HAM RS SR S RER RS
BT R, i “dms” “HL” SRAF
BIRLE, MRS RS EEZOERRXSE:; =2
AMEOHIUCEC 0 R BRI, AEF KA (Rl 2 [R] B ot —
IS RERAR, SCE R B SH R P .

(4)FEFAEWER: WELAR, BHF SR
GG 2R (prompt ) M P (input), #4281
UG 3K (query) o Ji S2K B 10 7 1 135 SR Hn N KA

L, RIRPRE AR AT i 45 SRR B 45 FH . Hod,
MEERIERMERER A “{knowledgel},
{knowledge2}, ...\n{prompt} \n{input}”

2.3 [O]RR [E] YRR

NPT S BB L I i L RE 7, ARSI %
[l YA o 2SS e feASE 20 7 4y H S A ) A o LA
FE, @ik BRI E S SR R, e
Giit, FEKs ARSI A R AR B g AR
SRR, AT A SR e e AR e SR TR R 2R
2.3.1 [ERESGEIT

] B GETH IR B E 2 SR AR B i 1) S A 45
B, IR IR B R X X e g AT
o [ERFEERE, B BE N UE S U ae
Z AR 35 ORI BB R — e R
PETHMELSE A HER R, HI AT BER R 4 AR B IE A )
SRR AN B AS FE 45 i T LA gy, i S E3H
[ 26N R, R 75 45 B A N FH 3% 5% 1) 75 SR AE HEAF
K5 A 1R 2 A AT A B .

X T4 BT P B O S5 B A KBS R
TSR, ARSCETT BT AL gt
ITIRAT, Fm h— B R AT 2 it . 124
TR R, B S A SR 11 A 2R St T e g s Jo it 1)
g5 R (RS R S BT I35, RIS bR vE H =2k
I A], X — A EAE T 5 S0 e I B ) 1R 2
PEHEAT PR AL, O T R AR . i
BRI P RESR AL T AT T 0 A SR
2.3.2 [O@ixE

i 230 J2 R PR 5 T IR R g 1 2% Hh SR B R —
R RG R . BT RER RN REARROR,
Xt AT AR AL FE . B RAE R e P A R 2L
HEREZMRA, KRB 5 AifE R rE
k. BAMGBIRIT:

(D) THHEGANE R B MEERE: hgit e
AR T SEREARS R, BRI STE R
SBEELE. Bl A7 CHALWIET “a
AR SRR R B & 10, 20130, I
WU LA 23 59 16.7%, 33.3%F150%

(2) M) 3 B AT R B K AL L7 HEAT B
o, BRI RBME, AT E SR W 0.
CNPT CHZNR T AR R 1 RBUER 4
WN16.7%, 50%, 100%.

(3)2E B BE ML BT AC X 18] . A= B0~ 1A BEHL
K, AR R LA TR SRR X R] A A e 2
e Blan: FE0~16.7%X A Nk “ N7 ),
TE16.7%~50%EH “ NN 2, 1E50%~
100%ikH “Ras2es” .
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AR P RAR Y A pf 5 2O S S SRR AN TR R
LA TR RN, 4R BRI A iR 45 R 2t
ITRBEAIE, B R SRS R . R
BERR AN 2P, 2L B B el il R T R 45 2R

3 SLIGHER

3.1 SCIOHE

HH TR B AU U, A ST H R 4
L TFIRAS B AH I 103 1) SCAS, KR o 1l i3k 47 1)
g5, FHEWIRE FA LN SCARAT N ThsiE, B
FSCFF U5 AT J2 8033 1) i 44 SRR 3 1 2 A0 D A
o BHER IS B WRFTR.

SEIS AR E A E A TFEB, a2 A SR
(text) FISARKRIE S5 R (result), B SEAFE A0 H 51
BIANIR6 T 7 o
3.2 XWRE
3.2.1 HELRR

RNT GRS W 7R AT, AR SGERLT
BiLSTM-CRF, BERT-CRFFUIE/E A% i fiy 4 52
AR TR SIS A R 22 A AR SR U by R 2R g ELAR SR 1)
2P

(1)BiLSTM-CRF: £ $LI) 7 51| i i 455 20 248
), B ERTE S A SR RIME S 2 N

(2)BERT-CRF: —#fili& 7 BERTFlill Zifb
5 ZAFBEN7 (CRE) T FUbRERY, J@IIBERT
MR 28 RN e I #E SO R SCRFE, B
CRF JZMAL 7 HIbRZE B A OC 22, F T SRR
il EPERRTE AR AR TE S AL B S .

(3)UIE: @5 B G —HESE, 1ZMELL ST
TSEARRMEG SRR FAAE H RS
FHGR— B, IS ELE SR & RGP
iz Ak he
3.2.2 XWEH

(1)BiLSTM-CRF: K Hl Wiki il 5 ) 1] i1
B, A EE4EE 100, LSTMM ¥ e &E100,
dropout N0.5, 2%>1%50.001, fiib#s NAdam,
MZREE IR 910058 .

(2)BERT-CRF: kHbert-base-chineseff AT
VI RERBL Y, BRJEZ 485 9768, dropoutN0.3,
) FN3e 5, AL IEAdamW, IIZRIRE20% .

(3)UIE: K ErnieModel3&RtHAL, Bz 4
JE°NT68, dropout H0.1, 2:23]FE Nle-5, iibss
NAdamW, YIZREEKA20%E o

(4)A3L: R DeepSeek 8BZA it A Ay fitl
BAY, 2] NTe-4, IZGHRICN10%, LoRAFK
W HE NS, LoRA Alphai% & N32, LoRA Dro-
pouti% & H0.1.

B IE AT I R 45 253 BC B CPU A Intel (R)
Core(TM) i7-9700K CPU @1.60 GHz, W{762 GB,
GPUANNVIDIA Geforce RTX 3090, #1724 GB.
TESEEG IS AR, AL IR I SR HE R A FH AR [R] 1 2 45
FEAFAC B
3.2.3 1EfHIEAR

TEVEAS Ay 4 SRR (1 SEEG AR I, —

* 5 IRBEHIHEER

FiHEE VI3 S M4
HinE 10426 1000
SRR 5 5
SRFRE SR 23780 8369
B 2 AR PRERASCAT IR 2rs o
< 6 FRiERES]
FE A

615 HARIERR, PISEE T ZERF-22080 0L T i 016 H 13H T 482G N BRI- A RIS 2R iR K,
= INP- 220 HUE EA TR WA — /DS K, SR — 3K C-135%8 sP LA "% gk e flg S LR 4 4%

JR B SCA

(ANERAES

{n}\J,E"\u: [],"éﬂﬁ,q+ﬂ*@": [ug’%é’iu] ,uﬁ%g%%u: ["F-?Qﬁﬁ»‘**ﬂ**@%**@',"KC-135?Efjj]ﬂfﬂi/{‘ﬂ**ﬁx**l"],

WY (6 9 151,06 H 13 R AR A AT A [V BRI R A K]}
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K ARG % (Precision), 4 [H] % (Recall) FIF 1E A
NV FEbR . ASC Fmicro-FUE NP F AR, F
HEAXN

o TP
Precision = TP - FP (4)
TP
l=——
Recall = T5 77N (5)
Fl— 9« Precision x Recall (6)

Precision + Recall

3.3 FLWHER

RTIEIR T AL TR 7 13047 fw 44 SEAR IR
A EARTERE, LSS HoAh FE S A A 1R 50 EL SEEe 45
Fo FEMAEIEE EtERG RN, BiRi%
BHE SRR

METH AT LUFE B, ASCHE I T iR BT A
AT ARG W R F VA L3 KR ESk. AT
B IR 3 73 A7 %% AN S AR SRS O, AT
XPONRT L CHZBPMET . CREsRE” . “R
[T S - 9o L 8 N 7 71 e M o e 4
AL, SR mES-FRI120R, BRI E »HUE
TNo HITTREAAE R TG 2t L e 2 A S A0 B
B AR, RibRS-F 127 R 285 & SLR PPl
PERE A BB UER R AR, U 2% SAOuS B (1) L
BHRESERB =1 h I U .

I8 K120 S g 45 AT LUK I, FEIEH 28

=7 RESFMEREXTEL (%)

TSRO R 2 b, A SRR b5 FE AR AR 1 e
Y, 72 N7 BELBRBPFUEZER .
X S FEATIRAN AT, ALK B

(1) RABEA S AT IR “ N 517 sEfk
FAEMURRIR (W “IRKTRER” ) KM KA
(o “Jo AMLST BASIAL 52 3387 IRk 22 5, FE
AP 5 B BB AZ A RE T o OursiRFE RARA
TESCH R B b s S AU R 1 (90.6%
FER2), B KRR R T BORK ™ (42.8%
HIE#) ;. UIESEAE Tl ZRF B 5 400 4 5 R A
B, EdaK AR RKR, L&A E(93.7%)
5E R (100%); BiLSTM-CRF3Z [ T1% 4 42
¥, Toik A EARERAE T SIS RHE, 2o A
s iR, MERE AT )G .

(2)SEfkRia B AR FRR N7 8 5
BAgmif . & A SR BEHCE (A0 “ L AR MLEL AT
RXNER ), WA AT K. A SCHOE Bk
Z R AR BN G, W R SE 1A i 0 SEA 5 IR
B UTEMB IR I SR 480 5 1R PR -
B2 RO R, KL IREIL S, BIL-
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Abstract:
Objective Named Entity Recognition (NER) is a fundamental task in information extraction within

specialized domains, particularly military intelligence. It plays a critical role in situation assessment, threat
analysis, and decision support. However, conventional NER models face major challenges. First, the scarcity of
high-quality annotated data in the military intelligence domain is a persistent limitation. Due to the sensitivity
and confidentiality of military information, acquiring large-scale, accurately labeled datasets is extremely
difficult, which severely restricts the training performance and generalization ability of supervised learning-
based NER models. Second, military intelligence requires handling complex and diverse information extraction
tasks. The entities to be recognized often possess domain-specific meanings, ambiguous boundaries, and complex
relationships, making it difficult for traditional models with fixed architectures to adapt flexibly to such
complexity or achieve accurate extraction. This study aims to address these limitations by developing a more
effective NER method tailored to the military intelligence domain, leveraging Large Language Models (LLMs)
to enhance recognition accuracy and efficiency in this specialized field.

Methods

NER method based on LLMs. The central concept is to harness the strong semantic reasoning capabilities of

To achieve the above objective, this study focuses on the military intelligence domain and proposes a

LLMs, which enable deep contextual understanding of military texts, accurate interpretation of complex
domain-specific extraction requirements, and autonomous execution of extraction tasks without heavy reliance
on large annotated datasets. To ensure that general-purpose LLMs can rapidly adapt to the specialized needs of
military intelligence, two key strategies are employed. First, instruction fine-tuning is applied. Domain-specific

instruction datasets are constructed to include diverse entity types, extraction rules, and representative
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examples relevant to military intelligence. Through fine-tuning with these datasets, the LLMs acquire a more
precise understanding of the characteristics and requirements of NER in this field, thereby improving their
ability to follow targeted extraction instructions. Second, Retrieval-Augmented Generation (RAG) is
incorporated. A domain knowledge base is developed containing expert knowledge such as entity dictionaries,
military terminology, and historical extraction cases. During the NER process, the LLM retrieves relevant
knowledge from this base in real time to support entity recognition. This strategy compensates for the limited
domain-specific knowledge of general LLMs and enhances recognition accuracy, particularly for rare or complex
entities.

Results and Discussions Experimental results indicate that the proposed LLM-based NER method, which
integrates instruction fine-tuning and RAG, achieves strong performance in military intelligence NER tasks.
Compared with conventional NER models, it demonstrates higher precision, recall, and F1-score, particularly in
recognizing complex entities and managing scenarios with limited annotated data. The effectiveness of this
method arises from several key factors. The powerful semantic reasoning capability of LLMs enables a deeper
understanding of contextual nuances and ambiguous expressions in military texts, thereby reducing missed and
false recognitions commonly caused by rigid pattern-matching approaches. Instruction fine-tuning allows the
model to better align with domain-specific extraction requirements, ensuring that the recognition results
correspond more closely to the practical needs of military intelligence analysis. Furthermore, the incorporation
of RAG provides real-time access to domain expert knowledge, markedly enhancing the recognition of entities
that are highly specialized or morphologically variable within military contexts. This integration effectively
mitigates the limitations of traditional models that lack sufficient domain knowledge.

Conclusions This study proposes a LLM-based NER method for the military intelligence domain, effectively
addressing the challenges of limited annotated data and complex extraction requirements encountered by
traditional models. By combining instruction fine-tuning and RAG, general-purpose LLMs can be rapidly
adapted to the specialized demands of military intelligence, enabling the construction of an efficient domain-
specific expert system at relatively low cost. The proposed method provides an effective and scalable solution
for NER tasks in military intelligence scenarios, enhancing both the efficiency and accuracy of information
extraction in this field. It offers not only practical value for military intelligence analysis and decision support
but also methodological insight for NER research in other specialized domains facing similar data and
complexity constraints, such as aerospace and national security. Future research will focus on optimizing
instruction fine-tuning strategies, expanding the domain knowledge base, and reducing computational cost to
further improve model performance and applicability.

Key words: Large Language Models (LLMs); Named Entity Recognition (NER); Instruction fine-tuning;

Retrieval-augmented generation; Knowledge base



