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TE 4455 BRIERITAR,  BdE 2 00 4 )
BEEH, RENEENECAERESEFER
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tion)fEN H AR 1E S AL 2 (Natural Language Pro-
cessing, NLP) 8 (1) (T 52—, BEMNIELE
S A ) IR B B R e SR B ) SR, AN
ML, Hb ORI TR, TR AT 702K
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IWE RS . RTE 5 AL B 03 SCFE i e
1, EREMGIRANSZI R B TR SO, RSAER
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VEAE B e, A B KB B 3R N ROT i
SRR A, A 3B . AR
B R R A E AT 55
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TEAE G (1) i 44 SRR S5, 2R I BIL-
STM+CRF M # KAk, WBERT+BILSTM+
CRFPEE I VERIEAT LRSI 3R 287 V208 75 22
TRAEHA E T SRR, IF HARFIZ AR TR
HERERINZREE . SR, X7 U7 B e i
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bR, LufsE AP T A B S —HE
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oK (2)% T FREA S S B SRS Uy i A Ab 2
A 41 K E AL B I, R OR A B
A (3) 5 T3 A ORASE R ) S A ik B 5 325 A8 A 2 40
LA AR AAER, SBCSCRUYAE R T (4)8k
R RE SUSCRTR E , OE I S R R 52 T
AR

BT I L, AR SR R g A S A
I 1R 2 T RS (¥ iy 4 SRR IR B T . %07 A
DeepSeek KR Ny HE L, R A LoRA (Low-Rank
Adaptation) R ECR, R TR B U
5 Mo B e, AL RENS 7870 2% ) IFIE M
THIEAE B U B RAAE . R, IR A
% (Retrieval-Augmented Generation, RAG)!®5
W, BT AT 0 RIS S U B R 7 S
W, REANERRIR S S 5 RS S, DI GR
RRERUAE U SR TS TP R I, IR A Rz
KRB “L)ue” R W Bk, AR5k

At —Anlp T 5K, AT A

B AESETH i 2 SR BIE TS S U HE B P 5
B

2 ETAREM R FRAGE

ASCHR 7l ) RIS 2 AT ) 2 T AR
) iy 24 SEAR R ) vk . 1% 5 VAR H DeepSeek/fE
JRAERIIE ), FIHAE 2 . RAGHK 214 984
FSCUA R ] R [E] U, ASE Z 0 e KA Y e 8 PRk I
B AFRAE B0k, HEARREZE M E TR
2.1 #E2HE

AL [) RTS8 B R A T E i 4R
ff F LoR AT R 18 S R A= S FH P e 4
SEPLE R AR HHE R T SR . PAR I A SN ]
R EE RAMN T E QG SR w A “JeKZEL
TR CRETT” 57, RS X SRS
“CERREE” MR R EE 17 o BARPAT T
nr

SR,
RPN, 3 | | R ELTE A A

A B gL, | (L AR
R, WL i | |aer LU B
PR ot A, 2 | | o i er )
OS2 T 2 ’ Fe
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o Name: F[EH %4
e Code: XXX ——
o Description: ... o Name: 7 fif /R 55 %
e Country: 5[ el (NSA)
... e Description: ...

o Longitude: XXX

o Name: “H&[7” 5 e Latitude: XXX

e Pennant_number: CVN-75 e

e Description: ...

o Level: JE K2R
. ...

7 B A A ,CQueI’y) COutput) ------- “171 5
/7

PN BRI

New Query

bl e R 2 S 4
A (NSA)')

?b/‘\imﬂiﬁ Instruction: /2 —Pnlp% 5, ECHE LT
BSOS P A 2 R I Sk, SR TIALER A B
HAREE | agbii, ot . RS, R

0 e N 2 jsonté A, AT HI SRS RLIE f 2
SR AR . X2 18 FI i, %
y———|.=| 11155 i
. [_n(: [ hli]"
i

Output:{"A
"RAR R e 175 BEA
S, i E 2 18 JHY),
"l [ )

-G )+ + )

R — A nlp % 5, THUH LR

RUPAP R scth, scp | | REELTREA CHG

117 5 CAIRA AR B IRIA 2 i

1 HERHELR

® 1 IESBUREHA

FEHE N ALK, i
A WAL, 1
1% Wjsontk IV LY, WA 1k

KW

EXAR(NSA), HATE
SYEIB(ERAV), EEMEE
HIOHRERR:

F

PR —AnlpE5, FECHCLUT I MANE PRSHE, SO R HIWIM. Kaekes. . M, Haofgsok
Instruction 58T R AR X R HPREMBCR DL RIR SRR A FRE, RER S RSB E R M WA 9%, mRHEWATHE,
AR ERBEIT AT, BEMRBA RN, i jsonts X, WAHRISARAREE.
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2.1.1 HEMBARIES

Fe A O FIAZ OFE TR e 25, AU
P T IEAE S AT A R R At DL A il AGAE 2
TR IR SR, A EIR A% Rk
B

B, B B A AR AR T — e T
J5AE BT SCA . it a2 1) v o = B0 AR 1 7
K, A pERARASREESAT. HEIRE
MISCAS, BRI L G ) SCA R & EE B FRE R
B, i BhE B BE AR Ik 5 1 SCA AT 4L
EHUSEORHE, A fal, Hhp . AN A
DA B A 28 28 SRR B SR, I N bR v Ak
Ko wfa, AWEERERIESE, SIS R RE
NTRIETAE B0 i U 1% 5 SR A0 8t I e A it
TN TE R, Ah 78 EU A e A SR I B E AR S
FRE.
2.1.2 LoRARE

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

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

Al “down_proj” X JUAN KB = B S Hk A7 R
LoRA IR it 22 5y
|yl

max Z Zlogg (Pogras©) Wilr, ) (1)

(z,y)eZ t=1

Hrp, oRpRmN, yRoaaft, ZRRBOAEEE
£, ORREMNSY, oRRMHSH. HET 2
BEZHAOTH, FIASHET DHIAG (0)KALHE
i iol, A R0RD TGS EE, R
SRCA )[R, BRI th PRI AL P B
2.2 RAGHRIZEE L

AIAEBRAGH AR, #x Mg FiEE &
UL R FNRPE TR E R R, A ROWEE BT A
b R FFIEAS B AR AT S A S L) “ 4t Tl
. AR, EEIRAGHARS LR ARE, WEH
51 KB AE TS S U SEAAR R RE ). Bddk
s .
2.2.1 FREME

RAG T 56 5 ZEA @ O L X R . 40T &
WITEZ R “ ARy Ye-1a) B N- [ BEAEAE ™ (1)
= BUZEM (1 Chunk-Embed-Storefi ), HIAER
A SR AR, ARG STUR AT R IAFAE
BB HACFRE RHGUI ORI, BGIRIRST
Bk SR, BAE [ B A 5 R AR TE R
MER .

RNT R LIRS, ASCETT T 3R E i R S
PG ERERASEMER: e Bk, BahE
PRl TR . [bw HArRE LT “EFE
7“7 EFHSHRMW “E24E7 “Aam”
“RERT HTMEOLTE, B ERELEDE M
M7 “HiEER” HAMEERM AT “aln”
“Uisr CER” HUNTE, wmEFHIME T
CHEHBNT M T “YnsT “EERET He
FB. FEBOUEE R 2-FA4.

€ HbRE “LRR. Q. R S740M%

* 2 EEBERMREREERTRIER

o) FBAR i
1 longitude B
2 latitude £
3 name_ target E HFR AR
4 name_ alias I 5E H 59 4
5 description & HArfiiik
6 country K
7 arm_ force e SHIN RS

% 3 BHBERMREREERTRIER

e FEBATR ik
1 pennant number iV
2 name 3 Hbr 448K
3 name_en #3)) H R o AR
4 name_alias B3l H br 4
5 level 775
6 country = %
7 construct _shipyard &M
8 builder AR
9 major _experience FHERP
10 member _of BN
11 home _port B
12 construct _date s H Y
13 service _date MRA% H 4
14 retire_ date 1B H
x4 wHIFFHRERRERFERER
5 FBUAATR £
1 country e
2 code Hifidy
3 name EA i
4 description HhR
5 parent T
6 equipments_ names I
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OB, BEIRZEHIEM . O S SR ) A R)
— SRR MRE, ST BRI« SERRZ
D-FEEJEIE” HIsRIEE R R

(1) FusEmith:  “2R7 1ERNE S
PIME—FMbriR, 5 “@4E” (ZfMgEk). “H#
JEEAL” (HER M) ST B EE R, EERAGHK:
KRS | BAFAE BB, diftb 2B haeit
KA EANL “ BFRA- LB E” 5N ) 58 5K
i, WK “RZEHIN 5 H IR AL bR R H N
SR EPSE ST

(2)18 B GE MR “HR” FB (W “RmE &
JENLAE R “FERMWHMBE D7 )Fh e sLk e
B, SEAHALTEL, B RERX 4 F S AMER
[E A E 1 SR (ks NG~ 5 “YEdELE 7
FEUER P I H AR ), Bk PR SCAE R
SRR ZE o

BohBFrR “4F. 4. w5, BxR” %
UAFBE, SEECMAT . T2 88 55 sh A& SR 13 s it
B2 RRRERE, NSRBI ES . B
(1) S IAK I -

(1)S2ikme—esmtk: “45” (WM S
“DDG-1000" « &#Hlgm's “82-0001” e HNBhZA
SRR, 5 “Ex” FRASG, THEE
B SEAR A JE S5 ANMA B 4y —— RIMERA G R 21 15
ARG 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 “ S - IRAS- 6
217 A “EFEARR S M (CVN-78), X477l
AT IEHE R, 1530 F-35C ML ), 8GR
SEAAR A BRI R A O A 12

TR “HR. s, HEEE” FeA
TR SR AT ) SR A 2R RS R R R
FEME, SRR AR “HRon-2E-TRRE T M
i %

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

(2)SEARR R DAL, “BEEE” TR

KK B HARRRIBh S LAk (I “ 3 & F-22ARf1 2
FeHBRN” ), A RBIALE I RAGH ZR B A g5 “ 6
A2l 1] — 2o 5 K B — B K17 B SRIBRIA RN, AN
REVUA “HEFBL” X — Sk, L RE T8 A I
LI o 2 2% SR B B IR B RIS &%, SRR 4t
ARG “HNGRAERFIR BRI RR.
2.2.2 FRKE

T ARG, w20 b AR AT A
o HEl, RZENRER RO TSR &
RRITIE. SR, FERRTT AFE— RS .
(1) FERT SCA AT TAL BRI A &y 5 8008 T, A
INFE A SERE IR M (2)4 AR VI PG 47 )
BIRABRIEE S SIS, TR HEmrE, 2t
MR R P& . (3) A AL T STk 78
FRESUAR G SRR . B SORIR PA K s AR,
XAE AR A5 R ] e 5 H P I EE (W AH OG5 BAFE
T 22 o

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

()MEES . REmE, AT RTKECH
AR RRFERIE, ASCHIE T — BEE X 4S
HEJ A B0 P B AR AL PR SRENG o AA5 ) A B80H0 F vh k
e T RAERIENREYER 7B DAt d oc i
WS . LA B AR R (R3) NI, I
“name” (%FK). “name_alias” (l4). “con-
struct_shipyard” (BIGM))EFFB, FTiXLF
B & g, M EHER gl

I HER 51 A SR IA - SRR SR
RO 28, R 4 R B 39 1 A D 5% B AR T
fir, PRI B E A OGRS ik Sk id . H
DEVERIIAEST I . — R B BT IR B A R
RO, B 2 451 1) o S 3B e A Dy S 1) WS
A PRIE LS, T R KRR SEIR R 755K 800
B T B Al A “RFR” 47 iR
BB PE O FSHERE RN I, 38 S 5 A A A L 3 T
Ky =R RMILACIR By LA, Joilad SCHRin]
VB 7 i 1 B P P AT IE DTS, R PRI 4 B B A
BIVCHEC I TH A

(2)BRIULIC : 24 1 7 A 20 B SO AR A
I, RGEE 0 i d 6 SORREAT 73 i34 . AR,
THIEAE BAUERAFAE R E o 4 AU B A% A RRETK
AR SR, i8R o IR VIR 5 0L, AT
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SHLERRBIERMBINE . T AR —
W, FEBEAT RSO R, 5N IE N0k E AT A0
LAC, BRAELE S ial g8 RAUEF IGO0 T, tasRw)
BEMLAR BUAH OGS B Ban,  “ K E-159H PR IE
T SO KRR L “T L €157
“UPMBRT AN “HGESH” , TEEERER, FMIE
WG “~ KB FIHIE SIS ” B “ - FiE S
PhS” HHATILAC, RERSA R RILICVEE,
NI RERETRE

(3)VMHAAFE HEFP 2 58 ks B 44 I 3R 45 2 if
GG, T REME N R R R A,
Xf I 45 S d IR LR BEAT HE Y . A SCR A
BM25(Best Match 25) %3 F T 118 R ARBLEE Ao
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

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, 20l 4 ) 3 AR S
PR BEXAG 7 MR MRERE, DRSSO, dU2 S0
DKL, avegdl & A EE & H T A SCR T K
B, RN ERNE, TF (¢, D) R BRSO
FHELAR, IDF (q;) AR, TH5I5EN

(2)

N —n(g)+0.
HDF(qQ-—log2n(Z£?2£i;)5 (3)
Hr, NANXHEASTHSCREEE, n(g) 2B

Bk g SR .

BM 25 530 i 45 & 75 5 A ) il 72 ] sk )
AR . IeRKE N ERFTEEEN T REE, &
A P A S L S A O E R HE T . L B
FEAR. —2FREHR BRI RMITTRN
A, IS £ R X KRB IR, %Il
EFH (Wl “KE-157 BRICHE, HBRE
CHpE e HAM RS AR S RER RS
B TRR, i “dms” “HL” SRAF
BIRLE, MRS RS EEZOERRXSE:; =2
AMECBIUCEC 0 R BR 1, AEF KA (Rl 2 [R] Bt —
DS REIER, SCILE R B SH R P .

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

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

2.3 (o) [EYAER

NPT S BB AL I i S RE /7, A SO %
(] YA R o 2SS e faASE 2R 7 4y H S A ) A o LA
FE, @ik BRI E S SR R, e
Giit, Ik ARSI S R SRR B g AR
SRR, AT A SR e e AR e SR TR 2R
2.3.1 [ERESGEIT

] B GETH IR B E 2 GRS B i 1) S A 45
B, IREET IR B AE P R X X e g AT
o [ERFEERE, B BE N DUE S U ae
Z AR 35 R0 BB R — e
PETHME A R AR 2, AT BRS04 B IR A 1
SRR AN B AS FE 45 i T LA gy, S EH
[ 26N R, R 75 25 B A B FH 3 5% (1) 75 SR AE A
K5 A 1R 2 A AT A B .

X4 BT P B % IS B A KBS R
TSR, ARCETT B TR
ITIRAT, FFm h— B R AT e it . 124
TR R, B S A SR 11 A 2R St 1 e g s dok et 1)
g5 R (RS R S BT I35, RIS bR vE H =2k
I A], X — A AR T 5 S0 e I B ) 1R 2
PEHEAT PR AL, O T R A, i
BRI P RESR AL T AT T 0 A SR
2.3.2 [O@ixE

i 250 J2 R PR 5 T IR R g 1 2% Hh B B R —
R RG R . BT RER RN REARROR,
Xt AT AR AL T . B RARE SR deh P A R B
HEREZMRE, KRB S 5 AfE R FE
k. BAMGBIRIT:

(D) THHEGANE R E: gt
ARSI T SEREARS R, B E I ST R
MBCEES. Bl A7 CALHET ‘R
AR SRR R B & 10, 20130, I
WU LA 23 59 16.7%, 33.3%F150%

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

(3)2E B BE ML BV AL X 8] . A= B0~ 1A BE ML
B, AR R ALEC TR SRR X R] A e A e 2
e Flan: FE0~16.7%X ANk “ N7 1,
TE16.7%~50%ikH “HLHAM " 25, 1E50%~
100%ikH “Rasdes” .
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AR P RAR Y A pf 5 2O S S SE RN TR R
AR RO, 4R BRI A iR 45 R 2t
ITRBEAIE, B R SRS R . R
BERR AN 2P, 2L E 7 B el il R T O 45 2R

3 SLIGHER

3.1 SCIOHE

HH T RS B AU U, A ST H R 4
L TFIRAS B 103 1) SCAS, KR o 1 i3k 47 1)
g5, FHEIRE AL AT N ThsiE, B
FSCFF U5 AT J2 8033 1) i 44 SIEAA R T3 1 25 A0 D £ 4
o BHER IS BWRFTR.

SEIS AR A E A TR, a2 A SR
(text) FISARKRIE S5 R (result), B SEAFE A0 H 51
BIANR6FT 7 o
3.2 XWRE
3.2.1 HELRR

RNT HARSCIR W TR AT, AR SGELT
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

@*’Nﬁi?&%ﬁ?ﬁ?%y 'E‘%*ﬁﬁﬂi?i%%ﬁiﬁlﬁ@&?ﬁ\
AEWRAER T BTt

#IL5%

BEFLEN{TYPE R LU RIASCA, HREIZ{ TYPE i
LERGEHER, i A RS IR S R % .

SRR B DGR E I, AR AARR. .
PR ZEMNENF = AT S S W
B FORATERRI AR T BN, R ERICANE

BE: R A R SRR R E B IE, A TYPE}
R ERIBIE, g

#FEp
N LT, RIS
LY

{"ame":"BEAR T "type":"HAT R "}

A

A

fir i«

{"name":"HAR S AU BAL" "ty pe":"LAR", "reason": " SE 4 44
AN, SRS L)

(1)BiLSTM-CRF: £ $L) 7 51l i i 455 20 248
M, B ESRE S B A SRR BT S T 2 R

(2)BERT-CRF: —#fili& 7 BERT il Zifb
5 ZAFBEN7 (CRF) T AUbRERY, J@IIBERT
R 28 RN e I #E SO R SCRFAE, B
CRF JZMAL 7 HIbR RS B A OC 22, F T SRR
Al AR S B ARG B AL BT SS

(3)UIE: A SIS —HELE, ZAELE I
TR G R FAFHMEL 1E T ST
Fg— e, FHEEARMES A& R FMITH
Az Ak R
3.2.2 XWBH

(1)BiLSTM-CRF: K Fl Wiki Il 2 ) 1] 73]
B, A EE4EE100, LSTMM ¥ e &E100,
dropout N0.5, 2%£>1%50.001, fiib#s NAdam,
WZREE IR ON100%E .

(2)BERT-CRF: kHbert-base-chineseff AT
IR LAY, BRJZ 485 9768, dropoutN0.3,
) FN3e 5, AL IEAdamW, IIZRIRE20% .

(3)UIE: KHIErnieModel 3R, Bz 4
JE°NT68, dropout H0.1, 23] Nle-5, itz
HNAdamW, YIZREEIN20%E

(4)A3L: R DeepSeek 8BZA bt A Ay fitl
B, 22K NTle-4, IR N10%, LoRAFL
W HE NS, LoRA Alphai% & N32, LoRA Dro-
pouti% & H0.1.

B IEAT I e 45 25 BiC B CPU A Intel (R)
Core(TM) i7-9700K CPU @1.60 GHz, W{762 GB,
GPUANNVIDIA Geforce RTX 3090, #1724 GB.
TESZIG TR rp, B (A SR04 ERE FH AR [ 0 240
FEAFAC B
3.2.3 TMEIEHR

TEVEAS Ay 4 SRR BB (1 SEAG AR I, —

* 5 IRBEHIHEER

SER N PSS WIgrsE ik
x%1§?e§ﬁ9f5415§§12120 o e/ 10426 1000
(s R Am . y i
2 5 B PREREASCA T B E 27.8 154.1
& 6 FREAES
FEB SO AR

615 HARIERR, PISEE T ZERF-22080 0L T i 1016 H 13H T 482G N BRM- A RS 3R iR K,
= INP- 220 HUE EA TR WA — /DS K, SR — 3K C-135%8 P LA "% gk e flg S L 4 4%

JRga A
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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
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