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S b R B SEAR AR IS O BMEO. DL B A7 A v, o, B(Begin) AR SEAR K ALY
E AL E , M(Middle) 18 26 SRS A Y rp (8] 47 8, ECEnd )8 6 SR R 1 45 AL E, O(Outside) U5
R TR 53 o AR 3R 2 R .

x®1 RiBEHH Fz2 tRiEHN
Table 1 Term distribution Table 2 Annotation rules
PNy RAERAL/ 2% p N g FF i Fp ] ZE g
3 417 3056 B4 ) B-POL M-POL E-POL
LA B-ORG M-ORG E-ORG
k1 24 5648
BSCEEAS B-TIT M-TIT E-TIT
WA 10 236 B 7 N O O 0

4.3 FfhEiEER
i FHA 16 2% (Precision, P...) & 81 &R (Recall, R.) Al F B VE M PEAGFE AR L 45 B 2 FH e 26 8 R 11



400 e QRN NS ) 2026 4F

T 8 0 Fe ], A Pee=Tp/ (Tp+Fp) 5 43 181 238 1 T iz A58 Y 5l 2y 48 1 BT A 56 PR SE AR B BB T, 2
KA R =T,/ (Tp+FO 5 F A8 S HE 6 28R4 [0 258 0 98 FF- 2480, A0 FI=2P . R../(P..tR.D.
R, T R AR IR TN Ay S A LS B A Ay S AR A ) BRI Shy S ARSI B AN S AR A TR R
F A TR T AN 2 SR E SE B 1 Ay S A 1 ) B o

4.4 THRNEBEBESHIEE

S 7E Windows 11 #0/E R 48 K dE 47, b ®3 SHEE
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Table 4 Evaluation results of different models %
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Research on Mongolian Domain Term Recognition
Based on Bi-LSTM and CRF

Tana, Songyun
(College of Computer Science and Technology, Inner Mongolia Normal University,
Hohhot 010022, China)

Abstract: To address challenges such as morphological complexity and scarce training data in Mon-
golian terminology recognition, the Bi-LSTM+CRF sequence labeling model is proposed, which inte-
grates bidirectional long short-term memory (Bi-LSTM) and conditional random fields (CRF). Focusing
on three terminology categories including policy terms, organizational names, and title names, a manu-
ally annotated Mongolian government text dataset is constructed and the BMEO labeling scheme for se-
quence annotation is employed. Bi-LSTM is utilized by the model to extract contextual semantic fea-
tures, and CRF is integrated to optimize label transfer constraints. The approach effectively addresses
challenges such as Mongolian's lack of case distinction, high frequency of compound words, and rich
morphological variations. Experimental results show that the model achieves an overall F, score of
93.17% on the test set, outperforming standalone CRF or Bi-LSTM models. The approach signifi-
cantly enhances Mongolian terminology recognition accuracy, offering a viable pathway for natural lan-
guage processing research in resource-scarce languages.

Key words: natural language processing; Mongolian language ; domain term; term recognition



