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Adaptive Decision Boundary Modeling for Named Entity Recognition

WANG Chunyu, FAN Yuanyuan, LIANG Qingzhong, LIU Chao, LI Xinchuan
(School of Computer Science, China University of Geosciences (Wuhan ), Wuhan 430074, China)

Abstract: Named entity recognition is an important task in natural language processing. However, real-world applications often suffer from
class imbalance, which makes minority entity types difficult to recognize and consequently affects the overall performance of NER models. Ex-
isting methods mainly rely on linear or hyperspherical decision boundary assumptions, which are insufficient to capture the complex feature
distributions of minority samples in the representation space, thereby limiting the discriminative capability of models for minority entities. To
address this issue, an adaptive boundary optimization—based named entity recognition method (ABO-NER) is proposed. The proposed method
constructs flexible decision boundaries using nonlinear discriminative functions and independently models features for different entity classes.
Meanwhile, dual constraints of intra—class compactness and inter—class separability are introduced to achieve adaptive optimization of the de-
cision boundaries, thereby improving the recognition performance of minority entities. Experimental results on six public NER datasets
(ACE2005, GENIA, MOVIE, OntoNotes5.0, JNLPBA and Few—NERD) demonstrate that our method outperforms all existing baseline models
in both Macro—F1 and Micro—F1 scores. Specifically, the Macro—F1 score is increased by 3.93%, 3.60% and 2.94% on the GENIA, JNLPBA
and OntoNotes5.0 datasets under extremely imbalanced settings, respectively, which verifies the effectiveness and robustness of our method in
class—imbalanced scenarios.
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Fig. 1 Comparison of the category distribution and classification effect under different discrimination boundary assumptions
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Table 3 Results on the nested NER datasets ACE2005 and GENIA

£3 HMEHIEE ACE2005 71 GENIA 4R (%)
b AEITE S ACE2005 GENIA

p 100 10 100 10 1
macro micro macro micro macro micro macro micro macro micro macro micro
BARTNER 16.36 49.53 23.32 52.84 33.10 59.38 11.70 43.29 28.47 50.87 33.27 54.19
POINTER 37.26 48.86 48.37 69.48 28.83 71.35 50.46 60.95 52.22 63.22 52.09 64.40
CNN-NER 40.70 62.95 57.61 70.61 65.07 73.94 49.01 60.45 70.64 71.46 70.16 67.37
BS 39.27 60.56 55.77 71.36 61.16 72.14 37.26 56.30 69.34 71.47 69.99 66.47
BOPN 41.67 57.69 58.76 69.13 60.80 68.35 50.39 51.90 56.17 57.86 53.61 54.33
BINDER 36.87 58.21 51.69 65.86 61.51 65.92 46.17 56.45 69.47 70.29 69.42 64.47
DS 44.34 64.88 55.07 69.77 63.13 74.62 41.27 54.88 68.25 68.74 68.87 65.85
DiFiNet 39.12 62.78 55.19 70.40 64.86 75.16 44.61 59.48 69.57 70.59 68.79 66.27
LongTaillE 35.99 53.74 51.83 65.37 58.61 66.06 24.93 48.18 60.90 64.07 61.42 61.54
MProto 40.21 61.17 54.10 69.21 62.35 72.51 47.57 59.20 68.22 70.03 68.54 66.10
ABO-NER 47.04 66.84 59.01 73.05 66.30 75.90 54.39 62.13 71.75 72.68 70.34 68.85
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Table 4 Results on the flat NER datasets MOVIE and OntoNotes 5.0
F4 FEEIEE MOVIE F1 OntoNotes5.0 [ 25 R (%)
e MOVIE OntoNotes5.0
p 100 10 100 10
macro micro macro micro macro micro macro micro macro micro macro micro
BARTNER 07.06 18.39 07.47 19.23 35.25 48.70 30.66 41.97 39.21 51.30 35.72 50.56
POINTER 16.67 43.99 53.49 69.72 38.86 65.54 51.99 68.32 51.31 73.51 62.50 75.68
CNN-NER 39.04 51.69 60.54 68.39 59.61 67.53 56.47 70.45 60.47 73.73 61.36 77.72
BS 41.35 48.26 62.02 68.56 60.74 67.84 52.83 68.50 57.70 75.77 60.07 76.58
BOPN 11.98 19.05 51.94 60.49 54.18 61.98 23.09 39.08 59.55 67.63 57.27 67.06
BINDER 43.19 47.25 63.04 70.32 64.01 69.06 57.75 68.90 58.76 74.16 63.54 76.65
DS 35.71 46.35 63.19 70.02 59.43 64.30 53.48 68.96 59.84 75.90 59.44 77.26
EASAL 22.29 33.38 51.69 62.33 53.06 57.97 45.54 62.19 49.33 63.65 45.54 62.19
DiFiNet 40.00 51.09 62.20 69.94 59.76 67.71 54.39 68.52 58.99 74.57 61.39 77.86
KNN-NER 33.21 39.04 54.30 64.46 48.67 60.30 44.53 56.69 53.31 72.05 55.46 73.68
LongTaillE 34.21 42.92 57.33 66.60 57.60 67.22 52.04 67.32 59.09 75.56 59.99 77.88
MProto 37.53 50.20 58.25 66.56 57.86 65.31 55.10 69.28 59.00 72.01 60.13 76.52
ABO-NER 4329 55.60 64.94 72.86 61.87 69.82 60.69 73.46 62.20 77.25 63.22 78.14
Table 5 Results on the flat NER dataset JNLPBA ABO : [R] B 25 450 1) 51 28 205 FE F margin (9 X0 A0 4k 161
&5 FEBIERINLPBANLR (%) I s QMLP < 51 5] X 2658 kb o MLP, LA 25 %% SIREN 3]
AEi R JNLPBA %U%E"J 'j._'i‘ﬁj(o
p 100 10 - N "
‘ . ‘ . P T—3R 9 1A FhSL 5 B, ABO AL H A 1) B R
macro micro macro micro macro micro
BARTNER 3452 5563 3509 5807 3698 6384 5X0GH TR R A AR i 5 Y & R,
POINTER 4607  51.16 3721 6262 5076  65.50 H UM RSOV B3 W AT (p=100 ) Bk 2H 14 5% 55 1) 1 g
CNN-NER 5375 6346  66.84  71.06  65.63  68.87 v AL "
i EN F 40, GENIA i%E I, ABO-NER [y mac-
BS 5386  63.08  66.64 7110 6820  72.28 B R M 1 -, LSLEE 2
BOPN 4008 5391 6590  70.16 6343 6759 ro=F124 54.39%, 1M ¥ B2 N K46 (whoL,, ) i [ 2 43.75%,
BINDER 5509 6071  67.09 7037 6455  67.80 ZIIR10.6 N EH 8, N L, FRE DB AT E
DS 4933 5951 6347 6820 6324  65.82 T 1E ACE2005 |, B B 2K W43 B9 (whoL, ) J& macro—F1
EASAL 3452 5563 5093  67.15 5094  63.04
DiFiNet 5479 6358  67.17  71.82 6499  69.31 I\ AT.04% i 5 44.84% , R WA L, 0 58 A6 S5 71 A T 5
KNN-NER 5343 6378 6210 6882 6326 6581 Bl o 25 R S A B Sk CE 451 2% (wiolL, ) , 1 AE ) ¢
LongTaillE 3931 5346 6031 6548 5802  61.63 TR, 14 MOVIE 3035 £ p=100 B}, macro—F 1 %8 58 $ 51
MProto 5234 6210 6515 6982 6429  67.53 . JRTRININ
g 1.1 7T % 5% AB ABO) I} 14 P BE 3 34
ABO-NER  58.69 6537 6768 7243 6637  69.10 HYZEAT1.19% . 58 2B BR ABO (w/oABO ) I F 1 i 3 Jid 44
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Table 6 Experimental results on ACE2005, OntoNotes5.0, and Few—
NERD datasets

%6 ACE2005,.0ntoNotes5.0 7l Few—-NERD #{#E % F LI 4R (%)

FAGIIES

ACE2005 OntoNotes5.0 Few-NERD

macro—F1 micro-F1 macro-F1 micro-F1 macro-F1 micro-F1

DiFiNet 80.67 88.947 81.57 89.51 77.32 80.43
LongTaillE  75.48 84.37 79.83 87.74 62.607 67.801

MProto 78.36 86.35 81.46 90.32 74.80 79.62
ABO-NER 82.67 89.62 83.57 91.78 78.82 81.14
4.3 HBhsEIE

F A B ABO-NER " 45 20 BB B 4 H L E 24>
SRR LT T ARG RIHEA R . B S Ow/
oL, : RFRZE N R 45 T, AR B 25 0] 43 B 3L @wloL,,: 2B
JE 18] 3 B VA AR B R 46 01 5 BwloL: 25 BRIE T margin
B R A AR 48 %, B e ol 3 R 58 Ut 2k CE; @ wlo

JiE , 7E MOVIE |12 K 39.04% , 46 11E # 1A HE 42 ity AN AT #:4C
PE. AN, MLP 7E ACE2005 | 4 macro—F1(43.49%) 5 5¢
FEAAY (47.04% ) 1) 22 FEIESE T SIREN S5 A5 Ji] 138005 oA 4L
() A AL B8 ) o (AR ST 3 55 TP AR AR A SRR ), o
JNLPBA I, w/oL,, ] micro-F1 & 69.31%, & =5 T ABO-
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Table 7 Ablation study results on the ACE2005 and GENIA datasets
%7 FE£ACE200571 GENIA #iE% F Al R R (%)
GENIA ACE2005
p 100 10 1 100 10 1
macro micro macro micro macro micro macro micro macro micro macro micro
MLP 50.24 60.89 70.10 71.91 69.29 67.08 43.49 65.20 57.11 71.22 66.62 74.67
w/oL,, 48.89 60.33 70.02 71.23 70.95 67.87 44.84 65.48 58.40 71.08 65.63 75.03
wlo L, 43.75 58.97 70.42 71.46 68.95 65.80 43.19 64.50 55.11 71.11 63.24 75.37
w/o L,p, 49.80 59.96 69.35 71.00 70.08 67.22 42.33 63.96 58.07 71.01 65.98 74.43
w/o ABO 48.81 60.45 69.61 71.46 69.98 67.37 41.53 62.95 55.63 70.61 63.77 73.94
ABO-NER 54.39 62.13 71.75 72.68 70.34 68.85 47.04 66.84 59.01 73.05 66.30 75.90
Table 8 Ablation study results on the MOVIE 1 OntoNotes 5.0 datasets
%8 FEMOVIE #l OntoNotes5.0 ##E 5 - #9i Bl R (%)
MOVIE OntoNotes5.0
p 100 10 100 10 1
macro micro macro micro macro micro macro micro macro micro macro micro
MLP 40.10 51.95 62.60 70.12 61.10 68.63 57.41 72.00 61.77 77.20 61.43 78.13
wloL,, 42.16 54.86 63.39 70.59 61.64 68.62 57.20 72.12 60.15 75.43 60.81 76.00
wlo L,, 40.57 52.64 62.06 69.81 60.80 67.68 59.07 72.15 61.10 76.97 62.22 78.27
w/o Ly, 42.10 52.35 61.72 70.35 61.56 68.51 59.23 72.19 61.67 78.09 60.62 76.66
w/o ABO 39.04 51.69 60.54 68.39 59.61 67.53 56.47 70.45 60.47 73.73 61.36 77.72
ABO-NER 43.29 55.60 64.94 72.86 61.87 69.82 60.69 73.46 62.20 71.25 63.22 78.14

Table 9 Ablation study results on the JNLPBA dataset

ABO-NER B macro—F1 7E MOVIE F1 ACE2005 _F 43 51| i |

9 7 INLPBA BR& LHIH S R (%) 7 43.299% F147.04%, 53 55T MLP (427 3.19% F13.55%)
INLPBA ALK RBFNetwork (327 0.68% H14.35%) . X 15 B IE 5% 84 7
100 10 1 W . . N N e N
’ macro micro macro micro macro micro [%[ ﬁj{ 1‘%13 Eﬁ)ﬁé Z'K T ,U} HE{%?% E ﬁ% E(J /fjﬁjg‘: /f§ *% Ej '%J }fjﬁ %% ]i
MLP 5330 6277 6710 7135 6599  69.61 AE 71, e A &z m /DB R s HASFLIN A 30 oA o AE
wlo L, 5395 6454 6740  71.69  65.05 69.29 p=10 1y FEARSE T, ABO-NER MR TE 72 - Y4 8 45 1
wlo L, 56.28 64.61 67.34 71.71 66.40 69.31 ﬁﬂ%,ﬁg Qﬁf‘ﬁ , {ﬁu ﬁﬂ Tj—: MOVIE ;g& *E%J: , /ﬂ‘: micro-F1 ik @J T
wlo Ly, 5526  64.04  65.65 70.71 65.43 69 .85 286%. & T FourietMLP (71.56%) %5 RBEN .
wioABO 5375 6346  66.84 7106 6563  68.87 72.86%, = Founer R etwor
ABO-NER 5869 6537  67.68 7243 6637  69.10 (71.30%) . {H 15 F B0 &, £ ACE2005 %4 4 p=1 0,
gﬁgﬁﬁ% , ABO—NER %3: SIREN E"J #U jEIJIJ @ﬁ&gﬁ%% FourierMLP B/:J&;(HILI‘;—FI J‘jjﬁj T 7620% ) m%’ IEJ :J: ftBO—NEjS:
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Table 10 Performance comparison of networks with different discriminant functions
F10 REHIHI R R4 R LB (%)
MOVIE ACE2005
p 100 10 100 10 1
macro micro macro micro macro micro macro micro macro micro macro micro
MLP 40.10 51.95 62.60 70.12 61.10 68.63 43.49 65.20 57.11 71.22 66.62 74.67
FourierMLP 30.70 47.67 63.95 71.56 61.64 68.94 43.06 64.71 56.70 71.51 67.09 76.20
RBFNetwork 42.61 54.88 62.92 71.30 59.08 67.03 42.69 64.31 57.48 71.61 64.89 74.51
ABO-NER 43.29 55.60 64.94 72.86 61.87 69.82 47.04 66.84 59.01 73.05 66.30 75.90
45 SHHBAEN T p=101f , Micro-F1 1E me [0, 1 ] IX 0] A i 8] T 70%~74% 2.
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a0, 7E MOVIE 244 H L 24 p=100 5} Micro—F1 [ oh I
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Fig.3 The impact of Margin (m) on the MOVIE dataset
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Fig.4 The impact of Margin (m) on the ACE2005 dataset
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Fig. 5 Spatial distribution of entity features in the GENIA dataset with an imbalance ratio of 100
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IDRNDESIN
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NER 42252 F1 3475 T CNN=-NER , H_ 76 #5374 P-4 155 10
TARHE NI R, G, 78 GENIA Bii4E |, 2P F1 ik
F|7 54.39% , /1 E. CNN-NER 119 49.01% $2 7+ T 5.38 1N EH 43
Mo UHAHE ML, ABO-NER Xt /b B2 S A i 35 1
fE 1 BB R . Y p=100 B}, ACE2005 1 VEH /0% 25 51l i1
F1 M\ 29.58% 45t 2 40.76% , GENIA 1 Cell_Type /> %25 5
9 F1 M 24.00% 42 T+ 5 40.27% ., 5 MR, 25028 L3R
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Table 11 F1 scores for each entity type in the ACE2005 dataset
R11 ACE2005 8RE R RMELBNFIE (%)

PER GPE LOC ORG FAC VEH WEA ALL

CNN-NER 78.74 37.37 3091 14.54 39.42 29.58 54.32 40.70
p=100 ABO-NER 80.73 45.40 33.06 31.09 43.24 40.76 55.00 47.04
CNN-NER 81.65 59.23 49.21 59.61 44.04 51.06 58.49 57.61
ABO-NER 82.55 60.08 52.17 61.36 45.45 54.84 56.60 59.01
CNN-NER 80.58 74.36 55.28 70.19 60.30 47.51 67.24 65.07

=1
. ABO-NER 81.79 76.87 51.01 71.44 62.33 48.63 72.00 66.30

p=
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Table 12 F1 scores for each entity type in the GENIA dataset

#12 GENIABREELMAEENFIE (%)
Cell_Li Cell_Ty
Protein DNA RNA
ne pe

p=100 CNN-NER 72.64 3228 6630 49.84 24.00 49.01
ABO-NER 75.97 3428 68.13 5329 40.27 54.39

o=10 CNN-NER 75.79 6233  79.11 67.64 6831 70.64
ABO-NER 76.57 6447 81.08 6841 6822 7175

o=l CNN-NER 65.73 68.22 76.79 6991 70.13 70.16

ABO-NER 67.37 69.10 78.00 68.49 68.74 70.34
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Ab B R, 2 2 0RAE B 5 T RS Y i AR AL
il AR TS B AE FL S ANl 430 A1 PR B T A B st 5z 4k

fEST .
B E Lk

[1] HOU F,WANG R, HE J, et al. Improving entity linking through semantic
reinforced entity embeddings | C J/Proceedings of the 58th Annual Meeting
of the Association for Computational Linguistics , 2020 :6843-6848.

[2] GUY, QU X, WANG Z, et al. Read, retrospect, select:an MRC framework
to short text entity linking[ C ]//Proceedings of the AAAI Conference on Ar-
tificial Intelligence ,2021:12920-12928.

[3] LIJ,XUK,LIF,etal. MRN: a locally and globally mention—based reason-
ing network for document—level relation extraction [C-‘//Pr()lzeedings of the
59th Annual Meeting of the Association for Computational Linguistics and
the 11th International Joint Conference on Natural Language Processing,
ACL/IJCNLP 2021,2021:1359-1370.

[4] RATHORE V,BADOLA K,SINGLA P. PARE: a simple and strong base-
line for monolingual and multilingual distantly supervised relation extrac-
tion [C]//Proceedings of the 60th Annual Meeting of The Association for
Computational Linguistics,2022:340-354.

[5] INJY S,MARCO S. Open—CyKG: an open cyber threat intelligence knowl-
edge graph[J]. Knowledge—Based Systems,2021,233(1):1-13.

[6] ZHENG X,DUY, QIN X. Multi-level semantics—aware and multi-granu-
larity knowledge—infused model for emotional support conversation[J]. In-
formation Fusion,2025,128:103968.

[7] MIAO J F,HUANG Y, LIU Y, et al. NoTNER: self~optimizing text recon-
struction for open named entity recognition on social media[J]. The Jour-
nal of Supercomputing,2025,81(13):1280.

[8] QIAN Y,HU Y,ZHANG S, et al. Disentangling biased representations: a
causal intervention framework for fairer NLP models [C]//Proceedings of

the 6th Workshop on Gender Bias in Natural Language Processing (GeBN-

9]

[15]

[16]

[17]

[21]

[22]

[24]

[25]

[26]

LP),2025:393-402.

WU Y, LIU J. Multimodal named—entity recognition based on symmetric fu-

sion with contrastive learning[]] . Symmetry,2026, 18(2):353.
HUANG Z,XU W, YU K. Bidirectional LSTM-CRF models for sequence
tagging[ DB/OL]. https : //arxiv. org/abs/1508. 01991.
JU M, MIWA M, ANANIADOU S. A neural layered model for nested
named entity recognition [ C]//Proceedings of the 2018 Conference of the
North American Chapter of the Association for Computational Linguis-
tics: Human Language Technologies,2018:1446-1459.
OBAJA MUIS A, LU W. Labeling gaps between words: recognizing over-
lapping mentions with mention separators [ C ]//Proceedings of the 2017
Conference on Empirical Methods in Natural Language Processing,2017:
2608-2618.
WANG B, LU W. Neural segmental hypergraphs for overlapping mention
recognition [ C]//Proceedings of the 2018 Conference on Empirical Meth-
ods in Natural Language Processing,2018:204-214.
GILLICK D, BRUNK C, VINYALS O, et al. Multilingual language pro-
cessing from bytes [ C]//Proceedings of the 2016 Conference of the North
American Chapter of the Association for Computational Linguistics : Hu-
man Language Technologies,2016:1296-1306.
YAN H, GUI T, DAL J, et al. A unified generative framework for various
NER suhtasks[C]//Proceedings of the 59th Annual Meeting of the Associ-
ation for Computational Linguistics and the 11th International Joint Con-
ference on Natural Language Processing,2021:5808-5822.
SHEN Y,MA X, TAN Z, et al. Locate and label : a two—stage identifier for
nested named entity recognition [CJ//Proceedings of the 59th Annual
Meeting of the Association for Computational Linguistics and the 11th In-
ternational Joint Conference on Natural Language Processing, 2021:
2782-2794.
NAN G, ZENG J, QTIAO R, et al. Uncovering main causalities for long—
tailed information extraction [C]//Pr()ceedings of the 2021 Conference on
Empirical Methods in Natural Language Processing,2021:9683-9695.
WANG X, WANG Y. Sentence-level resampling for named entity recogni-
tion [ C ]//Proceedings of the 2022 Conference of the North American
Chapter of the Association for Computational Linguistics: Human Lan-
guage Technologies,2022:2151-2165.
LIN TY,GOYAL P, GIRSHICK R, et al. Focal loss for dense object de-
tection| C ]//Proceedings of the IEEE International Conference on Comput-
er Vision,2017:2980-2988.
CAO K, WEI C, GAIDON A, et al. Learning imbalanced datasets with la-
bel-distribution—aware margin loss [C]//Vancouver: 32nd Conference on
Neural Information Processing Systems (NeurIPS 2019),2019.
LI J, XTAO L. Syrapropa at SemEval-2020 task 11: BERT-based models
design for propagandistic technique and span detection [ C]//Proceedings
of the Fourteenth Workshop on Semantic Evaluation,2020:1808-1816.
YU P, JI H. Shorten the long tail for rare entity and event extraction rcin
Proceedings of the 17th Conference of the European Chapter of the Asso-
ciation for Computational Linguistics,2023:1339-1350.
WANG S, LI X, MENG Y, et al. $ k $ NN-NER: named entity recogni-
tion with nearest neighbor search [DB/OL]. https://arxiv. org/abs/
2203. 17103.
KANG B, XIE S, ROHRBACH M, et al. Decoupling representation and
classifier for long—tailed recognition [DB/OL]. htips://arxiv. org/abs/
1910. 09217.
KANG B, LI Y, XIE S, et al. Exploring balanced feature spaces for repre-
sentation learning[ C]//Online : International Conference on Learning Rep-
resentations, 2020.
CHEN W,YANG K, YU Z, et al. A survey on imbalanced learning: latest
research , applications and future directions[J]. Artificial Intelligence Re-
view,2024,57(6):137.



o XX AW, BRI O, A BT A I R SR R i 44 SR TR - 11
[27] ZHANG H,XU H,LIN T E. Deep open intent classification with adaptive for Computational Linguistics,2020:6470-6476.

[28]

[31]

[34]

[36]

[39]

[41]

[42]

[44]

decision boundary[CJ//Proceedings of the AAAI Conference on Artificial
Intelligence,2021: 14374-14382.

ZHANG H, XU H, ZHAO S, et al. Learning discriminative representa-
tions and decision boundaries for open intent detection [J]. IEEE/ACM
Transactions on Audio, Speech, and Language Processing, 2023, 31:
1611-1623.

LI'Y,OUYANG X,PAN C, et al. Multi~granularity open intent classifica-
tion via adaptive granular—ball decision boundary[ C]//Proceedings of the
AAATI Conference on Artificial Intelligence ,2025:24512-24520.

CHEN G, XU Q,ZHAN C, et al. Improving open intent detection via trip-
let—contrastive learning and adaptive boundary [J]. IEEE Transactions on
Consumer Electronics,2024,70(1) : 2806-2816.

LIU X, LI J,MU J, et al. Effective open intent classification with K-cen-
ter contrastive learning and adjustable decision boundary [ C]//Proceed-
ings of the AAAI Conference on Artificial Intelligence, 2023: 13291-
13299.

DOZAT T,MANNING C D. Deep biaffine attention for neural dependency
parsing[ DB/OL]. https : //arxiv. org/abs/1611. 01734,

RONNEBERGER O, FISCHER P, BROX T. U-Net: convolutional net-
works for biomedical image segmentation [ C 1//International Conference
on Medical Image Computing and Computer—assisted Intervention, 2015:
234-241.

LAMPLE G, BALLESTEROS M, SUBRAMANIAN S, et al. Neural archi-
tectures for named entity recognition[ C]//Proceedings of the 2016 Confer-
ence of the North American Chapter of the Association for Computational
Linguistics : Human Language Technologies,2016:260-270.

TANG B, HU J, WANG X, et al. Recognizing continuous and discontinu-
ous adverse drug reaction mentions from social media using LSTM-CRF
[J]. Wireless Communications and Mobile Computing, 2018 ( 1) .
2379208.

LU W, ROTH D. Joint mention extraction and classification with mention
hypergraphs[ C ]/Proceedings of the 2015 Conference on Empirical Meth-
ods in Natural Language Processing,2015:857-867.

STRAKOVA J, STRAKA M, HAJIC J. Neural architectures for nested
NER through linearization [C]//Proceedings of the 57th Annual Meeting
of the Association for Computational Linguistics,2019:5326-5331.
ZHANG S, SHEN Y, TAN Z, et al. De—bias for generative extraction in
unified NER task[C]//Proceedings of the 60th Annual Meeting of the As-
sociation for Computational Linguistics,2022:808-818.

SHEN Y, TAN Z, WU S, et al. PromptNER : prompt locating and typing
for named entity recognition[ C]//Proceedings of the 61st Annual Meeting
of the Association for Computational Linguistics,2023:12492-12507.
CAIY,LIU Q,GAN Y, et al. Difinet: boundary—aware semantic differen-
tiation and filtration network for nested named entity recognition[ C ]//Pro-
ceedings of the 62nd Annual Meeting of the Association for Computation-
al Linguistics, 2024 :6455-6471.

WAN J, RU D, ZHANG W, et al. Nested named entity recognition with
span—level graphs[ C]//Proceedings of the 60th Annual Meeting of the As-
sociation for Computational Linguistics,2022:892-903.

ZHENG Q, WU Y, WANG G, et al. Exploring interactive and contrastive
relations for nested named entity recognition[J]. IEEE/ACM Transactions
on Audio, Speech, and Language Processing,2023,31:2899-2909.

YAN H,SUN Y, LI X, et al. An embarrassingly easy but strong baseline
for nested named entity recognition [ C]//Proceedings of the 61st Annual
Meeting of the Association for Computational Linguistics, 2023 : 1442—
1452.

YU J, BOHNET B, POESIO M. Named entity recognition as dependency
parsing [ C 1//Proceedings of the 58th Annual Meeting of the Association

[45]

[46]

[49]

[51]

[52]

[54]

[56]

[59]

[60]

[61]

SHEN Y, SONG K, TAN X, et al. Diffusionner: boundary diffusion for
named entity recognition [ C J/Proceedings of the 61st Annual Meeting of
the Association for Computational Linguistics,2023:3875-3890.
WANG T, LI Y, KANG B, et al. The devil is in classification: a simple
framework for long—tail instance segmentation[ C]//Proceedings of the Eu-
ropean Conference on Computer Vision,2020:728-744.
AURELIO Y S, DE ALMEIDA G M, DE CASTRO C L, et al. Learning
from imbalanced data sets with weighted cross—entropy function[J]. Neu-
ral Processing Letters,2019,50(2) : 1937-1949.
LAI Z, WANG C, GUNAWAN H, et al. Smoothed adaptive weighting for
imbalanced semi-supervised learning: improve reliability against un-
known distribution data [CJ//Proceedings of the International Conference
on Machine Learning,2022:11828-11843.
LUO H, TAN W,NGUYEN N, et al. Re-weighting tokens: a simple and
effective active learning strategy for named entity recognition [ C]//Pro-
ceedings of 2023 Conference on Empirical Methods in Natural Language
Processing, 2023 :12725-12734.
GRAF F,HOFER C,NIETHAMMER M, et al. Dissecting supervised con-
trastive learning[CJ//Proceedings of the International Conference on Ma-
chine Learning,2021:3821-3830.
LIT,CAO P,YUAN Y, et al. Targeted supervised contrastive learning for
long—tailed recognition[ C]//Proceedings of the IEEE/CVF Conference on
Computer Vision and Pattern Recognition,2022:6918-6928.
KIM J D,OHTA T, TATEISI Y, et al. GENIA corpus—a semantically an-
notated corpus for bio—textmining [ J]. Bioinformatics, 2003, 19 (suppl_
1):i180-i182.
COLLIER N,OHTA T,TSURUOKA Y, et al. Introduction to the bio—enti-
ty recognition task at JNLPBA [ C//Proceedings of the International Joint
Workshop on Natural Language Processing in Biomedicine and its Appli-
cations (NLPBA/BioNLP),2004:73-78.
ZHU E,LIU Y, LI J. Deep span representations for named entity recogni-
tion [ C]//Annual Meeting of the Association for Computational Linguis-
tics,2023:10565-10582.
DING N,XU G,CHEN Y, et al. Few—nerd: a few—shot named entity rec-
ognition dataset[ C ]/Proceedings of the 59th Annual Meeting of the Asso-
ciation for Computational Linguistics and the 11th International Joint Con-
ference on Natural Language Processing, 2021:3198-3213.
YANG S, TU K. Bottom—up constituency parsing and nested named entity
recognition with pointer networks [ CJ/Proceedings of the 60th Annual
Meeting of the Association for Computational Linguistics, 2022: 2403—
2416.
ZHU E, L1 J. Boundary smoothing for named entity recognition [ C]//Pro-
ceedings of the 60th Annual Meeting of the Association for Computational
Linguistics,2022:7096-7108.
TANG M, HE Y, XU Y, et al. A boundary offset prediction network for
named entity recognition [C]//Proceedings of the the 2023 Conference on
Empirical Methods in Natural Language Processing,2023: 14834~-14846.
LIU Y,HU J, CHEN Z, et al. EASAL: entity—aware subsequence-based
active learning for named entity recognition [ C ]//Proceedings of the AAAI
Conference on Artificial Intelligence ,2023 : 8897-8905.
ZHANG S,CHENG H,GAO ], et al. Optimizing bi-encoder for named en-
tity recognition via contrastive learning [ DB/OL]. https://arxiv. org/abs/
2208. 14565.
WU S,SHEN Y, TAN Z, et al. MProto: multi—prototype network with de-
noised optimal transport for distantly supervised named entity recognition
[C]//Proceedings of the 2023 Conference on Empirical Methods in Natu-
ral Language Processing,2023:2361-2374.

(FtEm it 0 45)



