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Named Entity Recognition Based on the LSTM-SNP
DENG Qin, CHEN Xiaoliang’, CHEN Longqi

(School of Computer and Software Engineering, Xihua University, Chengdu 610039 China)

Abstract: Spiking neural P systems (SNPs) are efficient parallel computing systems abstracted from
the mechanism of information exchange between biological neurons. For the first time, LSTM-SNPs com-
bine nonlinear SNPs and long short-term memory (LSTM) to form a universal deep learning model that gat-
ing mechanisms can explain. LSTM-SNPs, the latest variant of the traditional sequence analysis model
LSTM, has yet to be studied on the performance of typical sequence analysis in natural language pro-
cessing. This paper comprehensively analyzes the performance difference in the named entity recognition
tasks between LSTM-SNPs, traditional LSTMs, and its variant BILSTM by adding different deep learning
components. The study provides a reliable reference for applying the LSTM-SNP model in natural lan-
guage processing tasks. The results of comparative experiments based on CoNLL-2003 and OntoNotes 5.0

data sets indicate the LSTM-SNP model has a similar entity recognition performance to the LSTM model.
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In further research,the overall model performance can be improved significantly with the pretreatment oper-

ation. The results show the LSTM-SNP model is an effective method for named entity recognition and has

great application potential.
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Tab. 3 Contrast experiment settings

25 AR SAEA] X LUREAL T X LA L2
A LSTM-SNP LSTM BILSTM
B4 LSTM-SNP-CRF LSTM-CRF BiLSTM-CRF
C#4  GloVe-LSTM-SNP GloVe-LSTM GloVe-BiLSTM

DZ GloVe-CNN-LSTM-SNP GloVe-CNN-LSTM GloVe-CNN-BiLSTM
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Tab. 4 Performance results of LSTM-SNP, LSTM, and BiLSTM in the dataset CONLL-2003 and OntoNotes5.0

o CoNLL-2003 OntoNotes5.0
215 Models

P R Flmacro P R Flmacro
LSTM-SNP 77.25 69.82 73.35 40.50 38.16 39.30
A LSTM 76.45 68.66 72.35 40.05 38.77 39.40
BiLSTM 83.19 72.01 77.20 61.29 54.24 57.55
LSTM-SNP-CRF 82.20 70.94 76.16 65.16 55.51 59.95
B LSTM-CRF 82.18 71.37 76.40 65.38 55.18 59.85
BiLSTM-CRF 84.10 71.55 77.32 79.25 76.89 78.05
GloVe-LSTM-SNP 83.25 72.22 77.34 79.25 69.00 73.77
C GloVe-LSTM 82.32 80.55 81.41 79.25 76.89 78.05
GloVe-BiLSTM 86.38 84.90 85.63 82.42 80.74 81.57
GloVe-CNN-LSTM-SNP 76.72 79.65 78.12 74.42 75.85 75.12
D GloVe-CNN-LSTM 81.55 81.55 81.55 78.55 78.74 78.64
GloVe-CNN-BiLSTM 84.96 87.00 85.96 81.12 82.68 81.89

~ 4H iy O HTY - e ey

341 AT AB.C.DAEHE,H C MR T GloVe i fix A XF 55 AL (1) 51

A 4117 LSTM-SNP BRI 7R 4E CoNLL-2003
BB Fimacro 7T BN 73.35%, 16 3L HE 4 OntoNotes-
5.0 11 39.30%, BiLSTM ¥ Fimacrof5 20 1E 2 5K
WAETH RN — D ARHURE M &R,
LSTM-SNP 4 % F1 LSTM #% % /£ NER 1 45 I 114
Fimacro 73 B0 AT 1035 22 5 o SRR 35, FEALEE
4 SRS AL A R, 3 FRBIAL R I T 18 Fp
SRR AL

B 4 %5l CRF )5, LSTM. BiLSTM #il LSTM-
SNP 3 Ffs 8 (1) P RE 3415 B 00 3% . FEEE 4 Co-
NLL-2003 £l OntoNotes5.0 H1, LSTM-SNP #% %l 7§
2 AR Fimacro 1539393 14 76.16% 1 59.95%
IINT CRF (1) BiLSTM 7£ 2 M ¥uda g i e d ok
I . {HAS — 42 A9 J&, LSTM-SNP-CRF 7E %8
P 4E OntoNotes5.0 1A FHH W i HEae it . 5
A UL, Fimaco 20825 T 20%.

ko SLHREER o, TR GloVe iaik AR, 3 4>
R RO A 80 B A, 16 2 3k
PEAE b, B GloVe-LSTM-SNP Y Fimacro 7 31 HE
A ZH 1 LSTM-SNP & 4% Fl 34.47%. 1B &, M
24 B 4 4 W Fimaeo® &, GloVe-LSTM-SNP
(A5 50 78 2 A B 45 B AIK, 2050 Sk 77.34% Fn
73.77%

DS CAMI, 3 MY TR EXER. 5§
C 4 3 NBEA G I CNN 4 7F AR A e, D 411
FABAEREA BN . 7TEBHESE OntoNotes-
5.0 1, GloVe-CNN-GloVe # tt A ZH ) Fimacro B 15
35.82%. WAk, D AL 3 MEAITE 2 N EEAE D
AR T femifssy.
3.4.2 3 AREEA &Y 4 Bk L I AT

¥ CRF ¥ %| LSTM-SNP, LSTM. BiLSTM
3R B, 45 455 R 7R 4 48 CoNLL-2003 |- 119



36 (RN = = QRS )

2023 4F

Fimacro 745 T 2.81%. 4.05% 1 0.12%, 3 M5
I 7E B35 4 OntoNotes5.0 b 1 Fimacro 70 9 2 155
20.65%. 20.45% K1 20.5%. FH 45 FFEIH, LSTM
F1 LSTM-SNP £ B (1) 4 68 2 T & B 76 %5 4 4k
CoNLL-2003 | [+, BiLSTM #%% %I 85 K, 75 %% 9% 4
OntoNotes5.0 FHEF-FREEFALL

T B A2, Bl 4E CoNLL-2003 i &
AHXS T4 4E OntoNotes5.0 K4/, Bdi4E Co-
NLL-2003 K 2 /2 £ 4% 42 OntoNotes5.0 1 3.5 f% .
I, #% 7 LSTM-SNP, LSTM 5 BiLSTM #f Lt,
LSTM-SNP F1 LSTM 5 £ 45 4 114 i 0 A 5 oh
U

7t LSTM-SNP, LSTM, BiLSTM iX 3 /4~ #%i !
HHE I GloVe ) fix A, 44k BEEEE 46 CoNLL-2003
B, Fimacro AR LT A 45N T 3.99%. 9.06%
H18.43%. 4 GloVe alix AN %] LSTM-SNP, LS-
TM 1 BiLSTM #i#H1, £ CoNLL-2003 dlif I 5
A B R, FimacroflB 7 M T 3.99%. 9.06% Fi
8.43%. WAk, 7E OntoNotes5.0 BHa4E T, 5 A
R A AL, 5 T 34.47% . 38.65% 1124.02%.
SHAERRM: Fimaco BGEAEH .2, GloVe TR A
XTRCRY A PERE A TR K I

SR, Bt H5CH A2 i A 15 i, BiLSTM A5 7Y
() F 1 macro e 73 B8 155 R BE AN WAt 2 ASBEAY  3X —
MG AR AR FIER] T BILSTM 32 545 & 52 1)
FEXT AL /N, T FAth 2 Pl ) 32 B4 fet e ma sk . X
T LSTM-SNP 41, i o Us it i 377 v, e #x
A, TR RR IS R I 4T

7E LSTM-SNP., LSTM. BiLSTM H [ Bif i A
CNN Fil GloVe #t47 4b i B}, £ CoNLL-2003 ¥
£, 3R PERE L A 4 Y LA 4R 1
T 4.77%. 9.20% F18.76% ., 7E&#itE OntoNotes5.0
T, Fimacro?d 9 32 55 35.82%. 39.24% 1 24.34%.,
X LR R I [ UE BT T AR CNN Fa] ik AR A AL
P, 2, LSTM-SNP il LSTM #B4 %5 K ()38
i, WL T LR g e . Bk Ah, I IR i CNN
NERLTR] 1 A H 2 2] FAFGURIE, 3 MRAIATE 2 M
e FAPERBIR TR N . SR BoR, T SCFEIRA
(A ARRAE 73 T AT R0 23 LSTM-SNP A7 i)
fig, I EA B IRCR

4 ReEH5RED

AR CH FE VA LSTM-SNP B2 #7547 7] 7
(i 45 SR N TP i sk . R, S TR
K LSTM-SNP Fi R HAT 78 F SR 1 7 b BRI,
HIBFFE T 11, 25 SCAE LSTM-SNP A6 LK HEX) 1
57 LSTM il BiLSTM A JE U in T — Se )5 i 2%
JY, ALFE CRF. Huiim A S, LI LA
[FIASE TR %) P BE B THiR 2, AT LSTN-SNP AL
AR T R =%

S B, A4 55 LSTM-SNP #6258 7 fir 44 52 44
1F 55 By 1k fiE 5 LSTM A6 R JE A A7 ), 5 5
BIiLSTM [ R FVEREIAEAE—E A 2200 . Ak, 52
5 % PR, LSTM-SNP 570 37 B4 415 42 Sl e 15 1) 52 1
BR . 7E LSTM-SNP B HRIp i A CRF . da)ik Al
CNN, ZMB R M RE A T B e & . ARl
A . CNN Z5HEAE A AR B AT DA K b ok 36 452 75
AR TERE . MUARTTT &, LSTM-SNP #5175 /i 44 5
RIS i B0, OF B HeAR etk 2s ).

F M T A% & F LSTM-SNP 4557 45 B
SRR ERRRIE . AR SN T8 T IR R SCRAE,
FEREAEANNR. PRI, K BAILE S | A LSTM-SNP
AR ey, I AL Ot B BB R R AIE 22, DA T 52
BN iy 44 S A TR I A A5 R T AN AR AT 1Y) G
o (A, 25 18 S 22 2 5 3n] ) LSTM-SNP %
T, AR TR L URRAE 1

&2 £ X W
[1] PAUN G. Computing with membranes[J]. Journal
of Computer and System Sciences, 2000, 61(1): 108 — 143,
(2] SKESFE, BEARR. B ARTHE AT 2 S — R a3 ().
HEMLAR, 2010, 33(2): 208 — 204.

ZHANG G X, PAN L Q. A new branch of natural
computing-membrane computing[J]. Journal of Computer
Science, 2010, 33(2): 208 — 204.

(3] #se. BRI EBIgE (D] BUM: #iRes,
2007.

HUANG L. Study on optimization method of mem-

brane calculation [D]. Hangzhou: Zhejiang University, 2007.

[4] W AR, 5K, AR, 45, Dbl 2 T AR
e (1 BIF 5T 0 R K R B (3 S0) ). TH BT LA T, 2008,
31(12): 2090 — 2096.


http://dx.doi.org/10.1006/jcss.1999.1693
http://dx.doi.org/10.1006/jcss.1999.1693
http://dx.doi.org/10.3321/j.issn:0254-4164.2008.12.003

CERE

AP BELE BT LSTM-SNP iy 4% 525 37

PAN L Q, ZHANG X Y, ZENG X X, et al. Research
progress and prospect of pulse neural membrane computing
system[J]. Journal of Computer Science, 2008, 31( 12) :
2090 — 2096.

[5] PENG H, LV Z, LI B, et al. Nonlinear spiking
neural P systems[J]. International Journal of Neural Sys-
tems, 2020, 30(10): 2050008.

[6] HOCHREITER S, SCHMIDHUBER J. Long short-
term memory[J]. Neural Computation, 1997, 9(8): 1735 —
1780.

[7]1 LIU Q, LONG L, YANG Q, et al. LSTM-SNP: A
long short-term memory model inspired from spiking neur-
al P systems[J]. Knowledge-Based Systems, 2022, 235:
107656.

[8] ETZIONI O, CAFARELLA M, DOWNEY D, et
al. Unsupervised named-entity extraction from the web: An
experimental study [J]. Artificial intelligence, 2005, 165(1):
91 —134.

[91 WANG Z, LI J, WANG Z, et al. XLore: A Large-
scale English-Chinese bilingual knowledge graph[C]/Pro-
ceedings of the 12th International Semantic Web Confer-
ence (Posters & Demonstrations Track) .[S.1.]: CEUR-WS
org, 2013: 121-124.

[10] FEfG I, PNBEUK, ARAEUE, 55, TREE- 2] 3 4
FAAPUNFTEER L] AR PR (HARRARR),
2022, 50(11): 44 - 53.

KANG Y L, SUN L B, ZHU R B, et al. Overview of
the research on Chinese named entity recognition for in-
depth learning [J]. Journal of Huazhong University of Sci-
ence and Technology (Natural Science Edition), 2022,
50(11): 44 — 53.

[11] MAKINO T, OHTA Y, TSUJII J. Tuning support
vector machines for biomedical named entity
recognition[C]//Proceedings of the ACL-02 Workshop on
Natural Language Processing in the Biomedical
Domain.Pennsylvania, USA: Association for Computation-
al Linguistics, 2002: 1— 8.

[12] KRISHNAN V, MANNING C D. An effective
two-stage model for exploiting non-local dependencies in
named entity recognition[C]//Proceedings of the 21st Inter-
national Conference on Computational Linguistics and 44th
Annual Meeting of the Association for Computational Lin-
guistics.Pennsylvania, USA: Association for Computation-
al Linguistics, 2006: 1121 — 1128.

[13] LUO L, YANG Z, YANG P, et al. An attention-

based BiLSTM-CRF approach to document-level chemical
named entity recognition[J]. Bioinformatics, 2018, 34(8):
1381 — 1388.

[14] LI L, GUO Y. Biomedical named entity recogni-
tion with CNN-BLSTM-CRF[J]. Journal of Chinese In-
formation Processing, 2018, 32(1): 116 — 122.

[1S]LIJ Y, FET H, LIU J A, et al. Unified named en-
tity recognition as word-word relation classification[J].
Proceedings of the AAAI Conference on Artificial Intelli-
gence, 2022, 36(10): 10965 — 10973.

[16] LAFFERTY J, MCCALLUM A, PEREIRA F C
N. Conditional random fields: Probabilistic models for seg-
menting and labeling sequence data[C]// Proceedings of the
Eighteenth International Conference on Machine Lear-
ning.San Francisco CA, USA: Morgan Kaufmann Publish-
ers Inc, 2001: 282 — 289.

[17] PENNINGTON J, SOCHER R, MANNING C.
Glove: global vectors for word representation [C]//Proceed-
ings of the 2014 Conference on Empirical Methods in Nat-
ural Language Processing (EMNLP). Stroudsburg, PA,
USA: Association for Computational Linguistics, 2014:
1532 — 1543.

[18] CHIU J P C, NICHOLS E. Named entity recogni-
tion with bidirectional LSTM-CNNs[J]. Transactions of
the Association for Computational Linguistics, 2016, 4:
357 —370.

[19] DeepAl. CoNLL 2003 (English) dataset downlo-
ad[EB/OL]. (2003-11-12)[2022-11-26] .https://deepai.org/
dataset/conll-2003-english.

[20] Linguistic Data Consortium. OntoNotes Release
5.0Download. [EB/OL].(2013-10-16)[2022-11-26] . https://
www.ldc.upenn.edu/.

[21] ZEAt. Geit2E2d ik M. dbae: WA R 2= i
*t, 2012.

LI H. Statistical learning method[M]. Beijing:
Tsinghua University Press, 2012.

[22] 28145, £LI7. B B I PLH A4 S A
2 AR (1], 3 2 R mm i (A SR B2 ), 2019,
59(6): 461 — 467.

LIM Y, KONG F. Social media named entity recog-
nition with self attention mechanism[J]. Journal of
Tsinghua University (Natural Science Edition), 2019,
59(6): 461 — 467.

(A 46 AT)


http://dx.doi.org/10.3321/j.issn:0254-4164.2008.12.003
http://dx.doi.org/10.1142/S0129065720500082
http://dx.doi.org/10.1142/S0129065720500082
http://dx.doi.org/10.1142/S0129065720500082
http://dx.doi.org/10.1162/neco.1997.9.8.1735
http://dx.doi.org/10.1016/j.knosys.2021.107656
http://dx.doi.org/10.1016/j.artint.2005.03.001
http://dx.doi.org/10.1093/bioinformatics/btx761
http://dx.doi.org/10.1609/aaai.v36i10.21344
http://dx.doi.org/10.1609/aaai.v36i10.21344
http://dx.doi.org/10.1609/aaai.v36i10.21344
http://dx.doi.org/10.1162/tacl_a_00104
http://dx.doi.org/10.1162/tacl_a_00104
http://dx.doi.org/10.16511/j.cnki.qhdxxb.2019.25.005
http://dx.doi.org/10.16511/j.cnki.qhdxxb.2019.25.005
http://dx.doi.org/10.16511/j.cnki.qhdxxb.2019.25.005
http://dx.doi.org/10.16511/j.cnki.qhdxxb.2019.25.005
http://dx.doi.org/10.16511/j.cnki.qhdxxb.2019.25.005
http://dx.doi.org/10.16511/j.cnki.qhdxxb.2019.25.005
http://dx.doi.org/10.16511/j.cnki.qhdxxb.2019.25.005

	1 相关工作
	2 LSTM-SNP模型实验设计
	2.1 LSTM-SNP模型结构
	2.2 LSTM-SNP-CRF模型
	2.3 GloVe-CNN- LSTM-SNP模型
	2.3.1 基于词级别的语义特征提取
	2.3.2 基于词级别的大小写信息特征提取
	2.3.3 基于字符级别的特征提取


	3 实验分析
	3.1 数据集
	3.2 评估标准
	3.3 参数配置
	3.4 对比实验结果分析
	3.4.1 基于A、B、C、D组的实验分析
	3.4.2 3种模型的消融实验分析


	4 总结与展望
	参考文献

