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Abstract

Continual Named Entity Recognition (CNER), an emerging research direction in the field of natural
language processing, is dedicated to addressing the core challenges that models face when sequen-
tially learning new entity types. Unlike traditional NER, CNER requires models to continuously ex-
pand their recognition capabilities while only having access to the annotated data of the current stage,
simultaneously avoiding forgetting previously learned entity types. However, this process is fraught
with the severe problem of catastrophic forgetting—when models learn new entity types, the per-
formance on old types significantly decreases. This phenomenon is particularly pronounced in CNER
tasks because, during the incremental learning process, old entity types from historical steps are
forcibly relabeled as the “O” (non-entity) category. To address the aforementioned challenges, this pa-
per proposes an innovative framework that integrates a dynamic dictionary with adaptive weight
adjustment. This framework addresses semantic drift and catastrophic forgetting through a dual
mechanism: Firstly, based on feature space visualization analysis, a density-sensitive sampling strat-
egy is employed to construct a dynamic dictionary, intelligently supplementing key samples during
the training process to maintain the integrity of the feature space; Secondly, a dynamic weight strat-
egy that considers the distribution characteristics of entities and historical learning performance is
designed to effectively balance the learning intensity of new and old knowledge. Experimental re-
sults on the CoNLL2003, I12B2, and OntoNotes three benchmark datasets demonstrate that this method
significantly enhances the model’s comprehensive performance in a continual learning environ-
ment. In tests covering ten different incremental learning tasks, this approach achieved an average
Macro-F1 improvement of 8.47%, with particularly significant improvements in the recognition of
low-frequency entities. Ablation studies confirm the contribution of each component to the final
performance, and feature analysis further reveals the unique advantage of this method in maintain-
ing the stability of the feature space.
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Figure 1. Semantic drift and feature attenuation in continual named entity recognition
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Figure 2. NER model architecture with dynamic dictionary and adaptive weight adjustment
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Table 1. Comparison results on the CoNLL2003 dataset
= 1. ConlI2003 RS XT L SRIG AR

5 . FG-1-PG-1 FG-2-PG-1
EAE/TE S ik : :
Mi-F1 Ma-F1 Mi-F1 Ma-F1

CoNLL2003 PODNet 36.74 £ 0.52 29.43+0.28 50.12+0.54 58.39 £ 0.99
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LUCIR 74.15+0.43 70.48 + 0.66 80.53+0.31 77.33+0.31
ST 76.17 +0.91 72.88 +1.12 76.65+0.24 66.72 +0.11
Extend NER 76.36 +0.98 73.04 +1.80 76.66 + 0.66 66.36 + 0.64
CFNER 80.91+0.29 79.11 +0.50 80.83 +0.36 75.20 £ 0.32
CFNER* 80.80 +0.80 78.93+1.13 79.92 £ 0.36 72.83 £1.59
RDP 82.55+0.26 80.64 +0.12 85.82 +0.36 83.59 +0.37
RDP* 81.76 +0.32 79.77 £ 0.37 85.54+0.28 83.26 +0.29
CPFD 82.24 +0.63 79.94 + 0.66 85.70+0.19 83.49+0.16
CPFD* 82.32+0.21 80.03 £ 0.34 85.77 £ 0.37 83.26 £ 0.35
**(Ours) 84.34+0.27 82.42+0.33 86.38 + 0.26 84.56 +0.23

e *RNEHEERNSE, TRRA.

12B2 i 4fa 5 (1 S oxt bL 45 RN+ 2 Fs,  Ours A SCIESE A .

Table 2. Comparison results on the 12B2 dataset

52 2. 12B2 HBEX LG AR

FG-1-PG-1 FG-2-PG-2 FG-8-PG-1 FG-8-PG-2
e Ok
Mi-F1 Ma-F1 Mi-F1 Ma-F1 Mi-F1 Ma-F1 Mi-F1 Ma-F1

PODNet 12.31+0.35 17.14+1.03 34.67+265 24.62+1.76 39.26+138 27.23+093 36.22+12.9 26.08+7.42
LUCIR  43.86+243 3131+162 6432+0.76 4353+059 57.86+0.87 33.04+0.39 6854+0.27 46.94+0.63

ST 31.98+212 1476+131 5544+478 3338+3.13 4951+135 2377+101 4894+6.78 29.00+3.04

Extend

NER 4285+286 24.05+135 57.01+4.14 3529+338 4395+201 2312+179 5225+536 30.93+277

CFNER  62.73+3.62 36.26+224 7198+0.50 49.09+138 59.79+1.70 37.30+1.15 69.07+0.89 51.09+1.05

12B2  CpNER* 64.48+1.13 37.74+116 7327+042 5292+104 59.65+153 3850+118 67.81+094 50.74%1.02
RDP 71.39+1.01 4400+231 7745+055 53.48+066 7750+1.26 62.99+036 80.08+040 63.72+0.71

RDP* 50.57+£8.02 3867+181 7632+163 5497+052 77.45+253 6255+149 81.80+0.62 65.85+0.90

CPFD 7419+0.95 4834+145 7819+058 56.04+1.22 7475+135 56.19+246 81.05+0.87 65.04+1.13

CPFD*  7397+0.78 47.09+1.08 79.24+0.28 5836+1.05 7458+201 5539+173 81.19+0.83 64.45+150

**(Ours) 78.66+0.76 65.92+0.77 8237+0.19 6885+0.20 8595+0.29 71.67+0.65 86.22+0.19 73.11+0.16

OntoNotes5 K4k 8 1) Sz 36 %) bb 4 B an e 3 fiizn, Ours AR ST EEI4E R .

Table 3. Comparison results on the Ontonotes5 dataset
= 3. 12B2 BRI EE L LER

FG-1-PG-1 FG-2-PG-2 FG-8-PG-1 FG-8-PG-2
EAE/TE Jiidi

Mi-F1 Ma-F1 Mi-F1 Ma-F1 Mi-F1 Ma-F1 Mi-F1 Ma-F1

PODNet 9.06+0.56 8.36+0.57 19.04+1.08 16.93+0.85 29.00+0.86 20.54+0.91 37.38+0.26 25.85+0.29
Ontonotes5
LUCIR 28.18+1.15 21.11+0.84 56.40+1.79 4058+1.11 66.46+0.46 46.29+0.38 76.17+0.09 55.58 +0.55
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ST 50.71+£0.79 33.24+106 6893+167 50.63+1.66 73.59+0.66 49.41+0.77 77.07+0.62 53.32+0.63
Extend NER 50.53+0.86 32.84+0.84 67.61+153 49.26+149 73.12+0.93 49.55+0.90 76.85+0.77 54.37+0.57
CFNER 5894 +057 4222+110 7259+048 5596+0.69 78.92+0.58 57.51+1.32 80.68+0.25 60.52+0.84
CFNER* 58.22+1.12 4154+1.08 7239+0.58 55.05+0.57 80.18+0.26 60.06+1.29 81.60+0.4 61.72+0.53
RDP 68.28+1.09 5356+039 7438+0.26 57.73+0.54 79.89+0.20 63.20+0.58 83.30+0.30 66.92 +1.26
RDP* 56.13+2.56 45.38+200 68.84+0.77 5448+0.82 77.58+1.34 60.89+1.40 83.00+0.20 66.01+0.76
CPFD 66.73+0.70 54.12+030 7433+0.30 57.75+0.35 81.87+0.47 6552+ 1.05 83.38+0.18 66.27 +0.75
CPFD*  66.57+0.89 53.74+051 7432+036 57.77+0.74 8272+0.29 66.17+0.91 84.00+0.20 67.08 +0.50
**(Ours) 66.12+0.65 59.39+1.22 7184+041 64.46+0.66 79.36+0.30 70.53+0.36 81.05+0.29 72.22+0.22
4.3. RHISH

3 il B AR B0 B Mt R OR 1 AR ST T b A R A iy 44 SR IRUIMAE 55 LI TN RE 22 57 o
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Ry T 2 MR U A7 A B 2 10 SEAACTR AL AT S R I 12 SR 451 7 o B SR Be 4 SR AR it T ELLVEAIE
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Input Sentence  Results in last of the group matches at the World Grand  Prix badminton finals on Friday :

CPFD PL [0] [0] [0][0] [0] [0] [O] [O][O][B-ORG]| [I-ORG] [I-ORG] [O] [0] [0][0] [O]

Ours [0] [O] [0][O] [O] [0] [O] [O][O][B-MISC] [I-MISC] [I-MISC] [O] [0] [0][O] [O]

Golden Labels  [0] [O] [0][0] [0] [0]  [0] [O][O][B-MISC] [I-MISC] [I-MISC] [O] [0] [0][0] [O]

Input Sentence  He is a and works as a tat Activision Blizzard .
CPFD PL [O0][O][O] [O] [0] [0O] [0][0] [0] [O] [0] [0] [O] [B-HOSP] [I-HOSP] [O]
Ours [O0] [0] [O] [0] [O] [0][0O] [O] [B-ORG] [I-ORG] [O]
Golden Labels  [O] [O] [O] [O] [O] [O]]0O] [0] [B-ORG] [I-ORG] [O]

Figure 3. Comparative analysis of cases based on true labels and multi-model predictions
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Figure 4. Feature visualization comparison on 12B2 dataset (first four rounds)
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Figure 5. Ma-F1 score comparison across different task settings on 12B2 and Ontonotes5 datasets
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Table 4. Ablation study results on the CONLL2003 dataset
3% 4. CONLL2003 #iE & HRtSoIn 2%

_ FG-1-PG-1 FG-2-PG-1
SR : :
Mi-F1 Ma-F1 Mi-F1 Ma-F1
Baseline (CPFD) 82.32+£0.21 80.03+£0.34 85.77 £ 0.37 83.26 £ 0.35
+E) A5 1A 4 83.46 £ 0.34 81.33+£0.38 86.68 £ 0.14 84.80+0.12
+ & R AL B 84.34 +0.27 82.42 +0.33 86.38 + 0.26 84.56 + 0.23
12B2 H 4k £E 1 A S 56 45 R 5 P .
Table 5. Ablation study results on the 12B2 dataset
2 5. 12B2 iR IHRL LI AR
FG-1-PG-1 FG-2-PG-2 FG-8-PG-1 FG-8-PG-2
LR E
Mi-F1 Ma-F1 Mi-F1 Ma-F1 Mi-F1 Ma-F1 Mi-F1 Ma-F1
'?g;eF"S)e 7397+0.78 47.09+1.08 7924+028 5836+1.05 7458+2.01 5539+173 81.19+083 64.45+150
+EE
iy 7841+0.16 66.15+0.31 80.73+0.32 6293+0.75 84.62+0.18 68.62+056 8519+026 70.43+098
+HIE 7866+0.76 6592+0.77 8237+0.19 6885+0.20 8595+0.29 71.67+0.65 86.22+0.19 73.11+0.16
RIALE
OntoNotes5 45 17 Al S50 45 R a0 6 Fw
Table 6. Ablation study results on the 12B2 dataset
72 6. 12B2 HiREIHRI LI AR
FG-1-PG-1 FG-2-PG-2 FG-8-PG-1 FG-8-PG-2
LI EE
Mi-F1 Ma-F1 Mi-F1 Ma-F1 Mi-F1 Ma-F1 Mi-F1 Ma-F1
'?éSF‘,EF"D";* 66.57+0.89 5374+051 7432+036 57.77+0.74 8272+0.29 6617091 84.00+020 67.08 %050
+ENA
ey 65.98+0.75 59.99+053 7259+0.29 6263+0.59 8043+0.70 69.66+0.89 8249+020 69.28+0.83
;i& 66.12+0.65 59.39+1.22 7184+041 6446+0.66 79.36+0.30 7053£0.36 81.05+029 72.22+022
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