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[Abstract] In the modern industrial sector, the perception and analysis of text data are essential for promoting
intelligent manufacturing andoptimizing production processes. However, industrial text data are typically
characterized by high specialization, diversity, complexity, and annotation costs, making traditional large-scale
annotation methods unsuitable. Existing few-shot Named Entity Recognition ( NER) methods often use
prototypical networks to classify entities, where the prototype is the average of the features of all samples belonging
to the same category. However, these methods are highly sensitive to the support set data and prone to sample-
selection bias. To address this, a few-shot NER model based on Distribution Calibration called DC-NER is
proposed. A two-stage approach for span detection and entity classification is adopted for the few-shot NER task.
In the first stage, an entity extractor is used to select candidate entities. In the second stage, a type discriminator
assigns these entities to predefined categories. To address the challenge of capturing the true class distribution with
a small number of labeled samples in few-shot NER, which leads to inaccurate class prototype calculations, a
method is proposed that leverages useful information from the source domain data to calibrate the class distribution
in the target domain. Thus, more samples are generated based on the refined class distribution to construct more
accurate prototypes, thereby improving the performance in few-shot NER tasks. Experiments on both the in-
domain dataset Few-NERD and the cross-domain dataset Cross-NER reveal that DC-NER significantly outperforms
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the comparative models in terms of F1 value, validating its effectiveness for few-shot NER.

[Key words]) industrial text data; Named Entity Recognition (NER); few-shot learning; prototypical network;

distribution calibration
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%5 2 000 4~ Epoch JF>:. 7 BERT £ 84 rfr i 4t
Ik s ot mz fhae 7. i Adam
Pefbss, s 250k 0. 9~0. 999,
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2) NNShot ™/, iz % i ] BERT 47 35 %
NIRRT h-E AR s . AEVIZR I NER
RREALE , fff 22 SO 5 2k R 4. % F BERT 554,
T Adam fE4L%R . 24> RIGE N 5X10 °,

3) StructShot ™, %A I 75 32 il P 4k 4
LU A A (0 2 2 B 3ok i NINShot 87

4) CONTaiNER™ 24 % 38 13 Xt 1t 2% 2 1)t
AT SR [R]85 B S 5 R FH s 30 20 A ik Ak
X arbric 25 .

SYESD %A RLKE Ay 44 SR PUNAT 55 43 it
R — ZR BN FET SR B WO A AT 55 IR b AR Sk
KIFZ AR, X T BERT Zmfidaf 2% > ik &
SR 2X0077 N FH AR, 2 5] R E S 5 X107,
Dropout i 0. 1, F KIEEK)E R 8,

6)DecomMeta'™ , 12 TR 5 3 T 2% ) R g I
SRR 4 2] R (0 S 8000 s Ak T R E] A
KA A % A 25 8] 7] L 3 3tb X 430k AN [R) 92 4
KA BEFRIR . 22 FN 3X107° it K/NE
BN 32, P A KK BE 15 B A 128, Dropout i %
¥R 0.1,

7) TadNER™Y i B 044 7 — Fof 2 780 J 0 ok
Fb 2 ) SRR AL JF A, I 5] A — P S B 5 i
1L SR TR B A IR

8)SpanProto* , %M G| A4 i FLAE sk
PR A 2= > g i B B I8 — R T ik
J5 T R BRI A SE R B B

TE 5 Q038 S 56 A, B 8 B 3R ProtoBERT,
DecomMeta, SpanProto &8I D4R, A3k & T 4n
TIAERIGEATXT L

1) Matching Network"" | %45 #1% ProtoBERT
IR R AR A 5 25 T R ) I R A T R
FE .

2)L-TapNet+CDT*" | %75 544 BEHL Y
AT RSB AL 48— R AR 2518 X
HESER 1) [ 38 I AR N 46 R i RS bR e 22
S ) L
3.2.2 SLRIABE S SHOLE

AR EET PyTorch AR TAIS g0 S L 1517
F Python 3.8 355 . Frfii HITH A LA & A 5% 1)
T 280 A BEAS Intel 15-13490F, i NVIDIA
GeForce GTX 3090, TEANSEUNZE 2 IR,

AR S 3 — 2R 1) S 56 S Hffy AR (1) B A B BT
B AT A AR I S0 A b R AR A 52 T B A
o R R A Mz AL RE F7 . DA AR SO S
SRIEAT AL 3T 25 51

149
®2 SHIRE
Table 2 Parameter setting

24 18 PRI

100 4> Epoch -} T 2% > BRI
Epoch 100 . N

YL a] , b it 405
/1Ny Batch Size #8572 1Lk
Batch Sive o BN Batch Size 5 T2 1k

JEAT B I R 1]

) L e 2] Fen] DL SRIE
Learning Rate 5X10°

BN RIUY SR 6
Dbdpont o1 TEVBD 1 400 R
22 1 A B o T4
A 0.5 5 o —# A R ML,
iz (ke
R 035 5 A A A T
Rz AL
T AR AR R
FFERAKE 128 O
Biaffine f&# 2 \ UL R IESHCF S RAEFROR
A BB ACK

1)Epoch, M3k T 50,100 F1 150 4~ Epoch, %k
I 100 A~ Epoch BE#% - i A5 8 (14 2 2] 2508 A1 25
B ) o B A TR AT A2 008 1) EF [) 2 20 B0l v A [t
WA

2)Batch Size, AT T 4.8 Fl 16 1A [F] BL
B SLERLE R RV 8 /NE Batch Size A B T4
BRI Zrad 2 o 012 AL RE I RS X 0] B S R
SREtE . PR AR SO 8 MR RN,

3)Learning Rate, A~3Ciljid 1X107°,5X10°°
F1X10 " SERE M. SCHgsREW,5X10°
[)2¢ 2] %A B F AR AR i B v Re s 8K

4)Dropout, KT B kit #1451 A Dropout #1
il L T 0. 1,0, 15 A1 0. 2 K[l Dropout %,
SLEREE AT, 0. 15 9 Dropout ZRAE )& /b it 114 il
TREFBIRIE B Z [ S T e 71

SHIIEMMSE., 5IA 2 N ENESE A Ma,
S EE IR A =0. 5 Fl « =0. 35 ML B R AT 2L
b ] AR F ) T AR T, gk — A R AR ) 92
fLEETT

O F IR E . BT RCR IR G
() A OB R B B R K B Ol 128, X —
WEA BT/ R b B2 154 5 [ B AR A 7R i
8 b PR 22 B S BRI 1O

7) Biaffine [2 )2 4 i . Biaffine [ )2 4 1
BEE N 150, 3K — 3 P42 5L T 52 56 FE AR I K 119 45
B, ARSCIER T 100,150 F1 200 ARG &, & B
150 My 4EFE et it R a8 i S50k 2% > £ & R R
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NG T SR N &
3.2.3 PEMERR

ARSI R A FLH (F O #H47 37 4. R R
(P). B FZFE(R) M F, 8= (18) ~ =L (20)
FIR

N-
P=—"T— (18)
Np+Npp
Nop
R=——F—— (19
N1p+Ney
2XPXR
Flfﬁ (20)

A Nop S 18580 1 By 15000 1F 28R AR Sk 1F 25 1 4L
5 Npp B BB B0 28 4 A F5000 ohy 1 28 1Y
N pn AR IR LSR8 Sk TE 248 0 A T 0 Ay 171 2%
HEE .
3.3 XL
3.3. 1 [F]4uie S

2 3 MK 4 43R T DC-NER & X} e As 7Y
1E Few-NERD Intra fil Inter Z0E8E 1 i) S2 06 45 5.,
NRLF s A B CR R, B 2 RNl 3 DIAERR I
TEA T B Hb JRé /R T AR HY 5 5% LA L FE Few-
NERD ##55 ~ i FI {H, A3c$ 1) DC-NER £
KREFE LT U0 TXF e A, HAH LT A A Al
SpanProto, 7E (1~ 2)-shot & T & 7 55 4 B i,
fE(5 ~ 10)-shot & & T, Wp ZEFHE AR L, ML
(1~2)-shot 1 T X J5 AU ()31 50 50 v A . AR A
E MG A 44 SRR IR R B T R 2 A
HEAT ISR, AT LA S A S R A Y LS 50 A . Y
BEAUASL AT FH BN FEAS By 2 S AU T, 1SR 25 ) 2
8 = o N S 1T N D e <9 - <3 71 7 o P o
I FH R SRR 2= 20 A AR S0 06 H Frdslry 2
FEAESEA T3 08, v LA AR 3 AR HEA TR OE

% 3 7£ Few-NERD Intra #[#E4& F#) F1 &
Table 3 F1 value on Few-NERD Intra dataset %

Model (1~2)-shot (5~10)-shot
S-way 10-way S-way 10-way
ProtoBERT 23.45 19. 76 41.93 34.61
NNShot 31.01 21. 88 35.74 27.67
StructShot 35.92 25. 38 38. 83 26. 39
CONTaiNER 40. 43 33. 84 53.70 47. 49
ESD 41. 44 32.29 50. 68 42.92
DecomMeta 52.04 43.50 63. 23 56. 84
TadNER 60. 78 55. 44 67. 94 60. 87
SpanProto 52.19 44. 03 67.76 59. 97
DC-NER 56. 22 49.71 70. 54 62. 37

# 4 1£ Few-NERD Inter #{35& F 8y F1 &
Table 4 F1 value on Few-NERD Inter dataset %

Model (1~2)-shot (5~10)-shot
5-way 10-way 5-way 10-way
ProtoBERT 44, 44 39.09 58. 80 53.97
NNShot 54. 29 46. 98 50. 56 50. 00
StructShot 57.33 49. 46 57.16 49. 39
CONTaiNER 55.95 48. 35 61. 83 57.12
ESD 66. 46 59.95 74. 14 67.91
DecomMeta 68. 77 63. 26 71.62 68. 32
TadNER 64. 83 64. 06 72,12 69. 94
SpanProto 71. 30 65.24 T7.47 73.94
DC-NER 74. 61 67.19 79.27 76. 32

90 = 5-way (1~2)-shot
= 10-way (1~2)-shot

80 . 5 way (5~10)-shot
70 b 10-way (5~10)-shot
60 |
K50
gm-
30 |
20
10
[=}
5§ 8 & B 2 £ B g 8
<] n %) z €3] % Z = Z
‘:8 Z Q < E % (&)
= Z g =] I} = a
] a Z 3 &
£ S K

& 2 DC-NER 533 b #EI7E Few-NERD Inter
HiRE TXHER
Fig.2 Experimental results of DC-NER and comparison
models under Few-NERD Inter dataset

80 =« 5-way (1~2)-shot
= 10-way (1~2)-shot
70 - 5-way (5~10)-shot
10-way (5~10)-shot
60
£ 50
& 40
)
30
20 +
10 f

[ - = fas [+ o o /"
] 2 2 3] a 5 3] 2 3]
= 175] @n 4 = Z = z
9 2 g B -
2 Zz = E 5} = A
E g z : &

O Q

3 DC-NER 53ftb#REIFE Few-NERD Intra
HEETXHER
Fig.3 Experimental results of DC-NER and comparison
models under Few-NERD Intra dataset
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TR 0 Bt £ 75 2R TS TR] A9 SR RE SR . L
PRI - 2R AR 200 ~ 400 A DC-NER £
TUFRIL B A PR RE . SR T Bl 2 A5 AR 300 9 4
T BN 222 2] 5 22 B W A5 L TR H AR
SR S S Y B S AT o IR R R T I 2
O TE B FE B L ] LUA ROR) ] S R
PR AFABURE 5 SR At Ak B s 450 4l 5L 3L 114 43 A s, A
17 5 4 i A R PR E
+ Few-NERD Inter - GUM

-» Few-NERD Intra - WNUT2017
-+~ CoNLL-2003 OntoNotes
70| )
60
'/"\0\.’/’——’4
o 50 |
é .//0/’\*’\—‘
o
P 40r
30 B ./’—_—'//&\-
20 A et i e

100 150 200 250 300 350 400 450 500
Number of samples for each class

B4 REMERREHETUMNIRER
Fig.4 Experimental results of model performance
with varying sampling sizes

3.3.2 BSUUELE

i AT R BRI S T WD
ZALPERE , A SCHE CrossNER Hfs 4 I 9E 17 52 50
RN S TR 6 ras. K5 FE 6 LIr&k FR
T 3B UL 2 7 DC-NER A58 59 55 X6 HeAbs K07 5 45
B A NBIEE T FL ., NLREREE,
DC-NER & 7 75 it 47 26 4 5 240 T T b4 Y,
T 1-shot Hl 5-shot ¥ & T, AH Xf T~ 5k & # Al
SpanProto., i% 15 B (1 PR AE 70 % 48 7+ T 2. 28 M
1. 59 T 43 i 3% 3R WY 38 2o 20 A K 1E A A H AR B
AN 53 A S AE A L DA T AR AT SRR A9 B R AR
ADEAEARRTEOL T U HOR ARG BT A
AN B0 D L 3 AL 2 2% 2 ol E — B RE AR R
7S o A S A Bl MR P A AR T RE 2 2 i AR R
AL, FEFEBIANER . B 73 A BOE SR w2
T HIREA B 1 22, A R AR X T B4 BT KR X
Pl /L o DT 9 /0 T W P AR AR ) S W) . AR Sk — 25
A 8 WNUT2017. OntoNotes, GUM f1 CoNLL-
2003 B R A BR A AT X SE R R A A [ U
HENME SRR ES . R EAR
[7) o AELH T A5 25 AH AL 4 05 )5 A 45 AR L 23 AH AL, X
R TT UM SR Hh 69 AR LR i X H A sk
f18y 2D B A SR A7 B R 114 20 A R IE S DA 42 R 4
FMHERITE

151
x5 BEREBTIE 1-shot BSRIELER
Table 5 Experimental results of each model in
the cross-domain 1-shot %
Model Fl
CoNLL-2003 GUM WNUT2017 OntoNotes
Matching Network ~ 19. 50 4.73 17.23 15. 06
ProtoBERT 32.49 3. 89 10. 68 6. 67
L-TapNet+CDT 44. 30 12. 04 20. 80 15.17
DecomMeta 46. 09 17. 54 25. 14 34.13
SpanProto 46. 92 16. 40 27.67 35. 86
DC-NER 49. 66 19. 03 29. 37 37.90

K6 JIEBFEE T S-shot FIRITLER

Table 6 Experimental results of each model in

the cross-domain 5-shot %
Model aa
CoNLL-2003 GUM WNUT2017 OntoNotes
Matching Network | 19. 85 5.58 6.61 8.08
ProtoBERT 50. 06 9. 54 17. 26 13. 59
L-TapNet+CDT 45. 35 11. 65 23.30 20. 95
DecomMeta 58.18 31. 36 31.02 45. 55
SpanProto 58.59 34. 86 30. 22 46. 97
DC-NER 60. 81 36. 27 31. 64 48.29
i - Matching Network
- ProtoBERT

50 | L-TapNet+CDT
DecomMeta
40 F - SpanProto
. - DC-NER
230} \\ /
=
<3

WNUT2017

CoNLL-2003 GUM OntoNotes

E 5 DC-NER 53 b2 5 7 B s i &
1-shot THISKIR 45 R
Fig.5 Experimental results of DC-NER and comparison

models under cross-domain dataset 1-shot

i - Matching Network
60 b - ProtoBERT
L-TapNet+CDT
50 DecomMeta
i - SpanProto
0 - DC-NER
< L
=
=30
20 | \
10 \d_\/:

CoNLL-2003 GUM WNUT2017 OntoNotes

B 6 DC-NER 5xfLbiEE 7 B g #iiE &
5-shot THISEIRZE R
Fig.6 Experimental results of DC-NER and comparison

models under cross-domain dataset 5-shot
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3.4 HEASCIE

Sk DC-NER 781 32 2241 )5 7 104 550hk
ACHE Cross-NER $ifliE Bk 3 L%

1)w/o. Entity Span Extractor &8 A £ (5
SRS FE il HA L O] R T R3] 43 S Y I 4%
45

2)w/o. Prototypical Network &7~ #5 I A {di
FHIE RS 5 28 5 47 43 28 i il -3 40 5 1 i AT
53K,

3)w/o. Distribution Calibration F R AR {H
FABEE G AREA G347 A BT FEAS . e ] SRR v
FEAR AT IR

# 7 JER T DC-NER A1 7E CoNLL-2003,
GUM.,WNUT2017 Il OntoNotes %35 F i 14 fil
SLERAER ., K T ATLIE L SR AT A A
HRAARAE — AR . AR R S A i B AT
Je ARAIE) F1AE P T 8. 14 B0 . X Ui 3L+
5 AR LG T T BRI ) AR SR RO A R . AR AL 2
BRIFERI S ) BRI PERE N BE T 2,18 H4r A, X 3R
B S AR R 28 L T kel RBGAL TR X 1 DU A A 1 5326
SNERT . TEEBR I AR A E B S AR 1 P R
R T 4.5 T 43 k0 3 Ud B A FH B REA A 11250
AR 2% o 38 3 PSR b 2= 3 B A LM RAE
0 B AR AS , SE TR E B AR A, AT DL SR

LR BIRCR
7 HEXWLER
Table 7 Ablation experimental results %
F1
Methods &
CoNLIL-2003 GUM' WNUT2017 OntoNotes
DC-NER 49. 66 19.03 29. 37 37.90
w/o. Entity
36. 24 11.52 23.61 32,04
Span Extractor
w/o. Prototypical
46.76 15. 94 24. 35 37.28
Network
w/o. Distribution
42. 84 15. 29 25. 34 34.51

Calibration

4 HFRIF
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5 SESCAETR A T AL AN 208 15 _EA7 A
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