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’ Research Background

Named Entity Recognition (NER) is an importanttask in the field of Natural Language Processing. It involves

automatically identifying entities with specific meanings mentionedin the text and categorizing these entities into

predefined categories, such as names of people, places, organizations, etc.
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Sequence labeling-based method: This
approach uses the BIO/BILOU strategy to
convert the task of entity recognition into a

token label prediction task.

Drawback: It does not perform well with

nested entities.
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ognition of entity span
accurate and the

nplexity is high.

S

professional knowledge is required for accurate annotation.

Under the few-shot scenario, the performance is poor, and acquiring a large amount of high-quality annotated
data is very time-consuming and costly, especially in certain specialized fields, such as medicine and law, where
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' Research Background ©

Few-shot Named Entity Recognition aims to recognize and classify named entities in a given text when only
a small number of annotated samples are available.

In the context of few-shot learning, the model needs to be able to quickly adapt to new entity categories, even if
there are only a few annotated instances for these categories. This poses a challenge to the generalization ability of

the model as it must be able to learn from limited information and make accurate predictions.

The core idea of prototypical

networks based on meta-learning is Query set: Gates co-founded Microsoft ...
to find a vector representation for
each category, the "prototype” and

then classify by comparing the

Distance SoftMax

o > 000 —

@) " Support set: Mr. Bush asked Congress to raise to $ 6 billion

similarity between the sample to be

predicted and these prototypes. [ Person J Jobs founded NeXT Inc. with S 7 million
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' Dataset

) T K F
Few-NERDZ{HEEE: A large-scale, manually annotated dataset
for few-shot NER tasks. This dataset includes 8 coarse-grained AL .
. - . . ¥. \B822 8 sEEELT . ©
and 66 fine-grained entity types, each entity label has a 2 S $iRIG TSI Lol
. . . . . A = S FES @
hierarchical structure of coarse-grained + fine-grained, and ° /)
contains 188,238 sentences from Wikipedia and 4,601,160 . o &
- - . - - v
words. It is divided into four settings: g L xS
5-way 1~2 shot, 5-way 5~10 shot & peesH®
10-way 1~2 shot, 10-way 5~10 shot ?eﬁo“
GP
Target Types )V | [person-actor], [art-film] - Actor
(1) Brad Pj”lpursun—acun'l is an ac-
complished and talented film ac- o
Support set S tor. 2
(2) Titanicy..um) 1S @ classic and 2
beloved romantic drama film. %,
=
Tom Cruise starred in Top Gun, < Sl a a
Query Set O a classic '80s action movie. Y/ g s 2
£ s 8
Tom Cruise|peconacior) Starred in S s 3
- ic’ w 4
Expected output To}t_J Gun_m.mm , a classic '80s 3
action movie.
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’ Prototypical Network

The central idea of a prototypical network is to learn a center point or "prototype" for each category in the
feature space. These prototypes represent the feature vectors of their respective categories. When classifying
new samples, the prototypical network calculates the distance between the sample features and the

prototypes of each category, usually using Euclidean distance or cosine similarity, and then classifies the
sample into the category represented by the nearest prototype.

Core: How to obtain better prototype representation vectors?
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4.The Martian
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Enumerate _Spans
I BERT #} Matt Damon stars in The Martian |

Support example

( Q.Brie D 10.Brie Larson

Enumerate Spans
| BERT l@Buc Larson won an Oscar for Room l

Support example

i 12.Room ?

LSA

ao.Time D <] ™ Enumerate Spans =

@ 2.Brad Pitt J.appeared

aTime

q4.0nce Upon

BERT:DBrud Pitt appeared in Once Upon a Time

Query example

Y

LSA

Episode Target Types

Span Initialization Module

LSA

OO//’[%

OO

O Interval
Division

oY Ye!

TSA

‘.@

DS

Span Boosting Module

£0000

@)

g6
q8

e .~

Span Prototypical Module

Person air-film O

P(q2): 0.8 0.1 0.1
P@4): 0.05 09 0.05
P(g6): 0.1 0.1 0.8

En

Span Aglinment Module

.

Span Optimization Module

Bard Pitt appeared in Once Upon a Time

LSA: Localized Span Attention

PSA: Prototypical Span Attention
TSA: Trans-Span Attention

IQSA: Instance Query Span Attention

SMI: Similarity Function

o)

Innovations:

1. In response to the issue that the prototype network representation is not detailed enough, Localized Span
Attention and Trans-Span Attention are proposed to enhance prototype representation.

2. To address the issue of potential conflicts in spans during the inference stage, a Beam search combined with

SoftNMS algorithm is proposed to resolve conflicts.

.
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’ Experiment results
Intra Inter
Models 1 ~ 2 shot 5 ~ 10 shot 1 ~ 2 shot 5 ~ 10 shot
5 way 10 way 5 way 10 way Avg. 5 way 10 way 5 way 10 way Avg.

ProtoBERT 20.76+08¢ 15.043044 42541001 35.40401s 28.44 38.83114s 3245107 5HB.79:0m 529210 4575
NNShot 25781001 1827100 36.18+1070 27.3840ss 26.90 47.2411m 38.87102 5564106 495712 47.83
StructShot 30211000 21.083+10s 38.00+12 26.424+060 28.92 51.88:10m 4334100 57321065 49571300 50.53
CONTaiNER 40.40 33.82 53.71 47.51 43.86 56.1 48.36 61.90 57.13 55.87
ESD 36.08+15 30.00+070 5214115 4215126 40.09 59.29:12 5216107 69.06+080 64.00:042 61.13
DecomposedMeta 49.48:0ss 42.844104s 62.921057 57.31102s 53.14 64.75:10 58.65:04s 71.491047 68.11:00s 6575
Span Proto 54.49 105 45._3'Qiu.?z 65.89+0s:  59.37 toar 56_29 I3.36:tﬂ.u5 56._26:!:1133 ?Egztﬂ.?? ?G‘gg ross  ¢1.30
MSDP 56.35102 47131080 66.80+07% 64.694+0s 58.74 76.8610= 69.78:10s 84.78:106e 81.50:0n 78.23 |
Me [ Net m;tu_zu 4:‘ . IB:I:U.E‘:I 541 +0.35 60 i." I +0.17 5; EF ?4.42;|:1J£I m'l +0.68 76.2811132 F I .gﬁ;tu.as .
PromptNER 55.32110:  50.29:081 67.26+100 60.42407: 5832 64.92:0n 62.28i0m 72641016 70.13:067  67.49
SSF (Ours) 60.80+07s 50.31104s 74.09:0ss 61.6940ss 61.72 83.2110m 758710 91.24:050 8595100 84.06

o)

.

in the intra-scenario and 6% in the inter-scenario.

2. Compared to other models, it achieves an average improvement of 10%.

1. Compared to the current state-of-the-art model MSDP, it achieves an average improvement of 3%
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’ Experiment results Y WIF K2
Models We Mu Pl Bo Se Re Cr Avg.
TransferBERT  55.82+27m 38.01+12¢ 45.65:202 31.634s3:2 21.96+4302 41.79+3s1 38.53+742 39.06+3ss

~ MN+BERT 21.74+40 10.68+10¢r 39.71+181 5815408 24.21+120 32.88+081 69.66+188 36.72+167
E ProtoBERT 46.72+105  40.07 +0.4s 50.78+200 68.73+187  60.81+170 55.58+35 B67.67+115 5577 +170
? Ma2021 - - - - - - - 69.3
T L-TﬂpNEt+CDT 71.53+40¢  60.561+077 66.27:271 84.54110e 76.27+172 70.794160 62.89+18 70.41119
ESD 82500 4740 71150 714500 67.85:00x 715200 7814140 704404
SSF (Ours) 85.591150 69.25107s 83.48:06s 74484220 84.40404s 79.44:066 94.64:131 81.644047
TransferBERT 59.41+030 42.00+288 46.07 1432 20.744336 28.20+020 67.75+122 58.61+367 46.11+4220
MN+BERT 36.67 4381  33.674612 52.60128¢ 69.09423s 38.42+408 33.28i200 72104148 47.98433s
— ProtoBERT 67.82+411 55.994524 46.02+310 T2 174175 73.59+1s0 60.184606 66.89428z 63.244335
g Retriever 82.g5¢unk] 61 .?4[unk] 71 .75[unk:| 81 .65¢unk] 73.1 U[unli] ?9.54[unk:l 51 .35¢unk] 71 .?zn:unl-c]
:'E: ConVEx 71 .5[unk:| 7?.'5:unk] ?g.o[unk] 84.5[unk:n 84.0:unk] ?3.8-:unl-c] 6?.4[unk:n ?B.B:unkj
M32021 Bg.sgtunk] ?51 1 (k) ?? 1 8[unk:| 84 1 B:unk] ?3.53[unk] 82.2g[unk:n ?251 {unk) ?9.1 ?-:unl-c]
L-TﬂpNEt+CDT 71.641300 67.164297 75.88+151 84.381201 82.584212 70.054160 73.414261 75.01424s
ESD 84.50+106  66.614200 79.69:13s 82571137  82.22:08  80.44s0m  81.18s18  79.59.4000
[ SSF (Ours) 91.05:0m _ 77.90 00 89.52150_94.87 1057 95.131020 _87.99:04 _ 96.54 00 _90.35 03 |
o)
Compared to other models, it shows an average increase of 10%
9
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’ Experiment results

Ablation study

Ablation Models F1

SSF 91.24 1030
Ours w/o Localized Span Attention 83.10104
Ours w/o Trans-Span Attention 80.6115

Ours w/o Instance Query Span Attention  84.2106

Ours w/o O-type Division 81.7113

Ours w/o ASBNMS 85.3114

C )

1. Trans-Span Attention is important than Localized Span Attention.

2. It is important to segment prototypes with no entities.

L
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’ conclusion

This paper proposes a span-based decomposition method specifically designed to solve the
few-shot named entity recognition task. The method employs a span-based prototypical
network and breaks down the task into four modules: Span Boosting, Span Prototype, Span
Alignment, and Span Optimization, in order to improve the model's generalization ability and
accuracy in few-shot scenarios. Experimental results indicate that this method outperforms the
current state-of-the-art MSDP model on general datasets.

BX9 6 diai

5






	幻灯片 1: A Streamlined Span-based Factorization Method for Few Shot Named Entity Recognition
	幻灯片 2
	幻灯片 3
	幻灯片 4: Research Background
	幻灯片 5: Research Background
	幻灯片 6
	幻灯片 7: Dataset
	幻灯片 8: Prototypical Network
	幻灯片 9: SSF
	幻灯片 10
	幻灯片 11: Experiment results
	幻灯片 12: Experiment results
	幻灯片 13: Experiment results
	幻灯片 14
	幻灯片 15: conclusion
	幻灯片 16

