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Introduction

Named Entity Recognition

< 7HH|E 214 (Named Entity Recognition)O|ZH?
- Ol2] Zelsl & AR, 2|AL &, AL B S0i s Z o= SO PHME)E EA 0| Q1AISH0 == 2/5t=
7| S 2 token dassification taskZ = = A2
- E0QI =2 Ho[H Al OtCE AFE &= S ACHHF) 7L CHE 5= US

Politics Hugo Chavez’s political party, the United Socialist Party of Venezuela, drew 48% of the votes overall.
politician political party
Natural _ . . :
. Mars has four known co-orbital asteroids, such as 5261 Eureka, all at the Lagrangian points.
Science Astronomical Astronomical miscellaneous
object object
Music House of Pain abruptly broke up in 1996 after the release of their third album, Truth Crushed to Earth Shall Rise Again.
band album
Literature Charies spent outdoors, but also read voraciously, including the picaresque noveis of Tobias Smollett.
writer literary genre writer
Artificial : . . - : :
. The gradient decent can take many interactions to compute a local minimum with a required accuracy.
Intelllgence algorithm miscellaneous metrics

Copyright © 2022, All rights reserved. -5- .‘ D MQ /\



Introduction

Named Entity Recognition

o =N Y

- Bt =OelofAf EHEe| 2|0l =
=

. A

=FO| ErZI [l H|O|E{ 2 fine-tuning ©

gl £2 70| A

L HIHO
— Hi

o

p ~
/4 \\
I 1
! I
: I
. - I
: gradient descent  local minimum accuracy fl-score Adam  SGD I
I
1 I
! I
- . . !
: algorithm miscellaneous ? 7 7 I
i ° ° ° 1
l :
\ !
\ %

\N ______________________________________________________________ f,

Copyright © 2022, All rights reserved.

& DMQA



Introduction

Named Entity Recognition

H 2 &L= S ShA G-
“=FRol= THE " S d5ole

few-shot learning2| 2 2/ CH5F

Copyright © 2022, All rights reserved. -7 - .{% D MQ /\



Introduction

Few shot learning

< Few shot learming O| 2?7
- “Few” 2 YOI HIOIEHE RES

St
=1

=510 HIAE H|O|E 0| A 720

. XlE ST 2] o Ho|E Ao gl SEAS gsE 2

ot g

Source domain

~
N,
N

e

Copyright © 2022, All rights reserved.



Introduction

Few shot learning

< Few shot learming O| 2?7

«  "Few” 2t P2 HIO|HZ &S 5 0t0] HIAE H|O[HOA 72l0jet d5& WAt ol= L’
« & HOIHUM #E8Hs "= HiR q AQL 22 SEAQIXIE
o
Source domain

S~

-

Copyright © 2022, All rights reserved.



Introduction

Few shot learing

< Few shot learming O| 2?7

[0l HIA~E GO[E{0f|A wel0jet 955 WAt ot S’

- “Few"” ot YO| GjO|HE RHZ S+55 ol

« 5 OB O M TSt S U211 query sampleO| support set & OfH S2jA et 22 SAQIXE
or=x
=)

5

OF

et 2ol H|o|E 2

]
of>
m
>
H1
=
ro
=2
i)l
ol

Copyright © 2022, All rights reserved - 10 -



Introduction

Few shot learing

Few-shot learning

Data-driven
approach
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Few shot learing

< Few shot learning St Wt
Similarity |4
v" Eudidean distance

v" Cosine similarity

d,q) =+ @1 - q1)% + 02 — q2)% + - + (Pp, — qn)?

< Euclidean distance>

A-B Y, A;B;
Al|B|
JZiaa? [5 B

< Cosine similarity >

similarity = cos(0) =
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< Few shot learning S5 2HH
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< Few shot learning S5 2HH
*  Positive pair= A1 Z 7MY X| =&, negative pair= A2 HOX|E2 oH5

< Positive pair>

< Negative pair >
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< Few shot leaming &5 24
«  Positive pair= A2 7HIHX| £5, negative pair= A2 BOX|E2 st
«  Positive pair, negative pair Of| CHSHA{ &0t 7t ot&

Target=1
_’
~ |
hq — — — — Loss
—> z = |hy — hy| sigmoid

< Positive pair >
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< Few shot learning S5 2HH
«  Positive pair= A2 7HIHX| £5, negative pair= A2 BOX|E2 st
Positive pair, negative pair Of| CHSH A f1Z0t 7t ot&

Target=0
—’
—
hy — — — — Loss
i z = |hy — hy| sigmoid

< Negative pair >

Copyright © 2022, All rights reserved. - 16 - ..:.. D M Q /\



Introduction

Few shot learning

< Few shot learning S5 2HH
«  Query O|0|X|2} support set2| O|O|X| 2| representation 7t XI0|E Sl FAHS ALt

P Support set
= <A _:?;
w ; ;: —
‘ car wolf squirrel chair shark ,
sim=0.01 sim=0.2 sim=0.95 sim=0.01 sim=0.1
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< Few shot learning S5 2HH
«  Query O|0|X|2} support set2| O|O|X| 2| representation 7t XI0|E Sl FAHS ALt

P Support set
= <A _:?;
w ; ;: —
‘ car wolf squirrel chair shark ,
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Few shot learning to Named Enti

ty Recognition

Few shot classification in Named Entity Recognition Task

<« AT HiE

. [fEEO| A00A 2 FEO| labeled data £E

« 2 122 labeled dataZt A0 = ZHHFO| HL| EXSHA| RS
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Few-shot classification in Named Entity Recognition Task

Alexander Fritzler' 1+ Varvara Logacheva’ Maksim Kretov*
Russia Russia Russia
afritzler449@gmail.com varvara.logacheva@gmail.com kretov.mk@mipt.ru
ABSTRACT for low-resourced languages. And even if we have a large labelled

For many natural language processing (NLP) tasks the amount of an-
notated data is limited. This urges a need to apply semi-supervised
learning techniques, such as transfer learning or meta-learning. In
this work we tackle Named Entity Recognition (NER) task using
Prototypical Network — a metric learning technique. It learns in-
termediate representations of words which cluster well into named
entity classes. This property of the model allows classifying words
with extremely limited number of training examples, and can po-
tentially be used as a zero-shot learning method. By coupling this
technique with transfer learning we achieve well-performing clas-
sifiers trained on only 20 instances of a target class.

KEYWORDS

Named Entity Recognition, Prototypical networks, Few-shot learn-
ing, Semi-supervised learning, Transfer learning

ACM Reference Format:

Alexander Fritzler, Varvara Logacheva, and Maksim Kretov. 2019. Few-shot
classification in Named Entity Recognition Task. In The 34th ACM/SIGAPP
Symposium on Applied Computing (SAC "19), April 8-12, 2019, Limassol,
Cyprus. ACM, New York, NY, USA, Article 4, 8 pages. https://doi.org/10.
1145/3297280.3297378

corpus, it will inevitably have rare entities that occur not enough
times to train a neural network to accurately identify them in text.

This urges the need for developing methods of few-shot NER —
successful identification of entities for which we have extremely
small number of labelled examples. One solution would be semi-
supervised learning methods, i.e. methods that can yield well-
performing models by combining the information from a small
set of labelled data and large amounts of unlabelled data which are
available for virtually any language. Word embeddings which are
trained in the unsupervised manner and are used in the majority
of NLP tasks as the input to a neural network, can be considered
as incorporation of unlabelled data. However, they only provide
general (and not always suitable) information about word meaning,
whereas we argue that unsupervised data can be used to extract
more task-specific information on the structure of the data.

A prominent approach to the task of learning from few examples
is metric learning [2]. This term denotes techniques that learn a
metric to measure fitness of an object to some class. Metric learn-
ing methods, such as matching networks [20] and prototypical
networks [18], showed good results in few-shot learning for im-
age classification. These methods can also be considered as semi-

-20 -
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Few shot classification in Named Entity Recognition Task

% Prototypical network
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% Prototypical network
Support set 0| A 2} dass 2 prototype 24
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Few shot classification in Named Entity Recognition Task

% Prototypical network
Support set Ofl A Zf dassE 2 prototype &4
«  Query setd|A] x2| embedded vector(z)2t classE prototype(q0te| H2| A4t

o 1 7PIHZ dassE O|F = cross entropy lossE &9l SH&

softmax N/

l; = —d(z; c;) Ly, y) = — Z yilogy;
i=1
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% Prototypical network
Support set Ofl A Zf dassE 2 prototype &4
«  Query setd|A] x2| embedded vector(z)2t classE prototype(q0te| H2| A4t

o 1 7PIHZ dassE O|F = cross entropy lossE &9l SH&

softmax N/
l; = —d(z; c;) Ly,y) = —Zyilogii
i=1
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Few shot classification in Named Entity Recognition Task

% Adaptation to NER - Sequential
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Adaptation to NER - Sequential

Few shot learning to Named Entity Recognition
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% Adaptation to NER - Sequential
- ZEO = NER taskOf| M= S5H-d= BHEoHA| R 2} EHOJOIL} dassification -
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< Adaptation to NER - Sequential
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<« QHEE

«  Baseline models : RNN, Prototypical network

«  CRF:Sequence labeling= 2|3l potential functions= O|-23}= softmax regression

Labell Label2 Label3 Labell Labell0

Feed Forward Layer+CRF

Emb1l Emb2 Emb3 Emb9 Emb10

wordl word?2 word3 wordg wordlO
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<« QHEE

«  Baseline models : RNN, Prototypical network

«  CRF:Sequence labeling= 2|3l potential functions= O|-23}= softmax regression

prototypes

Feed Forward Layer

Support emb

Support set

query emb

query set
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<« QHEE

«  Baseline models : RNN, Prototypical network

«  CRF:Sequence labeling= 2|3l potential functions= O|-23}= softmax regression

Labell

Label2

Label3

CRF

Label9

Labell0

prototypes

guery emb
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< HYHE

*  RNN, Prototypical network + Transfer leaming

Label1 | [ tabeiz | [ Labeis | [ Labets ][ Labeizo |

CRF
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[ aberr | [Labeiz | [Labers | [Label1 | [ Label1o

Feed Forward Layer+CRF

Feed Forward Layer
[avery emb]
el . embedding
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<« g 2y

- YIFANEE:Fl-score

Class name Base BaseProto WarmProtoZero Protonet WarmProto WarmBase WarmProto-CRF
Validation Classes
GPE 69.75 £9.04 698 £4.16 60.1 £ 5.56 78.4 £ 1.19 83.62 + 3.89 75.8 £ 6.2 80.05 + 5.4
DATE 5442 +3.64 50.75 +5.38 11.23 + 4.57 56.55 £+ 4.2 61.68 + 3.38 56.32 + 2.32 65.42 + 2.82
ORG 42.7 + 5.54 391+7.5 17.18 £ 3.77 56.35 + 2.86 63.75 + 243 63.45 £ 1.79 69.2 + 1.2
Test Classes

EVENT 3233 £ 438 24.15 + 4.38 4.85 + 1.88 33.95 + 5.68 33.85 £ 5.91 35.15+4.04 452+ 44
LOC 31.75 £ 9.68 24.0 £5.56 16.62 + 7.18 42.88 + 2.03 491 +24 40.67 £ 4.85 52.0 £ 4.34
FAC 36.7 + 8.15 29.83 +5.58 6.93 + 0.62 41.05 + 2.74 49.88 + 3.39 454 + 3.01 56.85 + 1.52
CARDINAL 5482 + 187 53.7 +£4381 8.12 £ 7.92 64.05 £ 1.61 66.12 + 0.43 62.98 £ 3.5 70.43 £ 3.43
QUANTITY 64.3 £ 5.06 61.72 £ 49 12.88 + 4.13 65.05 £ 8.64 67.07 £ 5.11 69.65 + 5.8 76.35 £ 3.09
NORP 735+ 23 721 £ 6.0 3992 £ 105 83.02+1.42 84.52 +£2.79 7953 % 1.32 824 +1.15
ORDINAL 68.97 £ 6.16 71.65 + 3.31 1.93 £ 3.25 76.08 + 3.55 73.05 +7.14 69.77 £ 4.97 75.52 + 5.11
WORK_OF_ART | 30.48 + 1.42 27.5+2.93 34+ 237 28.0 £ 3.33 2348 + 5.02 30.2 +1.27 32.25 £ 3.11
PERSON 70.05 £ 6.7 74.1 + 5.32 38.88 £ 7.64 80.53 + 2.15 8042 + 2.13 78.03 £ 3.98 82.32 + 2.51
LANGUAGE 724 +5.53 70.78 £ 2.62 4.25 + 0.42 68.75 £ 6.36 48.77 £ 17.42 65.92 £ 3.52 75.62 + 7.22
LAW 58.08 £4.9 53.12 + 4.54 24+ 1.15 48.38 + 8.0 50.15+ 756 60.13 + 6.08 57.72 £ 7.06
MONEY 70.12 £ 5.19 66.05 + 1.66 12.48 + 11.92 68.4 +6.3 73.68 +4.72 68.4 +5.08 79.35 + 3.6
PERCENT 76.88 £ 293 75.55 +4.17 1.82 + 1.81 80.18 + 4.81 85.3 + 3.68 79.2 £ 3.76 88.32 + 2.76
PRODUCT 43.6 £ 7.21 44.35 + 3.48 3.75 £ 0.58 39.92 £ 7.22 35.1 £ 9.35 434 + 843 49.32 + 2.92
TIME 3593 +£6.35 358 261 8.02 £ 3.05 50.15 £ 5.12 56.6 + 2.28 45.62 + 5.64 59.8 £ 0.76

Table 1: Results of experiments in terms of chunk-based F;-score. Numbers in bold mean the best score for a particular class,
underlined numbers are the second best results. Numbers are averaged across 4 runs with standard deviations calculated.
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CONTAINER: Few shot Named Entity Recognition via Contrastive Learning

o AT U
o 7|Z=HYHE2 faw-shot 220l A unseen target domainOi| CieH LEts} 50| HO{Z

v' Source domainOflA] 222 semantic feature@t St representationt oH&

O] 2X|E s Z3}7| 2sH, contrastive leamingS A2 St 22 HHES Ao

CONTAINER: Few-Shot Named Entity Recognition via Contrastive
Learning

Sarkar Snigdha Sarathi Das, Arzoo Katiyar, Rebecca J. Passonneau, Rui Zhang
Pennsylvania State University
{s£d5525, arzoo, rjpd49, rmz5227}@psu.edu

Abstract “\
B B B
o =] o
S S

Named I.E.I'llll-y _Rocngn.ltmn (NER} n Fi_:w- P p—
Shot setting is imperative for entity tagging ’ —

in low resource domains. Existing approaches
only learn class-specific semantic features and

T

— —

+ +— Rttraction +—= Rapulsion

intermediate representations from source do- Figure 1: Contrastive learning dynamics of a token (fs-
mains. This affects generalizability to unseen lands) with all other tokens in an example sentence
target domains, resulting in suboptimal per- from GUM (Zeldes, 2017). CONTAINER decreases
formances. To this end, we present CON- the embedding distance between tokens of the same cat-
TAINER, a novel contrastive leaming tech- egory (FLACE) while increasing the distance between
nique that optimizes the inter-token distri- different categories ( and 0).

bution distance for Few-Shot NER. Instead
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CONTAINER: Few shot Named Entity Recognition via Contrastive Learning
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< Self-supervised contrastive learning >
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% Contrastive learning
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CONTAINER: Few shot Named Entity Recognition via Contrastive Learning

< HeHEHHE
o 7tRAQt AHITof CHSF contrastive learning®ll 7|28t CONTAINER
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Source Tags: [l PER DATE Target Tags: [l ORG LOCATION

< Overall framework >
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CONTAINER: Few shot Named Entity Recognition via Contrastive Learning
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Barack Obama was born in 1961

< 7tA|QF A F== > < Gaussian with diagonal covariance matrix >
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CONTAINER: Few shot Named Entity Recognition via Contrastive Learning

J/

< H|Qt -HH2E _ Training in source domain
« Contrastive loss& To}7| oM LY 2t AH2[E A Ltolof &
o JtRAICH AHIY 7t AHE|E ALHSHZ| 2[5 KL-divergenceE AE

« KlL-divergence: &% 7t HEZ|E At = U= X[&

T =X 7P2 . 52X E o
KL divergence= %2 Zt2 71 KL divergence= 2 #= 74

< KL divergence O A] >
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CONTAINER: Few shot Named Entity Recognition via Contrastive Learning

< H|o HHE _ Training in source domain
o Dy [NV, ]: ZHRAIRE RIMIE AV (wy, 2,) 2F N (uy, ) 2F KL-divergence
« KL-divergence 22 symmetricStX| 7] {20 (1)} 0| LS 2 F &

=
« S HIX| LHOIA contrastive loss (2)& X AZSIEE St
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Dataset Domain # Class # Sent
OntoNotes General 18 76K
12B2° 14 Medical 23 140K
CoNLL03 News 4 20K
WNUT 17 Social 6 5K
GUM Mixed 11 3.5K
FEwW-NERD  Wikipedia 66 188K
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Model 1-shot S-shot
Group A Group B Group C Avg, Group A Group B Group C Avg,
Proto 19.3 + 3.9 227+ 89 18.9 = 7.9 203 305435 387x56 41.1 £33 367
NMNShot 285 +92 27.3 4+ 12.3 21.4 +97 257 440+ 2.1 516 4+59 476 +28 47.7
StructShot 30.5 + 123 28.8 +11.2 20.8 += 9.9 26.7 475 +40 53.0x79 487 4+27 498
CONTaiNER 322+ 53 309+11.6 329+127 320 51.2+59 559+6.2 61.5+27 562
+ Viterbi 324+ 51 30.9 +=11.6 33.0+128 321 51.24+6.0 56.0+t62 61.5+27 56.2

Table 2: F1 scores in Tag Set Extension on OntoNotes.

Group A, B, C are three disjoint sets of entity types.

Results vary slightly compared to Yang and Kativar (2020) since they used different support set samples (publicly
unavailable) than ours.

1-shot 5-shot

Model
12B2 CoNLL WNUT GUM Avg. 12B2 CoNLL WNUT GUM Avg.
Proto 134130 499+ 8.6 17449 178+ 35 246 179118 613191 228145 19534 304
NNShot 153416 6124104 227474 10529 274 220+£1.5 T741+£23 273154 159+ 1.8 348
StructShot 214+38 6241105 242+80 TR8+21 290 303+21 T748+24 304+65 133+1.3 372
CONTaiNER 164117 578107 242429 179118 291 24119 7283120 277122 2444+22 373
+ Viterbi 21.5+1.7 61.2+107 275+19 185+49 322 36.7+21 758+27 325+38 252+27 426

Table 3: F1 scores in Domain Extension with OntoNotes as the source domain. Results vary slightly compared to
Yang and Katiyar (2020) since they used different support set samples (publicly unavailable) than ours.
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