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Introduction : Text Classification
o task : Hlipo X EH EFEAHER

text label
:jl:fceled AEXES LN, BERKEAEEE ERRIZEEST .. positive
aa BEFEBETITEX, AT T .. negative

BEAMUEEEZEHEAR RELBHZRARKT ... positive

AT ESRXETANKRARAZERE., REMBERTFHRT negative

EREES SEH 3, KERERERE EFH LM EHhNE ?

unlabeled | T2
data
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Introduction

Problem :

o the cost of annotating data.
e it is common in real-world uses of NLP to have only a small number of

labeled examples.
e applying standard supervised learning to small training sets often

performs poorly.

Goal :

e With the rise of pretrained language models,
e providing task descriptions could successfully be combined with

standard supervised learning in few-shot settings



Introduction : Cloze Questions

o append descriptions in natural language to an input

input: text:
MISXES DR, BE RRAREE, ZRZEEHT ..
output: label:positive



Introduction : Cloze Questions

o append descriptions in natural language to an input

ﬁﬁwxma MASKIFEE |

\__ _______
\_’

pattern

—— NMEESOH, BERBAEEE, TN
Input: Text > s T . R [MASKIE

output: label > A

verbalizer

- =

v(p05|t|ve) =B I
I v(negative)=i%
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Method : PET(Pattern-Exploiting Training)

masked language model

M? unlabeled data
/ \ classifier

labeled data. | —
(training data) M2 v
| soft-labeled data
N
1) 2) 3

finetuned




Method : PET(Pattern-Exploiting Training)

masked language model: ,
v(l) gp(l|x)

£ |08

Use the output of the .
masked word’s position X 0.2

Sp (l | X) = M('U(l) | P(X)) to predict the masked word *
esp(llx) [ FENN + Softmax ]

(Jp(l I X) = Zl'e/: esp(l'[x)

--..pm

—

BERT

P(x) rrrrfrrr---T
[CLSIHTSEE SDR, B4 REAREE, EISENSIT . BRI MASKIE



Method : PET(Pattern-Exploiting Training)

LOSS:

L=(1—a)-LCE+C¥°LMLM

a=10"4
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Method

D unlabeled data

M-
i - .
TZ S
.\ R - 7-C o O
labeled data B B g
(training data) A soft-labeled data
-

0
Vig

~ g\ 2 N 7

(€8] 2) 3)
finetuned ensemble b Sag b

: PET(Pattern-Exploiting Training)

ensemble:

sl ] %)= 2 S wp)] - spl | %

ese (%)

QP(l I X) - Zl'eﬁ esp(U'|x)
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iPET (iterative Pattern-Exploiting Training)

The core idea of iPET is to train several generations of models on
datasets of increasing size.

1PET
1 1 e |
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iPET (iterative Pattern-Exploiting Training)

A - (n — 1) models

MES. D
MEA--__
_: Jco —B
MEA-TT
ME
2 3
difEo SR

label(+)=5*d(=4)=20
label(-) =5*4=20

label(+)=5
label(-) =5

label(+)=20*4=80
label(-) =20*4=80
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Datasets-Yelp

task : estimate the rating that a customer gave to a restaurant on a
1to 5-star scale based on their review's text

« pattern:

Pi(a) = Ttwas ____. a Py(a)= Just___!|a
P3(a) = a. Allin all, it was

Py(a) = a || In summary, the restaurant is

. verbalizer:

v(1) =terrible v(2) =bad v (3) = okay
v(4) =good  wv(5) = great
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Datasets-AG's News

task:a headline a and text body b, news have to be classified as
belonging to one of the categories.

- pattern: . verbalizer:
Pi(x)= __:ab P(x)=a(____)b v(1) = World
2) = Sports
Py(x)= __—ab Pyx)= ab(__ "
3(x) B Fa(x) = G v(3) = Business
Ps(x) = ____News: ab v(4) = Tech

Ps(x) = [Category: ____]ab
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headline

agneWS Business | Wall St. Bears Claw

Business

Sports

World

Back Into the Black
(Reuters)

Carlyle Looks Toward
Commercial Aerospace
(Reuters)

USC starts at the top

Seven Georgian
soldiers wounded as
South Ossetia ceasefire
violated (AFP)

textbody

Reuters - Short-sellers, Wall Street's dwindling\band of
ultra-cynics, are seeing green again.(f& 2

Reuters - Private investment firm Carlyle Group,\which
has a reputation for making well-timed and
occasionally\controversial plays in the defense
industry, has quietly placed\its bets on another part of
the market.(#% &)

Southern California greeted news of its first preseason
No. 1 ranking since 1979 with ambivalence.(Fghni ==

HIEHFRE—)

AFP - Sporadic gunfire and shelling took place
overnight in the disputed Georgian region of South
Ossetia in violation of a fragile ceasefire, wounding
seven Georgian servicemen.(GE 4t -Fg B E fith [ —
B2BBEFTEMRENRE)



Datasets-Yahoo

task:Yahoo Questions is a text classification dataset. Given a question a
and an answer b, one of ten possible categories has to be assigned

. pattern:a:fifE, b:&EX . verbalizer:
v(1) = Society
Pi(x) = SSRGS P(x) = @ v(2) = Science
Ps3(x) = ____—gugsﬁon Py(x)=ab(___) v(3) = Health
Ps(x) = ____News:ab v(4) = Education
Ps(x) = [Category: ___Jab v(5) = Computer
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Experiment

Line Examples Method Yelp AG’s Yahoo MNLI (m/mm)
1 unsupervised (avg)  33.8 496 695 +£72 440491  39.1 £43/39.8 £5.1
2 |[T]=0 unsupervised (max) 40.8 £00 794 +00 56.4 £00 43.8 +£0.0/45.0 +0.0
3 iPET 56.7 02 875 +0a1  70.7 £0.1  53.6 +0.1/54.2 +0.1
4 supervised 21.1 16 250401  10.1 £01  34.2 +2.1/34.1 +2.0
5 |T|=10 PET 529 +01  87.5+00 63.8 +02 41.8 +0.1/41.5 +02
6 iPET 57.6 00 893 01  70.7 o1  43.2 +0.0/45.7 +o0.1
7 supervised 448 £27 82.1 £25 525431 45.6 £18/47.6 24
8 |7 =50 PET 60.0 +0.1 863 +£00 66.2 £0.1  63.9 +0.0/64.2 +0.0
9 iPET 60.7 £0.1 884 +01  69.7 £oo 67.4 £03/68.3 +0.3
10 supervised 53.0+31 86.0+07 629 +09 479 +28/51.2 426
11 |7] =100  PET 61.9 +00 883 +01 69.24+00 74.7 £03/75.9 0.4
12 iPET 62.9 00 89.6 +01 71.2 01  78.4 +£0.7/78.6 £0.5
13 17| = 1000 supervised 63.0 £t05 86.9 04  70.5 03 73.1 £02/74.8 £0.3
14 o PET 64.8 +0.1 869 +02 727 +00 85.3 +0.2/85.5 +04

Zero-

shot
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Experiment

Line Examples Method Yelp AG’s Yahoo MNLI (m/mm)
1 unsupervised (avg)  33.8+96 695 +72 440491 39.1 +43/39.8 5.1
2 __|Tl=0 unsupervised (max)  40.8 +00  79.4 400 56.4 +0.0 _ 43.8 +0.0/45.0 0.0
3 iPET 56.7 +02 875 +01  70.7 +01  53.6 +0.1/54.2 +0.1
4 supervised 21.1 16 250401  10.1 £01  34.2 +2.1/34.1 +2.0
| S [7]=10 PET 32.9 +0.1 387.5 £0.0 63.8 +02 41.8 +0.1/41.5 +0.2 |
6 1PET 57.6 00 893 f01 70.7 £0.1 .2 £0.0/45.7 £0.1
7 supervised 44.8 +27  82.1 £25 525 43.1  45.6 +1.8/47.6 +24
| 8 [7T1=50 PET 60.0 £0.1 863 4+00 66.2 +01 63.9 +0.0/64.2 +0.0 |
9 iPET 60.7 +0.1 884 +0.1  69.7 +00 67.4 +03/68.3 +0.3
10 supervised 53.0+31 86.0+07 629 +09 479 +28/51.2 426
| 11 |’/ = 100 PET 61.9 +0.0 38.3 +0.1 69.2 £00 /4.7 +£03/75.9 +04
12 1PET 62.9 00 89.6 r01 71.2+01 4 +£0.7/78.6 £0.5
13 Tl — 1000 supervised 63.0 +05  86.9 +04  70.5 £03  73.1 +£0.2/74.8 0.3
| 14 ' PET 64.8 t0.1 869 +02 72.7+00 85.3 +0.2/85.5 +04]

zero-
shot

few-
shot
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Experiment

Line Examples Method Yelp AG’s Yahoo MNLI (m/mm)
1 unsupervised (avg)  33.8 496 695 +£72 440491  39.1 £43/39.8 £5.1
2 |T]=0 unsupervised (max) 40.8 £00 _79.4 +00 _ 56.4 £00  43.8 £0.0/45.0 £0.0
3 iPET 56.7 02 | 87.5 01 | 70.7 £0.1| 53.6 £0.1/54.2 +0.1
4 supervised 21.1 16 250401  10.1 £01  34.2 +2.1/34.1 +2.0
5 |7| =10 PET 529 +01 87500 63.8+02 41.8 +0.1/41.5 +02
6 iPET 57.6 00 893 01  70.7 o1  43.2 +0.0/45.7 +o0.1
7 supervised 448 +27  82.1 £25 525 431  45.6 £1.8/47.6 24
8 |T|=50 PET 60.0 £0.1 863 £00 662 £0.1  63.9 £0.0/64.2 £0.0
9 iPET 60.7 0.1  88.4 +01  69.7 00 67.4 +03/68.3 +0.3
10 supervised 53.0+31 86.0+07 629 +09 479 +28/51.2 426
11 |7] =100  PET 619 +00 883 +01 69.2 100 74.7 £03/75.9 04
12 iPET 62.9 00 89.6 01 712 +01 78.4 +0.7/78.6 £0.5
13 17| = 1000 supervised 63.0 05 | 86.9 +04 | 70.5 £03| 73.1 £02/74.8 £0.3
14 o PET 64.8 0.1 869 +02 72.7 +00 85.3 +02/85.5 +04
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Experiment

Method Yelp AG’s Yahoo MNLI
min 39.6 82.1 50.2 36.4
max 524 85.0 63.6 40.2
PET (no distillation)  51.7 87.0 62.8 40.6
PET uniform 577 87.3 63.8 42.0 |
PET weighted 52.9 87.5 63.8 41.8

s
! 3

racy of models based on individual PVPs as well as PET z /Y -
with and without knowledge distillation (|77 = 10). Y o

M) . D
Table 4: Minimum (min) and maximum (max) accu- / el

M3 -~ .

My -

e 7\ TN

@ 2) 3)




Conclusion

e given a small to medium number of labeled examples, PET and iPET
substantially outperform unsupervised approaches, supervised
training and strong semi-supervised baselines.

e With the rise of pretrained language models (PLMs) such as GPT
BERT and RoBERTa , the idea of providing task descriptions has
become feasible for neural architectures
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