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https://arxiv.org/abs/1904.12848

Unsupervised Data Augmentation

normal data Augmentation
@ hope to get more labeled data to
GOAL

train the model

reason : few label data ‘

C_augmentation
‘sports —_ ><
text &z
\_ %

Y

labeled data




https://arxiv.org/abs/1904.12848

b ; at the begil N g, data diversity
il g
B model trained with label data e

Increase model robustness

[ 0 0 [@

Unsupervised Data Augmentation

reason : label data has limited effect after augmentation

o N
"Bm = predict e
2Itm > & :> sports
model

unlablel confidence

ngent s Consistent |::>
predict

B & \ 0,0'0'0
gﬁ__g:> O DD||:> sports
Epdkat

augmentation confidence 7

11



https://arxiv.org/abs/1904.12848
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Training Signal
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strategy .__-®6 gradually during the training phase

prevent the model from overfitting
too quickly

GOAL

Training signal annealing

‘ few labeled data training phase
count: 100 = overfitting
=
o (&) o |:>
8 B

underfitting

many unlabeled data
count: 10000

ves, Ve s,

difficult threshold h I ’;’E ’l;l‘

727 label data :

‘:> "t |:> count:5 >

few labeled data
count: 100

! label data label data
; count: 20 count : 100

) O O [

|
]
") ooln

t=1 ) : t=5 t=10 |




Training Signal
Annealing

current
iterations
t
. . . . nt:_(l_T)_l—Ta
Training signal annealing reshold T initial

total threshold
iterations
Ydon't use all labeled data at once
GOA L

e.g. number of categories = 10

In this paper, tau need to > 1/(number of categories )=> 1/10, so suppose tau =5/10=0.5 HLAT'Tﬁﬁ'-]
number of categories | T(total iterations) |t tau | threshold N
10 10 1 0.5 | 1/10x (1-0.5) + 0.5 =0.55

10 10 5 0.5 | 510x(1-0.5)+0.5=0.75

10 10 10 | 0.5 10/10x(1-0.5)+0.5=1
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Annealing Supervised Loss
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Pseudo Labeling
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Selective Unsupervised Loss
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make each instance closer to the
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Dataset Classification Type Class Train Unlabeled Dev Test
AG News News Topic 4 200 5000 2000 1900
DBpedia Wikipedia Topic 14 200 5000 2000 5000
Yahoo! Answer QA Topic 10 200 5000 2000 6000
IMDB Movie Review Sentiment 2 200 5000 2000 12500
Dataset
Dataset AG News IMDB Yahoo! Answer DBpedia
description collection of news movie reviews topic classification extract structured

category

World
Sports
Business
Sci/Tech

Binary emotion
classification

positive
negative

e  Society & Culture
e Science &

Mathematics
° Health
° Education &
Reference
e  Sports

° Business & Finance

content from the
information created
in Wikipedia

14 class
e company
e education
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Layer m+1

i I

Pov12) (M )

Supervised j [ Unsupervised

Croas entropy Loss Consistency Loss
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.- Back translation

RandAugment

Augmentations

"~ TF-IDF word
replacement

Baseline
A~Beta(a,a)
Model x learning method
BERT trained with only labled data supervised

UDA make different augment to unlabeled data

semi-supervised

Mixtext

TMix: A new data augmentation method that interpolates two input
vectors in hidden space to generate a new vector

semi-supervised

UDA:unsupervised data augmentation

32



e metric : accuracy

Experiment Results

the number of
labeled data used

Model AG News IMDB Yahoo! Answer DBpedia
10 | 30 |200| 10 30 200 | 10 30 200 | 10 30 200
supervised ot 81.0 | 843 1872|706 733 86.1|60.1 641 693|966 982 98.6
_ UDA | 864|864 883|864 864 887|643 683 702|978 983 988
o P Mixtext | 87.3 | 87.4 | 88.2 | 742 853 89.1 | 677 685 70.6 | 98.5 98.8 98.9
thispaper PGPL | 87.8 | 88.5 | 89.2 | 889 90.2 903 | 674 69.1 70.7 | 98.7 99.0 99.0

I

unsupervised > supervised

the gap between unsupervised and supervised narrows

2

‘ PGPL is stable in all aspects except Yahoo
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e metric : accuracy

Evaluation Results with other pre-trained models

I this paper
Dataset Supervised (all labels) | Supervised (10 labels) ' Semi-supervised (10 labels)
BERT RoBERTa BERT RoBERTa l PGPL(BERT) PGPL(RoBERTa)
AG News 91.2 924 80.2 80.7 87.8 88.4
IMDB 90.4 93,5 70.9 71.2 88.9 91.2
Yahoo!Answer | 73.7 74.2 60.1 61.0 67.4 67.8
DbPedia 99.1 99.1 96.6 96.1 98.7 98.8

Average 88.6 89.8 76.9 4 1D 85.7 86.6
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e metric : accuracy

LSS e
=A01abeled data ZX . pull
Ablation Study Data AG News IMDB

PGPL 88.3 89.7

1. PGP and PAC canindependently improve w/o PGP 86.5 8.2

model performance w/o PAC 6.2 88 9

2. TSA helps too, besides DBpedia w/o TSA 87.2 87.9
[ e e J Data Yahoo!Answer DBpedia

nnealing

PGPL 68.3 08.4

w/o PGP 65.7 908.2

w/o PAC 67.4 08.2

68.0 98.6

w/o TSA
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Conclusion

1. Asemi-supervised model PGPL that combines PAC and PGP strategies is proposed for
semi-supervised text classification tasks.

2. After constructing the prototype, use PAC to group text embeddings belonging to the same
category together to alleviate the problem of underfitting.

3. PGP selectsreliable pseudo-labeled data nearby prototypes to address the training bias
from the imbalanced data
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