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Since it was highly limited in terms of

budget, and the production restrictions, the
film was cheerful.
[Given the low budget and \ Back translation ( There are few budget items and production

Due to the small dollar amount and
production limitations the ouest film is very
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production limitations, this movie limitations to make this film a really good
is very good. J \Eone.
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Original Sub-policy 1 Sub-policy 2 Sub-policy 3~ Sub-policy 4  Sub-policy 5

Batch 1

Batch 2

Batch 3

mlm
e

ShearX, 0.9, 7 ShearY, 0.7, 6 ShearX, 0.9, 4 Invert, 0.9, 3 ShearY, 0.8, 5
Invert, 0.2, 3 Solarize, 0.4,8 AutoContrast, 0.8, 3 Equalize, 0.6, 3 AutoContrast, 0.7, 3
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Operation Name Description Range of
magnitudes

ShearX(Y) Shear the image along the horizontal (vertical) axis with rate  [-0.3,0.3]
magnitude.

TranslateX(Y) Translate the image in the horizontal (vertical) direction by [-150,150]
magnifude number of pixels.

Rotate Rotate the image magnitude degrees. [-30.30]

AutoContrast Maximize the the image contrast, by making the darkest pixel
black and lightest pixel white.

Invert Invert the pixels of the image.

Equalize Equalize the image histogram.

Solanze Invert all pixels above a threshold value of magnitude. [0.256] 2
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— https:/Igithub.com/google-research/uda

Fully supervised baseline
Datasets IMDb  Yelp-2 Yelp-5 Amazon-2 Amazon-5 DBpedia
(# Sup examples) (25k)  (560k)  (650k)  (3.6m) (3m) (560k)
Pre-BERT SOTA 4.32 2.16 2098 3.32 3481 0.70
BERT srGE 451 1.89 29.32 2.63 34.17 .64
Semi-supervised setting
P IMDb  Yelp-2 Yelp-5 Amazon-2 Amazon-5 DBpedia
itialization  {UDA | o5 YOB2 TRS ATED (2.5k) (140)
X 4327  40.25 50.80 45.39 55.70 41.14
Random v | 2523 833 4135  16.16 44.19 7.24
BERT X 27.56 13.60 41.00 26.75 44 .09 2.58
BASE v 5.45 2.61 33.80 3.96 38.40 1.33
BERT X 11.72 10.55 38.90 15.54 42.30 1.68
LARGH v 4.78 2.50 33.54 3.93 37.80 1.09
BERT . X 6.50 2.94 32.39 12.17 37.32 -
FINETUNE v 4.20 2.05 32.08 3.50 3712 -
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94.5
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® Previous SOTA
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