DEEP
@ —_ LE&F}MG =3 (lassification Output
Labeled
Data

For Higher accuracy, prior work
Qandumly swaps, inserts, deletes any words or replaces arbitrary synonyms.
Translates data to and from a pivot language using pre-trained LMs.
Uses masked LMs to generate corrupted and reconstructed data points.
se unlabeled data to inject noise for consistency training.

Manipulate loss function to consider noise to generalize the model.
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Lexicalized Probabilisitc Context Free Grammars
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Data Augmentation using L-PCFGs (ALP)
matters.

For limited data learning,

Information that is known about words.

Overview of
ALP. Input sentence: The characters didn't seem to fit very well with the book.
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Crawl additional plausible parse trees from other sentences
in the same class.

Stage 5. Augment Synonyms
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Words with the same POS tags go to the same category. Words are augmented using WordNet.

The roles didn't agree to suit very easily with the film.
The scripts didn't get together very comfortably with the outiook. The outlooks didn't correspond very substantially.
The anticipations didn't match very intimately. The prospects didn't satisfy very advantageously.
The records didn't look very good. o o o [Crt)

e The pictures didn't appear very considerably.

Within the 4 labeled data,

Data Augmentation using Lexicalized PCFGs for Few-Shot Text Classification
Hazel Kim', Deacheol Woo!, Seong Joon Oh?, Jeong-Won Cha®, Yo-Sub Han'

Train-Validation Splitting (AugTrain-Train)

the available labeled data are 24
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Empirical Studies

Comparison against other baseline data augmentation methods.

New Validation Set

New Training Set
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Compatibility with various semi-supervised learning approaches.
AG News SST-2 IMDB Yahoo!
Methods 5 10 3 10 ] 10 5 10
UST 79.65 8385 5713 62.71 63.60 73.63 55.49 63.54
+BT 81.61 83.43 5722 67.76 67.14 83.21 61.78 6391
+SSMBA 83.05 86.32 4876 57.00 61.05 66.82 62.81 63.63
+ALP 84.72 87.41 7322 78.01 7132 76.33 61.20 66.89
MixText 81.14 87.11 51.46 50.91 68.09 7287 66.60 67.40
+BT 82.04 70.18 51.29 51.78 6244 74.12 66.19 66.00
+ SSMBA 83.47 69.03 51.95 5239 54.11 61.36 65.32 67.14
+ALP 83.50 87.72 5244 57.06 8435 84.16 67.31 67.81

AugTrain-Train performance gain with ALP as well as other baseline data augmentation

methods.

66.45
72.40 |>+acc.

k Method No-aug EDA BT SSMBA ALP

5 AugTrain-Val | 58.66 62.73 63.59  63.65
AugTrain-Train | 62.28 64.42 67.40 68.09

10 AugTrain-Val | 67.81 6690 68.90 67.15 72.83
AugTrain-Train | 70.97 6731 73.15 6891

74.89 |>+acc.




