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Few-Shot Text Classification Tasks

* Problem: training label limited
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Data Augmentation Method
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Data Augmentation Mixup
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Data Selection

Difficulty
Easy calculation Hard




Archltectu re

Stage1: Divide the Data
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Dividing the dataset

Stage1: Divide the Data
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Calculate Difficulty

* dividing the dataset based on the degree of difficulty

d(z;) = 1 — (p(yi|z:) — yerggﬁyip(y\mz)), 3)
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Mixup the samples
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Data Selection Method

Lj = Larg max cos (z;,z;)

Given a sample xi, search for the
most similar sample xj, where
the similarity is measured by
cosine similarity.
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Text Classification Model and Mixup

Input

|
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Instance-Specific Label Smoothing for

Regularization
/

y, = (1 — a) xy; + au;
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Instance-Specific Label Smoothing for
Regularization

Y, = (1 —a)*xy; + ar;
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Cross-Entropy Loss
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Natural language
inference

Dataset
Dataset Task # Label Size

SST-2 Sentiment 2 67k / 1.8k
RTE NLI 2 2.5k / 3k
MRPC Paraphrase 2 3.7k / 1.7k
CB NLI 3 556 /250
SUBJ Classification 2 8k / 2k
Rotten tomato Sentiment 2 8.53k / 1.07k
Amazon counterfactual Classification 2 Sk / 5k




Baseline

* AUM

* DmiX

* EmbedMix
* SSMix

* TreeMix




Find the most similar/dissimilar samples
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SSMix
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Experiment

Performance of Different Methods

N LI
SST2 RTE MRPC CB Rott. SUBJ Amazon Score
Method Acc. Acc. Acc. Acc. Acc. Acc. Acc. Avg. A1)

M 494 49.60 6190 41.06 56.95 83.16  58.14 5795 ~ -

-w/ AUM 56.60 49.81 62.10 4235 5894 83.30 65.22 59.75 +1.80

-w/ DMix 53.68 5440 4640 56.80 41.80 51.76 88.66 56.21 |[-1.74

-w/ SE (Ours) 57.56 4999 62.69 42.835 |58.23| 83.87 68.58 60.53 +2.58
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Experiment

Performance upon Different Mixup Methods

SST2 RTE MRPC CB Rott. SUBJ Amazon Score
Acc. Acc. Acc. Acc. Acc. Acc. Acc. Avg. A (1)

Method

Performance upon Different Mixup Methods

SSMix 5570 4952 60.10 37.13 59.86 83.76 6263 58.08 | -

-w/ SE (Ours) 56.96 4996 6141 39.63 6127 84.06  65.60  59.83 | <45~ [1 75
EMbedMix . 53.11 4952 61.61 3749 5883 83.10 6334 58.14 -

-w/ SE (Ours) 55.89 49.88 6328 41.07 60.10 83.86 6922 6046 +2.32
TreeMix 5570 4952 60.04 37.13 59.86 83.76 6263 5837 -

-w/ SE (Ours) 56.96 4996 61.17 39.63 61.27 84.06 65.60 59.80 +1.43
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Experiment

Comparison with BERT-Large all values

Model CB RTE Rott. Avg. A (1)
Baseline 37.84 4851 58.55 48.30 —

-w/ SSMix 42.49 48.37 59.67 50.17 +1.87
-w/ SE (Ours) 47.49 49.16 62.26 52.97 +4.67
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Learning Strategy

Comparison with different learning strategy

Learning Strategy SST2 Rott. Amazon Avg.

Random 55.70 59.86 60.12  58.56
¥c Easy-to-hard 55.81 61.17 65.37 60.78
Hard-to-easy 55.79 61.13 64.64  60.52
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Experiment

Comparison with different label smoothing

Method SST2 RTE Amazon Avg. A(1)
SSMix 55.81 49.73 65.37 56.97 —

-w/ Vanilla LS 56.12 49.81 65.11 57.01 +0.04
-w/ ILS (Ours) 356.88 4996 65.52 5745 +0.48

=EHHsmoothingf )h 32
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Experiment

Results at various training data sampling rates
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Experiment

Analysis of task generalization
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Conclusion

* Propose a self-evolution (SE) learning mechanism
—conducting data division based on the degree of difficulty
—mixup based on the order from easy to hard
—Instance-specific label smoothing approach

* Improve the existing mixup methods on text
classification tasks




