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Introduction
v'Pre-trained language models have achieved significant success in NLP.
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v'A learning gap exists between pre-training and fine-tuning.

v'For a group of similar tasks, parameters of all task-specific models are
initialized from the same pre-trained language model.
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Introduction

v’ Our solution: meta fine-tuning
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a) Conventional Approach  b) The Proposed Approach

* Target of meta fine-tuning: learning the transferable knowledge across all
domains



Key Ideas of Meta Fine-tuning

v'Learning from Typicality

v'Learning Domain-invariant Representations
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Learning from Typicality
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Learning Domain-invariant Representations

v'Corrupted domain classifiers

* Input: true domain embeddings, BERT embeddings

e OQutput: corrupted domain labels

Goal: forcing BERT to hide
domain-specific information
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Experiments

v'Sentence pair classification (MNLI)

Method Telephone Government Slate Travel Fiction Average
BERT (S) 82.5 84.9 782  83.1 82.0 82.1
BERT (Mix) 83.1 85.2 793  85.1 82.4 83.0
BERT (MTL) | 83.8 86.1 80.2 85.2 83.6 83.8
BERT (Adv) | 81.9 84.2 79.8  82.0 82.2 82.0
MFT (DC) 84.2 86.3 80.2 85.8 84.0 84.1
MFT (TW) 83.8 86.5 813 83.7 84.4 83.9
MFT (Full) 84.6 86.3 815 854 84.6 84.5
\/Se ntence Classification Method Book DVD Elec. Kit. Avg.
BERT (S) 90.7 88.2 89.0 85.7 884
(Amazon Reviews) BERT (Mix) 91.8 894 878 884 893
BERT (MTL) | 92.2 89.0 883 882 89.0
BERT (Adv) 89.3 874 865 86.7 8I.5
MFT (DC) 90.6 894 925 88.7 903
MFT (TW) 90.4 889 945 891 90.7
MFT (Full) 912 888 948 892 91.0
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Experiments
v Few-shot learning
With MFT? With MFT? With MFT?
Genre No Yes Improvement No Yes Improvement No Yes Improvement
Training data 5% of the original 10% of the original 20% of the original
Telephone 705 7477  4.2%7 74.1 764  23%% 759 79.8 3.9%7"
Government 76.5 78.1 1.6%7 78.8 81.0 22%% 80.5 829 2.4%7
Slate 642 698 5.7%% 67.6 71.8 4.2%7 71.8 741  2.3%7
Travel 719 754 3.5%7 74.8 78.1 3.3%% 783 803 2.0%7"
Fiction 69.7 73.8 4.1%% 733 76.6 33%7 76.2 784  2.2%7
Average 70.5 744 3.9%% 73.7 76.8 3.1%7 76.5 79.1 2.6%7
v'Case study
Typicality Domain Label Review Text
Book NEG  More hate books. How could anyone write anything so wrong.
Low Kitchen NEG  The spoon handle is crooked and there are marks/damage to the wood. Avoid.

Kitchen NEG  The glass is quite fragile. I had two breaks.

Kitchen POS I would recommend them to everyone..and at their price, it’s a HUGE DEAL!
High Electronics NEG  What a waste of money. For $300 you shouldn’t HAVE to buy a protection plan for...
Electronics NEG Do not waste your money, this was under recommendations, but I would NOT...
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Open Source

v'"Meta Fine-tuning is integrated into the EasyTransfer library.

for NLP applications -
end

AppZoo
Transfer Learning Modules (Model Fine-tuning, Model-based TL)
ModelZoo User defined Models
BERT Albert AdaBert

https://github.com/alibaba/EasyTransfer

User defined
Applications

Text Text
Matching Classification

IO (OSS , MaxCompute ) DL Engine(PAI-Tensorflow)
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