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Pretraining of Deep Bidirectional Transformers for Language Understanding



Bert is designed to pretrain deep bidirectional representations from 
unlabeled text by jointly conditioning on both left and right context in all 

layers.
• Previous models relied on labeled text, which required significant time and had 

limited data.

• By using unlabeled text, they were able to leverage a vast amount of training data 
and achieve better model representation.
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Natural language processing task

Sentence-level tasks

• Natural language inference
• 참/거짓 판별

• Paraphrasing
• 같은 의미의 다른 문장을 생성

Token-level tasks
• Named entity recognition

• 텍스트에서 특정 카테고리에 속하는 단어나 구를 식별하고 분류

• Question answering
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Two existing strategies

Feature-based

• Use task-specific architecture

Fine-tuning
• Introduce minimal task-specific parameters

• Trained on the downstream tasks by simply fine-tuning all pretrained parameters

Use unidirectional language models to learn general language 

representations

=> Restrict the power of the pre-trained representations
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Unidirectional drawback

Use unidirectional language models to learn general language 

representations

Restrict the power of the pre-trained representations

The bank approved the loan.

He sat by the bank and watched the river flow.
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Architecture
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Architecture
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Input/Output Representation

Input

• Word Piece embeddings as token embeddings.

• First token of every sequence is always a [CLS]
• Used as the aggregate sequence representation for classification tasks.

• Sentence pairs are separated with [SEP] and introduce Segment embeddings.
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Input/Output Representation

Word Piece embedding

• Word Piece embeddings as token embeddings.
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Input/Output Representation

CLS token

• First token of every sequence is always a [CLS]
• Used as the aggregate sequence representation for classification tasks.
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Input/Output Representation

Input

• Word Piece embeddings as token embeddings.

• First token of every sequence is always a [CLS]
• Used as the aggregate sequence representation for classification tasks.

• Sentence pairs are separated with [SEP] and introduce Segment embeddings.
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Masked language model

Simply mask some percentage(15%) of the input tokens at random and 
predict.

Final hidden vectors are fed into
an output softmax.
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Masked language model
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Masked language model
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Next Sentence Prediction

50% actual next sentence,
50% random sentence.

C (CLS) is used for NSP task.
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Next Sentence Prediction
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GLUE
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Experiment
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Experiment

SQuAD

“Who wrote the Harry Potter series?”

“The Harry Potter was written by 
J.K. Rowling.”
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Ablation Studies

Effect of Pre-training Tasks

No NSP : MLM o, NSP x

LTR & NO NSP : MLM x (Left-to-Right), NSP x
• Comparable to OPENAI GPT
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Ablation Studies

Effect of Model Size

Larger model, better performance

Task-specific models can benefit from the larger, more expressive pre-
trained representations.
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Ablation Studies

Feature-based Approach with BERT

Not all tasks can be easily represented by a Transformer encoder 
architecture, require a task-specific model architecture to be added.

There are major computational benefits. 
• By using cheaper models on top of BERT representation.
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