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Learning Language Representations



General Language Model

Goal: Build a general, pre-trained language 
representation model

Why: This model can be adapted to various NLP tasks 
easily, we don’t have to retrain a model from scratch 
every time.

How: ?



“For several years, people have been getting 
very good results "pre-training" [Deep Neural 
Networks] as a language model and then fine-
tuning on some downstream NLP task 
(question answering, natural language 
inference, sentiment analysis, etc.).” 

– BERT author



Neural Language Models

• CNN, RNN
• Transformer
• Bidirectional Transformer (BERT)



Bidirectional Encoder 
Representation of Transformer 
(BERT)
• Bidirectional: BERT is naturally bidirectional

• Generalizable: Pre-trained BERT model can be fine-
tuned easily for downstream NLP task

• High-Performance: Fine-tuned BERT models beat state-
of-the-art results for many NLP tasks

• Universal: Trained on Wikipedia + BookCorpus. No 
special dataset needed



Self-
Attention



Types of Attention



Transformer



Bidirection
ality

• Language models are typically 
left-to-right or right-to-left

• However, most NLP tasks want 
the best contextual 
representation of each 
word, not just the left or right 
context



Context is Everything

• No Context (Word2Vec)
• river [bank]
• [bank] deposit

• Left-to-Right Context (RNN)
• I made a [bank] deposit
• I made a [...]

• Bidirectional Context (?)
• I made a [bank] deposit
• I made a […] deposit



Bidirection
ality

• Language models are typically 
left-to-right or right-to-left

• However, most NLP tasks want 
the best contextual 
representation of each word, 
not just the left or right context

• People have tried combining a left-
to-right model and a right-to-left 
model
• Shallowly bidirectional (e.g. ELMo)

• BERT: A naturally bidirectional 
DNN model



Bidirectional Transformer



Bidirectional 
Encoder 

Representat
ion of 

Transformer



Model Details

BERT Models



How to Train Bidirectional Model?

• Problem: Cannot train bidirectional model like normal 
Language Model
• Words would be able to indirectly “see itself” through multiple 

layer connections

• Solution: Use two novel ‘unsupervised’ prediction tasks



Task 1: Masked Language Model



Task 2: Next Sentence Prediction



Training

Trained on large ‘unsupervised’ corpus
• Wikipedia + BookCorpus

Hardware
• BERT-Base trained on 4 Cloud TPUs for 4 days
• BERT-Large trained on 16 Cloud TPUs for 4 days



Fine-tuning

• BERT can be fine-tuned inexpensively for many NLP 
tasks
• GLUE 
• SQuAD

• Only requires one additional output layer, minimal 
number of parameters learned from scratch



SQuAD – Stanford Question 
Answering Dataset



BERT for 
SQuAD
BERT for 
SQuAD



SQuAD Performance



GLUE Performance



“But for us the really amazing and unexpected result is 
that when we go from a big model (12 Transformer 
blocks, 768-hidden, 110M parameters) to a really big 
model (24 Transformer blocks, 1024-hidden, 340M 
parameters), we get huge improvements even on very 
small datasets (small == less than 5,000 labeled 
examples).”

- BERT author



Conclusion

• BERT is a strong pre-trained language model that uses 
bidirectional transformers
• Trained on two novel language modelling tasks

• BERT may be fine-tuned to beat many SOTA results on various 
NLP tasks

What I didn’t explain:
• The mechanics of BERT pre-training (Consult source code on 

github)
• How to fine-tune BERT to NLP tasks
• Ablation Studies: Critical evaluation of BERT methodology



End



Discussion Points

• Could you combine this with a stacked, pre-trained 
transformer decoder for machine translation? (Does this 
make sense?)

• Will we need to train models from scratch in the future?



Discussion Points by Gordon

• In ablation studies between BERT and OpenAI GPT, the authors never 
examine the effect of adding the Wikipedia corpus to the 
training data. In their "LTR & No NSP" ablation study,  they 
acknowledge that the training data is different, but don't seem to 
consider this significant. How well do you think OpenAI GPT would 
do with this additional training data, and how well would BERT 
do without it?

•  Some of their justifications seem to lie on very slight numerical 
differences. For example they state that 1M pretraining steps was 
necessary to achieve higher accuracy and that BERT_base achieves 
almost 1% additional accuracy on MNLI when trained on 1M steps 
compared to 500k steps. First of all, from the graph the difference looks 
less than "almost 1%", and the difference is even less significant 
between 600k and 1M steps. Similarly when they are comparing using 
the model in a feature-based approach they find that the best feature 
aggregation method achieves only 0.3 less F1 than the model that fine-
tunes parameters on a downstream task. Do these results this still 
validate the efficacy of extensive training steps and fine 
tuning?



Discussion Points by Florian

• In the paper they mask randomly 15% of the tokens and 
from those 10% are replaced with random word or a 
synonym. What do you think is the importance of that 
step? Does leaving it out results in a small performance 
decrease or in complete failure?

• They showed the model can be used to various NLP 
problems. Can you think it would also work on other 
sequence based problems that are not necessarily NLP. 
For example on customer transactional data.



Archive – What is a Language 
Model?
• Learns the probability distribution of a sequence of 

words
• Given a sequence of length , the language model 

outputs the likelihood of the sequence  
• Given a sequence of words  , the model outputs the 

likelihood of the next word: 

•  



Archive – Simple Language Model 
Example
• A language model wants to learn the likelihood of the 

sentence:
‘The man went to the store’ = [<s>, The, man, went, to, 
the, store, </s>]

• Typical left-to-right model would learn:

•  



Archive – Input Embedding



Archive – 
Task-Specific 
Models 
Using BERT



Archive



Sources

Transformer
Vaswani, A., Shazeer, N., Parmar, N., Uszkoreit, J., Jones, L., Gomez, A. N., Kaiser, L., and Polosukhin, I. (2017). 
Attention is all you need. In the Annual Conference on Neural Information Processing Systems (NIPS).
* https://ai.googleblog.com/2017/08/transformer-novel-neural-network.html
* https://medium.com/syncedreview/best-nlp-model-ever-google-bert-sets-new-standards-in-11-
languagetasks-4a2a189bc155
* http://jalammar.github.io/illustrated-transformer/
* https://mchromiak.github.io/articles/2017/Sep/12/Transformer-Attention-is-all-you-need/
* http://nlp.seas.harvard.edu/2018/04/03/attention.html

BERT 
Devlin, J., Chang, M.-W., Lee, K., and Toutanova, K. (2018). BERT: Pre-training of Deep Bidirectional 
Transformers for Language Understanding. ArXiv e-prints.
• https://github.com/google-research/bert/tree/d45d0fb36d932b603dcdfbb149daabd63db10d24
• https://github.com/codertimo/BERT-pytorch 
• https://www.reddit.com/r/MachineLearning/comments/9nfqxz/r_bert_pretraining_of_deep_bidirectional/

https://www.reddit.com/r/MachineLearning/comments/9nfqxz/r_bert_pretraining_of_deep_bidirectional/
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