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Material in this lecture derived rom materials created by Jay Alammar (http://
jalammar.github.io/illustrated-transformer/)  

http://jalammar.github.io/illustrated-transformer/
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Some housekeeping
• First, let’s talk midterm… 

• Mean: 70 (from 30s to high 90s) 

• I miscalibrated Q2 (average: 56%) 

★ I gave back to 5 points to everyone (mean now 75) 

★We are releasing an optional bonus assignment that covers the 
same content as Q2 — you can use this to make up up to half (12.5) 
points on said question
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Some housekeeping
• First, let’s talk midterm… 

• Mean: 70 (from 30s to high 90s) 

• I miscalibrated Q2 (average: 56%) 

★ I gave back to 5 points to everyone (mean now 75) 

★We are releasing an optional bonus assignment that covers the same 
content as Q2 — you can use this to make up up to half (12.5) points 
on said question. This will be released tonight; due date is flexible.



HW 4

• HW 4 will be released soon; due 3/24 (Tuesday)



Projects!

• THURSDAY 3/13 Project proposal is due!

• TUESDAY 3/17 Project pitches in class!



A remote possibility

• There is a (increasingly) non-zero chance that 
Northeastern will move to holding all classes remotely in 
the coming days/weeks 

• In this case: Remote / recorded lectures; on-demand 
office hours, remotely; project presentations (+ pitches) 
will also have to be remote or recorded (will figure out!) 

• Keep an eye on Piazza for more updates



Today

• Will introduce transformer networks, which are a type of 
neural networks that have come to dominate in NLP 

• To get there, will first review RNNs briefly
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RNNs

• Review [on board]



Transformers

• Hey, maybe we can get rid of recurrence!



Attention mechanisms
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Transformer block

http://jalammar.github.io/illustrated-transformer/source:

http://jalammar.github.io/illustrated-transformer/


http://jalammar.github.io/illustrated-transformer/source:

First, embed

http://jalammar.github.io/illustrated-transformer/


http://jalammar.github.io/illustrated-transformer/source:

Then transform

http://jalammar.github.io/illustrated-transformer/


http://jalammar.github.io/illustrated-transformer/source:

What is “self-attention”?

http://jalammar.github.io/illustrated-transformer/


http://jalammar.github.io/illustrated-transformer/source:

http://jalammar.github.io/illustrated-transformer/


http://jalammar.github.io/illustrated-transformer/source:

http://jalammar.github.io/illustrated-transformer/


http://jalammar.github.io/illustrated-transformer/source:

This one weird trick

http://jalammar.github.io/illustrated-transformer/




In matrices

Learned

http://jalammar.github.io/illustrated-transformer/source:

http://jalammar.github.io/illustrated-transformer/


In matrices

http://jalammar.github.io/illustrated-transformer/source:

http://jalammar.github.io/illustrated-transformer/


Let’s implement…  
[notebook TODOs 1 & 2]

 

http://jalammar.github.io/illustrated-transformer/


OK, but what is it used for?



Translation

http://jalammar.github.io/illustrated-transformer/source:

http://jalammar.github.io/illustrated-transformer/


Translation

http://jalammar.github.io/illustrated-transformer/source:

http://jalammar.github.io/illustrated-transformer/


Language modeling
https://talktotransformer.com/

https://talktotransformer.com/


BERT



BERT

BERT: Pre-training of Deep Bidirectional Transformers for

Language Understanding

Jacob Devlin Ming-Wei Chang Kenton Lee Kristina Toutanova

Google AI Language
{jacobdevlin,mingweichang,kentonl,kristout}@google.com

Abstract

We introduce a new language representa-
tion model called BERT, which stands for
Bidirectional Encoder Representations from
Transformers. Unlike recent language repre-
sentation models (Peters et al., 2018a; Rad-
ford et al., 2018), BERT is designed to pre-
train deep bidirectional representations from
unlabeled text by jointly conditioning on both
left and right context in all layers. As a re-
sult, the pre-trained BERT model can be fine-
tuned with just one additional output layer
to create state-of-the-art models for a wide
range of tasks, such as question answering and
language inference, without substantial task-
specific architecture modifications.

BERT is conceptually simple and empirically
powerful. It obtains new state-of-the-art re-
sults on eleven natural language processing
tasks, including pushing the GLUE score to
80.5% (7.7% point absolute improvement),
MultiNLI accuracy to 86.7% (4.6% absolute
improvement), SQuAD v1.1 question answer-
ing Test F1 to 93.2 (1.5 point absolute im-
provement) and SQuAD v2.0 Test F1 to 83.1
(5.1 point absolute improvement).

1 Introduction

Language model pre-training has been shown to
be effective for improving many natural language
processing tasks (Dai and Le, 2015; Peters et al.,
2018a; Radford et al., 2018; Howard and Ruder,
2018). These include sentence-level tasks such as
natural language inference (Bowman et al., 2015;
Williams et al., 2018) and paraphrasing (Dolan
and Brockett, 2005), which aim to predict the re-
lationships between sentences by analyzing them
holistically, as well as token-level tasks such as
named entity recognition and question answering,
where models are required to produce fine-grained
output at the token level (Tjong Kim Sang and
De Meulder, 2003; Rajpurkar et al., 2016).

There are two existing strategies for apply-
ing pre-trained language representations to down-
stream tasks: feature-based and fine-tuning. The
feature-based approach, such as ELMo (Peters
et al., 2018a), uses task-specific architectures that
include the pre-trained representations as addi-
tional features. The fine-tuning approach, such as
the Generative Pre-trained Transformer (OpenAI
GPT) (Radford et al., 2018), introduces minimal
task-specific parameters, and is trained on the
downstream tasks by simply fine-tuning all pre-
trained parameters. The two approaches share the
same objective function during pre-training, where
they use unidirectional language models to learn
general language representations.

We argue that current techniques restrict the
power of the pre-trained representations, espe-
cially for the fine-tuning approaches. The ma-
jor limitation is that standard language models are
unidirectional, and this limits the choice of archi-
tectures that can be used during pre-training. For
example, in OpenAI GPT, the authors use a left-to-
right architecture, where every token can only at-
tend to previous tokens in the self-attention layers
of the Transformer (Vaswani et al., 2017). Such re-
strictions are sub-optimal for sentence-level tasks,
and could be very harmful when applying fine-
tuning based approaches to token-level tasks such
as question answering, where it is crucial to incor-
porate context from both directions.

In this paper, we improve the fine-tuning based
approaches by proposing BERT: Bidirectional
Encoder Representations from Transformers.
BERT alleviates the previously mentioned unidi-
rectionality constraint by using a “masked lan-
guage model” (MLM) pre-training objective, in-
spired by the Cloze task (Taylor, 1953). The
masked language model randomly masks some of
the tokens from the input, and the objective is to
predict the original vocabulary id of the masked
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Pre-train (self-supervise) then fine-tune:  
A winning combo



A Primer in BERTology: What we know about how BERT works

Anna Rogers, Olga Kovaleva, Anna Rumshisky
Department of Computer Science, University of Massachusetts Lowell

Lowell, MA 01854
{arogers, okovalev, arum}@cs.uml.edu

Abstract

Transformer-based models are now widely
used in NLP, but we still do not understand a
lot about their inner workings. This paper de-
scribes what is known to date about the famous
BERT model (Devlin et al., 2019), synthesiz-
ing over 40 analysis studies. We also provide
an overview of the proposed modifications to
the model and its training regime. We then out-
line the directions for further research.

1 Introduction

Since their introduction in 2017, Transformers
(Vaswani et al., 2017) took NLP by storm, of-
fering enhanced parallelization and better model-
ing of long-range dependencies. The best known
Transformer-based model is BERT (Devlin et al.,
2019) which obtained state-of-the-art results in nu-
merous benchmarks, and was integrated in Google
search1, improving an estimated 10% of queries.

While it is clear that BERT and other
Transformer-based models work remarkably well,
it is less clear why, which limits further hypothesis-
driven improvement of the architecture. Unlike
CNNs, the Transformers have little cognitive mo-
tivation, and the size of these models limits our
ability to experiment with pre-training and perform
ablation studies. This explains a large number of
studies over the past year that attempted to under-
stand the reasons behind BERT’s performance.

This paper provides an overview of what has
been learned to date, highlighting the questions
which are still unresolved. We focus on the studies
investigating the types of knowledge learned by
BERT, where this knowledge is represented, how it
is learned, and the methods proposed to improve it.

1https://blog.google/products/search/
search-language-understanding-bert

2 Overview of BERT architecture

Fundamentally, BERT is a stack of Transformer
encoder layers (Vaswani et al., 2017) which consist
of multiple “heads”, i.e., fully-connected neural
networks augmented with a self-attention mecha-
nism. For every input token in a sequence, each
head computes key, value and query vectors, which
are used to create a weighted representation. The
outputs of all heads in the same layer are combined
and run through a fully-connected layer. Each layer
is wrapped with a skip connection and layer nor-
malization is applied after it.

The conventional workflow for BERT consists
of two stages: pre-training and fine-tuning. Pre-
training uses two semi-supervised tasks: masked
language modeling (MLM, prediction of randomly
masked input tokens) and next sentence prediction
(NSP, predicting if two input sentences are adjacent
to each other). In fine-tuning for downstream ap-
plications, one or more fully-connected layers are
typically added on top of the final encoder layer.

The input representations are computed as fol-

Figure 1: BERT fine-tuning (Devlin et al., 2019).
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BERT BERT
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Masked Sentence A Masked Sentence B

Pre-training Fine-Tuning

NSP Mask LM Mask LM

Unlabeled Sentence A and B Pair 

SQuAD

Question Answer Pair

NERMNLI

Figure 1: Overall pre-training and fine-tuning procedures for BERT. Apart from output layers, the same architec-
tures are used in both pre-training and fine-tuning. The same pre-trained model parameters are used to initialize
models for different down-stream tasks. During fine-tuning, all parameters are fine-tuned. [CLS] is a special
symbol added in front of every input example, and [SEP] is a special separator token (e.g. separating ques-
tions/answers).

ing and auto-encoder objectives have been used
for pre-training such models (Howard and Ruder,
2018; Radford et al., 2018; Dai and Le, 2015).

2.3 Transfer Learning from Supervised Data

There has also been work showing effective trans-
fer from supervised tasks with large datasets, such
as natural language inference (Conneau et al.,
2017) and machine translation (McCann et al.,
2017). Computer vision research has also demon-
strated the importance of transfer learning from
large pre-trained models, where an effective recipe
is to fine-tune models pre-trained with Ima-
geNet (Deng et al., 2009; Yosinski et al., 2014).

3 BERT

We introduce BERT and its detailed implementa-
tion in this section. There are two steps in our
framework: pre-training and fine-tuning. Dur-
ing pre-training, the model is trained on unlabeled
data over different pre-training tasks. For fine-
tuning, the BERT model is first initialized with
the pre-trained parameters, and all of the param-
eters are fine-tuned using labeled data from the
downstream tasks. Each downstream task has sep-
arate fine-tuned models, even though they are ini-
tialized with the same pre-trained parameters. The
question-answering example in Figure 1 will serve
as a running example for this section.

A distinctive feature of BERT is its unified ar-
chitecture across different tasks. There is mini-

mal difference between the pre-trained architec-
ture and the final downstream architecture.

Model Architecture BERT’s model architec-
ture is a multi-layer bidirectional Transformer en-
coder based on the original implementation de-
scribed in Vaswani et al. (2017) and released in
the tensor2tensor library.1 Because the use
of Transformers has become common and our im-
plementation is almost identical to the original,
we will omit an exhaustive background descrip-
tion of the model architecture and refer readers to
Vaswani et al. (2017) as well as excellent guides
such as “The Annotated Transformer.”2

In this work, we denote the number of layers
(i.e., Transformer blocks) as L, the hidden size as
H , and the number of self-attention heads as A.3

We primarily report results on two model sizes:
BERTBASE (L=12, H=768, A=12, Total Param-
eters=110M) and BERTLARGE (L=24, H=1024,
A=16, Total Parameters=340M).

BERTBASE was chosen to have the same model
size as OpenAI GPT for comparison purposes.
Critically, however, the BERT Transformer uses
bidirectional self-attention, while the GPT Trans-
former uses constrained self-attention where every
token can only attend to context to its left.4

1https://github.com/tensorflow/tensor2tensor
2http://nlp.seas.harvard.edu/2018/04/03/attention.html
3In all cases we set the feed-forward/filter size to be 4H ,

i.e., 3072 for the H = 768 and 4096 for the H = 1024.
4We note that in the literature the bidirectional Trans-
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Abstract

We introduce a new language representa-
tion model called BERT, which stands for
Bidirectional Encoder Representations from
Transformers. Unlike recent language repre-
sentation models (Peters et al., 2018a; Rad-
ford et al., 2018), BERT is designed to pre-
train deep bidirectional representations from
unlabeled text by jointly conditioning on both
left and right context in all layers. As a re-
sult, the pre-trained BERT model can be fine-
tuned with just one additional output layer
to create state-of-the-art models for a wide
range of tasks, such as question answering and
language inference, without substantial task-
specific architecture modifications.

BERT is conceptually simple and empirically
powerful. It obtains new state-of-the-art re-
sults on eleven natural language processing
tasks, including pushing the GLUE score to
80.5% (7.7% point absolute improvement),
MultiNLI accuracy to 86.7% (4.6% absolute
improvement), SQuAD v1.1 question answer-
ing Test F1 to 93.2 (1.5 point absolute im-
provement) and SQuAD v2.0 Test F1 to 83.1
(5.1 point absolute improvement).

1 Introduction

Language model pre-training has been shown to
be effective for improving many natural language
processing tasks (Dai and Le, 2015; Peters et al.,
2018a; Radford et al., 2018; Howard and Ruder,
2018). These include sentence-level tasks such as
natural language inference (Bowman et al., 2015;
Williams et al., 2018) and paraphrasing (Dolan
and Brockett, 2005), which aim to predict the re-
lationships between sentences by analyzing them
holistically, as well as token-level tasks such as
named entity recognition and question answering,
where models are required to produce fine-grained
output at the token level (Tjong Kim Sang and
De Meulder, 2003; Rajpurkar et al., 2016).

There are two existing strategies for apply-
ing pre-trained language representations to down-
stream tasks: feature-based and fine-tuning. The
feature-based approach, such as ELMo (Peters
et al., 2018a), uses task-specific architectures that
include the pre-trained representations as addi-
tional features. The fine-tuning approach, such as
the Generative Pre-trained Transformer (OpenAI
GPT) (Radford et al., 2018), introduces minimal
task-specific parameters, and is trained on the
downstream tasks by simply fine-tuning all pre-
trained parameters. The two approaches share the
same objective function during pre-training, where
they use unidirectional language models to learn
general language representations.

We argue that current techniques restrict the
power of the pre-trained representations, espe-
cially for the fine-tuning approaches. The ma-
jor limitation is that standard language models are
unidirectional, and this limits the choice of archi-
tectures that can be used during pre-training. For
example, in OpenAI GPT, the authors use a left-to-
right architecture, where every token can only at-
tend to previous tokens in the self-attention layers
of the Transformer (Vaswani et al., 2017). Such re-
strictions are sub-optimal for sentence-level tasks,
and could be very harmful when applying fine-
tuning based approaches to token-level tasks such
as question answering, where it is crucial to incor-
porate context from both directions.

In this paper, we improve the fine-tuning based
approaches by proposing BERT: Bidirectional
Encoder Representations from Transformers.
BERT alleviates the previously mentioned unidi-
rectionality constraint by using a “masked lan-
guage model” (MLM) pre-training objective, in-
spired by the Cloze task (Taylor, 1953). The
masked language model randomly masks some of
the tokens from the input, and the objective is to
predict the original vocabulary id of the masked
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We introduce a new language representa-
tion model called BERT, which stands for
Bidirectional Encoder Representations from
Transformers. Unlike recent language repre-
sentation models (Peters et al., 2018a; Rad-
ford et al., 2018), BERT is designed to pre-
train deep bidirectional representations from
unlabeled text by jointly conditioning on both
left and right context in all layers. As a re-
sult, the pre-trained BERT model can be fine-
tuned with just one additional output layer
to create state-of-the-art models for a wide
range of tasks, such as question answering and
language inference, without substantial task-
specific architecture modifications.

BERT is conceptually simple and empirically
powerful. It obtains new state-of-the-art re-
sults on eleven natural language processing
tasks, including pushing the GLUE score to
80.5% (7.7% point absolute improvement),
MultiNLI accuracy to 86.7% (4.6% absolute
improvement), SQuAD v1.1 question answer-
ing Test F1 to 93.2 (1.5 point absolute im-
provement) and SQuAD v2.0 Test F1 to 83.1
(5.1 point absolute improvement).

1 Introduction

Language model pre-training has been shown to
be effective for improving many natural language
processing tasks (Dai and Le, 2015; Peters et al.,
2018a; Radford et al., 2018; Howard and Ruder,
2018). These include sentence-level tasks such as
natural language inference (Bowman et al., 2015;
Williams et al., 2018) and paraphrasing (Dolan
and Brockett, 2005), which aim to predict the re-
lationships between sentences by analyzing them
holistically, as well as token-level tasks such as
named entity recognition and question answering,
where models are required to produce fine-grained
output at the token level (Tjong Kim Sang and
De Meulder, 2003; Rajpurkar et al., 2016).

There are two existing strategies for apply-
ing pre-trained language representations to down-
stream tasks: feature-based and fine-tuning. The
feature-based approach, such as ELMo (Peters
et al., 2018a), uses task-specific architectures that
include the pre-trained representations as addi-
tional features. The fine-tuning approach, such as
the Generative Pre-trained Transformer (OpenAI
GPT) (Radford et al., 2018), introduces minimal
task-specific parameters, and is trained on the
downstream tasks by simply fine-tuning all pre-
trained parameters. The two approaches share the
same objective function during pre-training, where
they use unidirectional language models to learn
general language representations.

We argue that current techniques restrict the
power of the pre-trained representations, espe-
cially for the fine-tuning approaches. The ma-
jor limitation is that standard language models are
unidirectional, and this limits the choice of archi-
tectures that can be used during pre-training. For
example, in OpenAI GPT, the authors use a left-to-
right architecture, where every token can only at-
tend to previous tokens in the self-attention layers
of the Transformer (Vaswani et al., 2017). Such re-
strictions are sub-optimal for sentence-level tasks,
and could be very harmful when applying fine-
tuning based approaches to token-level tasks such
as question answering, where it is crucial to incor-
porate context from both directions.

In this paper, we improve the fine-tuning based
approaches by proposing BERT: Bidirectional
Encoder Representations from Transformers.
BERT alleviates the previously mentioned unidi-
rectionality constraint by using a “masked lan-
guage model” (MLM) pre-training objective, in-
spired by the Cloze task (Taylor, 1953). The
masked language model randomly masks some of
the tokens from the input, and the objective is to
predict the original vocabulary id of the masked
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Self-Supervise an Encoder



Self-Supervise an Encoder

The cat is very cute



Self-Supervise an Encoder

The cat is very cute

The [MASK] is very cuteX

y cat



Let’s implement …  
[notebook TODO 3]

 

http://jalammar.github.io/illustrated-transformer/


BERT details we did not consider

• BERT actually uses word-pieces rather than entire words 

• Also uses “positional” embeddings in the inputs to give a 
sense of “location” in the sequence 

• Multiple self-attention “heads” 

• Deeper (12+ layers)
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BERT details we did not consider

• BERT actually uses word-pieces rather than entire words 

• Also uses “positional” embeddings in the inputs to give a sense of 
“location” in the sequence 

• Multiple self-attention “heads” 

• Deeper (12+ layers) 

• Residual + layer norms (prevents explosions/NaNs)



For a more detailed 
implementation …

• See Sasha Rush’s excellent “annotated transformer”: 
http://nlp.seas.harvard.edu/2018/04/03/attention.html

http://nlp.seas.harvard.edu/2018/04/03/attention.html

