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History of NLP Techniques



Natural Language Modeling

• Given a text sequence 𝑋 = 𝑥1𝑥2…𝑥𝑇, we want to model the joint
distribution of

• 𝑋 can be a sentence or a document

𝑃 𝑋



Two ways of Modeling 𝑃 𝑋

• Masked Language Modeling: predicting the missing word(s)
conditioning on the rest of the words, i.e. 𝑃 𝑥𝑖|𝑋−𝑖
• Filling in the blank

• Bidirectional modeling

𝑥1 𝑥2 𝑥3 𝑥i−1 𝑥i+1 𝑥𝑇…… ?



Two ways of Modeling 𝑃 𝑋

• Next Token Prediction: predicting the next token/word conditioning
on the preceding tokens, i.e. 𝑃 𝑥𝑖|𝑋<𝑖

• Unidirectional modeling

𝑥1 𝑥2 𝑥3 𝑥i−1… ?



BERT: Pre-training of Deep Bidirectional 
Transformers for Language Understanding



BERT: Pre-training and Fine-Tuning Framework
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[SEP]... E
N

E
1
’ ... E

M
’

C T
1

T
[SEP]... T

N
T

1
’ ... T

M
’

[CLS] Tok 1  [SEP]... Tok N Tok 1 ... TokM

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 hasalso been work showing effective trans-

fer from supervised tasks with largedatasets, 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

largepre-trained models, wherean effectiverecipe

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 hassep-

arate fine-tuned models, even though they are ini-

tialized with thesamepre-trained parameters. The

question-answering example in Figure1 will serve

asa 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 t ensor 2t ensor 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 “TheAnnotated 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 BERTL ARGE (L=24, H=1024,

A=16, Total Parameters=340M).

BERTBASE waschosen 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 usesconstrained self-attention whereevery

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 theH = 768 and 4096 for theH = 1024.
4We note that in the literature the bidirectional Trans-

• Pre-train the model on
unlabeled data over pre-training
tasks

• Initializing the model with the
pre-trained parameters, and
fine-tune all the parameters
using labeled data from
downstream tasks

• Unified architecture across
different tasks



Model Architecture

• A multi-layer bidirectional Transformer encoder 
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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 hasalso been work showing effective trans-

fer from supervised tasks with largedatasets, 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

largepre-trained models, wherean effectiverecipe

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 hassep-

arate fine-tuned models, even though they are ini-

tialized with thesamepre-trained parameters. The

question-answering example in Figure1 will serve

asa 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 t ensor 2t ensor 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 “TheAnnotated 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 BERTL ARGE (L=24, H=1024,

A=16, Total Parameters=340M).

BERTBASE waschosen 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 usesconstrained self-attention whereevery

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 theH = 768 and 4096 for theH = 1024.
4We note that in the literature the bidirectional Trans-

• BERT_BASE: Number of layers: 12,
Hidden Size: 768, the number of
self-attention heads: 12, total
number of parameters: 110M

• BERT_LARGE: Number of layers:
23, Hidden Size: 1024, the number
of self-attention heads: 16, total
number of parameters: 340M



Model Architecture

• Input/Output Representations
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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 hasalso been work showing effective trans-

fer from supervised tasks with largedatasets, 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

largepre-trained models, wherean effectiverecipe

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 hassep-

arate fine-tuned models, even though they are ini-

tialized with thesamepre-trained parameters. The

question-answering example in Figure1 will serve

asa 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 t ensor 2t ensor 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 “TheAnnotated 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 BERTL ARGE (L=24, H=1024,

A=16, Total Parameters=340M).

BERTBASE waschosen 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 usesconstrained self-attention whereevery

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 theH = 768 and 4096 for theH = 1024.
4We note that in the literature the bidirectional Trans-

• Both a single sentence and a pair of
sentences are represented in one token
sequence
• Start with a special token [CLS]
• Separate sentences with a special

token [SEP]
• Add a learned embeddings to every

token indicating whether it belongs to
sentence A or sentence B

Representation of
whole sentence



Input Representation

• Each token embedding is the summation of token embedding,
segment embedding, and position embeddings.



Pre-training BERT

• Task #1: Masked LM

• Mask some percentages of the input tokens at random, and then
predict those masked tokens.
• 15% of the tokens in each sequence are masked out at random



Pre-training BERT

• Task #2: Next Sentence Prediction (NSP)
• Important in many downstream tasks such as question answering (QA) and

natural language inference (NLI)

• 50% sentence pairs (A,B) are positive
• Actually sentence B that follows A

• 50% sentence pairs (A, B) are negative
• Randomly select a sentence B from the training corpus



Pre-training Data

• BookCorpus (800M words)

• English Wikipedia(2,500M words)



Fine-Tuning BERT
• Sentence Pair Classification Tasks, e.g., nature language inference

• Given a pair of sentences, the goal is to predict whether the second sentence
is an entailment, contradiction, or neutral w.r.t. the first one

BERT BERT

E
[CLS] E

1
 E
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question-answering example in Figure1 will serve

asa running example for this section.
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ture is a multi-layer bidirectional Transformer en-
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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 BERTL ARGE (L=24, H=1024,

A=16, Total Parameters=340M).

BERTBASE waschosen 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 usesconstrained self-attention whereevery
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[SEP]
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Figure 4: Illustrations of Fine-tuning BERT on Different Tasks.

SST-2 The Stanford Sentiment Treebank is a

binary single-sentence classification task consist-

ing of sentences extracted from movie reviews

with human annotations of their sentiment (Socher

et al., 2013).

CoLA TheCorpusof Linguistic Acceptability is

a binary single-sentence classification task, where

the goal is to predict whether an English sentence

is linguistically “acceptable” or not (Warstadt

et al., 2018).

STS-B The Semantic Textual Similarity Bench-

mark is a collection of sentence pairs drawn from

news headlines and other sources (Cer et al.,

2017). They were annotated with a score from 1

to 5 denoting how similar the two sentences are in

terms of semantic meaning.

MRPC Microsoft Research Paraphrase Corpus

consists of sentence pairs automatically extracted

from onlinenewssources, with human annotations

for whether the sentences in the pair are semanti-

cally equivalent (Dolan and Brockett, 2005).

RTE Recognizing Textual Entailment is a bi-

nary entailment task similar to MNLI, but with

much less training data (Bentivogli et al., 2009).14

WNLI Winograd NLI is a small natural lan-

guage inference dataset (Levesque et al., 2011).

The GLUE webpage notes that there are issues

with the construction of this dataset, 15 and every

trained system that’sbeen submitted to GLUE has

performed worse than the 65.1 baseline accuracy

of predicting the majority class. We therefore ex-

clude this set to be fair to OpenAI GPT. For our

GLUE submission, we always predicted the ma-

14Note that we only report single-task fine-tuning results
in this paper. A multitask fine-tuning approach could poten-
tially push the performance even further. For example, we
did observe substantial improvements on RTE from multi-
task training with MNLI.

15ht t ps: / / gl uebenchmar k. com/ f aq



Fine-Tuning BERT

• Sentence Classification
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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 hasalso been work showing effective trans-

fer from supervised tasks with largedatasets, 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

largepre-trained models, wherean effectiverecipe

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 hassep-

arate fine-tuned models, even though they are ini-

tialized with thesamepre-trained parameters. The

question-answering example in Figure1 will serve

asa 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 t ensor 2t ensor 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 “TheAnnotated 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 BERTL ARGE (L=24, H=1024,

A=16, Total Parameters=340M).

BERTBASE waschosen 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 usesconstrained self-attention whereevery

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 theH = 768 and 4096 for theH = 1024.
4We note that in the literature the bidirectional Trans-
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[SEP]
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Figure 4: Illustrations of Fine-tuning BERT on Different Tasks.

SST-2 The Stanford Sentiment Treebank is a

binary single-sentence classification task consist-

ing of sentences extracted from movie reviews

with human annotationsof their sentiment (Socher

et al., 2013).

CoLA TheCorpusof Linguistic Acceptability is

a binary single-sentence classification task, where

the goal is to predict whether an English sentence

is linguistically “acceptable” or not (Warstadt

et al., 2018).

STS-B The Semantic Textual Similarity Bench-

mark is a collection of sentence pairs drawn from

news headlines and other sources (Cer et al.,

2017). They were annotated with a score from 1

to 5 denoting how similar the two sentences are in

terms of semantic meaning.

MRPC Microsoft Research Paraphrase Corpus

consists of sentence pairs automatically extracted

from onlinenewssources, with human annotations

for whether the sentences in the pair are semanti-

cally equivalent (Dolan and Brockett, 2005).

RTE Recognizing Textual Entailment is a bi-

nary entailment task similar to MNLI, but with

much less training data (Bentivogli et al., 2009).14

WNLI Winograd NLI is a small natural lan-

guage inference dataset (Levesque et al., 2011).

The GLUE webpage notes that there are issues

with the construction of this dataset, 15 and every

trained system that’sbeen submitted to GLUE has

performed worse than the 65.1 baseline accuracy

of predicting the majority class. We therefore ex-

clude this set to be fair to OpenAI GPT. For our

GLUE submission, we always predicted the ma-

14Note that we only report single-task fine-tuning results
in this paper. A multitask fine-tuning approach could poten-
tially push the performance even further. For example, we
did observe substantial improvements on RTE from multi-
task training with MNLI.

15ht t ps: / / gl uebenchmar k. com/ f aq



Fine-Tuning BERT

• Question Answering

BERT BERT

E
[CLS] E

1
 E
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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 hasalso been work showing effective trans-

fer from supervised tasks with largedatasets, 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

largepre-trained models, wherean effectiverecipe

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 hassep-

arate fine-tuned models, even though they are ini-

tialized with thesamepre-trained parameters. The

question-answering example in Figure1 will serve

asa 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 t ensor 2t ensor 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 “TheAnnotated 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 BERTL ARGE (L=24, H=1024,

A=16, Total Parameters=340M).

BERTBASE waschosen 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 usesconstrained self-attention whereevery

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 theH = 768 and 4096 for theH = 1024.
4We note that in the literature the bidirectional Trans-
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[SEP]
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Figure 4: Illustrations of Fine-tuning BERT on Different Tasks.

SST-2 The Stanford Sentiment Treebank is a

binary single-sentence classification task consist-

ing of sentences extracted from movie reviews

with human annotations of their sentiment (Socher

et al., 2013).

CoLA TheCorpusof Linguistic Acceptability is

a binary single-sentence classification task, where

the goal is to predict whether an English sentence

is linguistically “acceptable” or not (Warstadt

et al., 2018).

STS-B The Semantic Textual Similarity Bench-

mark is a collection of sentence pairs drawn from

news headlines and other sources (Cer et al.,

2017). They were annotated with a score from 1

to 5 denoting how similar the two sentences are in

terms of semantic meaning.

MRPC Microsoft Research Paraphrase Corpus

consists of sentence pairs automatically extracted

from onlinenewssources, with human annotations

for whether the sentences in the pair are semanti-

cally equivalent (Dolan and Brockett, 2005).

RTE Recognizing Textual Entailment is a bi-

nary entailment task similar to MNLI, but with

much less training data (Bentivogli et al., 2009).14

WNLI Winograd NLI is a small natural lan-

guage inference dataset (Levesque et al., 2011).

The GLUE webpage notes that there are issues

with the construction of this dataset, 15 and every

trained system that’sbeen submitted to GLUE has

performed worse than the 65.1 baseline accuracy

of predicting the majority class. We therefore ex-

clude this set to be fair to OpenAI GPT. For our

GLUE submission, we always predicted the ma-

14Note that we only report single-task fine-tuning results
in this paper. A multitask fine-tuning approach could poten-
tially push the performance even further. For example, we
did observe substantial improvements on RTE from multi-
task training with MNLI.
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[SEP]... E
N

E
1
’ ... E

M
’

C T
1

T
[SEP]... T

N
T

1
’ ... T

M
’

[CLS] Tok 1  [SEP]... Tok N Tok 1 ... TokM

Question Paragraph

Start/End Span

BERT

E
[CLS] E

1
 E
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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 hasalso been work showing effective trans-

fer from supervised tasks with largedatasets, 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

largepre-trained models, wherean effectiverecipe

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 hassep-

arate fine-tuned models, even though they are ini-

tialized with thesamepre-trained parameters. The

question-answering example in Figure1 will serve

asa 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 t ensor 2t ensor 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 “TheAnnotated 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 BERTL ARGE (L=24, H=1024,

A=16, Total Parameters=340M).

BERTBASE waschosen 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 usesconstrained self-attention whereevery

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 theH = 768 and 4096 for theH = 1024.
4We note that in the literature the bidirectional Trans-
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[SEP]
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Figure 4: Illustrations of Fine-tuning BERT on Different Tasks.

SST-2 The Stanford Sentiment Treebank is a

binary single-sentence classification task consist-

ing of sentences extracted from movie reviews

with human annotations of their sentiment (Socher

et al., 2013).

CoLA TheCorpusof Linguistic Acceptability is

a binary single-sentence classification task, where

the goal is to predict whether an English sentence

is linguistically “acceptable” or not (Warstadt

et al., 2018).

STS-B The Semantic Textual Similarity Bench-

mark is a collection of sentence pairs drawn from

news headlines and other sources (Cer et al.,

2017). They were annotated with a score from 1

to 5 denoting how similar the two sentences are in

terms of semantic meaning.

MRPC Microsoft Research Paraphrase Corpus

consists of sentence pairs automatically extracted

from onlinenewssources, with human annotations

for whether the sentences in the pair are semanti-

cally equivalent (Dolan and Brockett, 2005).

RTE Recognizing Textual Entailment is a bi-

nary entailment task similar to MNLI, but with

much less training data (Bentivogli et al., 2009).14

WNLI Winograd NLI is a small natural lan-

guage inference dataset (Levesque et al., 2011).

The GLUE webpage notes that there are issues

with the construction of this dataset, 15 and every

trained system that’sbeen submitted to GLUE has

performed worse than the 65.1 baseline accuracy

of predicting the majority class. We therefore ex-

clude this set to be fair to OpenAI GPT. For our

GLUE submission, we always predicted the ma-

14Note that we only report single-task fine-tuning results
in this paper. A multitask fine-tuning approach could poten-
tially push the performance even further. For example, we
did observe substantial improvements on RTE from multi-
task training with MNLI.
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Experimental Results

• GLUE: General Language Understanding Evaluation Benchmark



Ablation Study

• LTR: left-to-right, unidirectional language modeling



Effect of Model Size

• L: number of layers

• H: hidden dimension

• A: number of self-attention heads



Large Language Models

• Given a sequence 𝑋 = 𝑥1𝑥2 …𝑥𝑇, Next Token
Prediction: predicting the next token/word
conditioning on the preceding tokens, i.e. 𝑃 𝑥𝑖|𝑋<𝑖

• In practice, we will specify a maximum context
window

𝑂 = 1/𝑇෍

𝑖=1

𝑇

log𝑃 𝑥𝑖|𝑋<𝑖

https://lena-voita.github.io/nlp_course/language_modeling.html



Next Token Prediction

• Essentially learning a mapping function f: context -> word
• a classification problem



History of Generative LLMs

Figure from https://klu.ai/glossary/large-language-model



Mode Size over Time



Context Size over Time

https://www.meibel.ai/post/understanding-the-impact-of-increasing-llm-context-windows



Open vs Closed LLMs

https://menlovc.com/perspective/2025-mid-year-llm-market-update/



Closed-Source LLMs

• GPT

• Gemini

• Claude



https://lmarena.ai/leaderboard/text



Open-source LLMs



Overview of LLMs Training

• Pretraining -> Supervised Fine-tuning (SFT) -> Reinforcement Learning
Human Feedback (RLHF)



Pre-training Data



Example: Llama1

• 1.4 Trillion Tokens!!



LlaMa Architecture

https://medium.com/@pranjalkhadka/llama-explained-a70e71e706e9

LLaMA:OpenandEfficient Foundation Language Models
(https://arxiv.org/pdf/2302.13971)



Training Loss



Llama (https://www.llama.com/)

Play with Llama:
https://www.meta.ai/?utm_source=llama_meta_site&utm_medium=web&utm_content=Llama_nav
&utm_campaign=July_moment

https://www.meta.ai/?utm_source=llama_meta_site&utm_medium=web&utm_content=Llama_nav&utm_campaign=July_moment
https://www.meta.ai/?utm_source=llama_meta_site&utm_medium=web&utm_content=Llama_nav&utm_campaign=July_moment


LoRa:

• Efficient fine-tuning



Fine-tuning Llama 2 in Google Colab

• https://colab.research.google.com/drive/1wbPpB3fY9YRzebrZq6WkP
5HxMuHMQR72?usp=sharing

https://colab.research.google.com/drive/1wbPpB3fY9YRzebrZq6WkP5HxMuHMQR72?usp=sharing
https://colab.research.google.com/drive/1wbPpB3fY9YRzebrZq6WkP5HxMuHMQR72?usp=sharing
https://colab.research.google.com/drive/1wbPpB3fY9YRzebrZq6WkP5HxMuHMQR72?usp=sharing


Different tasks in Natural Language
Understanding





Thanks!
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