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Deep learning: recap from last time
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l Sequential data
l Tokenization
l Embeddings
l Attention
l Positional encoding
l Transformers
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Transformers
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l They consist of an encoder-
decoder architecture, using 
multi-head attention blocks

DECODERENCODER
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Transformers -> BERT
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l Instead of an encoder-decoder 
architecture, what if we just use 
the encoder?

l This led to the new architecture 
called Bidirectional Encoder 
Representations from 
Transformers or BERT

l BERT set new records in LM
tasks

l BERT’s code and models are
open source and adaptable

l BERT is ideal for transfer 
learning 
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Flavors of BERT
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24 TRANSFORMER LAYERS 
(TL) EACH WITH 16 HEADS

1024 HIDDEN UNITS

BERT LARGE

TL
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TL

12 TRANSFORMER LAYERS 
(TL) WITH 12 HEADS
768 HIDDEN UNITS

BERT BASIC
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Training BERT
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l Two phases: pretraining and fine tuning
l Phase 1:
- If BERT takes the entire sequence as an input, how can we train it 

as a LM => Masked language modeling (MLM)
- How can we classify if two chosen sentences follow each other or 

are out of sequence if the output is also a sequence of tokens => 
Next sentence prediction (NSP)
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Training BERT: Masked language modeling
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[CLS] Donald was hit by a bus as they were crossing the street [SEP] 
[CLS] Donald was hit by a [MASK] as they were crossing the street [SEP] 
[CLS] Donald was hit by a [MASK] as they were crossing the street [SEP] 
[CLS] Donald was hit by a [MASK] as they were crossing the potato [SEP] 

l Input sequences to BERT must have the following special tokens:
- [CLS] – Classifier token
- [MASK] – Masking token
- [SEP] – Separator token

l Loss function only evaluated on masked tokens
l Final layer (Dense + Softmax) predicts masked word
l 15% of input tokens selected for prediction:
- 80% are masked
- 10% are the same words
- 10% are replaced with randomly replaced words
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Training BERT: Masked language modeling

Matthew J. Graham 8

[CLS] Donald was hit by a bus as they were crossing the street [SEP] 
[CLS] Donald was hit by a [MASK] as they were crossing the street [SEP] 
[CLS] Donald was hit by a [MASK] as they were crossing the street [SEP] 
[CLS] Donald was hit by a [MASK] as they were crossing the potato [SEP] 

l Input sequences to BERT must have the following special tokens:
- [CLS] – Classifier token
- [MASK] – Masking token
- [SEP] – Separator token

l Loss function only evaluated on masked tokens
l Final layer (Dense + Softmax) predicts masked word
l 15% of input tokens selected for prediction:
- 80% are masked
- 10% are the same words
- 10% are replaced with randomly replaced words
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Training BERT: Next Sentence Prediction

Matthew J. Graham 9

l Given two sentences A and B, is B likely to be the sentence that 
follows A or not?

l Form training pairs:
- [CLS] A [SEP] B [SEP] 

l Segment embeddings ensures words from A/B are assigned to the 
appropriate vector

l 50% of time B is the actual next sentence and 50% of time it is a 
random sentence from the corpus

l Binary classification: IsNext / NotNext
l NSP helps document level coherence and context-aware reasoning 

across sentences
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Training BERT: Pre-training issues
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l Base BERT has 109,482,240 trainable parameters requiring a very 
large data set for training

l BERT Large was pretrained on BooksCorpus which contain 800 
millions words and Wikipedia containing 2.5 billion words = 40 TB

l BERT was trained for 40 epochs on 16 TPUs = 4 days / $18,000
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Let’s talk about transfer learning
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Let’s talk about fine tuning BERT
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l The process of providing a model with labelled examples to update its 
weight and improve performance on a specific task

l MLM is used to fine tune BERT
- Load pretrained weights trained on a very large corpus and then fine tune to a 

domain specific dataset
- Remove BERT’s top layer, extract the contextual embeddings, and pass them 

through a new dense layer
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Transformers -> GPT
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l Instead of an encoder-decoder 
architecture, what if we just use 
the decoder?

l This led to the new architecture 
called Generative Pre-trained 
Transformer or GPT

l BERT is autoencoding but GPT is 
autoregressive

DECODER
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Recap: Transformer
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Auto-encoding model
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l Now if we take just the encoder blocks and train that part of 
the network separately, we have an autoencoding model

l The aim of an autoencoding model is to learn a representation 
of the data. One way to do this is to train the model on a 
reconstruction task.
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Auto-encoding model
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l Now if we take just the encoder blocks and train that part of 
the network separately, we have an autoencoding model

l The aim of an autoencoding model is to learn a representation 
of the data. One way to do this is to train the model on a 
reconstruction task.
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Auto-regressive model
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l Now if we take just the decoder blocks and train that part of 
the network separately, we have an autoregressive model

l A model is said to be autoregressive if it predicts future values 
based on past values.
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Explaining BERT
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l BERT is a denoising autoencoder model

l A denoising autoencoder model takes a noisy or corrupted 
input and attempts to reconstruct the original information

l For BERT, this mean reconstructing the masked words
l Uses bidirectional attention (sees past and future words)
l Trained to “understand text” by creating useful 

representations of text (i.e., embeddings)
l Embeddings used in downstream NLP tasks
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Explaining GPT
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l GPT is an autoregressive model

l An autoregressive model predicts the next value in a sequence. 
In our case, these are language tokens.

l Uses “causal” attention (sees only past words)
l Can generate fluent text step-by-step
l Commonly used for chatbots, story writing, college 

assignments, etc.
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Autoregressive model
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Autoregressive model
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Training an autoregressive model
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l Since every prediction is dependent on the previous one, this 
should be trained sequentially?

l But increasing sizes of transformer models makes this highly 
inefficient

l So we need to prevent the model from having a sneak peak 
into the future when training

l We achieve this by modifying the self-attention calculation
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Recall the self-attention block
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Remember u1, u2, u3, & 
u4 are the embedding 
representation of the 

tokens 

Let’s look at the matrix
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Recall the self-attention block
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<latexit sha1_base64="I4xgSwhBO4YUFDkQHSFw7Yi1M/Q="></latexit>2

664

↵11 ↵12 ↵13 ↵14

↵21 ↵22 ↵23 ↵24

↵31 ↵32 ↵33 ↵34

↵41 ↵42 ↵43 ↵44

3

775
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Recall the self-attention block
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𝛼!" is the similarity score for 
the first transformed token 

with the second transformed 
token

<latexit sha1_base64="I4xgSwhBO4YUFDkQHSFw7Yi1M/Q="></latexit>2

664

↵11 ↵12 ↵13 ↵14

↵21 ↵22 ↵23 ↵24

↵31 ↵32 ↵33 ↵34

↵41 ↵42 ↵43 ↵44

3

775
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𝛼!" is the similarity score for 
the first transformed token 

with the second transformed 
token

<latexit sha1_base64="I4xgSwhBO4YUFDkQHSFw7Yi1M/Q="></latexit>2

664

↵11 ↵12 ↵13 ↵14

↵21 ↵22 ↵23 ↵24

↵31 ↵32 ↵33 ↵34

↵41 ↵42 ↵43 ↵44

3

775

And 𝛼!# is the similarity score 
for the first transformed token 

with the third transformed 
token
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Recall the self-attention block
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𝛼!" is the similarity score for 
the first transformed token 

with the second transformed 
token

<latexit sha1_base64="I4xgSwhBO4YUFDkQHSFw7Yi1M/Q="></latexit>2

664

↵11 ↵12 ↵13 ↵14

↵21 ↵22 ↵23 ↵24

↵31 ↵32 ↵33 ↵34

↵41 ↵42 ↵43 ↵44

3

775

So the model is looking at the future here in calculating these terms 
and we need to prevent this

And 𝛼!# is the similarity score 
for the first transformed token 

with the third transformed 
token
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Masked Self-Attention
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<latexit sha1_base64="I4xgSwhBO4YUFDkQHSFw7Yi1M/Q="></latexit>2

664

↵11 ↵12 ↵13 ↵14

↵21 ↵22 ↵23 ↵24

↵31 ↵32 ↵33 ↵34

↵41 ↵42 ↵43 ↵44

3

775 ×

1 0 0 0
1 1 0 0
1 1 1 0
1 1 1 1

𝛼!! 0 0 0
𝛼"! 𝛼"" 0 0
𝛼#! 𝛼#" 𝛼## 0
𝛼$! 𝛼$" 𝛼$# 𝛼$$

=

We will also need to modify the softmax function
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Masked Self-Attention
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×

𝛼!! 0 0 0
𝛼"! 𝛼"" 0 0
𝛼#! 𝛼#" 𝛼## 0
𝛼$! 𝛼$" 𝛼$# 𝛼$$

=

So when this multiplied by the values, we get the 
desired outcome:

𝑉!
𝑉"
𝑉#
𝑉$

𝛼!!𝑉!
𝛼"!𝑉! + 𝛼""𝑉"

𝛼#!𝑉! + 𝛼#"𝑉" + 𝛼##𝑉#
𝛼$!𝑉! + 𝛼$"𝑉" + 𝛼$#𝑉# + 𝛼$$𝑉$
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The self-attention block
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The self-attention block
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This changes to …



5/20/25

The self-attention block
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and this now incorporates 
the mask M
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The masked self-attention block
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GPT: the complete picture
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Embedding

Masked Multi-Head 
Attention

Add & Norm

Feed Forward

Add & Norm

Output

Positional 
Encoding

12x
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GPT: the complete picture
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Since we have now ensured that the model cannot extract 
information from the future, it can be trained just any other LM 
to do next word prediction:
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Since we have now ensured that the model cannot extract 
information from the future, it can be trained just any other LM 
to do next word prediction:

Note how we move one 
step to the right/forward
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GPT: Inferencing
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GPT can generate text in two ways:
1. Conditional: We provide a starting prompt (context) and the 
model continues to generate text on that topic.
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GPT can generate text in two ways:
1. Conditional: We provide a starting prompt (context) and the 
model continues to generate text on that topic.

This is a special token used to 
mark the end of input or the 
starting point for predictions

GPT uses a special Cov1D layer 
in place of the Dense layer that 

allows the model to input 
variable length sequences 

without padding

The prediction stops after 
prediction max tokens expected

If the number of samples is larger 
than the context window, the window 
shift and starts losing initial tokens
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GPT: Inferencing
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2. Unconditional: We start with </endoftext/> which is a 
special start token to have the model generate words on a topic 
of its own choosing. It draws on the prior distribution over text 
that is has previously learnt:

George

George
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Evolution of GPT

Matthew J. Graham 48

Since its inception in 2018, GPT has received some majpr 
upgrades in terms of its performance, thanks to the increasing 
number of parameters with each iteration. 

GPT-4 fine-tunes the model with Reinforcement Learning from 
Human Feedback (RLHF)
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GPT-4o: Capabilities
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Limitations
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OpenAI o1
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CoT encourages the model to explicitly break problems down into 
intermediate steps – ”explain its working”. GPT-4o can do this in a 
multimodal setting
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AlphaEvolve
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l An evolutionary superoptimization coding agent powered by 
DeepMind Gemini LLMs

l Best suited for algorithm improvement problems – requires 
an automated evaluator
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AlphaEvolve
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AlphaEvolve
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