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Pretraining with transformers 



Today
• Pretraining with transformers
• Review of transformers
• Review of language pretraining with transformers (BERT) 
• Multimodal transformers



Review of Transformers



Transformers are hot!

PapersWithCode newsletter (1/20/2021)
https://paperswithcode.com/newsletter/3



Transformers

•NIPS’17: Attention is All You Need
• Originally proposed for NMT (encoder-
decoder framework)
• Key idea: Multi-head self-attention
• No recurrence structure so training can 
be parallelized



Modelling Sequences -- Transformers



Scaled Dot Product Attention
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Let $ ∈ ℝ%×'! be a matrix of task context 
vectors to attend to
Let & ∈ ℝ(×'" be a matrix of input vectors to
attend over
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Attention Is All You Need https://arxiv.org/pdf/1706.03762.pdf
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-. ∈ ℝ%×'& be a matrix of attended values

Efficient, stable training

<latexit sha1_base64="Fcd903it+KWB3rJ8NRv1CGIFF5U=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CRbBU9mVol6EohePFeyHtMuSzaZtaJJdk6xQlv4KLx4U8erP8ea/MW33oK0PBh7vzTAzL0w408Z1v53Cyura+kZxs7S1vbO7V94/aOk4VYQ2Scxj1QmxppxJ2jTMcNpJFMUi5LQdjm6mfvuJKs1ieW/GCfUFHkjWZwQbKz1EwSO6QlEwCsoVt+rOgJaJl5MK5GgE5a9eFJNUUGkIx1p3PTcxfoaVYYTTSamXappgMsID2rVUYkG1n80OnqATq0SoHytb0qCZ+nsiw0LrsQhtp8BmqBe9qfif101N/9LPmExSQyWZL+qnHJkYTb9HEVOUGD62BBPF7K2IDLHCxNiMSjYEb/HlZdI6q3rn1dpdrVK/zuMowhEcwyl4cAF1uIUGNIGAgGd4hTdHOS/Ou/Mxby04+cwh/IHz+QPAYI+8</latexit>

dq = dk

https://arxiv.org/pdf/1706.03762.pdf
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Modelling Sequences -- Transformers



Multi-head attention
One head is not expressive enough. Let’s have multiple heads!

In practice, ℎ = 8, 
$ = $!"#/ℎ,'$ ∈ ℝ%!"#×%!"#

G(!,%, .) = Concat(head-, … , head.)#/
head0 = G(#!'Q

",##'Q
",#+' Q

")

https://github.com/jessevig/bertviz



Putting it all together

• Each Transformer block has two sub-layers
• Multi-head attention
• 2-layer feedforward NN (with ReLU)

• Each sublayer has a residual connection and a 
layer normalization

LayerNorm(* + SubLayer(*))

(Ba et al, 2016): Layer Normalization

residual connection
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Provides non-linearity

Helps the training 
process! 



Residual connections and Layer Normalization

(figure credit: Jay Alammar
http://jalammar.github.io/illustrated-transformer/)

LayerNorm
• changes input features to have mean 0 and 

variance 1 per layer.
• Adds two more parameters

(Ba et al, 2016): Layer Normalization 11

For stable and efficient training

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


Putting it all together

• Each Transformer block has two sub-layers
• Multi-head attention
• 2-layer feedforward NN (with ReLU)

• Each sublayer has a residual connection and a 
layer normalization

LayerNorm(* + SubLayer(*))

(Ba et al, 2016): Layer Normalization

• Input layer has a positional encoding

12

So the model knows where in 
the sequence the token is



Transformers: Encoding position
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Attention Is All You Need https://arxiv.org/pdf/1706.03762.pdf
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https://arxiv.org/pdf/1706.03762.pdf


Putting it all together

• Each Transformer block has two sub-layers
• Multi-head attention
• 2-layer feedforward NN (with ReLU)

• Each sublayer has a residual connection and a 
layer normalization

LayerNorm(* + SubLayer(*))

(Ba et al, 2016): Layer Normalization

• Input layer has a positional encoding

• BERT_base: 12 layers, 12 heads, hidden size = 768, 110M parameters

• BERT_large: 24 layers, 16 heads, hidden size = 1024, 340M parameters

• Input embedding is byte pair encoding (BPE) 

original

14

Transformer
Non-recurrent,
deep model with
attention



Transformers
• Encoder: Multi-headed self-attention
• Decoder
• Masked self-attention 

• Cross attention 
• queries: previous decoder layer
• keys/values: output of encoder

• Autoregressive decoding
Encoder Decoder



Transformers
• Stacked into multi-layers
• Subwords
• Byte-pair encoding (BPE) / Word pieces 

• Learning rate with warmup and decay

• Label smoothing: one-hot vector + noise 

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

A Jupyter notebook which explains how Transformer works line by line in PyTorch!

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


Other useful resources
Pytorch (https://pytorch.org/docs/stable/nn.html#transformer-layers

https://github.com/huggingface/transformers

nn.Transformer:

nn.TransformerEncoder:

https://pytorch.org/docs/stable/nn.html


Other useful resources
• Deeper dive with Borealis AI Tutorials
• Introduction (https://www.borealisai.com/en/blog/tutorial-14-

transformers-i-introduction/)
• Core of Transformers (Multi-Head Self-Attention, Positional Encoding)
• Use in NLP (Sub-word tokenizations, BERT, GPT)

• Extensions (https://www.borealisai.com/en/blog/tutorial-16-
transformers-ii-extensions/)
• Different choices for positional embedding
• How to have more efficient attention for long sequences
• Relation to other deep learning architectures

• Training (https://www.borealisai.com/en/blog/tutorial-17-transformers-
iii-training/)
• Residual connections + LayerNorm
• Learning rate warmup
• Details of optimizer (Adam) and how it affects training

https://www.borealisai.com/en/blog/tutorial-14-transformers-i-introduction/
https://www.borealisai.com/en/blog/tutorial-16-transformers-ii-extensions/
https://www.borealisai.com/en/blog/tutorial-17-transformers-iii-training/


RNNs vs CNNs vs Transformers

Why Self-Attention? A Targeted Evaluation of Neural Machine Translation Architectures [Tang et al, EMNLP 2018]



Complexity of transformers

n: sequence length, d: representation dimensionality, k: kernel width, r: neighborhood size 



Improving attention for long sequences

Big Bird: Transformers for Longer Sequences [Zaheer et al, arXiv 2021], Google Research

Longformer: The Long-Document Transformer [Beltagy et al, arXiv 2021], AI2



Efficient Transformers: A survey [Tay et al, arXiv 2020]

Ways to limited what can attend 
to what: sparsify dense attention

Decomposition and use of 
kernels to avoid explicit 
computation of NxN matrix



Ongoing research on transformers
• Ways to make transformers more efficient

• How to improve the attention mechanism?
• How to train transformers more efficiently?
• How to reduce the size of transformer models?

• What does transformer models learn?

• Applying transformers to other domains:
• Images, 3D data, audio, …



Pretraining Word 
Embeddings



• Self-supervised Transformer based models shattered language 
understanding benchmarks in NLP in 2018.

Trained on large text corpus with self-supervised objectives and then transferred.

(figure credit: Jay Alammar http://jalammar.github.io/illustrated-gpt2/)

BERT: uses encoders GPT: uses decoders

http://jalammar.github.io/
http://jalammar.github.io/illustrated-gpt2/


• Self-supervised Transformer based models shattered language 
understanding benchmarks in NLP in 2018.

Trained on large text corpus with self-supervised objectives and then transferred.

(figure credit: Jay Alammar http://jalammar.github.io/illustrated-gpt2/)

BERT: uses encoders GPT: uses decoders

http://jalammar.github.io/
http://jalammar.github.io/illustrated-gpt2/


Pretraining Task-specific 
fine-tuning



Pretraining Task-specific fine-tuning
• Big pile of data!
• Lots of resources to train!

• Small amount of annotated 
data specific to a task
• Start with pre-trained model



Pretraining
• Pretraining using classification
• Example: Vision backbones on ImageNet
• Great but requires labeled images!

• Pretraining with autoencoders
• Just find lots of data online

• Pretraining by language modeling
• Only need lots of text data

<latexit sha1_base64="Hixc3yzT8LALjOsJgyYOcxahvp4=">AAAB9HicbVBNS8NAEN34WetX1aOXxSLUS0mkqAcPRS8eK9gPaEPYbDft0s0m7k5aSuzv8OJBEa/+GG/+G7dtDtr6YODx3gwz8/xYcA22/W2trK6tb2zmtvLbO7t7+4WDw4aOEkVZnUYiUi2faCa4ZHXgIFgrVoyEvmBNf3A79ZtDpjSP5AOMY+aGpCd5wCkBI7m10siDp5GXXsPkzCsU7bI9A14mTkaKKEPNK3x1uhFNQiaBCqJ127FjcFOigFPBJvlOollM6ID0WNtQSUKm3XR29ASfGqWLg0iZkoBn6u+JlIRaj0PfdIYE+nrRm4r/ee0Egis35TJOgEk6XxQkAkOEpwngLleMghgbQqji5lZM+0QRCianvAnBWXx5mTTOy85FuXJfKVZvsjhy6BidoBJy0CWqojtUQ3VE0SN6Rq/ozRpaL9a79TFvXbGymSP0B9bnD3c5keo=</latexit>

P (wt|w<t)
<latexit sha1_base64="2YJeIfhPXk2H5/uo3ODQcp0n3Vw=">AAAB/XicbVDLSsNAFJ3UV62v+Ni5CRahgpREiroQKbpxWcE+oA1hMp20QycPZm4sNQZ/xY0LRdz6H+78G6dtFtp64HIP59zL3DluxJkE0/zWcguLS8sr+dXC2vrG5pa+vdOQYSwIrZOQh6LlYkk5C2gdGHDaigTFvstp0x1cj/3mPRWShcEdjCJq+7gXMI8RDEpy9L1aaejA49BJLiA9Vu0S0iNHL5plcwJjnlgZKaIMNUf/6nRDEvs0AMKxlG3LjMBOsABGOE0LnVjSCJMB7tG2ogH2qbSTyfWpcaiUruGFQlUAxkT9vZFgX8qR76pJH0Nfznpj8T+vHYN3bicsiGKgAZk+5MXcgNAYR2F0maAE+EgRTARTtxqkjwUmoAIrqBCs2S/Pk8ZJ2TotV24rxepVFkce7aMDVEIWOkNVdINqqI4IekDP6BW9aU/ai/aufUxHc1q2s4v+QPv8ASqplQ0=</latexit>

P (wt|w<t, w>t)
MaskedTraditional



Pretraining for language
Recall: How are word embeddings learned?

Word2Vec: 
- Skip gram: predict context words given center word
- CBOW: predict center word given context words



Pretraining for language
Language modeling
• Predict probability of a sequence (of tokens)

• Traditionally used statistical n-grams

• Now with neural models

• Can mask out any word
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Like Word2Vec’s 
CBOW



Masked Language Modeling



Modelling Sequences -- Transformers
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• Transformer Encoder
• Two training objectives:
• Masked Language Modelling
• Next Sentence Prediction

BERT: Pre-training of Deep Bidirectional Transformers for Language Understanding https://arxiv.org/pdf/1810.04805.pdf

https://arxiv.org/pdf/1810.04805.pdf


BERT performance
Two model sizes
• BERTBASE (L=12, H=768, A=12, Total Parameters=110M) 

BERTLARGE (L=24, H=1024, A=16, Total Parameters=340M)
• Does well for several tasks!





• Self-supervised Transformer based models shattered language 
understanding benchmarks in NLP in 2018.

Trained on large text corpus with self-supervised objectives and then transferred.

(figure credit: Jay Alammar http://jalammar.github.io/illustrated-gpt2/)

BERT: uses encoders GPT: uses decoders

http://jalammar.github.io/
http://jalammar.github.io/illustrated-gpt2/


GTP (Generative pretrained transformer)
• Unsupervised pretraining: Standard language model loss
• Supervised fine-tuning: Use simple classifier (linear layer + 

softmax) trained to predict correct class (use combined loss) 

Improving language understanding by generative pre-training (Radford et al, 2018)

Use BPE



Transformer

• Encoder and Decoder blocks are not that 
different!

Encoder Decoder



GPT-2
• Express all tasks as a language modeling task
• Training improvements
• Improve initialization / additional layer 

normalization
• Increased vocabulary / context / batch size

• Machine Translation

(figure credit: Jay Alammar
http://jalammar.github.io/illustrated-gpt2/)

http://jalammar.github.io/
http://jalammar.github.io/illustrated-gpt2/


GPT-2
• Express all tasks as a language modeling task

• Summarization

(figure credit: Jay Alammar
http://jalammar.github.io/illustrated-gpt2/)

http://jalammar.github.io/
http://jalammar.github.io/illustrated-gpt2/


GPT models
• GPT 
• Improving language understanding by generative pre-training (Radford et al, 2018)
• Large language model with transformers with fine-tuning!
• Trained on BooksCorpus (800M words), 117M parameters (12 layers)

• GPT-2
• Language Models are Unsupervised Multitask Learner (Radford et al, 2019)
• Trained on WebText (40B words), 1.5B parameters (48 layers)
• No fine-tuning, few-shot learning

• GPT-3
• Language Models are Few-Shot Learners (Brown et al, 2020)
• Uses Sparse Transformers
• Trained on Web+Books+Wikipedia (300B words), 175B parameters (96 layers)



What goes into a pretrained model?
Papers will investigate 
differences in:
• Model 

• Architecture
• Size (number of layers,

embedding size, etc)

• Training Objective
• Traditional LM 
• Masked LM
• Contrastive loss  

• Pretraining Dataset
• Larger is better

Other things that matter:
• Tokenization 

• Implementation and 
training details



Pretraining with transformers 
for images and 3D



Supervised pre-training using image labels

An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale, Dosovitskiy et al, ICLR 2021 

16x16 image patches!

Trained on to classify the image 
(represented as sequence of 
image patches)



Visual transformer performance

An Image is Worth 16x16 Words: Transformers for Image Recognition at Scale, Dosovitskiy et al, ICLR 2021 

Can outperformance Big Transfer (BiT) (Kolesnikov et al., 2020), 
supervised pre-training with ResNet



Self-supervised training: BERT for images
• Masked Image Modeling (MIM): Predict visual tokens in a masked fashion 

BEIT: BERT Pre-training of image transformers, Bao et al, ICLR 2022



Self-supervised training: sequence modeling

Image Transformer, Parmar et al, ICML 2018

• Image generation as autoregressive sequence modeling
• Use Transformers!



Image Transformer, Parmar et al, ICML 2018

• Image generation as autoregressive sequence modeling
• Use Transformers!

• RGB values modeled as categorical or ordinal values
• Each channel is embedded
• Position is embedded

• Local attention

Self-supervised training: sequence modeling



Image GPT

Generative Pretraining from Pixels, Chen et al, ICML 2020
https://openai.com/blog/image-gpt/

MaskedAutoregressive

Classify using 
features from 

an intermediate or 
final layer



Pretraining for 3D shapes

PolyGen: An Autoregressive Generative Model of 3D Meshes, Nash et al, ICML 2020

• Mesh generation as autoregressive sequence modeling
• Use Transformers!

• Model 3D shapes as n-gons (polygons)
• Decompose mesh-generation into generating vertices and 

then faces



Pretraining for shapes

PolyGen: An Autoregressive Generative Model of 3D Meshes, Nash et al, ICML 2020

Vertex Model Face Model



Pretraining for shapes

PolyGen: An Autoregressive Generative Model of 3D Meshes, Nash et al, ICML 2020

• Mesh pointer network for predicting vertex for a face
(n = end of face, s = stop)



Pretraining with
vision and language



Pretraining for vision with language

VirTex: Learning Visual Representations from Textual Annotations, Desai and Johnson, 2020 

Can language data be used to improve vision models?



VirTex (Desai and Johnson, 2020)

VirTex: Learning Visual Representations from Textual Annotations, Desai and Johnson, 2020 

• Pre-train to caption on COCO captions (118K images, 5 captions each)

• Use visual features on downstream vision tasks



VirTex (Desai and Johnson, 2020)

VirTex: Learning Visual Representations from Textual Annotations, Desai and Johnson, 2020 

• Classification performance (with ResNet-50 backbone)
• Compare against training on ImageNet (1.28M images total)
• Methods for self-supervised pre-training with images only

• MoCo (predict visual features from context), PIRL (contrastive predictions) 

• Better performance for the same number of images



Contrastive pretraining
Does the image and
text pair match?CLIP (Contrastive Language-Image Pre-Training)

Learning Transferable Visual Models From Natural Language Supervision, Radford et al, 2021 



Language Driven Semantic Segmentation

Language Driven Semantic Segmentation, Li et al, ICLR 2022

Use CLIP as Text Encoder

Upsamples to obtain 
final output

Use dense prediction 
transformers architecture









Pretrained representation for vision and language
• Use image patches, no need for object detectors

ViLT: Vision-and-Language Transformer Without Convolution or Region Supervision, Kim et al, ICML 2021



ViLT: Vision-and-Language Transformer Without Convolution or Region Supervision, Kim et al, ICML 2021

Pretrained representation for vision and language



ViLT: Vision-and-Language Transformer Without Convolution or Region Supervision, Kim et al, ICML 2021

Pretrained representation for vision and language



Oscar: Pre-training with object-semantic alignment

• Pretrained on 6.5 million pairs of vision+language data
(MSCOCO, Conceptual Captions (CC), SBU captions, flicker30k, GQA)

• Fine tuned on 7 tasks

Oscar: Object-Semantics Aligned Pre-training for Vision-Language Tasks, Li et al, ECCV 2020



• Use detected object tags as anchors

Oscar: Object-Semantics Aligned Pre-training for Vision-Language Tasks, Li et al, ECCV 2020

Oscar: Pre-training with object-semantic alignment



Oscar: Pre-training with object-semantic alignment

Oscar: Object-Semantics Aligned Pre-training for Vision-Language Tasks, Li et al, ECCV 2020

w = text embedding q = object tags 
embedding

v = visual features

Randomly 
pollute q Randomly mask 

token hi



Pretraining for video and language

VideoBERT: A Joint Model for Video and Language Representation Learning, Sun et al, ICCV 2019



Pretraining for video and language

VideoBERT: A Joint Model for Video and Language Representation Learning, Sun et al, ICCV 2019



Pretraining for video and language

MERLOT: Multimodal Neural Script Knowledge Models, Zeller et al, NeurIPS 2021



Next week
• Monday: Paper presentations and discussions
• ViLBERT (Tristan)

• Merlot (Dave)

• Wednesday: Text conditioned content generation


