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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



Self-attention
• Attention (correlation) with different parts of itself

• Transformers: modules with scaled dot-product self-attention



Types of attention scores
• Dot-product attention:

• Scaled dot-product attention:

• Bilinear / multiplicative attention:

where W is a weight matrix

• Additive attention (essentially MLP):

where W1 ,W2 are weight matrices 
and v is a weight vector

Attention function, 𝑓
𝑎! = 𝑔(𝒄! ,	𝒛)

𝜶 = softmax 𝒂
6𝒄 = ∑!"#$ 𝛼! 𝒄!
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Query-key-value view of attention

Attention function, 𝑓
𝑎! = 𝑔(𝒄! ,	𝒛)

𝜶 = softmax 𝒂
6𝒄 = ∑!"#$ 𝛼! 𝒄!

Attention function, 𝑓
𝑎! = 𝑔(𝒌! ,	𝒒)
𝜶 = softmax 𝒂
6𝑣 = ∑!"#$ 𝛼! 𝒗!

𝒒 = 𝑊𝑄 𝒛
𝒌! = 𝑊𝐾 𝒄!
𝒗! = 𝑊𝑉 𝒄!

Projected query,key,value
𝑸 = 𝑊𝑄 𝒁𝑇
𝐾 = 𝑊𝐾𝐶𝑇
𝑉 = 𝑊𝑉𝐶𝑇

Matrix form



Scaled Dot Product Attention
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𝑄 = 𝑊! 𝑋"

𝐾 = 𝑊#𝑌"

𝑅𝑒𝑡𝑢𝑟𝑛 -𝑉 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥
𝑄"𝐾
𝑑$

𝑉

Let 𝑋 ∈ ℝ%×'! be a matrix of context vector
Let 𝑌 ∈ ℝ(×'" be a matrix of input vectors

W) ∈ ℝ'#×'"
W* ∈ ℝ'#×'!

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

𝑉 = 𝑊+𝑌" W) ∈ ℝ'$×'"

𝑺𝑫𝑷𝑨𝒕𝒕𝒆𝒏𝒕𝒊𝒐𝒏 𝑿, 𝒀 :

-𝑉 ∈ ℝ%×'$ be a matrix of attended values

https://arxiv.org/pdf/1706.03762.pdf


𝑺𝑫𝑷𝑨𝒕𝒕𝒆𝒏𝒕𝒊𝒐𝒏 𝒀, 𝒀 :

Modelling Sequences -- Transformers



Transformers: Encoding position

Fall 2019 12

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

𝑺𝑫𝑷𝑨𝒕𝒕𝒆𝒏𝒕𝒊𝒐𝒏 𝒀, 𝒀 :

https://arxiv.org/pdf/1706.03762.pdf


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
• Byte-pair encoding (BPE) / Word pieces
• Subwords: 

• 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


RNNs vs CNNs vs Transformers

Why Self-Attention? A Targeted Evaluation of Neural Machine Translation Architectures



Complexity of transformers

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



Language modeling with 
transformers



• 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.



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
• Vision backbones on ImageNet
• Great but requires labeled images!

• Pretraining with autoencoders
• Just find lots of data online

• Pretraining by masking – this is what we will look at



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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CBOW



Masked Language Modeling



Modelling Sequences -- Transformers
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• 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!



(slide credit: Stanford CS224N, Chris Manning)



GTP (Generative pretrained transformer)

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



GTP
• Machine Translation

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



GTP models

• GTP 
• 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)

• GTP-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

• GTP-3
• Language Models are Few-Shot Learners (Brown et al, 2020)

• Trained on Web+Books+Wikipedia (300B words), 175B parameters (96 layers)



Few-shot learning
• Few-shot 
• A few examples are provided at 

test time

• One-shot (1 training example)
• Zero-shot (0 training examples)





Pretraining with 
transformers

for vision and language



Pretraining for images

Image Transformer, Parmar et al, ICML 2018

• Image generation as autoregressive sequence modeling
• Use Transformers!



Pretraining for images

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



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)









Multi-task learning
• One model, several tasks
• Task conditioning
• Predict output given input + task 

• Common parameters and task-
specific parameters
• Two extremes:
• Single model with shared 

parameters
• Independent models with gating



Multi-task learning with vision+language

12-in-1: Multi-Task Vision and Language Representation Learning, Lu et al, CVPR 2020



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 videos

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



Pretraining for videos

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



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

• CLIP (open discussion)

• Thursday: Compositionality and structure


