
If not recurrence, then what? How about attention?

• Attention treats each word’s representation as a query to access and 
incorporate information from a set of values.

• We saw attention from the decoder to the encoder; today we’ll think about 
attention within a single sentence.

• Number of unparallelizable operations does not increase sequence length.

• Maximum interaction distance: O(1), since all words interact at every layer!

embedding 0 0 0 0 0 0 0 0

h1 h2 hT

2 2 2 2 2 2 2 2
attention

attention
1 1 1 1 1 1 1 1

All words attend 
to all words in 
previous layer; 
most arrows here 
are omitted

10



Self­Attention

• Recall: Attention operates on queries, keys, and values.

• We have some queries 𝑞1, 𝑞2, … , 𝑞𝑇. Each query is 𝑞𝑖 ∈ ℝ𝑑

• We have some keys 𝑘1,𝑘2, … , 𝑘𝑇. Each key is 𝑘𝑖 ∈ ℝ𝑑

• We have some values 𝑣1, 𝑣2, … , 𝑣𝑇. Each value is 𝑣𝑖 ∈ ℝ𝑑

• In self­attention, the queries, keys, and values are drawn from the same source.

• For example, if the output of the previous layer is 𝑥1, … , 𝑥𝑇, (one vec per word)
we could let 𝑣𝑖 = 𝑘𝑖 = 𝑞𝑖 = 𝑥𝑖 (that is, use the same vectors for all of them!)

• The (dot product) self­attention operation is as follows:

The number of queries 
can differ from the 
number of keys and 
values in practice.

𝑒𝑖𝑗 = 𝑞𝑖
⊤𝑘𝑗

Compute key­
query affinities

𝛼𝑖𝑗 =
exp(𝑒𝑖𝑗)

σ𝑗′ exp(𝑒𝑖𝑗′)

Compute attention 
weights from affinities

(softmax)

output𝑖 = ෍

𝑗

𝛼𝑖𝑗𝑣𝑗

Compute outputs as 
weighted sum of values

11



Self­attention as an NLP building block

The

𝑤1

𝑘1 𝑞1 𝑣1

𝑤2

𝑘2 𝑞2 𝑣2

chef

𝑤3

𝑘3 𝑞3 𝑣3

who

𝑤𝑇

𝑘𝑇 𝑞𝑇 𝑣𝑇

food

…

𝑘1 𝑞1 𝑣1 𝑘2 𝑞2 𝑣2 𝑘3 𝑞3 𝑣3 𝑘𝑇 𝑞𝑇 𝑣𝑇

…

• In the diagram at the right, we
have stacked self­attention 
blocks, like we might stack LSTM 
layers.

• Can self­attention be a drop­in 
replacement for recurrence?

• No. It has a few issues, which 
we’ll go through.

• First, self­attention is an 
operation on sets. It has no 
inherent notion of order.

self-attention

self-attention

Self­attention doesn’t know the order of its inputs.
12



Barriers
• Doesn’t have an inherent 

notion of order! 

Barriers and solutions for Self­Attention as a building block

Solutions

13



Fixing the first self­attention problem: sequence order

• Since self­attention doesn’t build in order information, we need to encode the order of the
sentence in our keys, queries, and values.

• Consider representing each sequence index as a vector

𝑝𝑖 ∈ ℝ𝑑, for 𝑖 ∈ {1,2, … ,𝑇} are position vectors

• Don’t worry about what the 𝑝𝑖 are made of yet!

• Easy to incorporate this info into our self­attention block: just add the 𝑝𝑖 to our inputs!

• Let  ෤𝑣𝑖
෨𝑘𝑖 , ෤𝑞𝑖 be our old values, keys, and queries.

𝑣𝑖 = ෤𝑣𝑖 + 𝑝𝑖

𝑞𝑖 = ෤𝑞𝑖 + 𝑝𝑖

𝑘𝑖 = ෨𝑘𝑖 + 𝑝𝑖

In deep self­attention 
networks, we do this at the 
first layer! You could 
concatenate them as well, 
but people mostly just add…

14



• Sinusoidal position representations: concatenate sinusoidal functions of varying periods:

• Pros:

• Periodicity indicates that maybe “absolute position” isn’t as important

• Maybe can extrapolate to longer sequences as periods restart!

• Cons:

• Not learnable; also the extrapolation doesn’t really work!

Position representation vectors through sinusoids 

cos(𝑖/100002∗1/𝑑)
𝑝𝑖 =

sin(𝑖/100002∗1/𝑑)

sin(𝑖/100002∗
𝑑
2/𝑑)

cos(𝑖/100002∗
𝑑
2/𝑑)

Image: https://timodenk.com/blog/linear­relationships­in­the­transformers­positional­encoding/

Index in the sequence
D
im

en
si
o
n

15



• Learned absolute position representations: Let all 𝑝𝑖 be learnable parameters!

Learn a matrix 𝑝 ∈ ℝ𝑑×𝑇, and let each 𝑝𝑖 be a column of that matrix!

• Pros:

• Flexibility: each position gets to be learned to fit the data

• Cons:

• Definitely can’t extrapolate to indices outside 1, … ,𝑇.

• Most systems use this!

• Sometimes people try more flexible representations of position:

• Relative linear position attention [Shaw et al., 2018]

• Dependency syntax­based position [Wang et al., 2019]

Position representation vectors learned from scratch

16



Barriers
• Doesn’t have an inherent 

notion of order! 

• No nonlinearities for deep 
learning! It’s all just weighted 
averages

Barriers and solutions for Self­Attention as a building block

Solutions
• Add position representations to 

the inputs

17



Adding nonlinearities in self­attention

• Note that there are no elementwise
nonlinearities in self­attention; 
stacking more self­attention layers 
just re­averages value vectors

• Easy fix: add a feed­forward network
to post­process each output vector.

𝑚𝑖 = 𝑀𝐿𝑃 output𝑖
= 𝑊2 ∗ ReLU 𝑊1 × output𝑖 + 𝑏1 + 𝑏2

The

𝑤1 𝑤2

chef

𝑤3

who

𝑤𝑇

food

…
self-attention

Intuition: the FF network processes the result of attention

FF FF FF FF

…
self-attention

FF FF FF FF

18



Barriers
• Doesn’t have an inherent 

notion of order! 

• No nonlinearities for deep 
learning magic! It’s all just 
weighted averages

• Need to ensure we don’t 
“look at the future” when 
predicting a sequence

• Like in machine translation

• Or language modeling

Barriers and solutions for Self­Attention as a building block

Solutions
• Add position representations to 

the inputs

• Easy fix: apply the same 
feedforward network to each self­
attention output.

19



Masking the future in self­attention

• To use self­attention in
decoders, we need to ensure 
we can’t peek at the future.

• At every timestep, we could 
change the set of keys and 
queries to include only past 
words. (Inefficient!)

• To enable parallelization, we 
mask out attention to future 
words by setting attention 
scores to −∞.

The

chef

who

[START]

For encoding 
these words

We can look at these 
(not greyed out) words

𝑒𝑖𝑗 = ൝
𝑞𝑖
⊤𝑘𝑗 , 𝑗 < 𝑖

−∞, 𝑗 ≥ 𝑖

−∞

−∞

−∞

−∞

−∞

−∞−∞

−∞−∞ −∞

20 [The matrix of 𝑒𝑖𝑗 values]



Masking the future in self­attention

• To use self­attention in
decoders, we need to ensure 
we can’t peek at the future.

• At every timestep, we could 
change the set of keys and 
queries to include only past 
words. (Inefficient!)

• To enable parallelization, we 
mask out attention to future 
words by setting attention 
scores to −∞.

The

chef

who

[START]

For encoding 
these words

We can look at these 
(not greyed out) words

𝑒𝑖𝑗 = ൝
𝑞𝑖
⊤𝑘𝑗 , 𝑗 < 𝑖

−∞, 𝑗 ≥ 𝑖

−∞

−∞

−∞

−∞

−∞

−∞−∞

−∞−∞ −∞
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Barriers
• Doesn’t have an inherent 

notion of order! 

• No nonlinearities for deep 
learning magic! It’s all just 
weighted averages

• Need to ensure we don’t 
“look at the future” when 
predicting a sequence

• Like in machine translation

• Or language modeling

Barriers and solutions for Self­Attention as a building block

Solutions
• Add position representations to 

the inputs

• Easy fix: apply the same 
feedforward network to each self­
attention output.

• Mask out the future by artificially 
setting attention weights to 0!

22



• Self­attention:

• the basis of the method.

• Position representations:

• Specify the sequence order, since self­attention is an unordered function of its 
inputs.

• Nonlinearities:

• At the output of the self­attention block

• Frequently implemented as a simple feed­forward network.

• Masking:

• In order to parallelize operations while not looking at the future.

• Keeps information about the future from “leaking” to the past.

• That’s it! But this is not the Transformermodel we’ve been hearing about.

Necessities for a self­attention building block:

23



Motivating word meaning and context

Recall the adage we mentioned at the beginning of the course:

“You shall know a word by the company it keeps” (J. R. Firth 1957: 11)

This quote is a summary of distributional semantics, and motivated word2vec. But:

“… the complete meaning of a word is always contextual,

and no study of meaning apart from a complete context

can be taken seriously.” (J. R. Firth 1935)

Consider I record the record: the two instances of recordmean different things.

8 [Thanks to Yoav Goldberg on Twitter for pointing out the 1935 Firth quote.]



Where we were: pretrained word embeddings

Circa 2017:

• Start with pretrained word embeddings (no 
context!)

• Learn how to incorporate context in an LSTM
or Transformer while training on the task.

Some issues to think about:

• The training data we have for our 
downstream task (like question answering) 
must be sufficient to teach all contextual 
aspects of language.

• Most of the parameters in our network are 
randomly initialized!

9

… the movie was … 

ෝ𝒚

Not pretrained

pretrained
(word embeddings)

[Recall, movie gets the same word embedding, 
no matter what sentence it shows up in]



Where we’re going: pretraining whole models

In modern NLP:

• All (or almost all) parameters in NLP 
networks are initialized via pretraining.

• Pretraining methods hide parts of the input 
from the model, and train the model to 
reconstruct those parts.

• This has been exceptionally effective at 
building strong: 

• representations of language

• parameter initializations for strong NLP 
models.

• Probability distributions over language that 
we can sample from

10

… the movie was … 

ෝ𝒚

Pretrained jointly

[This model has learned how to represent 
entire sentences through pretraining]



What can we learn from reconstructing the input?

11

Stanford University is located in __________, California.



What can we learn from reconstructing the input?

12

I put ___ fork down on the table.



What can we learn from reconstructing the input?

13

The woman walked across the street,

checking for traffic over ___ shoulder.



What can we learn from reconstructing the input?

14

I went to the ocean to see the fish, turtles, seals, and _____. 



What can we learn from reconstructing the input?

15

Overall, the value I got from the two hours watching

it was the sum total of the popcorn and the drink.

The movie was ___.



What can we learn from reconstructing the input?

16

Iroh went into the kitchen to make some tea.

Standing next to Iroh, Zuko pondered his destiny.

Zuko left the ______.



What can we learn from reconstructing the input?

17

I was thinking about the sequence that goes

1, 1, 2, 3, 5, 8, 13, 21, ____



The Transformer Encoder­Decoder [Vaswani et al., 2017]

Transformer
Encoder

Word
Embeddings

Position
Representations

+

Transformer
Encoder

[input sequence]

Transformer
Decoder

Word
Embeddings

Position
Representations

+

Transformer
Decoder

[output sequence]

[decoder attends 
to encoder states]

Looking back at the whole model, zooming in on an Encoder block:

[predictions!]
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The Transformer Encoder­Decoder [Vaswani et al., 2017]

Word
Embeddings

Position
Representations

+

Transformer
Encoder

[input sequence]

Transformer
Decoder

Word
Embeddings

Position
Representations

+

Transformer
Decoder

[output sequence]

[decoder attends 
to encoder states]

Looking back at the whole model, zooming in on an Encoder block:

[predictions!]

Multi-Head Attention

Residual + LayerNorm

Feed-Forward

Residual + LayerNorm
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The Transformer Encoder­Decoder [Vaswani et al., 2017]

Transformer
Encoder

Word
Embeddings

Position
Representations

+

Transformer
Encoder

[input sequence]

Word
Embeddings

Position
Representations

+

Transformer
Decoder

[output sequence]

Looking back at the whole model,

zooming in on a Decoder block:

[predictions!]

Residual + LayerNorm

Multi-Head Cross-Attention

MaskedMulti-Head Self-Attention

Residual + LayerNorm

Feed-Forward

Residual + LayerNorm
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The Transformer Encoder­Decoder [Vaswani et al., 2017]

Transformer
Encoder

Word
Embeddings

Position
Representations

+

Transformer
Encoder

[input sequence]

Word
Embeddings

Position
Representations

+

Transformer
Decoder

[output sequence]

The only new part is attention from decoder to encoder.

Like we saw last week!

[predictions!]

Residual + LayerNorm

Multi-Head Cross-Attention

MaskedMulti-Head Self-Attention

Residual + LayerNorm

Feed-Forward

Residual + LayerNorm
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Pretraining through language modeling [Dai and Le, 2015]

Recall the language modeling task:

• Model 𝑝𝜃 𝑤𝑡 𝑤1:𝑡−1), the probability 
distribution over words given their past 
contexts.

• There’s lots of data for this! (In English.)

Pretraining through language modeling:

• Train a neural network to perform language 
modeling on a large amount of text.

• Save the network parameters.

22

Decoder
(Transformer, LSTM, ++ )

Iroh goes to make tasty tea

goes to make tasty tea END



The Pretraining / Finetuning Paradigm

Pretraining can improve NLP applications by serving as parameter initialization.

23

Decoder
(Transformer, LSTM, ++ )

Iroh goes to make tasty tea

goes to make tasty tea END

Step 1: Pretrain (on language modeling)

Lots of text; learn general things!

Decoder
(Transformer, LSTM, ++ )

☺/

Step 2: Finetune (on your task)

Not many labels; adapt to the task!

… the movie was … 



Stochastic gradient descent and pretrain/finetune

Why should pretraining and finetuning help, from a “training neural nets” perspective?

• Consider, provides parameters  ෠𝜃 by approximating min
𝜃
ℒpretrain 𝜃 .

• (The pretraining loss.)

• Then, finetuning approximates min
𝜃
ℒfinetune 𝜃 , starting at  ෠𝜃.

• (The finetuning loss)

• The pretraining may matter because stochastic gradient descent sticks (relatively) 

close to  ෠𝜃 during finetuning.

• So, maybe the finetuning local minima near ෠𝜃 tend to generalize well!

• And/or, maybe the gradients of finetuning loss near  ෠𝜃 propagate nicely!

24



Lecture Plan

1. A brief note on subword modeling

2. Motivating model pretraining from word embeddings

3. Model pretraining three ways

1. Decoders

2. Encoders

3. Encoder­Decoders

4. Interlude: what do we think pretraining is teaching?

5. Very large models and in­context learning

25



Pretraining for three types of architectures

The neural architecture influences the type of pretraining, and natural use cases.

26

Decoders
• Language models! What we’ve seen so far.

• Nice to generate from; can’t condition on future words

Encoders
• Gets bidirectional context – can condition on future!

• Wait, how do we pretrain them?

Encoder­

Decoders

• Good parts of decoders and encoders?

• What’s the best way to pretrain them?



Pretraining for three types of architectures

The neural architecture influences the type of pretraining, and natural use cases.

27

Decoders
• Language models! What we’ve seen so far.

• Nice to generate from; can’t condition on future words

Encoders
• Gets bidirectional context – can condition on future!

• Wait, how do we pretrain them?

Encoder­

Decoders

• Good parts of decoders and encoders?

• What’s the best way to pretrain them?



ℎ1, … ,ℎ𝑇

Pretraining decoders

When using language model pretrained decoders, we can ignore

that they were trained to model 𝑝 𝑤𝑡 𝑤1:𝑡−1).

28

We can finetune them by training a classifier 
on the last word’s hidden state.

ℎ1, … ,ℎ𝑇 = Decoder 𝑤1, … ,𝑤𝑇
𝑦 ∼ 𝐴𝑤𝑇 + 𝑏

Where 𝐴 and 𝑏 are randomly initialized and 
specified by the downstream task.

Gradients backpropagate through the whole 
network.

☺/

𝑤1, … ,𝑤𝑇

Linear 𝐴, 𝑏

[Note how the linear layer hasn’t been 
pretrained and must be learned from scratch.]



Pretraining decoders

It’s natural to pretrain decoders as language models and then

use them as generators, finetuning their 𝑝𝜃 𝑤𝑡 𝑤1:𝑡−1)!

29

This is helpful in tasks where the output is a 
sequence with a vocabulary like that at
pretraining time! 

• Dialogue (context=dialogue history)

• Summarization (context=document)

ℎ1, … ,ℎ𝑇 = Decoder 𝑤1, … ,𝑤𝑇
𝑤𝑡 ∼ 𝐴𝑤𝑡−1 + 𝑏

Where 𝐴, 𝑏 were pretrained in the language 
model!

𝑤2 𝑤3 𝑤4 𝑤5 𝑤6

[Note how the linear layer has been pretrained.]

𝐴, 𝑏

ℎ1, … ,ℎ𝑇

𝑤1 𝑤2 𝑤3 𝑤4 𝑤5



Generative Pretrained Transformer (GPT) [Radford et al., 2018]

2018’s GPT was a big success in pretraining a decoder!

• Transformer decoder with 12 layers.

• 768­dimensional hidden states, 3072­dimensional feed­forward hidden layers.

• Byte­pair encoding with 40,000 merges

• Trained on BooksCorpus: over 7000 unique books.

• Contains long spans of contiguous text, for learning long­distance dependencies.

• The acronym “GPT” never showed up in the original paper; it could stand for 
“Generative PreTraining” or “Generative Pretrained Transformer”

30 [Devlin et al., 2018]



Generative Pretrained Transformer (GPT) [Radford et al., 2018]

How do we format inputs to our decoder for finetuning tasks?

Natural Language Inference: Label pairs of sentences as entailing/contradictory/neutral

Premise: The man is in the doorway

Hypothesis: The person is near the door

Radford et al., 2018 evaluate on natural language inference.

Here’s roughly how the input was formatted, as a sequence of tokens for the decoder.

[START] The man is in the doorway [DELIM] The person is near the door [EXTRACT]

The linear classifier is applied to the representation of the [EXTRACT] token.

31

entailment



Generative Pretrained Transformer (GPT) [Radford et al., 2018]

GPT results on various natural language inference datasets.

32



We mentioned how pretrained decoders can be used in their capacities as language models.

GPT­2, a larger version of GPT trained on more data, was shown to produce relatively 
convincing samples of natural language.

Increasingly convincing generations (GPT2) [Radford et al., 2018]



Pretraining for three types of architectures

The neural architecture influences the type of pretraining, and natural use cases.

34

Decoders
• Language models! What we’ve seen so far.

• Nice to generate from; can’t condition on future words

Encoders
• Gets bidirectional context – can condition on future!

• Wait, how do we pretrain them?

Encoder­

Decoders

• Good parts of decoders and encoders?

• What’s the best way to pretrain them?



ℎ1, … ,ℎ𝑇

Pretraining encoders: what pretraining objective to use?

So far, we’ve looked at language model pretraining. But encoders get bidirectional
context, so we can’t do language modeling!

35

Idea: replace some fraction of words in the 
input with a special [MASK]  token; predict 
these words.

ℎ1, … ,ℎ𝑇 = Encoder 𝑤1, … ,𝑤𝑇
𝑦𝑖 ∼ 𝐴𝑤𝑖 + 𝑏

Only add loss terms from words that are 
“masked out.” If ෤𝑥 is the masked version of 𝑥, 
we’re learning 𝑝𝜃(𝑥| ෤𝑥). Called Masked LM.

I [M] to the [M]

went store

𝐴, 𝑏

[Devlin et al., 2018]



BERT: Bidirectional Encoder Representations from Tranformers

Devlin et al., 2018 proposed the “Masked LM” objective and released the weights of a 
pretrained Transformer, a model they labeled BERT.

36

Some more details about Masked LM for BERT:

• Predict a random 15% of (sub)word tokens.

• Replace input word with [MASK] 80% of the time

• Replace input word with a random token 10% of 
the time

• Leave input word unchanged 10% of the time (but
still predict it!)

• Why? Doesn’t let the model get complacent and not 
build strong representations of non­masked words.
(No masks are seen at fine­tuning time!)

[Predict these!]

I pizza to the [M]

went store

Transformer
Encoder

[Devlin et al., 2018]

to

[Masked][Replaced] [Not replaced]
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Yossi Keshet
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Linear score function:

2-layer Neural Network
      

Last time: Neural Networks

x hW1 sW2

3072 100 10

3
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A bit of history:

Hubel & Wiesel,
1959
RECEPTIVE FIELDS OF SINGLE 
NEURONES IN
THE CAT'S STRIATE CORTEX

1962
RECEPTIVE FIELDS, BINOCULAR 
INTERACTION
AND FUNCTIONAL ARCHITECTURE IN
THE CAT'S VISUAL CORTEX

1968... Cat image by CNX OpenStax is licensed 

under CC BY 4.0; changes made

10

https://commons.wikimedia.org/wiki/File:Figure_35_03_05.jpg
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A bit of history

Topographical mapping in the cortex:
nearby cells in cortex represent 
nearby regions in the visual field

Retinotopy images courtesy of Jesse Gomez in the 
Stanford Vision & Perception Neuroscience Lab. 

Human brain

Visual
cortex

11
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Hierarchical organization

Illustration of hierarchical organization in early visual 
pathways by Lane McIntosh, copyright CS231n 2017

12



Fei-Fei Li & Justin Johnson & Serena Yeung April 18, 2017Lecture 5 - 13

A bit of history:

Neocognitron
[Fukushima 1980]

“sandwich” architecture (SCSCSC…)
simple cells: modifiable parameters
complex cells: perform pooling

13
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A bit of history:
Gradient-based learning applied to 
document recognition
[LeCun, Bottou, Bengio, Haffner 1998]

LeNet-5

14
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Figure copyright Alex Krizhevsky, Ilya Sutskever, and Geoffrey Hinton, 2012. Reproduced with permission. 

15

A bit of history:
ImageNet Classification with Deep 
Convolutional Neural Networks
[Krizhevsky, Sutskever, Hinton, 2012]

“AlexNet”

15
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First strong results
Acoustic Modeling using Deep Belief Networks
Abdel-rahman Mohamed, George Dahl, Geoffrey Hinton, 2010
Context-Dependent Pre-trained Deep Neural Networks 
for Large Vocabulary Speech Recognition
George Dahl, Dong Yu, Li Deng, Alex Acero, 2012

Illustration of Dahl et al. 2012 by Lane McIntosh, copyright 
CS231n 2017

Figures copyright Alex Krizhevsky, Ilya Sutskever, and Geoffrey Hinton, 2012. Reproduced with permission. 

Imagenet classification with deep convolutional 
neural networks
Alex Krizhevsky, Ilya Sutskever, Geoffrey E Hinton, 2012
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Fast-forward to today: ConvNets are everywhere
Classification Retrieval

Figures copyright Alex Krizhevsky, Ilya Sutskever, and Geoffrey Hinton, 2012. Reproduced with permission. 
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Figures copyright Shaoqing Ren, Kaiming He, Ross Girschick, Jian Sun, 2015. Reproduced with 

permission. 

17

Fast-forward to today: ConvNets are everywhere

[Faster R-CNN: Ren, He, Girshick, Sun 2015]

Detection Segmentation

[Farabet et al., 2012]
Figures copyright Clement Farabet, 2012. 

Reproduced with permission. 
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Fast-forward to today: ConvNets are everywhere

NVIDIA Tesla line
(these are the GPUs on rye01.stanford.edu)

Note that for embedded systems a typical setup 
would involve NVIDIA Tegras, with integrated 
GPU and ARM-based CPU cores.self-driving cars

Photo by Lane McIntosh. Copyright CS231n 2017.

This image by GBPublic_PR is 

licensed under CC-BY 2.0 

https://www.flickr.com/photos/gbpublic/8178512552
https://www.flickr.com/photos/gbpublic/8178512552
https://creativecommons.org/licenses/by/2.0/
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Fast-forward to today: ConvNets are everywhere

[Taigman et al. 2014]

[Simonyan et al. 2014] Figures copyright Simonyan et al., 2014. 

Reproduced with permission.

Activations of inception-v3 architecture [Szegedy et al. 2015] to image of Emma McIntosh, 

used with permission. Figure and architecture not from Taigman et al. 2014.

Illustration by Lane McIntosh, 
photos of Katie Cumnock 
used with permission.

https://github.com/tensorflow/models/tree/master/inception
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Fast-forward to today: ConvNets are everywhere

[Toshev, Szegedy 2014]

[Guo et al. 2014]

Images are examples of pose estimation, not actually from Toshev & Szegedy 2014. Copyright Lane McIntosh.

Figures copyright Xiaoxiao Guo, Satinder Singh, Honglak Lee, Richard Lewis,

 and Xiaoshi Wang, 2014. Reproduced with permission. 
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Fast-forward to today: ConvNets are everywhere

[Levy et al. 2016]

[Sermanet et al. 2011]
[Ciresan et al.]

Photos by Lane McIntosh.
Copyright CS231n 2017.

[Dieleman et al. 2014]
From left to right: public domain by NASA, usage permitted by 

ESA/Hubble, public domain by NASA, and public domain.

Figure copyright Levy et al. 2016. 
Reproduced with permission. 

https://commons.wikimedia.org/wiki/File:NGC_4414_(NASA-med).jpg
https://commons.wikimedia.org/wiki/File:M101_hires_STScI-PRC2006-10a.jpg
https://en.wikipedia.org/wiki/File:Hubble2005-01-barred-spiral-galaxy-NGC1300.jpg
https://pixabay.com/en/galaxies-overlapping-galaxies-601015/
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Whale recognition, Kaggle Challenge Mnih and Hinton, 2010

This image by Christin Khan is in the public domain 
and originally came from the U.S. NOAA.

Photo and figure by Lane McIntosh; not actual 
example from Mnih and Hinton, 2010 paper.

https://commons.wikimedia.org/wiki/File:Sei_whale_mother_and_calf_Christin_Khan_NOAA.jpg
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[Vinyals et al., 2015]
[Karpathy and Fei-Fei, 
2015]

Image 
Captioning

No errors Minor errors Somewhat related

A white teddy bear sitting in 
the grass

A man riding a wave on 
top of a surfboard

A man in a baseball 
uniform throwing a ball

A cat sitting on a 
suitcase on the floor

A woman is holding a 
cat in her hand

All images are CC0 Public domain:
https://pixabay.com/en/luggage-antique-cat-1643010/
https://pixabay.com/en/teddy-plush-bears-cute-teddy-bear-1623436/
https://pixabay.com/en/surf-wave-summer-sport-litoral-1668716/
https://pixabay.com/en/woman-female-model-portrait-adult-983967/
https://pixabay.com/en/handstand-lake-meditation-496008/
https://pixabay.com/en/baseball-player-shortstop-infield-1045263/

Captions generated by Justin Johnson using Neuraltalk2

A woman standing on a 
beach holding a surfboard

https://pixabay.com/en/luggage-antique-cat-1643010/
https://pixabay.com/en/luggage-antique-cat-1643010/
https://pixabay.com/en/teddy-plush-bears-cute-teddy-bear-1623436/
https://pixabay.com/en/teddy-plush-bears-cute-teddy-bear-1623436/
https://pixabay.com/en/surf-wave-summer-sport-litoral-1668716/
https://pixabay.com/en/surf-wave-summer-sport-litoral-1668716/
https://pixabay.com/en/woman-female-model-portrait-adult-983967/
https://pixabay.com/en/woman-female-model-portrait-adult-983967/
https://pixabay.com/en/handstand-lake-meditation-496008/
https://pixabay.com/en/handstand-lake-meditation-496008/
https://pixabay.com/en/baseball-player-shortstop-infield-1045263/
https://pixabay.com/en/baseball-player-shortstop-infield-1045263/
https://github.com/karpathy/neuraltalk2


Fei-Fei Li & Justin Johnson & Serena Yeung April 18, 2017Lecture 5 -Fei-Fei Li & Justin Johnson & Serena Yeung Lecture 5 - April 18, 201724

Figures copyright Justin Johnson, 2015. Reproduced with permission. Generated using the Inceptionism approach 

from a blog post by Google Research.

Original image is CC0 public domain

Starry Night and Tree Roots by Van Gogh are in the public domain

Bokeh image is in the public domain

Stylized images copyright Justin Johnson, 2017; 

reproduced with permission

Gatys et al, “Image Style Transfer using Convolutional Neural Networks”, CVPR 2016

Gatys et al, “Controlling Perceptual Factors in Neural Style Transfer”, CVPR 2017

https://research.googleblog.com/2015/06/inceptionism-going-deeper-into-neural.html
https://pixabay.com/en/san-francisco-california-city-210230/
https://pixabay.com/en/san-francisco-california-city-210230/
https://commons.wikimedia.org/wiki/File:Van_Gogh_-_Starry_Night_-_Google_Art_Project.jpg
https://commons.wikimedia.org/wiki/File:Vincent_van_Gogh_-_Tree_Roots_and_Trunks_(F816).jpg
https://commons.wikimedia.org/wiki/File:Van_Gogh_-_Starry_Night_-_Google_Art_Project.jpg
https://pixabay.com/en/bokeh-abstract-background-blur-21951/
https://pixabay.com/en/bokeh-abstract-background-blur-21951/
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Convolutional Neural Networks
(First without the brain stuff)
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Next: Convolutional Neural Networks

Illustration of LeCun et al. 1998 from CS231n 2017 Lecture 1

4
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3072
1

Fully Connected Layer
32x32x3 image -> stretch to 3072 x 1 

10 x 3072 
weights

activationinput

1
10
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3072
1

Fully Connected Layer
32x32x3 image -> stretch to 3072 x 1 

10 x 3072 
weights

activationinput

1 number: 
the result of taking a dot product 
between a row of W and the input 
(a 3072-dimensional dot product)

1
10
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32

32

3

Convolution Layer
32x32x3 image -> preserve spatial structure

width

height

depth

Yossi Keshet
(like CIFAR-10 images)
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32

32

3

Convolution Layer

5x5x3 filter

32x32x3 image

Convolve the filter with the image
i.e. “slide over the image spatially, 
computing dot products”
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32

32

3

Convolution Layer

5x5x3 filter

32x32x3 image

Convolve the filter with the image
i.e. “slide over the image spatially, 
computing dot products”

Filters always extend the full 
depth of the input volume
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32

32

3

Convolution Layer
32x32x3 image
5x5x3 filter

1 number: 
the result of taking a dot product between the 
filter and a small 5x5x3 chunk of the image
(i.e. 5*5*3 = 75-dimensional dot product + bias)
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32

32

3

Convolution Layer
32x32x3 image
5x5x3 filter

convolve (slide) over all 
spatial locations

activation map

1

28

28
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32

32

3

Convolution Layer
32x32x3 image
5x5x3 filter

convolve (slide) over all 
spatial locations

activation maps

1

28

28

consider a second, green filter
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32

32

3

Convolution Layer

activation maps

6

28

28

For example, if we had 6 5x5 filters, we’ll get 6 separate activation maps:

We stack these up to get a “new image” of size 28x28x6!
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Preview: ConvNet is a sequence of Convolution Layers, interspersed with 
activation functions

32

32

3

28

28

6

CONV,
ReLU
e.g. 6 
5x5x3 
filters
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Preview: ConvNet is a sequence of Convolutional Layers, interspersed with 
activation functions

32

32

3

CONV,
ReLU
e.g. 6 
5x5x3 
filters 28

28

6

CONV,
ReLU
e.g. 10 
5x5x6 
filters

CONV,
ReLU

….

10

24

24
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Preview [Zeiler and Fergus 2013] Visualization of VGG-16 by Lane McIntosh. VGG-16 

architecture from [Simonyan and Zisserman 2014].
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Preview
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example 5x5 filters
(32 total)

We call the layer convolutional 
because it is related to convolution 
of two signals:

elementwise multiplication and sum of 
a filter and the signal (image)

one filter => 
one activation map

Figure copyright Andrej Karpathy.



Fei-Fei Li & Justin Johnson & Serena Yeung April 18, 2017Lecture 5 -Fei-Fei Li & Justin Johnson & Serena Yeung Lecture 5 - April 18, 201740

preview:
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A closer look at spatial dimensions:

32

32

3

32x32x3 image
5x5x3 filter

convolve (slide) over all 
spatial locations

activation map

1

28

28
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7x7 input (spatially)
assume 3x3 filter

7

7

A closer look at spatial dimensions:
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7x7 input (spatially)
assume 3x3 filter

7

7

A closer look at spatial dimensions:
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7x7 input (spatially)
assume 3x3 filter

7

7

A closer look at spatial dimensions:
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7x7 input (spatially)
assume 3x3 filter

7

7

A closer look at spatial dimensions:
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7x7 input (spatially)
assume 3x3 filter

=> 5x5 output

7

7

A closer look at spatial dimensions:
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7x7 input (spatially)
assume 3x3 filter
applied with stride 2

7

7

A closer look at spatial dimensions:
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7x7 input (spatially)
assume 3x3 filter
applied with stride 2

7

7

A closer look at spatial dimensions:
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7x7 input (spatially)
assume 3x3 filter
applied with stride 2
=> 3x3 output!

7

7

A closer look at spatial dimensions:
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7x7 input (spatially)
assume 3x3 filter
applied with stride 3?

7

7

A closer look at spatial dimensions:
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7x7 input (spatially)
assume 3x3 filter
applied with stride 3?

7

7

A closer look at spatial dimensions:

doesn’t fit! 
cannot apply 3x3 filter on 
7x7 input with stride 3.
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N

NF

F

Output size:
(N - F) / stride + 1

e.g. N = 7, F = 3:
stride 1 => (7 - 3)/1 + 1 = 5
stride 2 => (7 - 3)/2 + 1 = 3
stride 3 => (7 - 3)/3 + 1 = 2.33 :\
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In practice: Common to zero pad the border
0 0 0 0 0 0

0

0

0

0

e.g. input 7x7
3x3 filter, applied with stride 1 
pad with 1 pixel border => what is the output?

(recall:)
(N - F) / stride + 1
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In practice: Common to zero pad the border

e.g. input 7x7
3x3 filter, applied with stride 1 
pad with 1 pixel border => what is the output?

7x7 output!

0 0 0 0 0 0

0

0

0

0
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In practice: Common to zero pad the border

e.g. input 7x7
3x3 filter, applied with stride 1 
pad with 1 pixel border => what is the output?

7x7 output!
in general, common to see CONV layers with 
stride 1, filters of size FxF, and zero-padding with 
(F-1)/2. (will preserve size spatially)
e.g. F = 3 => zero pad with 1
       F = 5 => zero pad with 2
       F = 7 => zero pad with 3

0 0 0 0 0 0

0

0

0

0
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Remember back to… 
E.g. 32x32 input convolved repeatedly with 5x5 filters shrinks volumes spatially!
(32 -> 28 -> 24 ...). Shrinking too fast is not good, doesn’t work well.

32

32

3

CONV,
ReLU
e.g. 6 
5x5x3 
filters 28

28

6

CONV,
ReLU
e.g. 10 
5x5x6 
filters

CONV,
ReLU

….

10

24

24
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Examples time:

Input volume: 32x32x3
10 5x5 filters with stride 1, pad 2

Output volume size: ?
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Examples time:

Input volume: 32x32x3
10 5x5 filters with stride 1, pad 2

Output volume size: 
(32+2*2-5)/1+1 = 32 spatially, so
32x32x10
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Examples time:

Input volume: 32x32x3
10 5x5 filters with stride 1, pad 2

Number of parameters in this layer?
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Examples time:

Input volume: 32x32x3
10 5x5 filters with stride 1, pad 2

Number of parameters in this layer?
each filter has 5*5*3 + 1 = 76 params      (+1 for bias)

=> 76*10 = 760
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Common settings:

K = (powers of 2, e.g. 32, 64, 128, 512)
- F = 3, S = 1, P = 1
- F = 5, S = 1, P = 2
- F = 5, S = 2, P = ? (whatever fits)
- F = 1, S = 1, P = 0
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(btw, 1x1 convolution layers make perfect sense)

64

56

56
1x1 CONV
with 32 filters

32
56

56
(each filter has size 
1x1x64, and performs a 
64-dimensional dot 
product)
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The brain/neuron view of CONV Layer

32

32

3

32x32x3 image
5x5x3 filter

1 number: 
the result of taking a dot product between 
the filter and this part of the image
(i.e. 5*5*3 = 75-dimensional dot product)
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The brain/neuron view of CONV Layer

32

32

3

32x32x3 image
5x5x3 filter

1 number: 
the result of taking a dot product between 
the filter and this part of the image
(i.e. 5*5*3 = 75-dimensional dot product)

It’s just a neuron with local 
connectivity... 
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The brain/neuron view of CONV Layer

32

32

3

An activation map is a 28x28 sheet of neuron 
outputs:
1. Each is connected to a small region in the input
2. All of them share parameters

“5x5 filter” -> “5x5 receptive field for each neuron”28

28
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The brain/neuron view of CONV Layer

32

32

3

28

28

E.g. with 5 filters,
CONV layer consists of 
neurons arranged in a 3D grid
(28x28x5)

There will be 5 different 
neurons all looking at the same 
region in the input volume5
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3072
1

Reminder: Fully Connected Layer

32x32x3 image -> stretch to 3072 x 1 

10 x 3072 
weights

activationinput

1 number: 
the result of taking a dot product 
between a row of W and the input 
(a 3072-dimensional dot product)

1
10

Each neuron 
looks at the full 
input volume 
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two more layers to go: POOL/FC
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Pooling layer
- makes the representations smaller and more manageable 
- operates over each activation map independently:
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1 1 2 4

5 6 7 8

3 2 1 0

1 2 3 4

Single depth slice

x

y

max pool with 2x2 filters 
and stride 2 6 8

3 4

MAX POOLING
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Common settings:

F = 2, S = 2
F = 3, S = 2
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Fully Connected Layer (FC layer)
- Contains neurons that connect to the entire input volume, as in ordinary Neural 

Networks
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http://cs.stanford.edu/people/karpathy/convnetjs/demo/cifar10.html

[ConvNetJS demo: training on CIFAR-10]

http://cs.stanford.edu/people/karpathy/convnetjs/demo/cifar10.html
http://cs.stanford.edu/people/karpathy/convnetjs/demo/cifar10.html
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Summary

- ConvNets stack CONV,POOL,FC layers
- Trend towards smaller filters and deeper architectures
- Trend towards getting rid of POOL/FC layers (just CONV)
- Typical architectures look like 

[(CONV-RELU)*N-POOL?]*M-(FC-RELU)*K,SOFTMAX
      where N is usually up to ~5, M is large, 0 <= K <= 2.

- but recent advances such as ResNet/GoogLeNet 
challenge this paradigm


