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Fully Connected Neural Networks

Image from Lamarr Institute



Fully Connected Neural Networks

Image from Vijay Gadre



The Universal Approximation Theorem

Theorem (Cybenko 1989; Hornik 1991): Given a continuous function , it is possible to 
construct a fully connected, single-layer neural network which can closely approximate  on a 
bounded domain, as long as we can make the hidden dimension arbitrarily large.
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The Universal Approximation Theorem

Many different versions of this theorem, but no guarantees on efficiency, learnability, or generalization! 



Today: Other Neural Network Architectures



Many architectural advances have come from two domains

Computer Vision Natural Language Processing
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Computer Vision Natural Language Processing



What tasks does computer vision care about?

• Object detection and classification 

• Semantic segmentation 

• Image captioning 

• Visual question answering 

• Video classification and understanding 

• Image classification 

• …
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Beyond Image classification



Image Captioning

A cat standing on a desk



Image Generation



MNIST Digit Classification
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MNIST Digit Classification
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??

Task specification: 

• Input features: binary pixel values (28x28) 

• Output: a digit classification (0-9) 

What happens if we use a Naive Bayes classifier?  

• Will overfit to individual pixels 

• Not robust to scaling, moving left/right, etc.



How many parameters in a fully connected network?
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How many parameters in a fully connected network?

Image from Vijay Gadre

28x28
768 768 768

10

Sum over each layer: 

• First layer: 28x28x768 

• Second layer: 768x768 

• Third layer: 768x768 

• Output: 768*10 

Total: 1,777,152 parameters



Convolutional Neural Networks



What’s a convolution?

• Basic idea: define a function by averaging over a sliding window 

• Example in one dimension: smoothing
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Convolutions in 1D

• Moving average: 

 

• Convolution: same idea but with weighted average 

c[i] = 1
2r + 1

i+r

∑
j=i−r

a[ j]

(a ⋆ b)[i] = ∑
j

a[ j] ⋅ b[i − j]

Called a “filter”



Convolutions in 1D
• Filters in one dimension: 

• Box filter: […, 0, 0, 1, 1, 1, 1, 1, 0, 0,…]/5 

• Gaussian filter: […, 0, 0, 1, 4, 6, 4, 1, 0, 0,…]/16



Convolutions in 2D

Filters in two dimensions: same idea but 
apply over a square patch of inputs (often 
3x3 or 5x5) 

Applications: 

• Blurring 

• Sharpening 

• Edge detection



Convolutional Neural Networks
Key idea: learn the filter weights via backprop
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Stride and Padding

What does a convolution do to the size of the input?

Image: 28x28 Filter: 5x5 Output: 24x24
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Stride and Padding

What if we want the output size to be the same shape as the output?

Padded Image: 32x32 Filter: 5x5 Output: 28x28



Convolutions in 2D



Increasing and Decreasing Dimensionality

To increase dimensionality: 

• Multiple filters at each layer 

• This corresponds to extracting multiple types of features/patterns 

To decrease dimensionality: 

• Interleave with max pooling operations 

• This checks for the presence of features in a position-invariant way



Max Pooling



Convolutional Neural Networks



Convolutional Neural Networks
How many learnable parameters at each step?
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Convolutional Neural Networks
How many learnable parameters at each step?

32x3x3 = 288 0
64x32x3x3 = 18,432 

0

3136x128 = 401,408 

128x10 = 1,280 

Total: 421,408 parameters



Benchmarking on ImageNet



ResNet (He, et al. 2015)
Key idea: 

• Want deeper networks with more parameters, 
but training signal becomes weak 

• Add “skip” connections between layers so that 
there are shorter paths between early 
parameters and the final loss function 



ResNet (He, et al. 2015)
Key idea: 

• Want deeper networks with more parameters, 
but training signal becomes weak 

• Add “skip” connections between layers so that 
there are shorter paths between early 
parameters and the final loss function 

ResNet: 

• 152-layer model for ImageNet 

• Massive improvement over all previous CNN-
based classification models circa 2015
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What tasks does (classic) NLP care about?

• Text classification (e.g., email spam) 

• Sequence tagging 

• Syntactic and semantic parsing 

• Machine translation 

• Question answering 

• Dialogue (social chat, task-oriented, etc.) 

• …



Many NLP tasks are classification tasks

Spam Classification Next Word Prediction

Your request to open your Paypal Business 
account is processed . 

This account has been verified on your SSN and 
you can now accept credit card payments 
without hassle . We have charged merchant 
fees of $249.99 from your checking account .It 
will reflect on your bank statement in 48 hours.

1 Natural language ____

is 
can 
processing 
understanding 
acquisi6on 



Cloze Task (The Shannon Game)



Cloze Task (The Shannon Game)

Today,



Cloze Task (The Shannon Game)

Today, I



Cloze Task (The Shannon Game)

Today, I went



Cloze Task (The Shannon Game)

Today, I went to



Cloze Task (The Shannon Game)

Today, I went to the



Cloze Task (The Shannon Game)

Today, I went to the store



Cloze Task (The Shannon Game)

Today, I went to the store and



Cloze Task (The Shannon Game)

Today, I went to the store and bought



Cloze Task (The Shannon Game)

Today, I went to the store and bought some



Cloze Task (The Shannon Game)

Today, I went to the store and bought some milk



Cloze Task (The Shannon Game)

Today, I went to the store and bought some milk and



Cloze Task (The Shannon Game)

Today, I went to the store and bought some milk and 
eggs.



Cloze Task (The Shannon Game)

Today, I went to the store and bought some milk and 
eggs. I



Cloze Task (The Shannon Game)

Today, I went to the store and bought some milk and 
eggs. I knew



Cloze Task (The Shannon Game)

Today, I went to the store and bought some milk and 
eggs. I knew it



Cloze Task (The Shannon Game)

Today, I went to the store and bought some milk and 
eggs. I knew it was



Cloze Task (The Shannon Game)

Today, I went to the store and bought some milk and 
eggs. I knew it was going



Cloze Task (The Shannon Game)

Today, I went to the store and bought some milk and 
eggs. I knew it was going to



Cloze Task (The Shannon Game)

Today, I went to the store and bought some milk and 
eggs. I knew it was going to rain,



Cloze Task (The Shannon Game)

Today, I went to the store and bought some milk and 
eggs. I knew it was going to rain, but



Cloze Task (The Shannon Game)

Today, I went to the store and bought some milk and 
eggs. I knew it was going to rain, but I



Cloze Task (The Shannon Game)

Today, I went to the store and bought some milk and 
eggs. I knew it was going to rain, but I forgot



Cloze Task (The Shannon Game)

Today, I went to the store and bought some milk and 
eggs. I knew it was going to rain, but I forgot to



Cloze Task (The Shannon Game)

Today, I went to the store and bought some milk and 
eggs. I knew it was going to rain, but I forgot to take



Cloze Task (The Shannon Game)

Today, I went to the store and bought some milk and 
eggs. I knew it was going to rain, but I forgot to take 
my



Cloze Task (The Shannon Game)

Today, I went to the store and bought some milk and 
eggs. I knew it was going to rain, but I forgot to take 
my umbrella,



Cloze Task (The Shannon Game)

Today, I went to the store and bought some milk and 
eggs. I knew it was going to rain, but I forgot to take 
my umbrella, and



Cloze Task (The Shannon Game)

Today, I went to the store and bought some milk and 
eggs. I knew it was going to rain, but I forgot to take 
my umbrella, and ended



Cloze Task (The Shannon Game)

Today, I went to the store and bought some milk and 
eggs. I knew it was going to rain, but I forgot to take 
my umbrella, and ended up



Cloze Task (The Shannon Game)

Today, I went to the store and bought some milk and 
eggs. I knew it was going to rain, but I forgot to take 
my umbrella, and ended up getting



Cloze Task (The Shannon Game)

Today, I went to the store and bought some milk and 
eggs. I knew it was going to rain, but I forgot to take 
my umbrella, and ended up getting wet



Cloze Task (The Shannon Game)

Today, I went to the store and bought some milk and 
eggs. I knew it was going to rain, but I forgot to take 
my umbrella, and ended up getting wet on



Cloze Task (The Shannon Game)
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Cloze Task (The Shannon Game)

Today, I went to the store and bought some milk and 
eggs. I knew it was going to rain, but I forgot to take 
my umbrella, and ended up getting wet on the way.



Recall: Feedforward Neural Networks
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A Feedforward Language Model

Bengio, et al. 2003 Iyyer, et al. 2015

Where do these 
vectors come from?



Challenge #1: Defining a Vocabulary

“One-hot" vectors 

Gives us unique representations 
for each word, but requires a fixed-
size vocabulary
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Challenge #1: Defining a Vocabulary

“One-hot" vectors 

Idea #1: let’s just use the 30K most 
popular words, replace all of the 
rest with an <UNK> token 

But: we don’t want systems to fail 
when they’re used on documents 
with out-of-vocabulary words

ϕ(a) =

1
0
⋮
0
0
0
⋮
0

ϕ(an) =

0
1
⋮
0
0
0
⋮
0

ϕ(the) =

0
0
⋮
1
0
0
⋮
0

ϕ(cat) =

0
0
⋮
0
1
0
⋮
0

ϕ(dog) =

0
0
⋮
0
0
1
⋮
0

ϕ(cats) =

0
0
⋮
0
0
0
⋮
1



Challenge #1: Defining a Vocabulary

“One-hot" vectors 
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Challenge #1: Defining a Vocabulary

“One-hot" vectors 

Idea #2: let’s just use characters 
instead of words 

But: there are actually a lot of 
characters (¶¡™ºª•¶£), and we end 
up with very long sequences
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Challenge #1: Defining a Vocabulary

“One-hot" vectors 

Idea #3: let’s use subword tokens 
as atomic units instead of words
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Subword Tokens



Byte Pair Encoding

Algorithm: 

• Choose a target vocabulary size (e.g., 30K) 

• Start with a small fixed number of tokens in your vocabulary: [“a”, “b”, “c”…] 

• Find the most popular sequences which aren’t in your vocabulary and gradually add them 
until the vocabulary reaches its target size
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Byte Pair Encoding

Example: 

This is the cat that I think is cute.  

This is the cat that I think is cute. 

This is the cat that I think is cute.  

This is the cat that I think is cute.  

…

Vocabulary:  

[a,b,c,…z] 

[a,b,c,…z, th] 

[a,b,c,…z, th, is] 

[a,b,c,…z, th, is, hi] 

…



Challenge #1: Defining a Vocabulary

“One-hot" vectors 

Idea #3: let’s use subword tokens 
as atomic units instead of words
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Challenge #2: Variable Sequence Lengths
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• Feedforward NNs can’t handle variable length input 

• Each position in the feature vector has fixed semantics 

• These don’t look related (great is in two different orthogonal subspaces) 

• Instead, we need to process each word in a uniform way, while still leveraging the context 

Challenge #2: Variable Sequence Lengths



Cell that takes some input x, has some hidden state h, updates that hidden state, and 
produces an output y (all vector-valued)

General RNN Approach



Transducer: make some prediction for each element in a sequence 

RNN Uses



Transducer: make some prediction for each element in a sequence 

Acceptor/encoder: encode a sequence into a fixed-size vector and use that for some purpose

RNN Uses



Basic RNNs

Hidden state update: 

 

Prediction head: 

 

Parameters (W, V, U) are shared across timesteps!

ht = tanh(Wxt + Vht−1 + bh)

yt = tanh(Uht + by)



Training RNNs

• “Backpropagation through time”: build the network as one big computation graph
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Training RNNs

• “Backpropagation through time”: build the network as one big computation graph 

• RNNs potentially need to remember information for a long time: 

“It was my favorite movie of 2015, even though it wasn’t without problems.” → Positive  

• The “correct” parameter update is to do a better job of remembering the sentiment of favorite



Core Issue: Information Decay

• Vanishing gradients: contribution of earlier inputs decays over time, leading models to 
primarily capture local information 

• Exploding gradients: gradients can also become too large, leading to overshooting/jumping 
around the parameter space (common fix: gradient clipping) 

• The core issue is that it’s difficult for an RNN to learn 
to preserve information over many timesteps



Key Idea: Propagated State

• Information decays in RNNs because it gets multiplied each time step 

• Fix: add a channel (the “cell state”) that by default just gets propagated (the “conveyer belt”) 

• Gates make explicit decisions about what to add / forget from this channel

Cell State Gating



RNNs

Image from Chris Olah
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How do LSTMs propagate information? 

Image from Chris Olah

• Ignoring the hidden state entirely: 

• Gives us a feedforward layer over each token 

• Ignoring input: 

• Lets us discard stopwords 

• Summing input: 

• Lets us compute a bag-of-words representation



What about the gradients?

Image from Chris Olah

Gradient still diminishes, but in a more controlled way.



The Bottleneck Problem



LSTMs with Attention
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LSTMs with Attention



LSTMs with Attention: In Equations

• We have encoder hidden states:  

• On timestep , we have decoder hidden state  

• We get the attention scores  for this step: 

 

• We take softmax to get the attention distribution  for this step (which is a prob dist): 

 

• We use  to take a weighted sum of the encoder states to get the attention output : 

 

• Finally, we concatenate the attention output  with the decoder hidden state  to obtain: 

h1, …, hN ∈ ℝh

t st

et

et = [sT
t h1, …, sT

t hN] ∈ ℝN

αt

αt = softmax(et) ∈ ℝN

αt at

at =
N

∑
i=1

αt
i hi ∈ ℝh

at st [at; st] ∈ ℝ2h
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The Transformer Architecture

Image from Jay Alammar

• Key idea: instead of an RNN, just use attention 

• High throughput & expressivity: compute 
queries, keys and values as (different) linear 
transformations of the input 

• Attention weights are queries • keys; outputs are 
sums of weighted values



The Transformer Architecture



Next Time: VQ-VAEs


