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Review and Overview

We looked into couple use cases of CNNs previously
Recognition and localization
Object detection
Some use of CNNs for arts

Up to now, the network models we have studied are all
memoryless

We will discuss a non-memoryless model—recurrent neural
networks today
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Motivation

Why non-memoryless models

Why non-memoryless models

Almost all natural signals are sequential if we take time into
account (we just cannot escape time)
Memory is needed to remember the past

They also offer a simplified solution for some problems (for
example, number addition)
They can treat some unsupervised problems as supervised
problems
Consider prediction of a stock: unsupervised? Supervised?
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Motivation

Why non-memoryless models

Engineering hacks [Hinton 2012, week 7]
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Motivation

Non-memoryless models

Why non-memoryless models

Benefit: memories increase the expressive power of the model
Typically we do not know the exact values of the hidden states
(that is why “hidden”). In many cases, the best we could do is just
to infer a probability distribution over the hidden states
Let’s look at two classic examples
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Motivation

Classic non-memoryless models

Linear dynamical systems (Engineers love them!)
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These are generative models with real
continuous values as hidden states that
cannot be observed directly

The hidden state has linear dynamics with
Gaussian noise and produces the
observations subjected to linear Gaussian
noise
There can also be driving inputs

To predict next output, we need to infer the
hidden state

[Hinton 2012, Week 7]
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Motivation

Classic non-memoryless models

State-Space Models (Computer scientists love them!)
State-Space Models or Hidden Markov
Models (HMMs) have a discrete one-of-N
hidden state. Transitions between states are
stochastic and controlled by a transition
matrix. The output produced by a state are
also stochastic

We don’t know which state produced a
given output. So the state is ”hidden”
We can represent the probability
distribution across N states with N numbers

To predict next output, we need to infer the
probability distribution over the hidden
state
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Basic RNN

What is RNN

A fundamental limitation of state space models
The only information stored in the model is which state the model
currently is in
So with N hidden states it can only remember a maximum log(N)
bits of information

Consider the speech prediction of one half from earlier half

The syntax needs to fit (e.g. number and tense agreement)
The semantics needs to fit. The intonation needs to fit
The accent, rate, volume, and vocal tract characteristics must all fit

All these aspects combined could be 100 bits of information that
the first half of an utterance needs to convey to the second half
2100 states
[Hinton 2012, week 7]
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Basic RNN

What is RNN

Recurrent neural networks (RNNs)

Recurrent Neural Network

RNN

x

Fei-Fei Li & Andrej Karpathy & Justin Johnson
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What is RNN

Recurrent neural networks (RNNs)

Recurrent Neural Network
y

usually want to
predict a vector at
some time steps

RNN

x

Fei-Fei Li & Andrej Karpathy & Justin Johnson
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Basic RNN

What is RNN

Recurrent neural networks (RNNs)

Recurrent Neural Network
We can process a sequence of vectors x by
applying a recurrence formula at every time step:

y

RNN

new state

old state input vector at
some time step
some function
with parameters W

Fei-Fei Li & Andrej Karpathy & Justin Johnson
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What is RNN

Recurrent neural networks (RNNs)

Recurrent Neural Network
We can process a sequence of vectors x by
applying a recurrence formula at every time step:

y

RNN

Notice: the same function and the same set
of parameters are used at every time step.
Fei-Fei Li & Andrej Karpathy & Justin Johnson

S. Cheng (OU-ECE)

Lecture 10 - 16

Recurrent Neural Networks

x

8 Feb 2016

March 2018

13 / 109

Basic RNN

What is RNN

Recurrent neural networks (RNNs)

(Vanilla) Recurrent Neural Network
The state consists of a single “hidden” vector h:

y

RNN

x

Fei-Fei Li & Andrej Karpathy & Justin Johnson
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Basic RNN

Basic RNN training with BPTT

Back-Propagation Through Time (BPTT)

For training, we can unroll all the time step to form a stack of
activities and backprop will then similar to regular backprop
The backward pass peels activities off the stack to compute the
error derivatives at each time step
After the backward pass we add together the derivatives at all the
different times for each weight
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Basic RNN

An irritative extra issue

Basic RNN training with BPTT

We need to specify the initial activity state of all the hidden and
output units
We could just fix these initial states to have some default value
like 0.5
But it is better to treat the initial states as learned parameters
We learn them in the same way as we learn the weights

Start off with an initial random guess for the initial states
At the end of each training sequence, backpropagate through time
all the way to the initial states to get the gradient of the error
function with respect to each initial state
Adjust the initial states by following the negative gradient
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Basic RNN

Basic RNN training with BPTT

Providing inputs to recurrent networks
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We can specify inputs in
several ways:
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Basic RNN

Basic RNN training with BPTT

Teaching recurrent networks to learn signals
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We can specify targets in
several ways:

Specify desired final
activities of all the units
Specify desired activities of
all units for the last few
steps
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Good for learning
attractors
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Specify the desired activity
of a subset of the units.
The other units are
input or hidden units.
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Basic RNN

Toy example: RNN for addition

Toy problem for RNN: binary addition
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We can train a feedforward
net to do binary addition,
but...
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We must decide in advance
the maximum number of
digits in each number
We expect weights to
process different bits to be
the same, but it is tricky to
enforce that
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As a result, feedforward nets
do not generalize well for the
binary addition task
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Basic RNN

We are trying to learn this!

Toy example: RNN for addition
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A little bit detail

Basic RNN

Toy example: RNN for addition

x = [b8 , b7 , · · · , b1 ]
y = [c8 , c7 , · · · , c1 ]
z = x + y = [d8 , d7 , · · · , d1 ]
ẑ = [d̂8 , d̂7 , · · · , d̂1 ]
Hidden unit: hi = sigm(Wx,h [bi , ci ]T + Wh,h hi−1 )
Output: d̂i = sigm(Wh,z hi )
https://github.com/llSourcell/recurrent_neural_net_demo
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Basic RNN

Why RNN is difficult to train

Why training RNN is difficulty? The backward pass is
linear
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There is a big difference between the
forward and backward passes
In the forward pass we use squashing
functions (like the logistic) to prevent
the activity vectors from exploding
The backward pass, is completely
linear. If you double the error
derivatives at the final layer, all the
error derivatives will double
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The forward pass determines the
slope of the linear function used for
backpropagating through each
neuron
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Basic RNN

Why RNN is difficult to train

The problem of exploding or vanishing gradients
What happens to the magnitude of the gradients as we
backpropagate through many layers?

If the weights are small, the gradients shrink exponentially.
If the weights are big the gradients grow exponentially

Typical feed-forward neural nets can cope with these exponential
effects when they only have a few hidden layers
In an RNN trained on long sequences (e.g. 100 time steps) the
gradients can easily explode or vanish
We could avoid this by initializing the weights very carefully

Even with good initial weights, the dependency of the current
target output from an input many time-steps ago tends to be
numerically unstable
So RNNs have difficulty dealing with long-range dependencies
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Basic RNN

Why RNN is difficult to train

Understanding gradient flow dynamics
Cute backprop signal video: http://imgur.com/gallery/vaNahKE

Fei-Fei Li & Andrej Karpathy & Justin Johnson
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Basic RNN

Why RNN is difficult to train

Understanding gradient flow dynamics
if the largest eigenvalue is > 1, gradient will explode
if the largest eigenvalue is < 1, gradient will vanish

[On the difficulty of training Recurrent Neural Networks, Pascanu et al., 2013]

Fei-Fei Li & Andrej Karpathy & Justin Johnson
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Basic RNN

Why RNN is difficult to train

Four effective ways to learn an RNN
Long Short Term Memory:
Make the RNN out of little
modules that are designed to
remember values for a long
time
Hessian Free Optimization:
Deal with the vanishing
gradients problem by using a
fancy optimizer that can
detect directions with a tiny
gradient but even smaller
curvature

The HF optimizer (
Martens & Sutskever, 2011)
is good at this

S. Cheng (OU-ECE)

Echo State Networks:
Initialize the input→ hidden
and hidden→hidden and
output→ hidden connections
very carefully so that the
hidden state has a huge
reservoir of weakly coupled
oscillators which can be
selectively driven by the input
ESNs only need to learn the
hidden→output connections

Good initialization with
momentum: Initialize like in
Echo State Networks, but
then learn all of the
connections using momentum
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and hidden→hidden and
output→ hidden connections
very carefully so that the
hidden state has a huge
reservoir of weakly coupled
oscillators which can be
selectively driven by the input
ESNs only need to learn the
hidden→output connections

Good initialization with
momentum: Initialize like in
Echo State Networks, but
then learn all of the
connections using momentum
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LSTM

Long Short Term Memory (LSTM)
Hochreiter & Schmidhuber
(1997) solved the problem of
getting an RNN to remember
things for a long time (like
hundreds of time steps)
Keep short-term memory
for a long period of time,
thus the name

They designed a memory cell
using logistic and linear units
with multiplicative
interactions

S. Cheng (OU-ECE)

Information gets into the cell
whenever its “write” gate is on
The information stays in the
cell so long as its “keep” gate
is on
Information can be read from
the cell by turning on its
“read” gate
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LSTM

Implementing a memory cell in a neural network
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To preserve information for a
long time in the activities of an
RNN, we use a circuit mimicking
an analog memory cell
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S. Cheng (OU-ECE)
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Information is kept in the cell
when ”keep” gate is on
Information is stored in the cell
by activating its write gate
Information is retrieved by
activating the read gate
We can backpropagate through
this circuit because logistics are
have nice derivatives
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LSTM

RNN:

depth

time

Fei-Fei Li & Andrej Karpathy & Justin Johnson

S. Cheng (OU-ECE)

Lecture 10 - 67
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RNN:

LSTM:

depth

time

Fei-Fei Li & Andrej Karpathy & Justin Johnson
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LSTM

Long Short Term Memory (LSTM)
[Hochreiter et al., 1997]
vector from
below (x)
x

sigmoid

i

h

sigmoid

f

sigmoid

o

tanh

g

W

vector from
before (h)

4n x 2n

4n

Fei-Fei Li & Andrej Karpathy & Justin Johnson

S. Cheng (OU-ECE)
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LSTM

Long Short Term Memory (LSTM)
[Hochreiter et al., 1997]

cell
state c

x

f

Fei-Fei Li & Andrej Karpathy & Justin Johnson
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Long Short Term Memory (LSTM)
[Hochreiter et al., 1997]
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state c
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+

x
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LSTM

Long Short Term Memory (LSTM)
[Hochreiter et al., 1997]
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o

x

h
Fei-Fei Li & Andrej Karpathy & Justin Johnson
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LSTM

Long Short Term Memory (LSTM)

higher layer, or
prediction

[Hochreiter et al., 1997]
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h
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LSTM

LSTM

one timestep

one timestep
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Fei-Fei Li & Andrej Karpathy & Justin Johnson
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LSTM

state

RNN

f

f

f

LSTM

f

f
+

f
+

+

(ignoring
forget gates)

Fei-Fei Li & Andrej Karpathy & Justin Johnson
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LSTM

Recall:
“PlainNets” vs. ResNets
ResNet is to PlainNet what LSTM is to RNN, kind of.

Fei-Fei Li & Andrej Karpathy & Justin Johnson

S. Cheng (OU-ECE)
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LSTM

LSTM variants and friends

[An Empirical Exploration of
Recurrent Network Architectures,
Jozefowicz et al., 2015]

[LSTM: A Search Space Odyssey,
Greff et al., 2015]

GRU [Learning phrase
representations using rnn encoderdecoder for statistical machine
translation, Cho et al. 2014]

Fei-Fei Li & Andrej Karpathy & Justin Johnson

S. Cheng (OU-ECE)
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Example: simple character-level language model

Modelling text: why working with characters?

The web is composed of character strings
Any learning method powerful enough to understand the world by
reading the web ought to find it trivial to learn which strings make
words (this turns out to be true, as we shall see)
Pre-processing text to get words is a big hassle
What
What
What
What

about
about
about
about

morphemes (prefixes, suffixes etc)
subtle effects like “sn” words?
New York vs new York Minster roof?
Finnish

ymmärtämättömyydellänsäkään

S. Cheng (OU-ECE)
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Example: simple character-level language model

Simplest model: a first attempt

y

Character-level
language model
example

RNN

Vocabulary:
[h,e,l,o]

x

Example training
sequence:
“hello”
Fei-Fei Li & Andrej Karpathy & Justin Johnson

S. Cheng (OU-ECE)
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Example: simple character-level language model

Sampling

Start the model with its default hidden state
Give it a “burn-in” sequence of characters and let it update its
hidden state after each character
Then look at the probability distribution it predicts for the next
character
Pick a character randomly from that distribution and tell the net
that this was the character that actually occurred
i.e. tell it that its guess was correct, whatever it guessed

Continue to let it pick characters until bored

S. Cheng (OU-ECE)
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Example: simple character-level language model

min-char-rnn.py gist: 112 lines of Python

(https://gist.github.
com/karpathy/d4dee566867f8291f086)

Fei-Fei Li & Andrej Karpathy & Justin Johnson

S. Cheng (OU-ECE)
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Example: simple character-level language model

min-char-rnn.py gist

S. Cheng (OU-ECE)

Data I/O
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Example: simple character-level language model

min-char-rnn.py gist

Initializations

recall:

S. Cheng (OU-ECE)
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Example: simple character-level language model

min-char-rnn.py gist

S. Cheng (OU-ECE)
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Example: simple character-level language model

min-char-rnn.py gist

S. Cheng (OU-ECE)

Loss function
- forward pass (compute loss)
- backward pass (compute param gradient)
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Example: simple character-level language model

min-char-rnn.py gist

Softmax classifier

S. Cheng (OU-ECE)
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Example: simple character-level language model

min-char-rnn.py gist

recall:
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Recurrent Neural Networks

March 2018

57 / 109

Example: simple character-level language model

min-char-rnn.py gist

S. Cheng (OU-ECE)

Recurrent Neural Networks

March 2018

58 / 109

Example: simple character-level language model

y

RNN

x

Fei-Fei Li & Andrej Karpathy & Justin Johnson

S. Cheng (OU-ECE)
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Example: simple character-level language model

Result

Fei-Fei Li & Andrej Karpathy & Justin Johnson

S. Cheng (OU-ECE)
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Example: simple character-level language model

Result

at first:
train more

train more

train more

Fei-Fei Li & Andrej Karpathy & Justin Johnson

S. Cheng (OU-ECE)
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Example: simple character-level language model

Result
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Example: simple character-level language model

Result

open source textbook on algebraic geometry

Latex source
Fei-Fei Li & Andrej Karpathy & Justin Johnson

S. Cheng (OU-ECE)
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Example: simple character-level language model

Result

Fei-Fei Li & Andrej Karpathy & Justin Johnson

S. Cheng (OU-ECE)
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Example: simple character-level language model

Result
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Example: simple character-level language model

Result

Fei-Fei Li & Andrej Karpathy & Justin Johnson
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Example: simple character-level language model

Result

Generated
C code

Fei-Fei Li & Andrej Karpathy & Justin Johnson

S. Cheng (OU-ECE)
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Example: simple character-level language model

Result
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Example: simple character-level language model

Result

Fei-Fei Li & Andrej Karpathy & Justin Johnson
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Example: simple character-level language model

Ideal model?

Multiplicative models

��������������������������������
1500	
  
hidden	
  
units	
  

1500	
  
hidden	
  
units	
  

��
character:	
  
1-‐of-‐86	
  

��������
predicted	
  distribu8on	
  	
  
for	
  next	
  character.	
  	
  

	
  
It’s	
  a	
  lot	
  easier	
  to	
  predict	
  86	
  characters	
  than	
  100,000	
  words.	
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Example: simple character-level language model

Multiplicative models

A slight tweak: Ideal tree model

An ideal model considers all previous input characters and the current
character������������������������������������������������
����������
��
�������������������
���������������������
…�����
����������������������
��
�������������
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…������
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����������������
�����������������
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������������������������������������������������������������������������
The
next hidden representation needs to depend on the
� ���������������������������������������������������������������������
conjunction
of the current character and the current hidden
��������������������������������������������������������������
�

representation

We expect under each hidden state vector and each current
character, we should have a different transition matrix. The earlier
simple model tried to capture this but is kind of indirect
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Example: simple character-level language model

Multiplicative connections

Multiplicative models

We may prepare a different transition matrix for each input

But this requires 86x1500x1500 parameters (let say we have 1500
hidden variables)
And this could make the net overfit

Can we achieve the same kind of multiplicative interaction using
fewer parameters?

We want a different transition matrix for each of the 86 characters,
but we want these 86 character-specific weight matrices to share
parameters (the characters 9 and 8 should have similar matrices)
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Example: simple character-level language model

Multiplicative models
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Example: simple character-level language model
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Vector input to group c:
(bT wf )
(aT uf ) vf
| {z }
| {z }
Scalar
Scalar
input from input from
group b
group a
We can get groups a and b to interact multiplicatively by using
“factors”

cf =

Each factor first computes a weighted sum for each of its input
groups
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Each factor first computes a weighted sum for each of its input
groups
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Example: simple character-level language model

Some note on optimization

Multiplicative models

To optimize efficiently, they use Hessian-free (HF) method to
minimize the cost
HF is a second order method similar to Newton methods and
LBFGS that take advantage of the curvature (Hessian) matrix
In the HF method, they make an approximation to the curvature
matrix and then minimize the error using conjugate gradient
method. Then they make another approximation to the curvature
matrix and minimize again
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Example: simple character-level language model

Conjugate gradient

Multiplicative models

There is an alternative to going to the minimum in one step by
multiplying by the inverse of the curvature matrix
Use a sequence of steps each of which finds the minimum along
one direction
Make sure that each new direction is “conjugate” to the previous
directions so you do not mess up the minimization you already
did.

“conjugate” means that as you go in the new direction, you do not
change the gradients in the previous directions
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Example: simple character-level language model

Training the model

Multiplicative models

Ilya Sutskever used 5 million strings of 100 characters taken from
wikipedia. For each string he starts predicting at the 11th
character
Using the HF optimizer, it took a month on a GPU board to get a
really good model (back in 2011) text
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Example: simple character-level language model

Result

Multiplicative models
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Example: simple character-level language model

Multiplicative models

Result: some completions produced by the model

Sheila thrunges (most frequent)
People thrunge (most frequent next character is space)
Shiela, Thrungelini del Rey (first try)
The meaning of life is literary recognition. (6 th try)
The meaning of life is the tradition of the ancient human
reproduction: it is less favorable to the good boy for when to
remove her bigger. (one of the first 10 tries for a model trained for
longer)
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Example: simple character-level language model

Result: what does it know?

Multiplicative models

It knows a huge number of words and a lot about proper names,
dates, and numbers
It is good at balancing quotes and brackets
It can count brackets: none, one, many

It knows a lot about syntax but its very hard to pin down exactly
what grammar it actually “knows”
It knows a lot of weak semantic associations
E.g. it knows Plato is associated with Wittgenstein and cabbage is
associated with vegetable
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Example: image captioning

Image Captioning

Explain Images with Multimodal Recurrent Neural Networks, Mao et al.
Deep Visual-Semantic Alignments for Generating Image Descriptions, Karpathy and Fei-Fei
Show and Tell: A Neural Image Caption Generator, Vinyals et al.
Long-term Recurrent Convolutional Networks for Visual Recognition and Description, Donahue et al.
Learning a Recurrent Visual Representation for Image Caption Generation, Chen and Zitnick

Fei-Fei Li & Andrej Karpathy & Justin Johnson
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Example: image captioning

Recurrent Neural Network

Convolutional Neural Network
Fei-Fei Li & Andrej Karpathy & Justin Johnson
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Example: image captioning

test image
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Example: image captioning

test image
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Example: image captioning

test image

x0
<STA
RT>

<START>
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Example: image captioning

test image

y0

before:
h = tanh(Wxh * x + Whh * h)
h0

Wih

now:
h = tanh(Wxh * x + Whh * h + Wih * v)
x0
<STA
RT>

v
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Example: image captioning

test image

y0

sample!

h0

x0
<STA
RT>

straw

<START>
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Example: image captioning
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Example: image captioning
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Example: image captioning

test image

y0

y1

y2

h0

h1

h2

x0
<STA
RT>

straw

hat

<START>
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Example: image captioning

test image

y0

y1

h0

h1

x0
<STA
RT>

straw

y2

h2

sample
<END> token
=> finish.

hat

<START>
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Example: image captioning

Image Sentence Datasets
Microsoft COCO
[Tsung-Yi Lin et al. 2014]
mscoco.org

currently:
~120K images
~5 sentences each
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Example: image captioning
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Overview of echo state networks
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Overview of echo state networks

How to set random connections in echo state networks
Set the hidden→hidden
weights so that the intensity
of activity stays about the
same after each iteration

Choose the scale of the
input→hidden connections
very carefully

Use sparse connectivity (i.e.
set most of the weights to
zero)

The learning is so fast that we
can try many different scales
for the input→hidden weights
and sparsenesses

Set the largest eigenvalue to
1
This allows the input to
echo around the network for
a long time

This creates lots of loosely
coupled oscillators

S. Cheng (OU-ECE)

Recurrent Neural Networks

They need to drive the
loosely coupled oscillators
without wiping out the
information from the past
that they already contain

This is often necessary
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Overview of echo state networks

A simple example of an echo state network

INPUT SEQUENCE A real-valued time-varying value that specifies
the frequency of a sine wave
TARGET OUTPUT SEQUENCE A sine wave with the currently
specified frequency
LEARNING METHOD Fit a linear model that takes the states of the
hidden units as input and produces a single scalar output
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Overview of echo state networks

Beyond echo state networks
Good aspects of ESNs: Echo
state networks can be trained
very fast because they just fit
a linear model
They demonstrate that it is
very important to initialize
weights sensibly
They can do impressive
modeling of one-dimensional
time-series

but they cannot compete
seriously for
high-dimensional data like
pre-processed speech

S. Cheng (OU-ECE)

Bad aspects of ESNs: They
need many more hidden units
for a given task than an RNN
that learns the
hidden→hidden weights
Ilya Sutskever (2012) has
illustrated that if the weights
are initialized using the ESN
methods, RNNs could be
trained very effectively

Recurrent Neural Networks

He uses rmsprop with
momentum
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Conclusions

Conclusions

RNNs allow a lot of flexibility in architecture design and have
many applications

S. Cheng (OU-ECE)

Recurrent Neural Networks

March 2018

103 / 109

Conclusions

Recurrent Networks offer a lot of flexibility:

Vanilla Neural Networks
Fei-Fei Li & Andrej Karpathy & Justin Johnson

S. Cheng (OU-ECE)

Lecture 10 -

Recurrent Neural Networks

6

8 Feb 2016

March 2018

104 / 109

Conclusions

Recurrent Networks offer a lot of flexibility:

e.g. Image Captioning
image -> sequence of words
Fei-Fei Li & Andrej Karpathy & Justin Johnson
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Conclusions

Recurrent Networks offer a lot of flexibility:

e.g. Sentiment Classification
sequence of words -> sentiment
Fei-Fei Li & Andrej Karpathy & Justin Johnson
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Conclusions

Recurrent Networks offer a lot of flexibility:

e.g. Machine Translation
seq of words -> seq of words
Fei-Fei Li & Andrej Karpathy & Justin Johnson
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Conclusions

Recurrent Networks offer a lot of flexibility:

e.g. Video classification on frame level
Fei-Fei Li & Andrej Karpathy & Justin Johnson
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Conclusions

Conclusions

RNNs allow a lot of flexibility in architecture design and have
many applications
Vanilla RNNs are simple but don’t work very well
Common to use LSTM or GRU: their additive interactions
improve gradient flow
Backward flow of gradients in RNN can explode or vanish.
Exploding is controlled with gradient clipping. Vanishing is
controlled with additive interactions (LSTM)
Better optimization techniques such as Hessian-free methods could
be used to avoid gating structures like LSTM
Echo state networks are another possibility but may not work very
well for high dimensional inputs
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