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NEURAL NETWORK METHODS
FOR NATURAL LANGUAGE PROCESSING

Neural networks are a family of powerful machine learning models. This book focuses on the
application of neural network models to natural language data. The first half of the book (Parts
I and II) covers the basics of supervised machine learning and feed-forward neural networks, the
basics of working with machine learning over language data, and the use of vector-based rather
than symbolic representations for words. It also covers the computation-graph abstraction, which
allows to easily define and train arbitrary neural networks, and is the basis behind the design of
contemporary neural network software libraries.
The second part of the book (Parts III and IV) introduces more specialized neural network
architectures, including 1D convolutional neural networks, recurrent neural networks, conditionedgeneration models, and attention-based models. These architectures and techniques are the driving
force behind state-of-the-art algorithms for machine translation, syntactic parsing, and many other
applications. Finally, we also discuss tree-shaped networks, structured prediction, and the prospects
of multi-task learning.

Recap: Neural Networks

Figure 7.1 The sigmoid function takes a real value and maps it to the range [0, 1]. Becaus
it is nearly linear around 0 but has a sharp slope toward the ends, it tends to squash outlie
The building
values toward
0 or 1. block of a neural network is a single computational unit. A
unit takes a set of real valued numbers as input, performs some
computation.
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Figure 7.2 A neural unit, taking 3 inputs x1 , x2 , and x3 (and a bias b that we represent as
weight for an input clamped at +1) and producing an output y. We include some convenien
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Recap: Feed-Forward NN
The simplest kind of NN is the Feed-Forward Neural Network
Multilayer network, all units are usually fully-connected, and no cycles.
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Recap: Language Modeling
Goal: Learn a function that returns the joint probability
Primary difficulty:
1. There are too many parameters to accurately estimate.
2. In n-gram-based models we fail to generalize to related
words / word sequences that we have observed.

Recap: Curse of dimensionality
AKA sparse statistics
Suppose we want a joint distribution over 10 words.
Suppose we have a vocabulary of size 100,000.
100,00010 =1050 parameters
This is too high to estimate from data.

Recap: Chain rule
In LMs we use the chain rule to get the conditional
probability of the next word in the sequence given all of the
previous words:
𝑃(𝑤$𝑤%𝑤&…𝑤' ) = ∏,'+$ 𝑃(𝑤' | 𝑤$…𝑤'.$)
What assumption do we make in n-gram LMs to simplify
this?
The probability of the next word only depends on the
previous n-1 words.
A small n makes it easier for us to get an estimate of the
probability from data.

Recap: N-gram LMs
Estimate the probability of the next word in a sequence, given the
entire prior context P(wt|w1t−1). We use the Markov assumption
approximate the probability based on the n-1 previous words.
'.$
𝑃 𝑤' 𝑤$'.$) ≈ 𝑃 𝑤' 𝑤'.;<$
)

For a 4-gram model, we use MLE estimate the probability a large
corpus.
𝑃 𝑤' |𝑤'.&, 𝑤'.%, 𝑤'.$ =

0123' 4567 4568 4569 45
0123' 4567 4568 4569

Probability tables
We construct tables to look up the probability of seeing a
word given a history.
curse of

P(wt | wt-n … wt-1)

dimensionality
azure
knowledge
oak

The tables only store observed sequences.
What happens when we have a new (unseen) combination
of n words?

Unseen sequences
What happens when we have a new (unseen) combination
of n words?
1. Back-off
2. Smoothing / interpolation
We are basically just stitching together short sequences of
observed words.

Alternate idea
Let’s try generalizing.
Intuition: Take a sentence like
The cat is walking in the bedroom
And use it when we assign probabilities to similar sentences
like
The dog is running around the room

Similarity of words / contexts
Use word embeddings!
sim ( cat , dog )

Vector for cat

Vector for dog

How can we use embeddings to estimate language model probabilities?
p( cat | please feed the )

Concatenate these 3 vectors together, use that as input
vector to a feed forward neural network
Compute the probability of all words in the vocabulary
with a softmax on the output layer

Neural network with
embeddings as input
7.5
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Figure 7.12 A simplified view of a feedforward neural language model moving through a text. At each
timestep t the network takes the 3 context words, converts each to a d-dimensional embedding, and concatenates
the 3 embeddings together to get the 1 ⇥ Nd unit input layer x for the network. These units are multiplied by

A Neural Probabilistic LM
In NIPS 2003, Yoshua Begio and his colleagues introduced a neural
probabilistic language model
1. They used a vector space model where the words are vectors
with real values ℝm. m=30, 60, 100. This gave a way to
compute word similarity.
2. They defined a function that returns a joint probability of
words in a sequence based on a sequence of these vectors.
3. Their model simultaneously learned the word representations
and the probability function from data.
Seeing one of the cat/dog sentences allows them to increase the
probability for that sentence and its combinatorial # of
“neighbor” sentences in vector space.

A Neural Probabilistic LM
Given:
A training set w1 … wt where wt ∈V

Learn:
f(w1 … wt) = P(wt|w1 … wt-1)
Subject to giving a high probability to an unseen text/dev set
(e.g. minimizing the perplexity)

Constraint:
Create a proper probability distribution (e.g. sums to 1) so that
we can take the product of conditional probabilities to get the
joint probability of a sentence

Neural net that learns
embeddings
18
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way back to the embedding vectors, starting with embeddings with random values
and slowly moving toward sensible representations.
For this to work at the input layer, instead of pre-trained embeddings, we’re
going to represent each of the N previous words as a one-hot vector of length |V |, i.e.,
with one dimension for eachOutput
word in layer
the vocabulary.
A one-hot
y1vector is a vector
y42
1⨉|V|
that has one element equal to
1—in the dimension corresponding to that word’s
P(w|context)
index
in the the
vocabulary—
while
the other
elements
arethe
setnetwork.
to zero.
To learn
embeddings,
we all
added
an extra
layer to
|V|⨉d
h
Instead
pre-trained
embeddings
input
layer,
we instead
use it happens
Thus inof
a one-hot
representation
forasthethe
word
“toothpaste”,
supposing
one-hot
vectors.
to have
index
5 in the vocabulary, x5 is one and and xi = 0 8i 6= 5, as shown here:
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Projection
connected to the embedding
layer vialayer
3 instantiations
1⨉3d of the embedding matrix E.
Note that we don’t want to learn separate weight matrices for mapping each of the 3
With this small change, we now can
previous
words
to the projection
layer, we want one single embedding dictionary E
learn the
emebddings
of words.
that’s shared among these three. That’sd⨉|V|
because over time, many different words will
appear as wt 2 or wt 1 , and we’d like to just represent each word with one vector,
whichever context position it appears in. The embedding
matrix
1 weight
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1. Select embeddings from E for the
three context words (the ground there)
and concatenate them together
2. Multiply by W and add b (not
shown), and pass it through an
activation function (sigmoid, ReLU, etc)
to get the hidden layer h.
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3. Multiply by U (the weight matrix for
the hidden layer) to get the output
layer, which is of size 1 by |V|.
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Figure 7.13 Learning all the way back to embeddings. Notice that the embedding matrix E is shared among
the 3 context words.

a row for each word, each a vector of d dimensions, and hence has dimensionality
V ⇥ d.
$ forward%pass of Fig. 7.13.
Let’s walk through the

4. Apply softmax to get the probability.
Each node i in the output layer
estimates the probability P(wt =
i|wt−1,wt−2,wt−3)

projection layer

𝑒 = 𝐸𝑥 , 𝐸𝑥 , … , 𝐸𝑥
1. ℎ
Select
=three𝜎embeddings
𝑊𝑒 +from𝑏E: Given the three previous words, we look
up their indices, create 3 one-hot vectors, and then multiply each by the em𝑧bedding
= matrix
𝑈ℎ E. Consider w . The one-hot vector for ‘the’ (index 35) is
multiplied by the embedding matrix E, to give the first part of the first hidden
the projection layer. Since each row of the input matrix E is just
𝑦layer,
=called
𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑧)
an embedding for a word, and the input is a one-hot column vector x for word
t 3

i

Vi , the projection layer for input w will be Exi = ei , the embedding for word i.
We now concatenate the three embeddings for the context words.
2. Multiply by W: We now multiply by W (and add b) and pass through the
rectified linear (or other) activation function to get the hidden layer h.
3. Multiply by U: h is now multiplied by U
4. Apply softmax: After the softmax, each node i in the output layer estimates
the probability P(wt = i|wt 1 , wt 2 , wt 3 )

Training with backpropagation
To train the models we need to find good settings
for all of the parameters θ = E,W,U,b.
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How do we do it? Gradient descent using error
backpropagation on the computation graph to
compute the gradient.

Since the final prediction depends on many
intermediate layers, and
since
each
layer
has
its own
Neural Network
Methods
for Natural
Language
Processing
weights, we need to know how much to update
each layer.
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Error backpropagation allows us to assign
proportional blame (compute the error term)
back to the previous hidden layers.
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For information about backpropogation,
check out Chapter 5 of this book à

Training data
The training examples are simply word k-grams from the corpus
The identities of the first k-1 words are used as features, and the last
word is used as the target label for the classification.
Conceptually, the model is trained using cross-entropy loss.

Training the Neural LM
Use a large text to train. Start with random weights Iteratively moving
through the text predicting each word wt .
At each word wt, the cross-entropy (negative log likelihood) loss is:
𝐿 = − log 𝑝 𝑤' 𝑤'.$ , … , 𝑤'.3<$ )

The gradient for the loss is:
𝜃'<$ = 𝜃' − 𝜂

T .UVW X 45 4569 ,…,456YZ9 )
T[

The gradient can be computed in any standard neural network
framework which will then backpropagate through U , W , b, E.
The model learns both a function to predict the probability of the next
word, and it learns word embeddings too!

Learned embeddings
When the ~50 dimensional
vectors that result from training 12
Word Embeddings
a neural LM are projected down to 2-dimensions, we see a
lot of words that are intuitively similar are close together.

Advantages of NN LMs
Better results. They achieve better perplexity scores than SOTA n-gram
LMs.
Larger N. NN LMs can scale to much larger orders of n. This is
achievable because parameters are associated only with individual
words, and not with n-grams.
They generalize across contexts. For example, by observing that the
words blue, green, red, black, etc. appear in similar contexts, the model
will be able to assign a reasonable score to the green car even though it
never observed in training, because it did observe blue car and red car.
A by-product of training are word embeddings!

Disadvantage of Feedforward
Neural Networks
Bengio (2003) used a Feedfoward neural network for their language
model. This means is that it operates only on fixed size inputs.
For sequences longer than that size, it slides a window over the input,
and makes predictions as it goes.
The decision for one window has no impact on the later decisions.
This shares the weakness of Markov approaches, because it limits the
context to the window size.
To fix this, we’re going to look at recurrent neural networks.

Current state of the art neural
LMs
ELMo
GPT
BERT
GPT-2

Recurrent Neural Networks
Language is an inherently temporal phenomenon.
Logistic regression and Feedforward NNs are not temporal in nature.
They use fixed size vectors that have simultaneous access to the full
input all at once.
Work-arounds like a sliding window aren’t great, because
1.

The decision made for one window has no impact on later decisions

2.

It limits the context being used

3.

Fails to capture important aspects of language like consistency and
long distance dependencies

Recurrent Neural Networks
A recurrent neural network (RNN) is any network that contains a cycle
within its network.
In such networks the value of a unit can be dependent on earlier
outputs as an input.
RNNs have proven extremely
when applied
NLP.
9.1 • effective
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Simple recurrent neural network after Elman (Elman, 1990). The hidden layer

Memory
We use a hidden layer from a preceding point in time to augment the
input layer.
This hidden layer from the preceding point in time provides a form of
memory or context.
This architecture does not impose a fixed-length limit on its prior
context.
As a result, information can come from all the way back at the
beginning of the input sequence. Thus we get away from the Markov
assumption.
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Simple recurrent neural network illustrated as a feedforward network.

output vector.

start of the sequence to the end as illustrated in Fig. 9.4. The sequential n
simple recurrent networks can also be seen by unrolling the network in tim
shown in Fig. 9.5. In this figure, the various layers of units are copied for ea
step to illustrate that they will have differing values over time. However, the
weight matrices are shared across time.

Forward inference

function F ORWARD RNN(x, network) returns output sequence y
h0 0
for i 1 to L ENGTH(x) do
hi g(U hi 1 + W xi )
yi f (V hi )
return y

inference
in a simple
recurrent
network.
The
matrices U, V an
This allowsFigure
us to9.4
haveForward
an output
sequence
equal
in length
to the
input
sequence.shared across time, while new values for h and y are calculated with each time step.

9.1.2 Training

As with feedforward networks, we’ll use a training set, a loss function, an
propagation to obtain the gradients needed to adjust the weights in these re
networks. As shown in Fig. 9.3, we now have 3 sets of weights to update:

Unrolled RNN

9.1
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Figure 9.5 A simple recurrent neural network shown unrolled in time. Network layers are copied for each
time step, while the weights U, V and W are shared in common across all time steps.

Training RNNs
Just like with feedforward networks, we’ll use a training set, a loss
function, and back-propagation to get the gradients needed to adjust
the weights in an RNN.
The weights we need to update are:
W – the weights from the input layer to the hidden layer
U – the weights from the previous hidden layer to the current hidden
layer
V – the weights from the hidden layer to the output layer

Training RNNs
New considerations:
1.

to compute the loss function for the output at time t we need the
hidden layer from time t − 1.

2.

The hidden layer at time t influences both the output at time t and
the hidden layer at time t + 1 (and hence the output and loss at t+1)

To assess the error accruing to ht , we’ll need to know its influence on
both the current output as well as the ones that follow.

dout = L0 g0 (z)

(9.2)

Therefore, the final gradient we need to update the weight matrix V is just:
∂L
= dout ht
∂V

Backpropagation of errors

(9.3)
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The backpropagation of errors in a simple RNN ti vectors represent the targets for each element

Vanishing/Exploding Gradients
In deep networks, it is common for the error gradients to either vanish
or explode as they backpropagate. The problem is more severe in
deeper networks, especially in RNNs.
Dealing with vanishing gradients is still an open research question.
Solutions include:
1.

making the networks shallower

2.

step-wise training where first layers are trained and then fixed

3.

performing batch-normalization

4.

using specialized NN architectures like LSTM and GRU

Recurrent Neural Language
Models
Unlike n-gram LMs and feedforward networks with sliding windows,
RNN LMs don’t use a fixed size context window.
They predict the next word in a sequence by using the current word and
the previous hidden state as input.
The hidden state embodies information about all of the preceding
words all the way back to the beginning of the sequence.
Thus they can potentially take more context into account than n-gram
LMs and NN LMs that use a sliding window.

Autoregressive generation
with an RNN LM
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Autoregressive generation with an RNN-based neural language model.

output layer at each time step, as well as the shared U, V and W weight matrices that
comprise the network. The outputs of the network at each time step represent the
distribution over the POS tagset generated by a softmax layer.
To generate a tag sequence for a given input, we can run forward inference over
the input sequence and select the most likely tag from the softmax at each step. Since
we’re using a softmax layer to generate the probability distribution over the output

Tag Sequences

RNN

Janet

will

back

the

bill

Figure 9.8 Part-of-speech tagging as sequence labeling with a simple RNN. Pre-trained
word embeddings serve as inputs and a softmax layer provides a probability distribution over

To apply RNNs in this setting, the text to be classified is passed through the RNN
a word at a time generating a new hidden layer at each time step. The hidden layer
for the final element of the text, hn , is taken to constitute a compressed representation
of the entire sequence. In the simplest approach to classification, hn , serves as the
input to a subsequent feedforward network that chooses a class via a softmax over
the possible classes. Fig. 9.9 illustrates this approach.

Sequence Classifiers

Softmax

hn

RNN

x1

Figure 9.9

x2

x3

xn

Sequence classification using a simple RNN combined with a feedforward net-

cked RNNs

In our examples thus far, the inputs to our RNNs have consisted of sequences of
word or character embeddings (vectors) and the outputs have been vectors useful for
predicting words, tags or sequence labels. However, nothing prevents us from using
the entire sequence of outputs from one RNN as an input sequence to another one.
Stacked RNNs consist of multiple networks where the output of one layer serves as
the input to a subsequent layer, as shown in Fig. 9.10.

Stacked RNNs
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yn

y3

RNN 3

RNN 2

RNN 1

x1

x2

x3

xn

Figure 9.10 Stacked recurrent networks. The output of a lower level serves as the input to
higher levels with the output of the last network serving as the final output.

Bidirectional RNNs
9.4
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RNN 2 (Right to Left)

RNN 1 (Left to Right)
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Figure 9.11 A bidirectional RNN. Separate models are trained in the forward and backward
directions with the output of each model at each time point concatenated to represent the state
of affairs at that point in time. The box wrapped around the forward and backward network

x1

x2

x3

xn

Bidirectional RNNs for
sequence classification

Figure 9.11 A bidirectional RNN. Separate models are trained in the forward and backward
directions with the output of each model at each time point concatenated to represent the state
of affairs at that point in time. The box wrapped around the forward and backward network
emphasizes the modular nature of this architecture.
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Current state of the art neural
LMs
ELMo
GPT
BERT
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Summary
RNNs allow us to process sequences one element at a time.
RNNs can have one output per input. The output at a point in time is
based on the current input and the hidden layer from the previous step.
RNNs can be trained similarly to feed forward NNs are using
backpropagation through time.
Applications: LMs, generation, sequence labeling like POS tagging,
sequence classification.
Next time: POS tagging!

