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Feed-Forward Neural Network Language Model
• Language modeling can predict upcoming words from prior word context. 
• The advantage of neural net-based language models compared with n-gram language 

models. 
• Don’t need smoothing. 

- not smooth, small changes in discrete context may result in large changes in 
probability estimate. 

• Handle much longer histories  
• Generalize over contexts of similar words 

- Today’s presentation is given by John. 
p(John|…) = ?, P(Mary|…) = ? 

• Neural net language models are strikingly slower to train than traditional language models. 



Feed-Forward Neural Network Language Model
• Takes as input at time t a representation of some number of 

previous words (wt-1,  wt-2, etc.) outputs a probability distribution 
over possible next words. 

• Approximates the probability of a word given the entire prior 
context P(wt|wt-1      ) by approximating based on the N previous 
words: 
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On the other hand, there is a cost for this improved performance: neural net
language models are strikingly slower to train than traditional language models, and
so for many tasks an n-gram language model is still the right tool.

In this chapter we’ll describe simple feedforward neural language models, first
introduced by Bengio et al. (2003). Modern neural language models are generally
not feedforward but recurrent, using the technology that we will introduce in Chap-
ter 9.

A feedforward neural LM is a standard feedforward network that takes as input
at time t a representation of some number of previous words (wt�1,wt�2, etc.) and
outputs a probability distribution over possible next words. Thus—like the n-gram
LM—the feedforward neural LM approximates the probability of a word given the
entire prior context P(wt |wt�1

1 ) by approximating based on the N previous words:

P(wt |wt�1
1 )⇡ P(wt |wt�1

t�N+1) (7.26)

In the following examples we’ll use a 4-gram example, so we’ll show a net to
estimate the probability P(wt = i|wt�1,wt�2,wt�3).

7.5.1 Embeddings
In neural language models, the prior context is represented by embeddings of the
previous words. Representing the prior context as embeddings, rather than by ex-
act words as used in n-gram language models, allows neural language models to
generalize to unseen data much better than n-gram language models. For example,
suppose we’ve seen this sentence in training:

I have to make sure when I get home to feed the cat.

but we’ve never seen the word “dog” after the words “feed the”. In our test set we
are trying to predict what comes after the prefix “I forgot when I got home to feed
the”.

An n-gram language model will predict “cat”, but not “dog”. But a neural LM,
which can make use of the fact that “cat” and “dog” have similar embeddings, will
be able to assign a reasonably high probability to “dog” as well as “cat”, merely
because they have similar vectors.

Let’s see how this works in practice. Let’s assume we have an embedding dic-
tionary E that gives us, for each word in our vocabulary V , the embedding for that
word, perhaps precomputed by an algorithm like word2vec from Chapter 6.

Fig. 7.12 shows a sketch of this simplified feedforward neural language model
with N=3; we have a moving window at time t with an embedding vector represent-
ing each of the 3 previous words (words wt�1, wt�2, and wt�3). These 3 vectors are
concatenated together to produce x, the input layer of a neural network whose output
is a softmax with a probability distribution over words. Thus y42, the value of output
node 42 is the probability of the next word wt being V42, the vocabulary word with
index 42.

The model shown in Fig. 7.12 is quite sufficient, assuming we learn the embed-
dings separately by a method like the word2vec methods of Chapter 6. The method
of using another algorithm to learn the embedding representations we use for input
words is called pretraining. If those pretrained embeddings are sufficient for yourpretraining

purposes, then this is all you need.
However, often we’d like to learn the embeddings simultaneously with training

the network. This is true when whatever task the network is designed for (sentiment

t-N+1



Word Embeddings
• In neural language models, the prior context is represented by embeddings of the 

previous words. 

• But what is embedding? 

-Convert text to number 

• Why embedding? 

-generalize unseen data much better than n-gram language models which 
representing the prior context by exact words. 

Ex. I have to make sure when I get home to feed the cat. 

N-gram LM:  I have to make sure when I get home to feed the ___. => “cat” 

Neural LM: I have to make sure when I get home to feed the___. =>“cat or dog” 



A one-hot vector
• The vector is lexicon size. 

• Each dimension corresponds to a word in the lexicon. 

• The dimension for the word is 1, and others are 0. 

Bear = [1, 0, 0]     cat = [0, 1, 0].  Frog = [0, 0, 1] 

Bear Cat Frog

Bear 1 0 0

Cat 0 1 0

Frog 0 0 1



A one-hot vector
• It’s a very large vector! 

• It tells us very little 

• Does not show similarity.

One-hot Word Vectors
• That’s a very large vector!  

• They tell us very little. 



Distributed Vectors

• Each element represents a property, and they are shared between 
the words. 

• Group similar words/objects together

• Each element represents a property, and they are shared 
between the words.

Distributed Vectors (Representations)

• Each element represents a property, and they are shared 
between the words.

Distributed Vectors (Representations)



A simplified version of a feedforward neural language model
Inputs: vector representations of previous words wt-3 ,wt-2, w t-1   

Output: the conditional probability of wt being the next word7.5 • NEURAL LANGUAGE MODELS 17
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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 weight matrix W and bias vector b and then an activation function to produce a hidden layer h, which is then
multiplied by another weight matrix U . (For graphic simplicity we don’t show b in this and future pictures.)
Finally, a softmax output layer predicts at each node i the probability that the next word wt will be vocabulary
word Vi. (This picture is simplified because it assumes we just look up in an embedding dictionary E the
d-dimensional embedding vector for each word, precomputed by an algorithm like word2vec.)

classification, or translation, or parsing) places strong constraints on what makes a
good representation.

Let’s therefore show an architecture that allows the embeddings to be learned.
To do this, we’ll add an extra layer to the network, and propagate the error all the
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 each word in the vocabulary. A one-hot vector is a vectorone-hot vector
that has one element equal to 1—in the dimension corresponding to that word’s
index in the vocabulary— while all the other elements are set to zero.

Thus in a one-hot representation for the word “toothpaste”, supposing it happens
to have index 5 in the vocabulary, x5 is one and and xi = 0 8i 6= 5, as shown here:

[0 0 0 0 1 0 0 ... 0 0 0 0]
1 2 3 4 5 6 7 ... ... |V|

Fig. 7.13 shows the additional layers needed to learn the embeddings during LM
training. Here the N=3 context words are represented as 3 one-hot vectors, fully
connected to the embedding layer via 3 instantiations of the embedding matrix E.
Note that we don’t want to learn separate weight matrices for mapping each of the 3
previous words to the projection layer, we want one single embedding dictionary E
that’s shared among these three. That’s 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 weight matrix E thus has



Learn the embedding during LM 
training

1. Adding one-hot vectors as an  
input layer 

2. Select three embeddings from E 

3. Multiply by W 

4. Multiply by U 

5. Apply softmax
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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.

Let’s walk through the forward pass of Fig. 7.13.
1. Select three embeddings from E: Given the three previous words, we look

up their indices, create 3 one-hot vectors, and then multiply each by the em-
bedding matrix E. Consider wt�3. The one-hot vector for ‘the’ (index 35) is
multiplied by the embedding matrix E, to give the first part of the first hidden
layer, called the projection layer. Since each row of the input matrix E is justprojection layer

an embedding for a word, and the input is a one-hot column vector xi for word
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)

In summary, if we use e to represent the projection layer, formed by concate-
nating the 3 embeddings for the three context vectors, the equations for a neural
language model become:

e = (Ex1,Ex2, ...,Ex) (7.27)

h = s(We+b) (7.28)

z = Uh (7.29)

y = softmax(z) (7.30)



Training the neural language model
• To train model, set all the parameters θ = E, W, U ,b 

• Do gradient descent 

• Use error back propagation to compute the gradient 

• Generally training proceeds by taking as input a very long text, concatenating all 
the sentences, starting with random weights, and iteratively moving through the 
text predicating each word wt. 
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7.5.2 Training the neural language model
To train the model, i.e. to set all the parameters q = E,W,U,b, we do gradient
descent (Fig. ??), using error backpropagation on the computation graph to compute
the gradient. Training thus not only sets the weights W and U of the network, but
also as we’re predicting upcoming words, we’re learning the embeddings E for each
words that best predict upcoming words.

Generally training proceeds by taking as input a very long text, concatenating
all the sentences, starting with random weights, and then iteratively moving through
the text predicting each word wt . At each word wt , the cross-entropy (negative log
likelihood) loss is:

L =� log p(wt |wt�1, ...,wt�n+1) (7.31)

The gradient for this loss is then:

qt+1 = qt �h ∂ � log p(wt |wt�1, ...,wt�n+1)

∂q
(7.32)

This gradient can be computed in any standard neural network framework which
will then backpropagate through U , W , b, E.

Training the parameters to minimize loss will result both in an algorithm for
language modeling (a word predictor) but also a new set of embeddings E that can
be used as word representations for other tasks.

7.6 Summary

• Neural networks are built out of neural units, originally inspired by human
neurons but now simply an abstract computational device.

• Each neural unit multiplies input values by a weight vector, adds a bias, and
then applies a non-linear activation function like sigmoid, tanh, or rectified
linear.

• In a fully-connected, feedforward network, each unit in layer i is connected
to each unit in layer i+1, and there are no cycles.

• The power of neural networks comes from the ability of early layers to learn
representations that can be utilized by later layers in the network.

• Neural networks are trained by optimization algorithms like gradient de-
scent.

• Error backpropagation, backward differentiation on a computation graph,
is used to compute the gradients of the loss function for a network.

• Neural language models use a neural network as a probabilistic classifier, to
compute the probability of the next word given the previous n words.

• Neural language models can use pretrained embeddings, or can learn embed-
dings from scratch in the process of language modeling.

Bibliographical and Historical Notes
The origins of neural networks lie in the 1940s McCulloch-Pitts neuron (McCul-
loch and Pitts, 1943), a simplified model of the human neuron as a kind of com-
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LSTM Networks
Long Short-term Memory



What is LSTM?
• Solve two problems in the context management 

1. Removing information no longer needed from the context 
2. Adding information likely to be needed for later decision making. 
ex. “I grew up in France… I speak fluent French.” 
Sometimes, it’s possible for the gap between the relevant information and the 
point where it is needed to become very large. 

• As the gap grows, RNNs become unable to learn to connect the information. 
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Recurrent Neural Networks (http://karpathy.github.io/2015/05/21/rnn-effectiveness/). But they really are pretty amazing.

Essential to these successes is the use of “LSTMs,” a very special kind of recurrent neural network which works, for many
tasks, much much better than the standard version. Almost all exciting results based on recurrent neural networks are
achieved with them. It’s these LSTMs that this essay will explore.

The PURblem Rf LRQg-TeUm DeSeQdeQcieV

One of the appeals of RNNs is the idea that they might be able to connect previous information to the present task, such as
using previous video frames might inform the understanding of the present frame. If RNNs could do this, they’d be
extremely useful. But can they? It depends.

Sometimes, we only need to look at recent information to perform the present task. For example, consider a language model
trying to predict the next word based on the previous ones. If we are trying to predict the last word in “the clouds are in the
sk\,” we don’t need any further context – it’s pretty obvious the next word is going to be sky. In such cases, where the gap
between the relevant information and the place that it’s needed is small, RNNs can learn to use the past information.

But there are also cases where we need more context. Consider trying to predict the last word in the text “I grew up in
Franceʛ I speak fluent French.” Recent information suggests that the next word is probably the name of a language, but if
we want to narrow down which language, we need the context of France, from further back. It’s entirely possible for the gap
between the relevant information and the point where it is needed to become very large.

Unfortunately, as that gap grows, RNNs become unable to learn to connect the information.

In theory, RNNs are absolutely capable of handling such “long-term dependencies.” A human could carefully pick parameters
for them to solve toy problems of this form. Sadly, in practice, RNNs don’t seem to be able to learn them. The problem was
explored in depth by Hochreiter (1991) [German]
(http://people.idsia.ch/~juergen/SeppHochreiter1991ThesisAdvisorSchmidhuber.pdf) and Bengio, et al. (1994) (http://www-
dsi.ing.unifi.it/~paolo/ps/tnn-94-gradient.pdf), who found some pretty fundamental reasons why it might be difficult.

Thankfully, LSTMs don’t have this problem!



How LSTM works?
• LSTMs have a chain-like structure. Instead of having a single neural network layer, there are 

four, interacting in a very special way. 
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LSTM NeWZRUNV

LRQJ SKRUW THUP MHPRU\ QHWZRUNV ʍ XVXaOO\ MXVW caOOHG ʔLSTMVʕ ʍ aUH a VSHcLaO NLQG RI RNN, caSabOH RI OHaUQLQJ ORQJ-WHUP
GHSHQGHQcLHV. TKH\ ZHUH LQWURGXcHG b\ HRcKUHLWHU & ScKPLGKXbHU (1997)
(KWWS://ZZZ.bLRLQI.MNX.aW/SXbOLcaWLRQV/ROGHU/2604.SGI), aQG ZHUH UHILQHG aQG SRSXOaUL]HG b\ PaQ\ SHRSOH LQ IROORZLQJ
ZRUN.  TKH\ ZRUN WUHPHQGRXVO\ ZHOO RQ a OaUJH YaULHW\ RI SURbOHPV, aQG aUH QRZ ZLGHO\ XVHG.

LSTMV aUH H[SOLcLWO\ GHVLJQHG WR aYRLG WKH ORQJ-WHUP GHSHQGHQc\ SURbOHP. RHPHPbHULQJ LQIRUPaWLRQ IRU ORQJ SHULRGV RI
WLPH LV SUacWLcaOO\ WKHLU GHIaXOW bHKaYLRU, QRW VRPHWKLQJ WKH\ VWUXJJOH WR OHaUQ!

AOO UHcXUUHQW QHXUaO QHWZRUNV KaYH WKH IRUP RI a cKaLQ RI UHSHaWLQJ PRGXOHV RI QHXUaO QHWZRUN. IQ VWaQGaUG RNNV, WKLV
UHSHaWLQJ PRGXOH ZLOO KaYH a YHU\ VLPSOH VWUXcWXUH, VXcK aV a VLQJOH WaQK Oa\HU.

The UeSeaWiQg PRdXOe iQ a VWaQdaUd RNN cRQWaiQV a ViQgOe Oa\eU.

LSTMV aOVR KaYH WKLV cKaLQ OLNH VWUXcWXUH, bXW WKH UHSHaWLQJ PRGXOH KaV a GLIIHUHQW VWUXcWXUH. IQVWHaG RI KaYLQJ a VLQJOH
QHXUaO QHWZRUN Oa\HU, WKHUH aUH IRXU, LQWHUacWLQJ LQ a YHU\ VSHcLaO Za\.

The UeSeaWiQg PRdXOe iQ aQ LSTM cRQWaiQV fRXU iQWeUacWiQg Oa\eUV.

DRQʑW ZRUU\ abRXW WKH GHWaLOV RI ZKaWʑV JRLQJ RQ. WHʑOO ZaON WKURXJK WKH LSTM GLaJUaP VWHS b\ VWHS OaWHU. FRU QRZ, OHWʑV
MXVW WU\ WR JHW cRPIRUWabOH ZLWK WKH QRWaWLRQ ZHʑOO bH XVLQJ.

1
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Step-by-Step LSTM Walk Through

• The first step is to decide what information we’re going to throw away from the cell 
memory state. 

• The decision is made by a sigmoid layer called the “forget gate layer”. 

• Looks at ht-1 and xt, and outputs a number between 0 and 1 for each number in the cell 
memory state Ct-1.  

• A 1 represents “completely keep this” while a 0 represents “completely get rid of this.”
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Letʑs go back to our example of a language model tr\ing to predict the next word based on all the previous ones. In such a
problem, the cell state might include the gender of the present subject, so that the correct pronouns can be used. When we
see a new subject, we want to forget the gender of the old subject.

The next step is to decide what new information weʑre going to store in the cell state. This has two parts. First, a sigmoid
la\er called the ʔinput gate la\erʕ decides which values weʑll update. Next, a tanh la\er creates a vector of new candidate
values, , that could be added to the state. In the next step, weʑll combine these two to create an update to the state.

In the example of our language model, weʑd want to add the gender of the new subject to the cell state, to replace the old
one weʑre forgetting.

Itʑs now time to update the old cell state, , into the new cell state . The previous steps alread\ decided what to do, we
just need to actuall\ do it.

We multipl\ the old state b\ , forgetting the things we decided to forget earlier. Then we add . This is the new
candidate values, scaled b\ how much we decided to update each state value.

In the case of the language model, this is where weʑd actuall\ drop the information about the old subjectʑs gender and add
the new information, as we decided in the previous steps.



Step-by-Step LSTM Walk Through
• The second step is to decide what new information we’re going to store in the cell 

memory state. 

• A sigmoid layer called the “input gate layer” decides which values we’ll update. 

• A tanh layer creates a vector of new candidate values, that could be added to the state. 

• Next, we combine these two to create an update to the state.
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Step-by-Step LSTM Walk Through

• Now, update the old cell state,  into the new cell state     . 

• Multiply the old state by ft, forgetting the things we decided to forget earlier. 

• Add the new candidate values  , scaled by how much we decide to update each state 
value.
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Step-by-Step LSTM Walk Through

• Finally, decide what we’re going to output. 

• Run a sigmoid layer which decides what parts of the cell state we’re going to output. 

• Put the cell state through tanh (to push the values to between -1 and 1) and multiply it by 
the output of the sigmoid gate, so that we only output the parts we decide to.
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FLQaOO\, Ze Qeed WR decLde ZKaW ZeʑUe gRLQg WR RXWSXW. TKLV RXWSXW ZLOO be baVed RQ RXU ceOO VWaWe, bXW ZLOO be a fLOWeUed
YeUVLRQ. FLUVW, Ze UXQ a VLgPRLd Oa\eU ZKLcK decLdeV ZKaW SaUWV Rf WKe ceOO VWaWe ZeʑUe gRLQg WR RXWSXW. TKeQ, Ze SXW WKe ceOO
VWaWe WKURXgK  (WR SXVK WKe YaOXeV WR be beWZeeQ  aQd ) aQd PXOWLSO\ LW b\ WKe RXWSXW Rf WKe VLgPRLd gaWe, VR WKaW Ze
RQO\ RXWSXW WKe SaUWV Ze decLded WR.

FRU WKe OaQgXage PRdeO e[aPSOe, VLQce LW MXVW VaZ a VXbMecW, LW PLgKW ZaQW WR RXWSXW LQfRUPaWLRQ UeOeYaQW WR a YeUb, LQ caVe
WKaWʑV ZKaW LV cRPLQg Qe[W. FRU e[aPSOe, LW PLgKW RXWSXW ZKeWKeU WKe VXbMecW LV VLQgXOaU RU SOXUaO, VR WKaW Ze NQRZ ZKaW
fRUP a YeUb VKRXOd be cRQMXgaWed LQWR Lf WKaWʑV ZKaW fROORZV Qe[W.

VarianWs on Long ShorW Term Memor\

WKaW IʑYe deVcULbed VR faU LV a SUeWW\ QRUPaO LSTM. BXW QRW aOO LSTMV aUe WKe VaPe aV WKe abRYe. IQ facW, LW VeePV OLNe
aOPRVW eYeU\ SaSeU LQYROYLQg LSTMV XVeV a VOLgKWO\ dLffeUeQW YeUVLRQ. TKe dLffeUeQceV aUe PLQRU, bXW LWʑV ZRUWK PeQWLRQLQg
VRPe Rf WKeP.

OQe SRSXOaU LSTM YaULaQW, LQWURdXced b\ GeUV & ScKPLdKXbeU (2000) (fWS://fWS.LdVLa.cK/SXb/MXeUgeQ/TLPeCRXQW-
IJCNN2000.Sdf), LV addLQg ʔSeeSKROe cRQQecWLRQV.ʕ TKLV PeaQV WKaW Ze OeW WKe gaWe Oa\eUV ORRN aW WKe ceOO VWaWe.

TKe abRYe dLagUaP addV SeeSKROeV WR aOO WKe gaWeV, bXW PaQ\ SaSeUV ZLOO gLYe VRPe SeeSKROeV aQd QRW RWKeUV.

AQRWKeU YaULaWLRQ LV WR XVe cRXSOed fRUgeW aQd LQSXW gaWeV. IQVWead Rf VeSaUaWeO\ decLdLQg ZKaW WR fRUgeW aQd ZKaW Ze VKRXOd
add QeZ LQfRUPaWLRQ WR, Ze PaNe WKRVe decLVLRQV WRgeWKeU. We RQO\ fRUgeW ZKeQ ZeʑUe gRLQg WR LQSXW VRPeWKLQg LQ LWV SOace.
We RQO\ LQSXW QeZ YaOXeV WR WKe VWaWe ZKeQ Ze fRUgeW VRPeWKLQg ROdeU.
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