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A Recurrent Neuron
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Defini/on and Use of RNN
Recurrent Neural Network is a feed-forward network that has an internal memory.

They are designed to effec;vely deal with sequen;al data, such as text. 

For making a decision, an RNN considers the current input and the output that it has learned 
from the previous input.

The internal state acts as (limited) memory.

3

Difference Between FFNets and RNNs
If using a a feed-forward neural network to process sequences:

The en;re sequence has to be presented.

This is problema;c because number of words in a sentence vary.

Addi;onally, it treats the input more like a bag of words.

It does not necessarily “perceive” the structure of the sentence.

Think ”Mary loves John,” vs. “John loves Mary.”
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Difference Between FFNets and RNNs
People read sentences word by word.

They keep prior words and the context in memory.

They update their understanding based on the new words encountered.

This is the basic idea of RNNs.

They iterate through the elements of input sequence while maintaining a internal “state”.

The internal state encodes everything it has seen so far. 

AdmiMedly, it is a fairly small state.
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Example of RNN Processing
Predic;ng next word. 

Consider the following text string: “A girl walked into a bar, and she said ‘Can I have a drink 
please?’

The bartender said ‘Certainly { }”

There are many op;ons for the next word, as indicated by the curly brackets.

It could be: “miss” or “ma’am.”

However, other words could also fit, such as: “sir” or “mister.”

In order to get the correct gender of the noun, the neural network needs to “recall” that two 
prior words designa;ng the likely gender (i.e. “girl” and “she”) were used.
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Unrolled RNN
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RNNs for NLP
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NLP with FFnet
Performing next word predic9on 
with a feed-forward network and 
word embeddings.

At each 9me step t, the network 
converts N context words, each to 
a d-dimensional embedding.

It concatenates the N embeddings 
together to obtain the Nd x 1 unit 
input vector x for the network. 

The output of the network is a 
probability distribu9on over the 
vocabulary.

Image source: Jurafsky & Mar3n, Speech and Language Processing. 3rd Ed., DraA of January 12, 2022. 
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Applica/ons of RNNs
RNNs can use their internal state (memory) to process variable length sequences 
of inputs.

RNNs are used in processing language and speed.

In language and speech, we have long sequences of inputs.
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RNNs in Detail
Let’s focus on the right part of the following image first.
It contains the vanilla feed-forward porCon of the RNN:
◦ input vector xt

◦ weight matrix W from input to 
    hidden layer units
◦ vector ht of the hidden 

    layer unit acCvaCons
◦ weight matrix V leading from the 

    hidden layer to output layer.
◦ output vector yt

Image source: Jurafsky & Mar3n, Speech and Language Processing. 3rd Ed., DraA of October 2, 2019. 
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RNNs in Detail
Now let’s focus on the leI porCon 
of the image.

It captures the recurrent nature of 
RNNs

ht-1 is the output of the hidden 
layer units at the prior Cme step.

U is the weight vector from the 
hidden layer units to themselves.

Image source: Jurafsky & Mar3n, Speech and Language Processing. 3rd Ed., DraA of October 2, 2019. 
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Calcula/ng Ac/va/ons

Image source: Jurafsky & Mar3n, Speech and Language Processing. 3rd Ed., Chapter 9, DraA of February 3, 2024. 
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Calcula/ons of 
new Hidden Values
for (int t = 0; t < seqLength; t++) {
  double[] hNew = new double[hiddenDim];    
  for (int i = 0; i < hiddenDim; i++) {
    double in = 0.0;
    for (int j = 0; j < inputDim; j++) {
      in += W[i][j] * x[t][j];
    }
   for (int k = 0; k < hiddenDim; k++) {
      in += U[i][k] * hPrev[k];
    }
    in += b[i]
    hNew[i] = g(in);
  }
  hPrev = hNew;  // Update for next time step
}
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Calcula/ons of 
new Output Values
for (int t = 0; t < seqLength; t++) {
  double[] y = new double[outputDim];
  for (int i = 0; i < outputDim; i++) {
    double in = 0.0;
    for (int j = 0; j < hiddenDim; j++) {
      in += V[i][j] * hNew[j];
    }
    in + by[i];
    }
  y[i] = f(in);
}
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Next word Predic/on
TexCng applicaCons and emailers aLempt to do next word predicCon. 

Not very well, because they have limited context.

Next word predicCon improves with the length of the context (and a 
corresponding size of the model.

Consider “Thanks for all the”

What word might follow?
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Next word Predic/on
How about “fish”? 

We would compute:  P(fish|Thanks for all the) 

Language models give us the ability to assign such a condiConal probability to 
every possible next word

In other words, they give us a distribuCon over the enCre vocabulary. 
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Autoregressive RNN
Used for text generaCon.

Called ”generaCve AI”

ChatGPT is considered an 
autoregressive model.

Image source: Speech and Language Processing. Daniel Jurafsky & James H. Mar3n. DraA of February 3, 2024. 
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Autoregressive RNN

1. Typically, the system starts with a seed.

2. In the diagram on the right, the system begins with a beginning of the sentence 
marker <s>

3. Next, sample a word in the output from the soImax distribuCon that results from 
using the beginning of sentence marker, <s>

4. Use the word as the input to the next Cme step, and sample the next word in the 
same fashion. 

5. ConCnue generaCng unCl the end of sentence marker, </s>, is sampled or a fixed 
length limit is reached. 

Image source: Speech and Language Processing. Daniel Jurafsky & James H. Mar3n. DraA of February 3, 2024. 
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Example

So  long  and  thanks  for
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Part-of-Speech (POS) Tagging with RNNs
POS tagging a sequence 
with a simple RNN

Pre-trained word-
embeddings serve as 
inputs.

A soImax layer provides 
probability distribuCon 
over the POS tags at each 
Cme step

Image source: Jurafsky & Mar3n, Speech and Language Processing. 3rd Ed., DraA of January 12, 2022. 
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Document Classifica/on with RNNs

This network processes a 
sequence of text and then 
classifies it.

It can be used for SPAM 
detecCon.

Image source: Jurafsky & Mar3n, Speech and Language Processing. 3rd Ed., DraA of October 2, 2019. 
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Training RNNs for Next Word Predic/on

Image source: Speech and Language Processing. Daniel Jurafsky & James H. Mar3n. DraA of February 3, 2024. 
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Logs
• Logs measures the accuracy of a model's predicted probabiliCes
• They heavily penalize confident wrong predicCons

Log(1) = 0 got it right, no error 

Log(0.5) = -0.3

Log(0.1) = -1

Log(0.01) = -2
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RNNs in Detail
The image on the right 
shows processing of three 
input sets, x1, x2 and x3.

The network is unrolled in 
Cme to show how the use 
of the hidden layer data.

Throughout training, the 
weight matrices U, V and W 
change.

Image source: Jurafsky & Mar3n, Speech and Language Processing. 3rd Ed., DraA of October 2, 2019. 
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RNNs in Detail
Learning in RNNs is through 
backpropagaCon.

Consider the upper right 
corner of the image on the 
right. 
t3 is the target vector and y3 is 
the actual output.
AdjusCng V is as with FF 
networks, i.e. it depends on 
the error or loss funcCon for 
t3 and y3.

Image source: Jurafsky & Mar3n, Speech and Language Processing. 3rd Ed., DraA of October 2, 2019. 
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RNNs in Detail
Adjus9ng U requires data from 
the errors at the output layer as 
well as the hidden layer.

This is shown by the red arrows 
into h2. 

There is a 9me offset though.

Looking at h2, we take the 
current error from t2-y2 and add 
to it the error from the 
succeeding 9me step, i.e. the 
one at h3.

Image source: Jurafsky & Mar3n, Speech and Language Processing. 3rd Ed., DraA of October 2, 2019. 
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Backpropaga/on through Time

• The backpropaga9on algorithm has to have access to the errors at the output layer 
as well as the errors at the hidden layer.
• The errors at the output layer can be calculated at each step and saved.
• The errors at the hidden layer cannot be calculated on the forward pass.
• The ac9va9ons of the hidden layer for each 9me step have to be saved.
• In the backpropaga9on phase, we process the saved data in reverse, compu9ng the 

errors for all nodes.
• No9ce that we addi9onally have to save the errors at the hidden layers for one 

9me step. 
• This approach is commonly referred to as backpropaga-on through -me.

Image source: Jurafsky & Mar3n, Speech and Language Processing. 3rd Ed., DraA of October 2, 2019. 
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Backpropaga/on through Time

• Conceptually, we are looping back through the network.
• However, these networks are typically not very large.
• We can simply store all of the intermediate results.
• Think of it as a network with many layers.
• Backpropaga9on s9ll needs to be going backwards, but it is very much like 

backpropaga9on for feed-forward networks. 

Image source: Jurafsky & Mar3n, Speech and Language Processing. 3rd Ed., DraA of October 2, 2019. 
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Stacked RNNs
A stacked RNN is a network 
in which the enCre 
sequence of outputs from 
one RNN as an input 
sequence to another one.

More weights, more 
paLerns. 

Image source: Speech and Language Processing. Daniel Jurafsky & James H. Mar3n. DraA of February 3, 2024. 
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Bidirec/onal RNNs
A bidirecConal RNN are two 
RNNs:
◦ one processes informa9on 

from beginning to end of a 
sentence and 

◦ the other from end to 
beginning.

The informa9on of both RNNs is 
then concatenated

Image source: Speech and Language Processing. Daniel Jurafsky & James H. Mar3n. DraA of February 3, 2024. 
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Bidirec/onal RNNs

The RNNs discussed so far use informaCon from the leI (prior) context to make its 
predicCons at Cme t. 

In many applicaCons we have access to the enCre input sequence.

In those cases, we would like to use words from the context to the right of t as well.

One way to do this is to run two separate RNNs, one leI-to-right, and one right-to-
leI, and then concatenate their representaCons. 

Image source: Speech and Language Processing. Daniel Jurafsky & James H. Mar3n. DraA of February 3, 2024. 
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Bidirec/onal RNN for Sequence 
Classifica/on
• The final state naturally reflects 

more informaCon about the end 
of the sentence than its beginning. 
• Simply combine the final hidden 

states from the forward and 
backward passes.
• BidirecConal RNNs have proven to 

be quite effecCve for sequence 
classificaCon. 

Image source: Speech and Language Processing. Daniel Jurafsky & James H. Mar3n. DraA of February 3, 2024. 
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