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LSTM Networks Introduction
By Jason Brownlee
“Long Short-Term Memory Networks With Python, Develop 
Sequence Prediction Models With Deep Learning, 2019.
https://machinelearningmastery.com/lstms-with-python/ 

3

Sequence Prediction
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Sequence Prediction Problems
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Limitations of Multilayer Perceptrons
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LSTM Networks
• The Long Short-Term Memory (LSTM) network is a type of Recurrent 

Neural Network.

• Recurrent Neural Networks (RNN) are a special type of neural network 
designed for sequence problems. 

• Given a standard feedforward MLP network, an RNN can be thought of as 
the addition of loops to the architecture. 

• The recurrent connections add state or memory to the network and allow 
it to learn and harness the ordered nature of observations within input 
sequences.

7

LSTM Network

•Computational element of the LSTM network 
is called the memory block or memory cell 
(or just cell for short).
•Computationally (internal to the LSTM class), 
an LSTM layer can be viewed as consisting of 
the set of unrolled (i.e., recurrently 
connected) cells.
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LSTM Weights, LSTM Gates
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Unrolling Recurrent Neural Networks
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Simple RNN Unfolding the Forward Pass
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Models for Sequence Prediction
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Cardinality of the 
sequence prediction 
models defined here 
refers to time steps,
not features.

Mapping Applications to Models
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Mapping Applications to Models
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Example: Echo Sequence Prediction Problem
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Example: Define the model

• We will work with sequence length 5 integers 

• Number of features to 10 (e.g., 0-9). 

• The model must specify the expected dimensionality of the input 
data. In this case, in terms of time steps (5) and features (10). 

• We will use a single hidden layer LSTM with 25 (memory) units, 
chosen with a little trial and error.

• The output layer is a fully connected layer (Dense) with 10 neurons 
for the 10 possible integers that may be output. A softmax activation 
function is used on the output layer to allow the network to learn 
and output the distribution over the possible output values.
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Understanding LSTM Networks
By Christopher Olah
https://colah.github.io/about.html
https://colah.github.io/posts/2015-08-Understanding-LSTMs/ 
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• A recurrent neural network can be thought of as multiple copies of 
the same network, each passing a message to a successor. Consider 
what happens if we unroll the loop:

• In practice, RNNs have a hard time learning/handling “long-term 
dependencies.”

• LSTMs do not have this problem.

RNNs have loops!

LSTM Networks

• Long Short Term Memory networks (LSTMs): are a special kind of 
RNN, capable of learning long-term dependencies. 

• Introduced by Hochreiter & Schmidhuber (1997)

• RNNs have the form of a chain of repeating modules of neural network 
- this repeating module will have a very simple structure, such as a 
single tanh layer.

• LSTMs also have this chain like structure, but the repeating module 
has a different structure. Instead of having a single neural network 
layer, there are four, interacting in a very special way.
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Notes:
--These figures can be easily misleading  
--Keep in mind that these diagrams are 
unrolled – as a way to visually explain 
what the RNN/LSTM network “A” does!
--They are not separate concurrently 
existing cells. This illustrates “internal” 
loop calculations.

Core Idea Behind LSTMs

• The key to LSTMs is the cell state, the horizontal line running through the top 
of the diagram.

• LSTM does have the ability to remove or add information to the cell state, 
carefully regulated by structures called gates.

• Gates are a way to optionally let information through. They are composed out 
of a sigmoid neural net layer and a pointwise multiplication operation.
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Many Variants of LSTM Network
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Additional Insights into LSTM Networks
Based on discussions from: Jiyang Wang, Raimi Karim
https://zhuanlan.zhihu.com/p/58854907
https://medium.com/data-science/counting-no-of-parameters-in-deep-
learning-models-by-hand-8f1716241889 
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What is “units” in Keras?
• From Keras documentation at: https://keras.io/api/layers/recurrent_layers/lstm/ 
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What “units” or “latent_dim” is not
• “units” = “dimensionality of the output space” may be misleading

• Can mistakenly be thought of as number of (unrolled) units in an RNN model or network. 
It is not. If it were correct, “units” should be equal to the number of timesteps of the 
input sequence, Tx, but it is not.

• “units” is not the length of input vector x, nor is the timesteps Tx. 
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--Keep in mind that there 
is only one RNN cell 
created by the code.
--RNN operations are 
repeated by Tx times by 
the class itself
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Input to LSTM

• Input of the LSTM is always is a 3D array: 
• (batch_size, time_steps, seq_len)

• Example in Keras:
• model = keras.models.Sequential()

• model.add(keras.layers.LSTM(units=3, input_shape=(2,10)))

• Though it looks like that input_shape requires a 2D array, it actually 
requires a 3D array. Here, you can give any size for a batch.

• We can give a fixed batch size like this: 
• model = keras.models.Sequential()

• model.add(keras.layers.LSTM(units=3, batch_input_shape=(8,2,10)))

35

• There appear to be multiple LSTM units, but, they are just used to 
illustrate more clearly what is going on between timesteps.
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Verification

37

We can conclude that “units” = “dimensionality of the output 
space” in the Keras documentation - refers to the dimension 
of hidden state vector a that is the state output from RNN 
cell.

We can see that shape of the output of LSTM layer is (None, 30, 64)
• “None” is the batch dimension for the number of samples
• Tx=30 is the timesteps
• N_x=3 is the number of input features
• N_s=64 is the length of state vector, n_s, which is assigned as the 

1st argument of LSTM class. That is is the number of “units”.
We do not explicitly assign the number of timesteps in the definition 
of LSTM layer, but LSTM layer knows how many times it should 
repeat itself once it is applied to input X that has Tx in its shape.

Abstraction of LSTM Cell
• Abstracting is a way to handle complexity. The visual representation of one copy 

of the LSTM cell may be misleading too because it is abstracted too much. 

• When looking at this LSTM Cell representation, remember:
• Input Xt gets concatenated with the hidden state and then fed inside into four NNs 

with a single layer each, and, we have a number of “units” or “neurons” per layer! 

• See next slide.
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Details of 
LSTM Cell / 
Module / 
Block / Unit

--This Cell is repeated 
during “unrolling for sake 
of internal calculations by 
class”.
--It contains four
interacting layers

This is an LSTM layer or cell with 
2 hidden units (in each of its 4 NNs) 
and input dimension 3

NOTE: We can see that basically, LSTM layer 
is a feed-forward network with some more 
Hadamard products and matrix operations

Remember

40

LSTM Layer = LSTM cell Just a way to visually explain the inner workings of an LSTM cell.
Number of unrolls is given indirectly by Tx (class, inside its implementation, 
will know to repeat/roll Tx times). Tx is the num_time_steps. That is how 
many times internally calculations are rolling. 

Tx = t+1

Number of units is 
often selected by 
trial and error to see 
what works better.
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PART 2
Code Time!

Code Time
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•See demonstration and discussion in class.

•See also links in the “Code Examples” for this 
Lecture.
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Conclusion
Takeaways
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