experience
what'’s inside”

TIME SERIES 501

Lesson 8: Time Series through Deep Learning



Learning Objectives

You will be able to do the following:

Explain why deep learning is useful for time-series forecasting.

|ldentify pros and cons of the deep-learning approach.

Describe how time series can be modeled using recurrent neural networks
(RNNs).

Describe how long short-term memory units (LSTM) can improve on

simple RNNSs.

Use Python* and Keras to create deep-learning models for time series.




Why Deep Learning?

Neural networks offer several benefits over
traditional time series forecasting models: 21

Stationary TS

= Automatically learn how to incorporate series 1
characteristics like trend, seasonality, and
autocorrelation into predictions.

series

= Able to capture very complex patterns.

= Can simultaneously model many related series

instead of treating each separately. 5 %0 20 60 80

time
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Why Not Deep Learning?

Neural network benefits don't come for

free. . Stationary TS
= Models can be complicated to build. 1
= Models are computationally expensive to build g 0

(GPUs help accelerate training). N

= |tis very challenging to explain / interpret the
predictions made by the model (“black box").
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= Tends to perform best with large training time
datasets.




What Is an RNN?

Recurrent neural networks map a sequence of inputs to predicted output(s).
= Most common format is many-to-one, which maps an input sequence to one output value
» |nput at each time step is used to sequentially update the RNN cell’'s hidden state or memory.

= After processing of the input sequence, hidden state information is used to predict the output.

RNN RNN
cell cell
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Applying RNN to Time-Series Forecasting
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Applying RNN to Time-Series Forecasting
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Applying RNN to Time-Series Forecasting
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Sequential Information Flow Sequence: Step O
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Sequential Information Flow Sequence: Step 1

Hidden States

Time Series —
History

----------’

’-
N

\

i---




Sequential Information Flow Sequence: Step 2
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Sequential Information Flow Sequence: Step 3
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Sequential Information Flow Sequence: Step 4
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What's Going on under the Hood? (cont.)

RNNSs are often represented as a cycle, simplifying the diagram

» The same U and V are applied repeatedly to sequentially update the hidden state, using
the previous hidden state and the new input at each time step

1:out = Whout-l

c ﬁ h; = o (Ut + Vhi,)




Time series image — large number of timesteps

The Limitations of Simple RNNs  woprocess

Basic RNNs often struggle when processing
long input sequences 2

Stationary TS

= Mathematically difficult for RNNs to capture 1
long-term dependencies over many time steps

* Problem for time series, where sequences are
often hundreds of steps or more

= Long short-term memory networks (LSTMs)

can mitigate these issues with a better memory 5 20 20 60 80 160
system
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Recap: Time Series Many-to-One RNN

Use past time steps to forecast future time steps
» |nput: time series’ historical steps

= Qutput: time series’ next step

= Can forecast multiple time steps by adding previous predicted step to input sequence




What's Going on under the Hood?
RNN unit math:
= U, V,and W are trainable weight matrices, the h, are hidden states

» ¢ is the sigmoid activation function, and the weight matrices are applied as linear
transformations

h; = o(Ut; +Vhi,) tout = Wh

W
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What's Going on under the Hood? (cont. 2)

How do we obtain the weight matrices U, V, and W?

= When we train an RNN, we are actually finding weights via the
backpropagation algorithm.

» |n backpropagation, we repeatedly process the training data,
updating the weights in order to minimize a cost function.

= For time series forecasting, a typical cost function would be
mean squared error or a similar metric.

» Intuitively, we find values for U, V, and W that cause our
predicted outputs t, , to be as close to the true target values
as possible.




What Is a LSTM? (cont.)

Long short-term memory networks regulate information flow and memory
storage.

= LSTM cells share forget, input, and output gates that control how memory states are
updated and information is passed forward.

= At each time step, the input and current states determine the gate computations.
LSTM states Gating
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Choosing LSTM vs. RNN?

Always consider the problem at hand.
= |f sequences are many time steps long, an RNN may perform poorly.
= If training time is an issue, using a LSTM may be too cumbersome.

= Graphics processing units (GPUs) speed up all neural network training but are especially
recommended when training LSTMs on large datasets.

intel' Newsroom  Top News Sections ~  News By Category ~ LU EUER  Search News

newsfetease — RAJA KODURI JOINS INTEL AS CHIEF ARCHITECT T0 DRIVE

November 8, 2017

swemsasce  UNIFIED VISION ACROSS CORES AND VISUAL COMPUTING

Intel to Expand Strategy to Deliver High-End, Discrete Graphics Solutions

SANTA CLARA, Calif., Nov. 8, 2017 - Intel today announced the appointment of Raja Koduri
as Intel chief architect, senior vice president of the newly formed Core and Visual Computing

Group, and general manager of a new initiative to drive edge computing solutions. In this
position, Koduri will expand Intel’s leading position in integrated graphics for the PC market
with high-end discrete graphics solutions for a broad range of computing segments.
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Use Python and Keras to Construct RNNs and LSTMs
for Time-Series Forecasting

Next up is a look at building these neural networks in Python.

= See notebook entitled Introduction_to_Deep Learning_student.ipynb




Legal Notices and Disclaimers
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http://www.intel.com/
http://software.intel.com/en-us/articles/intel-sample-source-code-license-agreement/

What Is a LSTM?

Long short-term memory networks share RNNs' conceptual structure.

= LSTM cells have the same role as RNN cells in sequential processing of the input
sequence.

= LSTM cells are internally more complex, with gating mechanisms and two states —
a “hidden state” and a "cell state.”
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LSTM vs. RNN?

Are LSTMs always better than simple RNNs?

Stationary TS

= LSTMs are better suited for handling long-term
dependencies than RNNs 1

= However, they are much more complex, 0
requiring many more trainable weights

= The result is that they take longer to train
(slower backpropagation) and can be more
prone to overfitting
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Learning Objectives Recap

In this session you learned how to do the following:

« Explain why deep learning is used for time-series forecasting and some pros/cons.
* Describe how time series can be modeled using RNNs and LSTMs.

* Use Python to create these models.
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