Deep Learning Explained




Module outline

Application:

Time series forecasting with 1OT data
Modlel.:

RECUITENCE

Long-short term vwemory cell

Co VLOCP’CS:
RecUrvence
LSTM
Dropout

Train-Test-Predict Workflow



Sequences (many to one)

Problem: Time series prediction with IOT data many tO one
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Sequences (many to many + 1:1)

Problem: Tagging entities in Air Traffic Controller (ATIS) data
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Forecasting

A *
y*=mx +b \
_g) . ymonday
=3 Y
ﬁ i A 4
S_\Ci del Day-1
§ ‘ Moaoe (history)
3
(/j) I
X i xmonday ysunday

Avernge day temperature
k (ln °F) /




Recurrence

X(t=1) X (t=2) X(t=z2) X (=9)
X (t) D nput (n-dimensional aw&%) attime t
Y (t) : Output (c-dimensional array) at time t
h(t) s lnkernal State [m-dimensional aw%] ot tlee t a.ke.a l/lf,SJCOY5
Input:
For numeric: Arvay of numerie values coming from different sensor
For an image: Pixels L an areay, Map the lmage pixels to a compact representation (s% n values)

For word in text: Represent words as a numerie vector using embeddings (wordvee or Glove)



Recurrence
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Recurrence (Vanishing Gradients)
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Forget gate

L=n+m
Olerxxiel:
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Time-series forecasting

Problem: Time series prediction with IOT data

Output
(Y: o x future prediction)

create model (x) :

~N

m = C.layers.Recurrence (C.layers.LSTM(TIMESTEPS) ) (x)

m = C.sequence.last (m)
m = C.layers.Dense (1) (m)
return m

J

nput feature
(X: n x 14 data pnts)
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Dropout

Problem:
Overfitting
Model works great with tratning data
With new data (unseen during training): high prediction ervor

Classical Approach:
L1/ L2 regularization
Data augmentation / tratn with notse adaded

Early stopping

Dropout
Extremely effective technique to tackle overfitting tn newral networks



Dropout
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Time-series forecasting

0T data:
v Output of a solar panel, measurements are recorded at every 20 min interval:

- solar.current: Current production tn Watts
- solar.total: Total production for the day so far in Watt/hour

Data Summary:
v Starting at a time in the day, two values are recorded

time,solar.current,solar.total
7am,6.3,1.7
/7:30am,44.3,11.4

v = years of data
v The lnput data is not cleansed Le., ervors (panel failed to veport) Ls lncluoled



Data pre-processing

Goal:
v Compose sequence sueh that each training tnstance would be:

- X = [solarcurent @t = 1 -t = 141 (t=1 - 14: corresponds to 1 day)
- Y = Predicted total production for a future 0(0[5

Pre-processing:
‘/S’CC‘PS:
- vead vaw data tnto a pandas dataframe,
normalize the data,
group by day,
append the columns "solar.curventmax" and "solar.total.max", and
generate the sequences for each day.

!

!

v pata filtering:
- If X has less thawn € data polnts - we skip
- 1T X has wore than 14 data points - we truncate



Time-series forecasting - M
14000 ip l,‘
Problem: Time series prediction with IOT data

Output Predict (Y*)

(Y: v x future prediction) I
Dense
\ J
z = create model (x): Dropout

m = C.layers.Recurrence (C.layers.LSTM(TIMESTEPS) ) (x)
m = C.sequence.last (m)

m = C.layers.Dropout (0.2) (m)
m = C.layers.Dense (1) (m) LSTM LSTM eee —— |STM
return m \ /
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Train / Validation Workflow

Data Sampler - Data Sampler
Features (x), Labels (Y) Features (x), Labels ()

Validate

Reporting Reporting

iterations

4

Model
final




96 saquLes

Train workflow
Inwput feature (96 x X (1))
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create model (x) :

m
m
m
m

= C.layers.Recurrence (C.layers.LSTM(H DIMS)) (x)
= C.sequence.last (m)

= C.layers.Dropout (0.2) (m)

= C.layers.Dense (1) (m)

return m

~N

Loss

Evrror

é )

squared_error (z,Y)

\ J
é )

squared_error (z,Y)
\ J

Trainer (model, (loss, evvor), Llearner)
Trainer.train minibatch ({X, Y1)

Learner
sgd, adagrad ete, are solvers to estimate



Test workflow

Data Sampler
Features (x), Labels (Y)

Model tratneol
final PArAMS

Reporting



Test workflow
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Prediction workflow

Modlel
(w, b)
nput feature

(new X: 1 x X (t))
{ & Bl - } j‘> [ Model.eval(new X) ]

Predicted value of the solar panel output (predicted_Label)

[5 wattg]



