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Demand Prediction
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Face recognition

output layer

L — probability of being
person ‘XYZ’

source: Convolutional Deep Belief Networks for Scalable Unsupervised Learning of Hierarchical Representations
by Honglak Lee, Roger Grosse, Ranganath Andrew Y. Ng




Car classification

output layer

— probability of
car detected

actvdtionsS are
s higher (eve| features

source: Convolutional Deep Belief Networks for Scalable Unsupervised Learning of Hierarchical Representations
by Honglak Lee, Roger Grosse, Ranganath Andrew Y. Ng
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Neural network layer

g(z) = 1+e-@

-\ a scalar
g value

Neural network layer
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Handwritten digit recognition
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import numpy as np
import tensorflow as tf

e e e Building a neural network architecture

Dense
1
X = np.array([[200.0, 17.01]) d\ =5 nodel = Sequential ([
layer 1 = Dense(units=3 =™ ) ivation="sienoid"
yer_ ’ ~> Dense(units=3, activation="signoid"),
~> Dense(units=1, activation="sigmoid")])

activation='sigmoid')
al = layer 1(x)

layer 2 = Dense(units=1, X = np.array([[200.0, 17.0),
activation='sigmoid') (120.0, 58], 4y
a2 = layer 2(al) [425.0, 20.0],
— [212.0, 18.0]])

if a2 > 0.5: fargets y = np.array([1,0,0,1])

3.I_hat -t nodel.compile(...) & more abut this next week|
else: bbb '

y _hat = 0 model. fit(x,y)

print(£f"y hat: {y_hat}") =5 model. predict (x_new) ¢

a, g(\\‘l!‘ -altl + hg‘):)
~>w2_1 = np.array([-7, 8, 9])
~2>b2_1 = np.array([3])
~—>22_1 = np.dot(w2_1,al)+b2_1
—>a2_1 = sigmoid(z2_1)

(2} w2_1
. O

¥
np.array([200, 17]) 1D arrays

alil g -5+ 5 ol g3+ BT alfle gl 5 + b

wl_1 = np.array([1, 2]) wl_2 = np.array([-3, 4]) wl_3 = np.array([5, -6])
bl_1 = np.array([-1]) bl_2 = np.array([1]) b1_3 = np.array([2])
z1_1 = np.dot(wl_1,x)+b1_1 21 2 = np.dot(wl_2,x)+b1_2 z1_3 = np.dot(wl_3,x)+b1_3
al_1 = sigmoid(z1_1) jral_z sigmoid(z1_2) v,f-a1_3 sigmoid(z1_3)

~

al = np.array([al_1, al_2, al_3])



;» Forward prop in NumPy

P~

[ 1
W, J b, ‘

all

def dense(a_in,W,b): def sequential(x):
2 units = W.shape[1] [g,0,0] Ofﬂ‘ 1,= dense(x,W1,bl)
a_out = np.zeros(units) (41 a2 = dense(al,W2,b2)
1 _ [-3 _ for j in range(units):0, 1,2 @ a3 =dense(a2,u3,b3)

w {

S la : = W[:,7] a4 = dense(a3,W4,ba)

= np.dot(w,a_in) + b[j] f x = a4
_out[j] = g(z) return f_x
return a_out W

0 1 i Note: g() is defined outside of dense().
-1 b, =1 by =2 (see optional lab for details)

b = np.array([-1, 1, 2])

cari‘hd W refets 10 a matrx

a_in = np.array([-2, 4])
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https://colab.research.google.com/drive/1hHemUJ3s-m8jnZ4jlawQ2C2XKZbwAUKX?usp=sharing
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Train a Neural Network in TensorFlow

import tensorflow as tf

15 units
25 units

Given set of (x,y) examples

How to build and train this in code?

®

specify how to
compute output
given input x and
parameters w,b
(define model)

fuip(X) =7

@ specify loss and cost

L(fwp®),¥) ) 1 example

1 m > )
60 =2D Waa@®)y®)

@ Train on data to
minimize /(w, b)

from tensorflow.keras import Sequential

from tensorflow.keras.layers import Dense
Cd

model = Sequential ([ @

Dense (units=25, activation='sigmoid’),

Dense (units=15, activation='sigmoid’),
) —

Dense (units=1, activation='sigmoid’),
It S ——

from tensorflow.keras.losses import

BinaryCrossentropy
| e d D ALAL LA I 95) 0

model.complle({SiizBlnaryCrossentropy()) (é;

model. fit (X, Y,epochs=100)
—

logistic regression

= np.dot(w,x)+ b

= 1/ (1l+np.exp(-2))

logistic loss

loss = -y * np.log(f_x)
-(1-y) * np.log(l-f x)

= w - alpha * dj_dw
= b - alpha * dj_db

epochs

number of steps
wm 3raa\:n+ descent

Model Training Steps enser Flow

neural network

model = Sequential ([
Dense(...)

Dense(...)

Dense(...) n

binary cross entropy

model.compile (
loss=BinaryCrossentropy())

model.fit (X,y,epochs=100)
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| # Step 1: Specify the model

model = Sequential([

Dense(units=25, activation="'sigmoid’),
Dense(units=15, activation="'sigmoid’),

Dense(units=1, activation="'sigmoid')

)

# Step 2: Specify the loss
model.compile(loss=BinaryCrossentropy())

# Step 3: Train
| model.fit(X, y, epochs=100)

Loss Punckiow ¢ moagures hew wrong 460 medel is om o Siggle
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model = Sequential([

Dense(units=25, activation="relu’),

Dense(units=15, activation="relu’),
Dense(units=10, activation='linear') # 10 classes

)

model.compile(loss=SparseCategoricalCrossentropy(from_

logits=True))

Mote: wsing Unear owtivoti™ s the dutput ond

)
—logite = True 1 e logs IS Numericouly Mt Stable

Lompuiing SoLAmaw Spacattly - The [0 function hawdles borth
(N—w\r\m,\?j-

Less Stadole  ompures  aoptmox taen [pg Sepacoly )

Dense(units=10, activation="'softmax')
loss=SparseCategoricalCrossentropy()




logits = model(X)
probabilities = tf.nn.softmax(logits)

model.compile(
optimizer=Adam(learning_rate=0.001),
loss=BinaryCrossentropy()

Gradient Descent MNIST Adam

= [ 3 !
wj=w, — aa_”](\\" b) model = Sequential([

learning rate

~\
/

/,’}\" n
[ T
@ﬁﬁ J(wW, b) ,: J(W, b)

“Adam

maw\‘rhm Wy model. fit (X, Y, epochs=100)
Go faster - increase o Go slower - decrease o

Wy start
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import tensorflow as tf

from tensorflow.keras.models import Sequential
from tensorflow.keras.layers import Dense

from tensorflow.keras.losses import
BinaryCrossentropy

from tensorflow.keras.optimizers import Adam

# 1. Specify the model

model = Sequential([
Dense(units=25, activation="'relu’),
Dense(units=15, activation="'relu’),
Dense(units=1, activation="'sigmoid')

)

# 2. Specify the loss

model.compile(
optimizer=Adam(learning_rate=0.001),
loss=BinaryCrossentropy(),
metrics=['accuracy']

)

# 3. Train
model.fit(X_train, y_train, epochs=100,
validation_data=(X_val, y_val))

# 4. Predict
predictions = model.predict(X_test)
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model = Sequential(]
Dense(units=64, activation="relu’),
Dense(units=32, activation="relu’),
Dense(units=K, activation="'sigmoid') # K sigmoid
~outputs, not softmax

)
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model.compile(
optimizer=Adam(learning_rate=0.001),
loss=BinaryCrossentropy(),
metrics=['accuracy']

Neural Network
2 T

AD «—>

/c,cvr\vo\ vtional layer |

)
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Diagnosing bias and variance

How do you tell if your algorithm has a bias or variance problem?

High bias (underfit)
—>  Jerain Will be high
(Jerain = Jov)

size size High variance (overfit)

size .
X) = wyx fain(®) = wix + wyx? Fain () = wix + wyx? /Jew (W, b) —> oo 2 Jtrain P
+b +b w3 +wext +b (Jerain May be low)
—>  High bias “Just right" High variance

(underfit) (overfit)

1 is low W, b =2 Jurain Will be high
Jerain(W, b) and [jSSsym

fan(

High bias and high variance

degree of polynomial
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Quick reference table

Symptom Diagnosis ‘What to try
High train error, high valerror  High bias Bigger model, more features, less regularization
Low train error, high val error High variance  More data, fewer features, more regularization

Both low Healthy Done, possibly try a smaller model for efficiency



Neural networks and bias variance Neural networks and regularization

Large neural networks are low bias machines
_b@ i i |
1 unit

0 units 10 units .
30 units 30 units 30 units

3 layers 4 layers
Bigger network More data 'i

GPU A large neural network will usually do as well or better than a
smaller one so long as regularization is chosen appropriately.

Neural network regularization

R IR |
JWB) =2 ) LIED)Y©) +70) (w?)

all weights W
NN

Unregularized MNIST model
layer 1 = Dense(units=25, activation="relu")
layer 2 = Dense(units=15, activation="relu")
layer 3 = Dense(units=1, activation="sigmoid")
model = Sequential([layer_ 1, layer 2, layer 3])
Regularized MNIST model
layer 1 = Dense(units=25, activation="relu”, kernel_regularizer=L2(0.01)
layer 2 Dense (units=15, activation="relu”, kernel regularizer=L2(0.01)
layer 3 Dense (units=1, activation="sigmoid”, kernel regularizer=L2(0.01))

model = Sequential ([layer_ 1, layer 2, layer_3])




High bias

fwp(x) =wix +b

b)
human level
penformance

m (training set size)

if a learning algorithm suffers from high bias,
getting more training data will not (by itself)
help much.

ngh Var|ance Faip(®) = wix + wox? + wax® + wyxt + b
(with small 1)

Jev(W, b)

human level
pcnformnnce

Jerain(W, b)
m (training set size)

If a learning algorithm suffers from high variance,
getting more training data is likely to help.
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Iterative loop of ML development

Choose architecture
(model data, etc.)

Diagnostics
(bias, variance and
error analysis)
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Artificial data synthesis for photo OCR
Mcwmnglh RS @R e EEE
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Real data Synthetic data



Transfer learning

fine tuning
‘-) <

nly train output layers parameters.

wis! 5SS
2 10°0Utput units

detects detects detects
edges corners curves/basic shapes

w212

Curves / basic shapes




Full cycle of a machine learning project

Scope . Collect
project data

/—' Define project/’Define and }

collect data

Deployment

Inference server API call (x) Mobile app

— Software engineering may be needed for:
Ensure reliable and efficient predictions
Scaling
Logging
System monitoring operat
Model updates




Bias
Hiring tool that discriminates against women.

Facial recognition system matching dark skinned
individuals to criminal mugshots.

Biased bank loan approvals.

Toxic effect of reinforcing negative stereotypes.

Adverse use cases
Deepfakes

Spreading toxic/incendiary speech through optimizing for
engagement.

Generating fake content for commercial or political purposes.

Using ML to build harmful products, commit fraud etc.
Spam vs anti-spam : fraud vs anti-fraud.

Guidelines
Get a diverse team to brainstorm things that might go
wrong, with emphasis on possible harm to vulnerable groups.

Carry out literature search on standards/guidelines for your
industry.

Audit systems against possible harm prior to deployment.

Train Deploy in
model production

/T\
Develop mitigation plan (if applicable), and after deployment,
monitor for possible harm.
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Decision Tree

New test example

¢ Toot node

Ly decision nodes

,

\ / \
\ Not round Present / \Absent
X

\

leaf nodes




Entropy as a measure of impurity

p, = fraction of examples that
are cats

po=1-p

H(py) = —p1logz(p1) — pologa(po)
= —p; log>(p1) — (1 — p1)log(1 —p1)

Note: “0log(0)" =0

p, = fraction of examples that

are cats b pi=0 H(p)=0

pi=2/6 H(p) =092 €—
pi=3/6 HE)=1
p1=5/6 H(p,) =065 €

pi=6/6 H(p)=0




Choosing a split

1(05) =1

pi="4;=057 p = pi=3/y=075 p= 2
H(057)=099  H(033) =092 H(075) = 081 H(033) = 0.92
4 6
H(05) ~ GH075) + 5H033))
75
o2s




Decision Tree Learning Recursive splitting

« Start with all examples at the root node
« Calculate information gain for all possible features, and pick the one with
the highest information gain
« Split dataset according to selected feature, and create left and right
branches of the tree
« Keep repeating splitting process until stopping criteria is met:
+ When a node is 100% one class
« When splitting a node will result in the tree exceeding a maximum
depth

Recursive algorithm

« Information gain from additional splits is less than threshold
+ When number of examples in a node is below a threshold

build_tree(node):
if stopping condition is met:
return leaf with majority class

best_feature = feature with highest information gain
split the node on best_feature

for each child node:
build_tree(child)



Features with three possible values One hot encoding

Ear shape () | Face shape (x;) Whiskers (x;) Ear-shape | Pointy ears | Floppy ears | Oval ears Face shape Whiskers
Pointy & Round Present Round Present

Oval

oval &

Not round Present Not round Present

Round Absent Round Absent
Pointy Not round Present

oval

Not round Present
Round Present Round Present
Round Absent

Not round Absent

Floppy &
oval

Not round Absent
Round Absent Round Absent
Floppy Round Absent

Floppy

Round Absent

§§sfisfissd

|

Round Absent Round Absent

3 possible values




Splitting on a continuous variable

Cat

Not Cat K X ox X . Weight (lbs.)
8 20

10 12 14 16 18

B {2 2 8  /3\)
H[()_Slf(m”\‘j,+m”\g‘l‘*112-1




Regression with Decision Trees Choosing a split

w51 - (5

:xmk

147 +35+21.87)




Tree ensemble

New test example

Prediction: Cat Prediction: Not cat Prediction: Cat




Generating a tree sample
Given training set of size m

Forb=1t® = Gt ~ 11D ‘FV"'B
Use sampling with replacement to create a new training set of size m
Train a decision tree on the new dataset

Bagged decision tree




from xgboost import XGBClassifier
model = XGBClassifier()
model.fit(X_train, y_train)
predictions = model.predict(X_test)

Boosted trees intuition Using XGBoost

Given training set of size m Classification

Forb =1to B:
Use sampling with replacement to create a new training set of size m
3 1 C r f L T

—from xg st import XGBClassifier

F ual T
—smodel = XGBClassifier()

Train a decision tree on the new dataset
152,...,b-2 N —model.fit(X_train, y train)
2 . L
b —y_pred = model.predict(X_test)
-

<«
«

Regression
from xgboost import XGBRegressor
model = XGBRegressor ()

model.fit(X_train, y_train)
y_pred = model.predict(X_test)
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