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C{|O|E{ =H| (DATA PREPARATION)
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C{|O|E{ =H| (DATA PREPARATION)

3) Categorical encoding: , and

3-1) Label encoding: 20| 50| =AIE o= 20|22 &4
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C{|O|E{ =H| (DATA PREPARATION)

3) Categorical encoding: , and

3-2) One-hot encoding: |31|0|E1°| ALd 3 =AHEE §I017| ?I5H StLtel
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Actual Color Is Red? IsBlue? Is Green?

Red 1 0 0

Green 0 0 1

Blue 0 1 0

Green 0 0 1



C{|O|E{ =H| (DATA PREPARATION)
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data = [(1, 3), (2, 5)]
m -1
b 5

def get_mse(data, m, b):
"""Calculates Mean Square Error
n = len(data)
squared_error = ©
for x, y in data:
# Find predicted y
y_hat = m*x+b
# Square difference between
# prediction and true value
squared_error += (
y - y_hat)**2
0 2 4 # Get average squared difference
mse = squared_error / n
return mse
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S E|0}O| X (OPTIMIZERS)

=4 - ZHE FE|Or0| X e Adam
Loss - Momentum Optimizer

//O

» Adagrad
* RMSprop
* SGD
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Detour: Deep Learning

1. I EE > decision boundary

A / Assuming simple perceptrons:
k output = 1if ¥, wix; + b; = 0, else 0
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Detour: Deep Learning

2. More complex decision boundary (not linearly separable)
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et (ACTIVATION FUNCTIONS)
Sigmoid(A L 20| =)

o _Jwx+bifwx+b>0 5 = 1
Y 0 otherwise 1 + e~ (wx+b)

. Start with line
ach input # Only return result # start with line
g linear = wx + b

ght Qw} and # if total is positive # Warp to - inf to @
ept (b) linear = wx+b inf_to_zero = np.exp(-1 * linear)

y_hat = linear * (linear > 0) # Squish to -1 to 1
- y_hat =1 / (1 + inf_to_zero)

# Multiply
# with a we

i
# add intercs
y _hat = wx+b

10 10 1
5 5
0 0 0.5
-5 -5
-10 -10 0
-10 -5 0 5 10 -10 -5 0 5 10 -10 -5 0 5 10
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293} 4= (ACTIVATION FUNCTIONS)
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2943} 4= (ACTIVATION FUNCTIONS)

Linear (%) Sigmoid(A| 120|E)

yz{wx+bifwx+b>0 o _ 1

0 otherwise Y = 1 + e~ (wx+b)

# Start with line
linear = wx + b

# Multiply each input # Only return result

# with a weight (w) and # if total is positive # Warp to - inf to @

# add intercept (b) linear = wx+b inf_to_zero = np.exp(-1 * linear)

y_hat = wx+b y hat = linear * (]_j_near\ S @) # Squish to -1 to 1
- y_hat =1 / (1 + inf_to_zero)
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0 0 0.5
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-10 -10 0
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2943} 4= (ACTIVATION FUNCTIONS)

Linear(M &)

y=wx+b

# Multiply each input

# with a weight (w) and
# add intercept (b)
y hat = wx+b
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2943} 4= (ACTIVATION FUNCTIONS)
Sigmoid(A| 120)=)

yz{wx+bifwx+b>0 o _ 1

0 otherwise Y = 1 + e~ (wx+b)

# Start with line
linear = wx + b

# Multiply each input # Only return result

# with a weight (w) and # if total is positive # Warp to - inf to @

# add intercept (b) linear = wx+b inf_to_zero = np.exp(-1 * linear)

y_hat = wx+b y hat = linear * (]_j_near\ S @) # Squish to -1 to 1
- y_hat =1 / (1 + inf_to_zero)
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2943} 4= (ACTIVATION FUNCTIONS)
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Ezfo]'d H|o|E{e} HF C|O|E H]iu

27| 2| (Avoid memorizatlon)

Egj0|d H|O|H (Training data)

« St 50l OF Sf=

Dol HOHME

3 HIO|E (Validation data)
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Ezfo]'d H|o|E{e} HF C|O|E H]iu

27| 2| (Avoid memorizatlon)

Egj0|d H|O|H (Training data)
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SR

1) Bias-Variance Decomposition

Low Variance High Variance

) ] Correct
2) Bias-Variance Trade-off prediction

Low bias:
predicted well

Low Bias

Low variance:

- Overfittingdl Bias-Variance trade-off/} Stable

Ot *F74I7f U=

High Bias


https://ratsgo.github.io/machine learning/2017/05/19/biasvar/
http://scott.fortmann-roe.com/docs/BiasVariance.html
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MSE VS. CROSS-ENTROPY

- Regression —» MSE

- Classification — Cross-entropy
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MSE = —3i1(y —9)* =~ Xi-1(y — (mx + b))*

MSE = %((3 — (m@) +b)? + (5 — (Mm(2) +b))?

OMSE OMSE

W=9m+5b—23 W=5m+3b—13
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Filled Contours Plot
Loss Curve
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=4 2 M (THE LOSS CURVE)

Filled Contours Plot
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A =M (THE LOSS CURVE)

Filled Contours Plot
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J=2A AEZI| (CROSS ENTROPY)

4
A2 A QlE 21|
3 (CROSS ENTROPY)
. ok & o=
6
1
4
0 < 2
1 2 3 4|
0
S5283%98K88
-2 O 0o oo oo o -
Sorel 2tE
e=m| 0ss if True === oss if False
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J=2A AEZI| (CROSS ENTROPY)

/ A2 A QlE 21|
3 (CROSS ENTROPY)
2 orekd = o=
6
1
4
0 W,
0 1 2 3 4 W
0
85 RLI RIS
Loss = —(t(x) - log(p(x) + (1 — t(x)) - log(1 — p(x))) 21 S5 S50 S S S~
oge 28
t(x) = target (1if True,0if False) «==| 0ss if True ===Loss if False

p(x) = probability prediction of point x
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J=2A AEZI| (CROSS ENTROPY)

4
A2A HE Z1|
: (CROSS ENTROPY)
2 mHet 3 ol %
6
1
4
0 ol
4 2
0 1 2 3 4
0
O «— 1IN O 1N O 1N O O
def cross_entropy(y_hat, y_actual): 2 ©c oo o oo oo -
"""Infinite error for misplaced confidence.""" Stote| o2

loss = log(y hat) if y actual else log(l-y hat) _
return -1*loss e=L0sS i

—

rue === oss if False
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