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Reminders
� Homework 3:�KNN,�Perceptron,�Lin.Reg.

± Out:�Wed,�Feb.�05�(+�1�day)
± Due:�Fri,�Feb.�14�at�11:59pm

last possible moment to�submit HW3:�
Sun,�Feb.�16�at�11:59pm

� Exam 1�Practice Problems
± problems +�solutions released:�Wed,�Feb.�12

� Midterm Exam 1
± Tue,�Feb.�18,�7:00pm�– 9:00pm

� Today’s InǦClass Poll
± http://p9.mlcourse.org
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MIDTERM�EXAM�LOGISTICS
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Midterm�Exam
� Time�/�Location

± Time:�Evening�Exam
Tue,�Feb.�18,�7:00pm�– 9:00pm

± Room:�We�will�contact�each�student�individually�with your�room�
assignment.�The�rooms�are�not based�on�section.�

± Seats:�There�will�be�assigned�seats.�Please�arrive�early.�
± Please�watch�Piazza�carefully�for�announcements�regarding�room�/�seat�

assignments.
� Logistics

± Covered�material:�Lecture�1�– Lecture�8
± Format�of�questions:

� Multiple�choice
� True�/�False�(with�justification)
� Derivations
� Short�answers
� Interpreting�figures
� Implementing�algorithms�on�paper

± No�electronic�devices
± You�are�allowed�to�bring one�8½�x�11�sheet�of�notes�(front�and�back)
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Midterm�Exam

� How�to�Prepare
± Attend�the�midterm�review�lecture
(right�now!)

± Review�exam�practice�problems
(we’ll�post�them)

± Review�this�year’s�homework�problems
± Consider�whether�you�have�achieved�the�
“learning�objectives”�for�each�lecture�/�section

5



Midterm�Exam
� Advice�(for�during�the�exam)

± Solve�the�easy�problems�first�
(e.g.�multiple�choice�before�derivations)
� if�a�problem�seems�extremely�complicated�you’re�likely�
missing�something

± Don’t�leave�any�answer�blank!
± If�you�make�an�assumption,�write�it�down
± If�you�look�at�a�question�and�don’t�know�the�
answer:
� we�probably�haven’t�told�you�the�answer
� but�we’ve�told�you�enough�to�work�it�out
� imagine�arguing�for�some�answer�and�see�if�you�like�it
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Topics�for�Midterm�1
� Foundations

± Probability,�Linear�
Algebra,�Geometry,�
Calculus

± Optimization

� Important�Concepts
± Overfitting
± Experimental�Design

� Classification
± Decision�Tree
± KNN
± Perceptron

� Regression
± Linear�Regression
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SAMPLE�QUESTIONS
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Sample�Questions
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Sample�Questions
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Sample�Questions
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1RZ ZH ZLOO DSSO\ .�1HDUHVW 1HLJKERUV XVLQJ (XFOLGHDQ GLVWDQFH WR D ELQDU\ FODVVL¿�
FDW LRQ WDVN� :H DVVLJQ WKH FODVV RI WKH WHVW SRLQW WR EH WKH FODVV RI WKHPDMRULW\ RI WKH
k QHDUHVW QHLJKERUV� $ SRLQW FDQ EH LWV RZQ QHLJKERU�

)LJXUH �

�� >� SW V@ :KDW YDOXH RI k PLQLPL]HV OHDYH�RQH�RXW FURVV�YDOLGDW LRQ HUURU IRU WKH GDWDVHW
VKRZQ LQ )LJXUH �" :KDW LV WKH UHVXOW LQJ HUURU"



Sample�Questions
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Sample�Questions
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�D� $GGLQJ RQH RXW OLHU WR WKH
RULJLQDO GDWD VHW �

Dataset



Sample�Questions
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�F� $GGLQJ WKUHHRXW OLHUV WR WKH RULJLQDO GDWD
VHW � 7ZR RQ RQH VLGH DQG RQH RQ WKH RWKHU
VLGH�

Dataset



Sample�Questions
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�G� 'XSOLFDW LQJ WKH RULJLQDO GDWD VHW �

Dataset



Sample�Questions
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�H� 'XSOLFDW LQJ WKH RULJLQDO GDWD VHW DQG
DGGLQJ IRXU SRLQWV WKDW OLH RQ WKH WUDMHFWRU\
RI WKH RULJLQDO UHJUHVVLRQ OLQH�

Dataset



Matching�Game

Goal:�Match�the�Algorithm�to�its�Update�Rule
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1.�SGD�for�Logistic�Regression

2.�Least�Mean�Squares

3.�Perceptron

4.

5.

6.

A.�1=5,�2=4,�3=6
B.�1=5,�2=6,�3=4
C.�1=6,�2=4,�3=4
D.�1=5,�2=6,�3=6

E.�1=6,�2=6,�3=6
F.�1=6,�2=5,�3=5
G.�1=5,�2=5,�3=5
H.�1=4,�2=5,�3=6



Q&A
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Q&A
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Q:�Why�did�we�focus�mostly�on�the�Perceptron�mistake�
bound�for�linearly�separable�data;�isn’t�that�an�
unrealistic�setting?

A: Not�at�all!�Even�if�your�data�isn’t�linearly�separable�to�
begin�with,�we�can�often�add�features�to�make�it�so.

x1 x2 y

+1 +1 +

+1 Ǧ1 Ǧ

Ǧ1 +1 Ǧ

Ǧ1 Ǧ1 +

Exercise:�Add�
another�feature�to�

transform�this�
nonlinearly�separable�

data�into�linearly�
separable�data.



OPTIMIZATION�METHOD�#3:
STOCHASTIC�GRADIENT�DESCENT
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Gradient�Descent
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Stochastic�Gradient�Descent�(SGD)
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We�need�a�perǦexample�objective:



Stochastic�Gradient�Descent�(SGD)
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We�need�a�perǦexample�objective:

In�practice,�it�is�common�
to�implement�SGD�using�

samplingwithout
replacement�(i.e.�

shuffle({1,2,…N}),�even�
though�most�of�the�

theory�is�for�sampling�
with replacement�(i.e.�
Uniform({1,2,…N}).



Convergence�Curves

� SGD�reduces�MSE�
much�more�rapidly�
than�GD

� For�GD�/�SGD,�training�
MSE�is�initially�large�
due�to�uninformed�
initialization
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Gradient�Descent
SGD
ClosedǦform�
(normal�eq.s)

Figure�adapted�from�Eric�P.�Xing

� Def:�an�epoch is�a�
single�pass�through�
the�training�data

1. For�GD,�only�one�
update per�epoch

2. For�SGD,�N updates�
per�epoch�
N�=�(#�train�examples)�
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Expectations�of�Gradients
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Convergence�of�Optimizers
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SGD�FOR
LINEAR�REGRESSION
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Linear�Regression�as�Function�
Approximation
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Gradient�Calculation�for�Linear�Regression
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[used�by�SGD]
[used�by�Gradient�Descent]



SGD�for�Linear�Regression
SGD�applied�to�Linear�Regression�is�called�the�“Least�
Mean�Squares”�algorithm
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GD�for�Linear�Regression
Gradient�Descent�for�Linear�Regression�repeatedly�takes�
steps�opposite�the�gradient�of�the�objective�function
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Optimization�Objectives
You�should�be�able�to…
� Apply�gradient�descent�to�optimize�a�function
� Apply�stochastic�gradient�descent�(SGD)�to�
optimize�a�function

� Apply�knowledge�of�zero�derivatives�to�identify�
a�closedǦform�solution�(if�one�exists)�to�an�
optimization�problem

� Distinguish�between�convex,�concave,�and�
nonconvex�functions

� Obtain�the�gradient�(and�Hessian)�of�a�(twice)�
differentiable�function
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Linear�Regression�Objectives
You�should�be�able�to…
� Design�kǦNN�Regression�and�Decision�Tree�

Regression
� Implement�learning�for�Linear�Regression�using�three�

optimization�techniques:�(1)�closed�form,�(2)�gradient�
descent,�(3)�stochastic�gradient�descent

� Choose�a�Linear�Regression�optimization�technique�
that�is�appropriate�for�a�particular�dataset�by�
analyzing�the�tradeoff�of�computational�complexity�
vs.�convergence�speed

� Distinguish�the�three�sources�of�error�identified�by�
the�biasǦvariance�decomposition:�bias,�variance,�and�
irreducible�error.
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PROBABILISTIC�LEARNING
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Probabilistic�Learning

Function�Approximation
Previously,�we�assumed�that�our�
output�was�generated�using�a�
deterministic target�function:

Our�goal�was�to�learn�a�
hypothesis�h(x)�that�best�
approximates�c*(x)

Probabilistic�Learning
Today,�we�assume�that�our�
output�is�sampled from�a�
conditional�probability�
distribution:

Our�goal�is�to�learn�a�probability�
distribution�p(y|x)�that�best�
approximates�p*(y|x)
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Robotic�Farming
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Deterministic Probabilistic

Classification
(binary�output)

Is�this�a�picture�of�
a�wheat�kernel?

Is�this�plant�
drought�resistant?

Regression
(continuous�
output)

Howmany�wheat�
kernels�are�in�this�
picture?

What�will�the�yield�
of�this�plant be?



Bayes�Optimal�Classifier

Whiteboard
± Bayes�Optimal�Classifier
± Reducible�/�irreducible�error
± Ex:�Bayes�Optimal�Classifier�for�0/1�Loss
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Maximum�Likelihood�Estimation
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MLE
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Principle�of�Maximum�Likelihood�Estimation:
Choose�the�parameters�that�maximize�the�likelihood�
of�the�data.

Maximum�Likelihood�Estimate�(MLE)

L(Ʌ)

ɅMLE

ɅMLEɅ2

Ʌ1

L(Ʌ1,�Ʌ2)



MLE

What�does�maximizing�likelihood�accomplish?
� There�is�only�a�finite�amount�of�probability�
mass�(i.e.�sumǦtoǦone�constraint)

� MLE�tries�to�allocate�as�much�probability�
mass�as�possible�to�the�things�we�have�
observed…

…at�the�expense of�the�things�we�have�not
observed
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Learning�from�Data�(Frequentist)

Whiteboard
± Principle�of�Maximum�Likelihood�Estimation�
(MLE)

± Strawmen:
� Example:�Bernoulli
� Example:�Gaussian
� Example:�Conditional�#1�
(Bernoulli�conditioned�on�Gaussian)

� Example:�Conditional�#2
(Gaussians�conditioned�on�Bernoulli)

53


