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Announcements

•HW 1: 
•Self-test, should feel mostly easy
•Class roadmap:

Tuesday Sept. 13 ML Overview

Thursday Sept. 15 Supervised Learning I

Tuesday Sept. 20 Supervised Learning II

Thursday Sept. 22 Evaluation

Tuesday Sept. 27 Regression I

M
ostly SL



Outline

•Review from last time
•Supervised vs. unsupervised learning
•Supervised learning concepts

•Features, models, training, other terminology
•Unsupervised learning concepts

• Clustering, anomaly detection, dimensionality reduction
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Review: ML Overview: Definition

What is machine learning?

“A computer program is said to learn from experience E with respect to 
some class of tasks T and performance measure P, if its performance at 
tasks in T as measured by P, improves with experience E.” Machine 
Learning, Tom Mitchell, 1997

learning



ML Overview: Flavors

Supervised Learning
•Learning from examples, as above
•Workflow:
•Collect a set of examples {data, labels}: training set
• “Train” a model to match these examples
• ”Test” it on new data

•Image classification:

indoor outdoor



ML Overview: Flavors

Unsupervised Learning
•Data, but no labels. No input/output. 
•Goal: get “something”: structure, hidden information, more
•Workflow:
•Collect a set {data}
•Perform some algorithm on it

•Clustering: reveal hidden structure



ML Overview: Flavors

Reinforcement Learning
•Agent interacting with the world; gets rewards for actions
•Goal: learn to perform some activity
•Workflow:
•Create an environment, reward, agent 
•Train: modify policy to maximize rewards
•Deploy in new environment 

•Controlling aircraft: learn to fly



Break & Quiz



Q1-1: Which generally is NOT a supervised learning task?

1. Binary classification
2. Email spam detection
3. Handwriting recognition
4. Eigenvalue calculation



Q2-1: Which generally is NOT a supervised learning 
task?
1. Binary classification
2. Email spam detection
3. Handwriting recognition
4. Eigenvalue calculation

Eigenvalue 
calculation is a 
mathematical 
problem, and 
we do not have 
any labels for 
this problem.
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Supervised Learning

•Can I eat this?

•Safe or poisonous?
•Never seen it before

•How to decide?



Supervised Learning: Training Instances

• I know about other mushrooms:

•Training set of examples/instances/labeled data

safe

poisonous



Supervised Learning: Formal Setup

Problem setting
• Set of possible instances 

•Unknown target function

• Set of models (a.k.a. hypotheses):
Get
•Training set of instances for unknown target function,

X

<latexit sha1_base64="34aUvQpU7gJBlmSr1toDTH8doYQ=">AAAB9HicbVBNTwIxFHyLX4hfqEcvjWDiiewSjR6JXjxiIkgCG9ItXWjotmvbJSEbfocXDxrj1R/jzX9jF/ag4CRNJjPv5U0niDnTxnW/ncLa+sbmVnG7tLO7t39QPjxqa5koQltEcqk6AdaUM0FbhhlOO7GiOAo4fQzGt5n/OKFKMykezDSmfoSHgoWMYGMlv9qLsBkRzNPOrNovV9yaOwdaJV5OKpCj2S9/9QaSJBEVhnCsdddzY+OnWBlGOJ2VeommMSZjPKRdSwWOqPbTeegZOrPKAIVS2ScMmqu/N1IcaT2NAjuZZdTLXib+53UTE177KRNxYqggi0NhwpGRKGsADZiixPCpJZgoZrMiMsIKE2N7KtkSvOUvr5J2veZd1C7v65XGTV5HEU7gFM7BgytowB00oQUEnuAZXuHNmTgvzrvzsRgtOPnOMfyB8/kDUpCR0A==</latexit>

H = {h|h : X ! Y}

<latexit sha1_base64="LDg7ukkNwQWNz68OLKAxleY7yyk=">AAACKXicbZDLSsNAFIYnXmu9RV26GWwFVyUpiiIIRTddVrAXaUKZTCfN0MmFmYlSYl7Hja/iRkFRt76IkzZ4af1h4Oc75zDn/E7EqJCG8a7NzS8sLi0XVoqra+sbm/rWdkuEMcekiUMW8o6DBGE0IE1JJSOdiBPkO4y0neFFVm/fEC5oGFzJUURsHw0C6lKMpEI9vVa2fCQ9jFhST+EZtBIP3kEPnsJv3kmhxenAk4jz8PaHXyuelnt6yagYY8FZY+amBHI1evqz1Q9x7JNAYoaE6JpGJO0EcUkxI2nRigWJEB6iAekqGyCfCDsZX5rCfUX60A25eoGEY/p7IkG+ECPfUZ3ZmmK6lsH/at1Yuid2QoMoliTAk4/cmEEZwiw22KecYMlGyiDMqdoVYg9xhKUKt6hCMKdPnjWtasU8rBxdVku18zyOAtgFe+AAmOAY1EAdNEATYHAPHsELeNUetCftTfuYtM5p+cwO+CPt8wt5g6Y0</latexit>

(x(1), y(1)), (x(2), y(2)), . . . , (x(n), y(n))

<latexit sha1_base64="MN4PtQ1aWELji92wwzecY83bgWU=">AAACLXicbZDLSsNAFIYnXmu9VV26GWyFFkpJgqLLoi5cVrAXaGOZTKbt0MkkzEzEEvpCbnwVEVxUxK2v4TRNQVsPDHz8/zmcOb8bMiqVaU6MldW19Y3NzFZ2e2d3bz93cNiQQSQwqeOABaLlIkkY5aSuqGKkFQqCfJeRpju8nvrNRyIkDfi9GoXE8VGf0x7FSGmpm7spFJ8e4qJVGpfhaAalMkw0e67ZidZhXqBk6vG5p6FU6ObyZsVMCi6DlUIepFXr5t46XoAjn3CFGZKybZmhcmIkFMWMjLOdSJIQ4SHqk7ZGjnwinTi5dgxPteLBXiD04wom6u+JGPlSjnxXd/pIDeSiNxX/89qR6l06MeVhpAjHs0W9iEEVwGl00KOCYMVGGhAWVP8V4gESCCsdcFaHYC2evAwNu2KdVc7v7Hz1Ko0jA47BCSgCC1yAKrgFNVAHGDyDVzABH8aL8W58Gl+z1hUjnTkCf8r4/gEdn6M9</latexit>

f : X ! Y

<latexit sha1_base64="R+fN6tJDjr2h59SXd6UVFOrLLNk=">AAACEXicbVDLSsNAFJ3UV62vqEs3g63QVUmKorgqunFZwT6kCWUynbRDJ5MwM1FKyC+48VfcuFDErTt3/o2TNqC2HrhwOOde7r3HixiVyrK+jMLS8srqWnG9tLG5tb1j7u61ZRgLTFo4ZKHoekgSRjlpKaoY6UaCoMBjpOONLzO/c0eEpCG/UZOIuAEacupTjJSW+ma14p9DJ0BqhBFLuil0BB2OFBIivP/Rb9NK3yxbNWsKuEjsnJRBjmbf/HQGIY4DwhVmSMqebUXKTZBQFDOSlpxYkgjhMRqSnqYcBUS6yfSjFB5pZQD9UOjiCk7V3xMJCqScBJ7uzG6U814m/uf1YuWfuQnlUawIx7NFfsygCmEWDxxQQbBiE00QFlTfCvEICYSVDrGkQ7DnX14k7XrNPq6dXNfLjYs8jiI4AIegCmxwChrgCjRBC2DwAJ7AC3g1Ho1n4814n7UWjHxmH/yB8fENIP6dOw==</latexit>

safe safepoisonous



Supervised Learning: Formal Setup

Problem setting
• Set of possible instances 
•Unknown target function
• Set of models (a.k.a. hypotheses)

Get
•Training set of instances for unknown target function f,

Goal: model h that best approximates f

X

<latexit sha1_base64="34aUvQpU7gJBlmSr1toDTH8doYQ=">AAAB9HicbVBNTwIxFHyLX4hfqEcvjWDiiewSjR6JXjxiIkgCG9ItXWjotmvbJSEbfocXDxrj1R/jzX9jF/ag4CRNJjPv5U0niDnTxnW/ncLa+sbmVnG7tLO7t39QPjxqa5koQltEcqk6AdaUM0FbhhlOO7GiOAo4fQzGt5n/OKFKMykezDSmfoSHgoWMYGMlv9qLsBkRzNPOrNovV9yaOwdaJV5OKpCj2S9/9QaSJBEVhnCsdddzY+OnWBlGOJ2VeommMSZjPKRdSwWOqPbTeegZOrPKAIVS2ScMmqu/N1IcaT2NAjuZZdTLXib+53UTE177KRNxYqggi0NhwpGRKGsADZiixPCpJZgoZrMiMsIKE2N7KtkSvOUvr5J2veZd1C7v65XGTV5HEU7gFM7BgytowB00oQUEnuAZXuHNmTgvzrvzsRgtOPnOMfyB8/kDUpCR0A==</latexit>

H = {h|h : X ! Y}

<latexit sha1_base64="LDg7ukkNwQWNz68OLKAxleY7yyk=">AAACKXicbZDLSsNAFIYnXmu9RV26GWwFVyUpiiIIRTddVrAXaUKZTCfN0MmFmYlSYl7Hja/iRkFRt76IkzZ4af1h4Oc75zDn/E7EqJCG8a7NzS8sLi0XVoqra+sbm/rWdkuEMcekiUMW8o6DBGE0IE1JJSOdiBPkO4y0neFFVm/fEC5oGFzJUURsHw0C6lKMpEI9vVa2fCQ9jFhST+EZtBIP3kEPnsJv3kmhxenAk4jz8PaHXyuelnt6yagYY8FZY+amBHI1evqz1Q9x7JNAYoaE6JpGJO0EcUkxI2nRigWJEB6iAekqGyCfCDsZX5rCfUX60A25eoGEY/p7IkG+ECPfUZ3ZmmK6lsH/at1Yuid2QoMoliTAk4/cmEEZwiw22KecYMlGyiDMqdoVYg9xhKUKt6hCMKdPnjWtasU8rBxdVku18zyOAtgFe+AAmOAY1EAdNEATYHAPHsELeNUetCftTfuYtM5p+cwO+CPt8wt5g6Y0</latexit>

(x(1), y(1)), (x(2), y(2)), . . . , (x(n), y(n))

<latexit sha1_base64="MN4PtQ1aWELji92wwzecY83bgWU=">AAACLXicbZDLSsNAFIYnXmu9VV26GWyFFkpJgqLLoi5cVrAXaGOZTKbt0MkkzEzEEvpCbnwVEVxUxK2v4TRNQVsPDHz8/zmcOb8bMiqVaU6MldW19Y3NzFZ2e2d3bz93cNiQQSQwqeOABaLlIkkY5aSuqGKkFQqCfJeRpju8nvrNRyIkDfi9GoXE8VGf0x7FSGmpm7spFJ8e4qJVGpfhaAalMkw0e67ZidZhXqBk6vG5p6FU6ObyZsVMCi6DlUIepFXr5t46XoAjn3CFGZKybZmhcmIkFMWMjLOdSJIQ4SHqk7ZGjnwinTi5dgxPteLBXiD04wom6u+JGPlSjnxXd/pIDeSiNxX/89qR6l06MeVhpAjHs0W9iEEVwGl00KOCYMVGGhAWVP8V4gESCCsdcFaHYC2evAwNu2KdVc7v7Hz1Ko0jA47BCSgCC1yAKrgFNVAHGDyDVzABH8aL8W58Gl+z1hUjnTkCf8r4/gEdn6M9</latexit>

f : X ! Y

<latexit sha1_base64="R+fN6tJDjr2h59SXd6UVFOrLLNk=">AAACEXicbVDLSsNAFJ3UV62vqEs3g63QVUmKorgqunFZwT6kCWUynbRDJ5MwM1FKyC+48VfcuFDErTt3/o2TNqC2HrhwOOde7r3HixiVyrK+jMLS8srqWnG9tLG5tb1j7u61ZRgLTFo4ZKHoekgSRjlpKaoY6UaCoMBjpOONLzO/c0eEpCG/UZOIuAEacupTjJSW+ma14p9DJ0BqhBFLuil0BB2OFBIivP/Rb9NK3yxbNWsKuEjsnJRBjmbf/HQGIY4DwhVmSMqebUXKTZBQFDOSlpxYkgjhMRqSnqYcBUS6yfSjFB5pZQD9UOjiCk7V3xMJCqScBJ7uzG6U814m/uf1YuWfuQnlUawIx7NFfsygCmEWDxxQQbBiE00QFlTfCvEICYSVDrGkQ7DnX14k7XrNPq6dXNfLjYs8jiI4AIegCmxwChrgCjRBC2DwAJ7AC3g1Ho1n4814n7UWjHxmH/yB8fENIP6dOw==</latexit>



Supervised Learning: Objects

Three types of sets
• Input space, output space, hypothesis class

•Examples:
• Input space: feature vectors

•Output space: 
• Binary

• Continuous

X ,Y,H

<latexit sha1_base64="AHh5x63U1qltbnn0p6Ktwc4kFdE=">AAACEHicbVC7SgNBFL0bXzG+Vi1tBhPRQsJuULQM2qSMYB6SLGF2MpsMmX0wMyuEJZ9g46/YWChia2nn3zibLBKjBwbOPede5t7jRpxJZVlfRm5peWV1Lb9e2Njc2t4xd/eaMowFoQ0S8lC0XSwpZwFtKKY4bUeCYt/ltOWOrlO/dU+FZGFwq8YRdXw8CJjHCFZa6pnHpa6P1ZBgnrQnp+inuJsvapNSzyxaZWsK9JfYGSlChnrP/Oz2QxL7NFCEYyk7thUpJ8FCMcLppNCNJY0wGeEB7WgaYJ9KJ5keNEFHWukjLxT6BQpN1fmJBPtSjn1Xd6Y7ykUvFf/zOrHyLp2EBVGsaEBmH3kxRypEaTqozwQlio81wUQwvSsiQywwUTrDgg7BXjz5L2lWyvZZ+fymUqxeZXHk4QAO4QRsuIAq1KAODSDwAE/wAq/Go/FsvBnvs9ackc3swy8YH98M3Jya</latexit>

X ✓ Rd

<latexit sha1_base64="hxvJDSDTU8MqumMBamc49bajSpk=">AAACDXicbVC7TsNAEDyHVwgvAyXNiQSJKrIjEJQRNJQBkYeUhOh82SSnnM/m7owUWf4BGn6FhgKEaOnp+BvOiQtIGGml0cyudne8kDOlHefbyi0tr6yu5dcLG5tb2zv27l5DBZGkUKcBD2TLIwo4E1DXTHNohRKI73FoeuPL1G8+gFQsELd6EkLXJ0PBBowSbaSeXSp1fKJHlPC4leCOijwFGu7xVPW8+Ca565d6dtEpO1PgReJmpIgy1Hr2V6cf0MgHoSknSrVdJ9TdmEjNKIek0IkUhISOyRDahgrig+rG028SfGSUPh4E0pTQeKr+noiJr9TE90xneqSa91LxP68d6cF5N2YijDQIOls0iDjWAU6jwX0mgWo+MYRQycytmI6IJFSbAAsmBHf+5UXSqJTdk/LpdaVYvcjiyKMDdIiOkYvOUBVdoRqqI4oe0TN6RW/Wk/VivVsfs9aclc3soz+wPn8AZfybxQ==</latexit>

Y = {�1,+1}

<latexit sha1_base64="m8T+oyUuYcmvX8S3/Lzn1VdFM+E=">AAACA3icbVDLSsNAFJ3UV62vqDvdDLaCoJakKLoRim5cVrAPaUKZTCft0MkkzEyEEgJu/BU3LhRx60+482+ctFmo9cCFwzn3cu89XsSoVJb1ZRTm5hcWl4rLpZXVtfUNc3OrJcNYYNLEIQtFx0OSMMpJU1HFSCcSBAUeI21vdJX57XsiJA35rRpHxA3QgFOfYqS01DN3Kk6A1BAjltyl8AI6ybF9BA9tJ630zLJVtSaAs8TOSRnkaPTMT6cf4jggXGGGpOzaVqTcBAlFMSNpyYkliRAeoQHpaspRQKSbTH5I4b5W+tAPhS6u4ET9OZGgQMpx4OnO7GD518vE/7xurPxzN6E8ihXheLrIjxlUIcwCgX0qCFZsrAnCgupbIR4igbDSsZV0CPbfl2dJq1a1T6qnN7Vy/TKPowh2wR44ADY4A3VwDRqgCTB4AE/gBbwaj8az8Wa8T1sLRj6zDX7B+PgG2Y6Vtw==</latexit>

Y ✓ R

<latexit sha1_base64="VijaAaVaRr08pid7+TgQP+vpKmc=">AAACC3icbVC7TsNAEDzzDOEVoKQ5JUGiiuwIBGUEDWVA5IFiKzpfNskp57O5OyNFVnoafoWGAoRo+QE6/oZz4gISRlppNLOr3R0/4kxp2/62lpZXVtfWcxv5za3tnd3C3n5ThbGk0KAhD2XbJwo4E9DQTHNoRxJI4HNo+aPL1G89gFQsFLd6HIEXkIFgfUaJNlK3UCy7AdFDSnhyN8Guin0FGu7xVPX95GZS7hZKdsWeAi8SJyMllKHeLXy5vZDGAQhNOVGq49iR9hIiNaMcJnk3VhAROiID6BgqSADKS6a/TPCRUXq4H0pTQuOp+nsiIYFS48A3nemJat5Lxf+8Tqz7517CRBRrEHS2qB9zrEOcBoN7TALVfGwIoZKZWzEdEkmoNvHlTQjO/MuLpFmtOCeV0+tqqXaRxZFDh6iIjpGDzlANXaE6aiCKHtEzekVv1pP1Yr1bH7PWJSubOUB/YH3+ANw5mvA=</latexit>

safe poisonous

13.23�

<latexit sha1_base64="diTpYy4KM6tOWGG6g+jlDls3vS4=">AAAB+HicbVBNT8JAEJ3iF+IHVY9eNoKJp6YFjR6JXjxiIh8JVLJdFtiw3Ta7WxNs+CVePGiMV3+KN/+NC/Sg4EsmeXlvJjPzgpgzpV3328qtrW9sbuW3Czu7e/tF++CwqaJEEtogEY9kO8CKciZoQzPNaTuWFIcBp61gfDPzW49UKhaJez2JqR/ioWADRrA2Us8ulr2qU6k+pF3CJJmWe3bJddw50CrxMlKCDPWe/dXtRyQJqdCEY6U6nhtrP8VSM8LptNBNFI0xGeMh7RgqcEiVn84Pn6JTo/TRIJKmhEZz9fdEikOlJmFgOkOsR2rZm4n/eZ1ED678lIk40VSQxaJBwpGO0CwF1GeSEs0nhmAimbkVkRGWmGiTVcGE4C2/vEqaFcc7dy7uKqXadRZHHo7hBM7Ag0uowS3UoQEEEniGV3iznqwX6936WLTmrGzmCP7A+vwBuDaR2Q==</latexit>
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•Need a way to represent instance information:

•For each instance, store features as a vector. 

•What kinds of features can we have?

Input Space: Feature Vectors
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Input Space: Feature Types

•nominal (including Boolean)
• no ordering among values (e.g. color ∈ {red, blue, green} (vs. color = 1000  

Hertz))

•ordinal
• values of the feature are totally ordered (e.g. size  ∈ {small, medium, large})

•numeric (continuous)
weight  ∈ [0…500]

•hierarchical
• possible values are partially ordered in a hierarchy, e.g. shape

closed

polygon continuous

trianglesquare circle ellipse



Input Space: Features Example

cap-shape: bell=b,conical=c,convex=x,flat=f, knobbed=k,sunken=s
cap-surface: fibrous=f,grooves=g,scaly=y,smooth=s
cap-color: brown=n,buff=b,cinnamon=c,gray=g,green=r, pink=p,purple=u,red=e,white=w,yellow=y
bruises?: bruises=t,no=f
odor: almond=a,anise=l,creosote=c,fishy=y,foul=f, musty=m,none=n,pungent=p,spicy=s
gill-attachment: attached=a,descending=d,free=f,notched=n
gill-spacing: close=c,crowded=w,distant=d
gill-size: broad=b,narrow=n
gill-color: black=k,brown=n,buff=b,chocolate=h,gray=g, green=r,orange=o,pink=p,purple=u,red=e, white=w,yellow=y
stalk-shape: enlarging=e,tapering=t
stalk-root: bulbous=b,club=c,cup=u,equal=e, rhizomorphs=z,rooted=r,missing=? 
stalk-surface-above-ring: fibrous=f,scaly=y,silky=k,smooth=s
stalk-surface-below-ring: fibrous=f,scaly=y,silky=k,smooth=s
stalk-color-above-ring: brown=n,buff=b,cinnamon=c,gray=g,orange=o, pink=p,red=e,white=w,yellow=y
stalk-color-below-ring: brown=n,buff=b,cinnamon=c,gray=g,orange=o, pink=p,red=e,white=w,yellow=y
veil-type: partial=p,universal=u
veil-color: brown=n,orange=o,white=w,yellow=y
ring-number: none=n,one=o,two=t
ring-type: cobwebby=c,evanescent=e,flaring=f,large=l, none=n,pendant=p,sheathing=s,zone=z
spore-print-color: black=k,brown=n,buff=b,chocolate=h,green=r, orange=o,purple=u,white=w,yellow=y
population: abundant=a,clustered=c,numerous=n, scattered=s,several=v,solitary=y
habitat: grasses=g,leaves=l,meadows=m,paths=p, urban=u,waste=w,woods=d

sunken is one possible value
of the cap-shape feature

Mushroom features (UCI Repository)



Input Space: Feature Spaces

•Can think of each instance as a point in a d-dimensional 
feature space where d is the number of features

•Example: optical properties of 
oceans in three spectral bands 

[Traykovski and Sosik, Ocean Optics XIV Conference 
Proceedings, 1998]



Output space: Classification vs. Regression

Choices of       have special names:
•Discrete: “classification”. The elements of       are classes
•Note: doesn’t have to be binary

•Continuous: “regression”
•Example: linear regression

•There are other types…

Y

<latexit sha1_base64="cOhVPtSYvsQwOep/CgNdCVdN/CE=">AAAB9HicbVDLSsNAFL2pr1pfVZduBlvBVUmKosuiG5cV7EPaUCbTSTt0Mokzk0IJ/Q43LhRx68e482+cpFlo64GBwzn3cs8cL+JMadv+tgpr6xubW8Xt0s7u3v5B+fCorcJYEtoiIQ9l18OKciZoSzPNaTeSFAcepx1vcpv6nSmVioXiQc8i6gZ4JJjPCNZGcqv9AOsxwTx5nFcH5YpdszOgVeLkpAI5moPyV38YkjigQhOOleo5dqTdBEvNCKfzUj9WNMJkgke0Z6jAAVVukoWeozOjDJEfSvOERpn6eyPBgVKzwDOTaUa17KXif14v1v61mzARxZoKsjjkxxzpEKUNoCGTlGg+MwQTyUxWRMZYYqJNTyVTgrP85VXSrteci9rlfb3SuMnrKMIJnMI5OHAFDbiDJrSAwBM8wyu8WVPrxXq3PhajBSvfOYY/sD5/AFQWkdE=</latexit>

Y

<latexit sha1_base64="cOhVPtSYvsQwOep/CgNdCVdN/CE=">AAAB9HicbVDLSsNAFL2pr1pfVZduBlvBVUmKosuiG5cV7EPaUCbTSTt0Mokzk0IJ/Q43LhRx68e482+cpFlo64GBwzn3cs8cL+JMadv+tgpr6xubW8Xt0s7u3v5B+fCorcJYEtoiIQ9l18OKciZoSzPNaTeSFAcepx1vcpv6nSmVioXiQc8i6gZ4JJjPCNZGcqv9AOsxwTx5nFcH5YpdszOgVeLkpAI5moPyV38YkjigQhOOleo5dqTdBEvNCKfzUj9WNMJkgke0Z6jAAVVukoWeozOjDJEfSvOERpn6eyPBgVKzwDOTaUa17KXif14v1v61mzARxZoKsjjkxxzpEKUNoCGTlGg+MwQTyUxWRMZYYqJNTyVTgrP85VXSrteci9rlfb3SuMnrKMIJnMI5OHAFDbiDJrSAwBM8wyu8WVPrxXq3PhajBSvfOYY/sD5/AFQWkdE=</latexit>



Hypothesis class

We talked about              what about       ?

•Recall: hypothesis class / model space. 
•Theoretically, could be all maps from        to
•Doesn’t work! Many reasons why.

•Pick specific class of models. Ex: linear models:

X ,Y

<latexit sha1_base64="P99wE/2xG2ehbVhLYRkGlo5bW6o=">AAACA3icbVDLSsNAFL3xWesr6k43g63gQkpSFF0W3bisYB/ShjKZTtqhkwczE6GEgBt/xY0LRdz6E+78GydtEG09MHDmnHu59x434kwqy/oyFhaXlldWC2vF9Y3NrW1zZ7cpw1gQ2iAhD0XbxZJyFtCGYorTdiQo9l1OW+7oKvNb91RIFga3ahxRx8eDgHmMYKWlnrlf7vpYDQnmSTs9QT+fu7TcM0tWxZoAzRM7JyXIUe+Zn91+SGKfBopwLGXHtiLlJFgoRjhNi91Y0giTER7QjqYB9ql0kskNKTrSSh95odAvUGii/u5IsC/l2Hd1ZbajnPUy8T+vEyvvwklYEMWKBmQ6yIs5UiHKAkF9JihRfKwJJoLpXREZYoGJ0rEVdQj27MnzpFmt2KeVs5tqqXaZx1GAAziEY7DhHGpwDXVoAIEHeIIXeDUejWfjzXifli4Yec8e/IHx8Q1YYJdW</latexit>

H

<latexit sha1_base64="ft4LaCjrLa1uaGJ+RUSh1I/cC2U=">AAAB9HicbVDLSsNAFL2pr1pfVZduBlvBVUmKosuimy4r2Ae0oUymk3boZBJnJoUS+h1uXCji1o9x5984SbPQ1gMDh3Pu5Z45XsSZ0rb9bRU2Nre2d4q7pb39g8Oj8vFJR4WxJLRNQh7KnocV5UzQtmaa014kKQ48Trve9D71uzMqFQvFo55H1A3wWDCfEayN5FYHAdYTgnnSXFSH5YpdszOgdeLkpAI5WsPy12AUkjigQhOOleo7dqTdBEvNCKeL0iBWNMJkise0b6jAAVVukoVeoAujjJAfSvOERpn6eyPBgVLzwDOTaUa16qXif14/1v6tmzARxZoKsjzkxxzpEKUNoBGTlGg+NwQTyUxWRCZYYqJNTyVTgrP65XXSqdecq9r1Q73SuMvrKMIZnMMlOHADDWhCC9pA4Ame4RXerJn1Yr1bH8vRgpXvnMIfWJ8/OjCRwA==</latexit>

X

<latexit sha1_base64="34aUvQpU7gJBlmSr1toDTH8doYQ=">AAAB9HicbVBNTwIxFHyLX4hfqEcvjWDiiewSjR6JXjxiIkgCG9ItXWjotmvbJSEbfocXDxrj1R/jzX9jF/ag4CRNJjPv5U0niDnTxnW/ncLa+sbmVnG7tLO7t39QPjxqa5koQltEcqk6AdaUM0FbhhlOO7GiOAo4fQzGt5n/OKFKMykezDSmfoSHgoWMYGMlv9qLsBkRzNPOrNovV9yaOwdaJV5OKpCj2S9/9QaSJBEVhnCsdddzY+OnWBlGOJ2VeommMSZjPKRdSwWOqPbTeegZOrPKAIVS2ScMmqu/N1IcaT2NAjuZZdTLXib+53UTE177KRNxYqggi0NhwpGRKGsADZiixPCpJZgoZrMiMsIKE2N7KtkSvOUvr5J2veZd1C7v65XGTV5HEU7gFM7BgytowB00oQUEnuAZXuHNmTgvzrvzsRgtOPnOMfyB8/kDUpCR0A==</latexit>

Y

<latexit sha1_base64="cOhVPtSYvsQwOep/CgNdCVdN/CE=">AAAB9HicbVDLSsNAFL2pr1pfVZduBlvBVUmKosuiG5cV7EPaUCbTSTt0Mokzk0IJ/Q43LhRx68e482+cpFlo64GBwzn3cs8cL+JMadv+tgpr6xubW8Xt0s7u3v5B+fCorcJYEtoiIQ9l18OKciZoSzPNaTeSFAcepx1vcpv6nSmVioXiQc8i6gZ4JJjPCNZGcqv9AOsxwTx5nFcH5YpdszOgVeLkpAI5moPyV38YkjigQhOOleo5dqTdBEvNCKfzUj9WNMJkgke0Z6jAAVVukoWeozOjDJEfSvOERpn6eyPBgVKzwDOTaUa17KXif14v1v61mzARxZoKsjjkxxzpEKUNoCGTlGg+MwQTyUxWRMZYYqJNTyVTgrP85VXSrteci9rlfb3SuMnrKMIJnMI5OHAFDbiDJrSAwBM8wyu8WVPrxXq3PhajBSvfOYY/sD5/AFQWkdE=</latexit>

h✓(x) = ✓0 + ✓1x1 + ✓2x2 + . . .+ ✓dxd

<latexit sha1_base64="jalLA04rc7Qh9GtHBcp0y/zwNYw="></latexit>



Hypothesis class: Linear Functions

•Example class of models: linear models

•How many linear functions are there?
•Can any function be fit by a linear model?

h✓(x) = ✓0 + ✓1x1 + ✓2x2 + . . .+ ✓dxd

<latexit sha1_base64="jalLA04rc7Qh9GtHBcp0y/zwNYw="></latexit>

Parameters (weights) Features



Hypothesis class: Other Examples

Example classes of models: neural networks

Feedforward network
•Each layer: 
• linear transformation
•Non-linearity

•What are the parameters here?
Wikipedia



Back to Formal Setup

Problem setting
• Set of possible instances 
•Unknown target function
• Set of models (a.k.a. hypotheses)

Get
•Training set of instances for unknown target function f,

Goal: model h that best approximates f

X

<latexit sha1_base64="34aUvQpU7gJBlmSr1toDTH8doYQ=">AAAB9HicbVBNTwIxFHyLX4hfqEcvjWDiiewSjR6JXjxiIkgCG9ItXWjotmvbJSEbfocXDxrj1R/jzX9jF/ag4CRNJjPv5U0niDnTxnW/ncLa+sbmVnG7tLO7t39QPjxqa5koQltEcqk6AdaUM0FbhhlOO7GiOAo4fQzGt5n/OKFKMykezDSmfoSHgoWMYGMlv9qLsBkRzNPOrNovV9yaOwdaJV5OKpCj2S9/9QaSJBEVhnCsdddzY+OnWBlGOJ2VeommMSZjPKRdSwWOqPbTeegZOrPKAIVS2ScMmqu/N1IcaT2NAjuZZdTLXib+53UTE177KRNxYqggi0NhwpGRKGsADZiixPCpJZgoZrMiMsIKE2N7KtkSvOUvr5J2veZd1C7v65XGTV5HEU7gFM7BgytowB00oQUEnuAZXuHNmTgvzrvzsRgtOPnOMfyB8/kDUpCR0A==</latexit>

H = {h|h : X ! Y}

<latexit sha1_base64="LDg7ukkNwQWNz68OLKAxleY7yyk=">AAACKXicbZDLSsNAFIYnXmu9RV26GWwFVyUpiiIIRTddVrAXaUKZTCfN0MmFmYlSYl7Hja/iRkFRt76IkzZ4af1h4Oc75zDn/E7EqJCG8a7NzS8sLi0XVoqra+sbm/rWdkuEMcekiUMW8o6DBGE0IE1JJSOdiBPkO4y0neFFVm/fEC5oGFzJUURsHw0C6lKMpEI9vVa2fCQ9jFhST+EZtBIP3kEPnsJv3kmhxenAk4jz8PaHXyuelnt6yagYY8FZY+amBHI1evqz1Q9x7JNAYoaE6JpGJO0EcUkxI2nRigWJEB6iAekqGyCfCDsZX5rCfUX60A25eoGEY/p7IkG+ECPfUZ3ZmmK6lsH/at1Yuid2QoMoliTAk4/cmEEZwiw22KecYMlGyiDMqdoVYg9xhKUKt6hCMKdPnjWtasU8rBxdVku18zyOAtgFe+AAmOAY1EAdNEATYHAPHsELeNUetCftTfuYtM5p+cwO+CPt8wt5g6Y0</latexit>

(x(1), y(1)), (x(2), y(2)), . . . , (x(n), y(n))

<latexit sha1_base64="MN4PtQ1aWELji92wwzecY83bgWU=">AAACLXicbZDLSsNAFIYnXmu9VV26GWyFFkpJgqLLoi5cVrAXaGOZTKbt0MkkzEzEEvpCbnwVEVxUxK2v4TRNQVsPDHz8/zmcOb8bMiqVaU6MldW19Y3NzFZ2e2d3bz93cNiQQSQwqeOABaLlIkkY5aSuqGKkFQqCfJeRpju8nvrNRyIkDfi9GoXE8VGf0x7FSGmpm7spFJ8e4qJVGpfhaAalMkw0e67ZidZhXqBk6vG5p6FU6ObyZsVMCi6DlUIepFXr5t46XoAjn3CFGZKybZmhcmIkFMWMjLOdSJIQ4SHqk7ZGjnwinTi5dgxPteLBXiD04wom6u+JGPlSjnxXd/pIDeSiNxX/89qR6l06MeVhpAjHs0W9iEEVwGl00KOCYMVGGhAWVP8V4gESCCsdcFaHYC2evAwNu2KdVc7v7Hz1Ko0jA47BCSgCC1yAKrgFNVAHGDyDVzABH8aL8W58Gl+z1hUjnTkCf8r4/gEdn6M9</latexit>

f : X ! Y

<latexit sha1_base64="R+fN6tJDjr2h59SXd6UVFOrLLNk=">AAACEXicbVDLSsNAFJ3UV62vqEs3g63QVUmKorgqunFZwT6kCWUynbRDJ5MwM1FKyC+48VfcuFDErTt3/o2TNqC2HrhwOOde7r3HixiVyrK+jMLS8srqWnG9tLG5tb1j7u61ZRgLTFo4ZKHoekgSRjlpKaoY6UaCoMBjpOONLzO/c0eEpCG/UZOIuAEacupTjJSW+ma14p9DJ0BqhBFLuil0BB2OFBIivP/Rb9NK3yxbNWsKuEjsnJRBjmbf/HQGIY4DwhVmSMqebUXKTZBQFDOSlpxYkgjhMRqSnqYcBUS6yfSjFB5pZQD9UOjiCk7V3xMJCqScBJ7uzG6U814m/uf1YuWfuQnlUawIx7NFfsygCmEWDxxQQbBiE00QFlTfCvEICYSVDrGkQ7DnX14k7XrNPq6dXNfLjYs8jiI4AIegCmxwChrgCjRBC2DwAJ7AC3g1Ho1n4814n7UWjHxmH/yB8fENIP6dOw==</latexit>



Supervised Learning: Training

Goal: model h that best approximates f

•One way: empirical risk minimization (ERM)

Model prediction

Loss function (how far are we)?

f̂ = argmin
h2H

1

n

nX

i=1

`(h(x(i)), y(i)))

<latexit sha1_base64="Q/acPidWw+xq0g0jYlMMsjUwD0c="></latexit>

Hypothesis Class



Batch vs. Online Learning 

•Batch learning: get all your instances at once

•Online learning: get them sequentially
•Train a model on initial group, then update

(x(1), y(1)), (x(2), y(2)), . . . , (x(n), y(n))

<latexit sha1_base64="MN4PtQ1aWELji92wwzecY83bgWU=">AAACLXicbZDLSsNAFIYnXmu9VV26GWyFFkpJgqLLoi5cVrAXaGOZTKbt0MkkzEzEEvpCbnwVEVxUxK2v4TRNQVsPDHz8/zmcOb8bMiqVaU6MldW19Y3NzFZ2e2d3bz93cNiQQSQwqeOABaLlIkkY5aSuqGKkFQqCfJeRpju8nvrNRyIkDfi9GoXE8VGf0x7FSGmpm7spFJ8e4qJVGpfhaAalMkw0e67ZidZhXqBk6vG5p6FU6ObyZsVMCi6DlUIepFXr5t46XoAjn3CFGZKybZmhcmIkFMWMjLOdSJIQ4SHqk7ZGjnwinTi5dgxPteLBXiD04wom6u+JGPlSjnxXd/pIDeSiNxX/89qR6l06MeVhpAjHs0W9iEEVwGl00KOCYMVGGhAWVP8V4gESCCsdcFaHYC2evAwNu2KdVc7v7Hz1Ko0jA47BCSgCC1yAKrgFNVAHGDyDVzABH8aL8W58Gl+z1hUjnTkCf8r4/gEdn6M9</latexit>

{(x(1), y(1)), . . . , (x(m), y(m))}

<latexit sha1_base64="IKbuO8JX4QeHh9oR1HA54/eF6s0=">AAACHXicbZDLSsNAFIYn9VbrrerSzWArtFBKUiq6LLpxWcFeoIllMpm0QycXZiZiCHkRN76KGxeKuHAjvo3TtIK2Hhj4+P9zOHN+O2RUSF3/0nIrq2vrG/nNwtb2zu5ecf+gK4KIY9LBAQt430aCMOqTjqSSkX7ICfJsRnr25HLq9+4IFzTwb2QcEstDI5+6FCOppGGxWTaTyv1tUjGqaQ3GM6jWoMmcQIoazDzvx1NQNdPysFjS63pWcBmMOZTAvNrD4ofpBDjyiC8xQ0IMDD2UVoK4pJiRtGBGgoQIT9CIDBT6yCPCSrLrUniiFAe6AVfPlzBTf08kyBMi9mzV6SE5FoveVPzPG0TSPbcS6oeRJD6eLXIjBmUAp1FBh3KCJYsVIMyp+ivEY8QRlirQggrBWDx5GbqNutGsn143Sq2LeRx5cASOQQUY4Ay0wBVogw7A4AE8gRfwqj1qz9qb9j5rzWnzmUPwp7TPb/B4nr8=</latexit>

{(x(m+1), y(m+1))}

<latexit sha1_base64="UvOR9+yK+gGv2yEZ16jdX7tf7PE=">AAACBXicbZDLSsNAFIYn9VbrLepSF4Ot0KKUpCi6LLpxWcFeoIllMp20QycXZiZiCNm48VXcuFDEre/gzrdx2kbQ1h8GPv5zDmfO74SMCmkYX1puYXFpeSW/Wlhb39jc0rd3WiKIOCZNHLCAdxwkCKM+aUoqGemEnCDPYaTtjC7H9fYd4YIG/o2MQ2J7aOBTl2IkldXT90tWUr6/TcrekVlJj2H8gxUrLfX0olE1JoLzYGZQBJkaPf3T6gc48ogvMUNCdE0jlHaCuKSYkbRgRYKECI/QgHQV+sgjwk4mV6TwUDl96AZcPV/Cift7IkGeELHnqE4PyaGYrY3N/2rdSLrndkL9MJLEx9NFbsSgDOA4EtinnGDJYgUIc6r+CvEQcYSlCq6gQjBnT56HVq1qnlRPr2vF+kUWRx7sgQNQBiY4A3VwBRqgCTB4AE/gBbxqj9qz9qa9T1tzWjazC/5I+/gGwVWWLw==</latexit>



Supervised Learning: Predicting

Now that we have our learned model, we can use it for 
predictions.

... foul,  false, brown,  fibrous, bell,=x

safe or poisonous



Interlude: Polynomials

Another class of models: polynomials:

•How to fit a polynomial?

h✓(x) = ✓dxd + ✓d�1xd�1 + . . .+ ✓1x+ ✓0

<latexit sha1_base64="fkSie5HF56DGnaHsC6xadECauVs="></latexit>

`i(x) =
Y

0mn,m 6=i

x� xm

xi � xm

<latexit sha1_base64="vaEKKEP+yMhsrwP+MoSrvcNM0FE="></latexit>

Lagrange basis

L(x) =
Pn

i=1 yi`i(x)

<latexit sha1_base64="dmbiQ23M8o4h/WuArjMJXbwx8vM=">AAACDHicbVC7TsMwFHXKq5RXgZHFokUqS5VUIFgqVbAwMBSJPqQmRI7rtFYdJ7IdRBT1A1j4FRYGEGLlA9j4G9w2A7QcydLROefq+h4vYlQq0/w2ckvLK6tr+fXCxubW9k5xd68tw1hg0sIhC0XXQ5IwyklLUcVINxIEBR4jHW90OfE790RIGvJblUTECdCAU59ipLTkFkvl68rDMaxDW8aBm9K6Nb7jMHEptAljLtVmWafMqjkFXCRWRkogQ9Mtftn9EMcB4QozJGXPMiPlpEgoihkZF+xYkgjhERqQnqYcBUQ66fSYMTzSSh/6odCPKzhVf0+kKJAyCTydDJAaynlvIv7n9WLlnzsp5VGsCMezRX7MoArhpBnYp4JgxRJNEBZU/xXiIRIIK91fQZdgzZ+8SNq1qnVSPb2plRoXWR15cAAOQQVY4Aw0wBVoghbA4BE8g1fwZjwZL8a78TGL5oxsZh/8gfH5A0U6mT8=</latexit>



Interlude: Polynomials

•Lagrange interpolation produces a perfect fit, e.g., 

•So, are we done?
•More advantages: no training required. Just write down the L
•Q: what degree are the xi? 
• How sensitive to noise? 
• How will they extrapolate?

L(xi) = yi 8i 2 {1, . . . , n}

<latexit sha1_base64="iEuwDIEAen1GoUn5R0idgGuUxp4="></latexit>



Generalization

Fitting data isn’t the only task, we want to generalize
•Apply learned model to unseen data:
• For                            , 

•Can study theoretically or empirically
• For theory: need assumptions, ie, training instances are iid
•Not always the case! 
• Sequential data

(x, y) ⇠ D

<latexit sha1_base64="MUyYw2PnKHmnam8K3XqG1bMuo9Y=">AAACAXicbVDLSsNAFJ3UV62vqBvBzWArVJCSFEWXRV24rGAf0IQymU7aoZNJmJmIIdSNv+LGhSJu/Qt3/o2TNgutHrhwOOde7r3HixiVyrK+jMLC4tLySnG1tLa+sbllbu+0ZRgLTFo4ZKHoekgSRjlpKaoY6UaCoMBjpOONLzO/c0eEpCG/VUlE3AANOfUpRkpLfXOvUr0/To6gI2kAnQCpEUYsvZpU+mbZqllTwL/EzkkZ5Gj2zU9nEOI4IFxhhqTs2Vak3BQJRTEjk5ITSxIhPEZD0tOUo4BIN51+MIGHWhlAPxS6uIJT9edEigIpk8DTndmNct7LxP+8Xqz8czelPIoV4Xi2yI8ZVCHM4oADKghWLNEEYUH1rRCPkEBY6dBKOgR7/uW/pF2v2Se105t6uXGRx1EE++AAVIENzkADXIMmaAEMHsATeAGvxqPxbLwZ77PWgpHP7IJfMD6+AYfgla4=</latexit>

ED[`(f̂(x), y)]

<latexit sha1_base64="ALyyXFcCrwxQqIAx8mNLf2p6PjQ=">AAACGHicbZDLSsNAFIYn9VbrLerSzWArtCA1KYouixdwWcFeIAllMp20QycXZiZiCXkMN76KGxeKuO3Ot3GSdqHVHwY+/nMOc87vRowKaRhfWmFpeWV1rbhe2tjc2t7Rd/c6Iow5Jm0cspD3XCQIowFpSyoZ6UWcIN9lpOuOr7J694FwQcPgXk4i4vhoGFCPYiSV1ddPKraP5Mh1k5u0n+SMEUuu09SyCWNVe4Rk4qXVx9oxnNScSl8vG3UjF/wL5hzKYK5WX5/agxDHPgkkZkgIyzQi6SSIS4oZSUt2LEiE8BgNiaUwQD4RTpIflsIj5QygF3L1Aglz9+dEgnwhJr6rOrPNxWItM/+rWbH0LpyEBlEsSYBnH3kxgzKEWUpwQDnBkk0UIMyp2hXiEeIIS5VlSYVgLp78FzqNunlaP7trlJuX8ziK4AAcgiowwTloglvQAm2AwRN4AW/gXXvWXrUP7XPWWtDmM/vgl7TpNx2vn8Y=</latexit>



Break & Quiz



Q2-1: Which is a NOMINAL feature introduced in the lecture?

1. Cost ∈ [0, 100]
2. Awarded ∈ {True, False}
3. Steak ∈ {Rare, Medium Rare, Medium,

Medium Well, Well Done}
4. Attitude ∈ {strongly disagree, disagree,

neutral, agree, strongly agree}



Q2-1: Which is a NOMINAL feature introduced in the lecture?

1. Cost ∈ [0, 100]
2. Awarded ∈ {True, False}
3. Steak ∈ {Rare, Medium Rare,

Medium, Medium Well, Well Done}
4. Attitude ∈ {strongly disagree,

disagree, neutral, agree, strongly
agree}



Q2-2: What is the dimension of the feature space?
The CIFAR-10 dataset contains 60,000 32x32 color images in 10 different classes.
(convert each data to a vector)

1. 10 
2. 60,000 
3. 3072
4. 1024



Q2-2: What is the dimension of the feature space?
The CIFAR-10 dataset contains 60,000 32x32 color images in 10 different classes.
(convert each data to a vector)

1. 10 
2. 60,000 
3. 3072
4. 1024

Every color 
image has 3 
channels (RGB) 
and 32*32 
pixels, so the 
dimension is 
3*32*32=3072.



Q2-3: Are these statements true or false? 
(A) Instances from time series are independent and identically 
distributed.
(B) The primary objective of supervised learning is to find a model that 
achieves the highest accuracy on the training data.

1. True, True 
2. True, False 
3. False, True
4. False, False



Q2-3: Are these statements true or false? 
(A) Instances from time series are independent and identically 
distributed.
(B) The primary objective of supervised learning is to find a model that 
achieves the highest accuracy on the training data.

1. True, True 
2. True, False 
3. False, True
4. False, False

(A)Instances from 
time series 
usually have 
dependencies on 
the previous 
instances.

(B)The primary 
objective of 
supervised 
learning is to find 
a model that 
generalizes.



Outline

•Review from last time
•Supervised vs. unsupervised learning
•Supervised learning concepts

•Features, models, training, other terminology
•Unsupervised learning concepts

• Clustering, anomaly detection, dimensionality reduction



Unsupervised Learning: Setup

•Given instances 

•Goal: discover interesting regularities/structures/patterns 
that characterize the instances. Ex:

• clustering
• anomaly detection
• dimensionality reduction

{x(1), x(2), . . . , x(n)}

<latexit sha1_base64="BxaoFs2UrNeHycfMcmjNkBAyYDw=">AAACEHicbZDLSsNAFIYn9VbrLerSzWArtiAlKYoui25cVrAXaGKZTKft0MkkzEzEEvIIbnwVNy4UcevSnW/jpM1CW38Y+PjPOZw5vxcyKpVlfRu5peWV1bX8emFjc2t7x9zda8kgEpg0ccAC0fGQJIxy0lRUMdIJBUG+x0jbG1+l9fY9EZIG/FZNQuL6aMjpgGKktNUzj0tO/HAXl+1KcgJTqKXgsH6g5MzglcRJSj2zaFWtqeAi2BkUQaZGz/xy+gGOfMIVZkjKrm2Fyo2RUBQzkhScSJIQ4TEakq5Gjnwi3Xh6UAKPtNOHg0DoxxWcur8nYuRLOfE93ekjNZLztdT8r9aN1ODCjSkPI0U4ni0aRAyqAKbpwD4VBCs20YCwoPqvEI+QQFjpDAs6BHv+5EVo1ar2afXsplasX2Zx5MEBOARlYINzUAfXoAGaAINH8AxewZvxZLwY78bHrDVnZDP74I+Mzx8cT5rD</latexit>



Clustering: Setup

•Given instances 

•Goal: model h divides the training set into clusters with
• intra-cluster similarity 
• inter-cluster dissimilarity

•Clustering irises:

{x(1), x(2), . . . , x(n)}

<latexit sha1_base64="BxaoFs2UrNeHycfMcmjNkBAyYDw=">AAACEHicbZDLSsNAFIYn9VbrLerSzWArtiAlKYoui25cVrAXaGKZTKft0MkkzEzEEvIIbnwVNy4UcevSnW/jpM1CW38Y+PjPOZw5vxcyKpVlfRu5peWV1bX8emFjc2t7x9zda8kgEpg0ccAC0fGQJIxy0lRUMdIJBUG+x0jbG1+l9fY9EZIG/FZNQuL6aMjpgGKktNUzj0tO/HAXl+1KcgJTqKXgsH6g5MzglcRJSj2zaFWtqeAi2BkUQaZGz/xy+gGOfMIVZkjKrm2Fyo2RUBQzkhScSJIQ4TEakq5Gjnwi3Xh6UAKPtNOHg0DoxxWcur8nYuRLOfE93ekjNZLztdT8r9aN1ODCjSkPI0U4ni0aRAyqAKbpwD4VBCs20YCwoPqvEI+QQFjpDAs6BHv+5EVo1ar2afXsplasX2Zx5MEBOARlYINzUAfXoAGaAINH8AxewZvxZLwY78bHrDVnZDP74I+Mzx8cT5rD</latexit>



Anomaly Detection: Setup

•Given instances 

•Goal: model h that represents 
“normal” x
•Can apply to new data to find 

anomalies 

{x(1), x(2), . . . , x(n)}

<latexit sha1_base64="BxaoFs2UrNeHycfMcmjNkBAyYDw=">AAACEHicbZDLSsNAFIYn9VbrLerSzWArtiAlKYoui25cVrAXaGKZTKft0MkkzEzEEvIIbnwVNy4UcevSnW/jpM1CW38Y+PjPOZw5vxcyKpVlfRu5peWV1bX8emFjc2t7x9zda8kgEpg0ccAC0fGQJIxy0lRUMdIJBUG+x0jbG1+l9fY9EZIG/FZNQuL6aMjpgGKktNUzj0tO/HAXl+1KcgJTqKXgsH6g5MzglcRJSj2zaFWtqeAi2BkUQaZGz/xy+gGOfMIVZkjKrm2Fyo2RUBQzkhScSJIQ4TEakq5Gjnwi3Xh6UAKPtNOHg0DoxxWcur8nYuRLOfE93ekjNZLztdT8r9aN1ODCjSkPI0U4ni0aRAyqAKbpwD4VBCs20YCwoPqvEI+QQFjpDAs6BHv+5EVo1ar2afXsplasX2Zx5MEBOARlYINzUAfXoAGaAINH8AxewZvxZLwY78bHrDVnZDP74I+Mzx8cT5rD</latexit>

Let’s say our model is represented by: 1979-
2000 average, ±2 stddev

Does the data for 2012 look anomalous?



Dimensionality Reduction: Setup

•Given instances 

•Goal: model h that represents x with  
• lower-dim. feature vectors
•preserving information

•Example: Eigenfaces

{x(1), x(2), . . . , x(n)}

<latexit sha1_base64="BxaoFs2UrNeHycfMcmjNkBAyYDw=">AAACEHicbZDLSsNAFIYn9VbrLerSzWArtiAlKYoui25cVrAXaGKZTKft0MkkzEzEEvIIbnwVNy4UcevSnW/jpM1CW38Y+PjPOZw5vxcyKpVlfRu5peWV1bX8emFjc2t7x9zda8kgEpg0ccAC0fGQJIxy0lRUMdIJBUG+x0jbG1+l9fY9EZIG/FZNQuL6aMjpgGKktNUzj0tO/HAXl+1KcgJTqKXgsH6g5MzglcRJSj2zaFWtqeAi2BkUQaZGz/xy+gGOfMIVZkjKrm2Fyo2RUBQzkhScSJIQ4TEakq5Gjnwi3Xh6UAKPtNOHg0DoxxWcur8nYuRLOfE93ekjNZLztdT8r9aN1ODCjSkPI0U4ni0aRAyqAKbpwD4VBCs20YCwoPqvEI+QQFjpDAs6BHv+5EVo1ar2afXsplasX2Zx5MEBOARlYINzUAfXoAGaAINH8AxewZvxZLwY78bHrDVnZDP74I+Mzx8cT5rD</latexit>



Dimensionality Reduction: Setup

Example: Eigenfaces

What dimension are we using now?

´= )1(
1a ´+ )1(

2a ´++ (1)
20  ... a

x(1) = h↵(1)
1 ,↵(1)

2 , . . . ,↵(1)
20 i

<latexit sha1_base64="eg1E/zoFz+v8GXUh99apQ4DAbUs="></latexit>

=α1
(2) × + α2

(2) × ´++ )2(
20 ... a

x(1) = h↵(2)
1 ,↵(2)

2 , . . . ,↵(2)
20 i

<latexit sha1_base64="gJ63C4kG6FB1FTRijN7W2EQ54NE="></latexit>



Model Zoo

Lots of models!



Q3-1: Which generally is NOT an unsupervised learning task?

1. Principal component analysis
2. Fraud detection
3. CIFAR-10 image classification
4. Community detection



Q3-1: Which generally is NOT an unsupervised learning task?

1. Principal component analysis
2. Fraud detection
3. CIFAR-10 image classification
4. Community detection

1. Principal component 
analysis is a problem of 
dimensionality 
reduction.

2. You can think fraud 
detection as an anomaly 
detection problem.

3. CIFAR-10 image 
classification is a 
classification task for 
labeled image data.

4. Community detection is 
some clustering 
problem.



Thanks Everyone!

Some of the slides in these lectures have been adapted/borrowed from materials developed by Mark Craven, 
David Page, Jude Shavlik, Tom Mitchell, Nina Balcan, Elad Hazan, Tom Dietterich, Pedro Domingos, Jerry Zhu, 
Yingyu Liang, Volodymyr Kuleshov, Fred Sala


