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® Machine learning Overview
® Supervised learning
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Recap of the last lecture

• Rational Agents
– Do the right thing, subject to information / computation constraints
– Goal of this course: learn how to build such agents

• PEAS
– Performance measure, Environment, Actuators, Sensors

• New Paradigm: Modelling, Learning, Inference
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Generic Agent Program

• Implementing f : P* ® A …or… f (P*) = A
– Lookup table?
– Learning?

Knowledge, past percepts, past actions

Add percept to percepts

LUT [percepts, table]
NOP

Table-Driven-Agent
e.g.,



Structure of the course
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Low-level intelligence High-level intelligence

Reflex Agents Planning Agents Reasoning agents

Classification / Regression
Bandits

Search
game playing

Logic,  knowledge base
Probabilistic inference 

Machine Learning

Probabilistic Graphical Models / Deep Neural Networks

Markov Decision Processes
Reinforcement Learning



Today

• Machine learning overview

• Supervised learning: Binary classification

• Feature design and feature extraction

• Family of classifiers: Decision Trees / Linear Separator

• Performance metric for a classifier
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Different Types of Machine Learning

• Supervised Learning

• Unsupervised Learning

• Reinforcement Learning

• Structured Prediction
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Spam Filter.

Topics of a text corpus

Atari Games. Serve Ads.

Machine translation.

Bandits and reinforcement learning after the midterm.



Supervised learningBinary Classification
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Unsupervised Learning
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Semi-supervised Learning
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Reinforcement learning
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Recommendations

buy or not buy



The focus of today’s lecture is “Supervised 
Learning”
• Actually, just “binary classification”.

• Prototypical Example: Spam filtering
– Design an “agent” to look at my email
– And predict whether it is “Spam” or “Ham”
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Illustration extracted from [here]

http://prephappy.com/prepping/spam-vs-ham-6-shelf-stable-meats-to-consider/


Example of SPAM emails
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Example of another SPAM email
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Example of a HAM (non-spam) email
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Quoted from [Here].

https://towardsdatascience.com/implementing-a-naive-bayes-classifier-for-text-categorization-in-five-steps-f9192cdd54c3


Modelling-Inference-Learning paradigm
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Modeling

Inference Learning

- Feature engineering
- Specify a family of classifiers

Learning the best performing classifierApply the classifier to emails



What are the features that we can use to
describe an email (3 min discussions)
• What are characteristics of spam and ham emails?

• What are the information that we can extract from text, and
hyper-texts to describe an email?

• What are typical characteristic of a spam email?
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Possible features

• Number of special characters: $, %
• Mentioning of: Award, cash, free
• Greetings: generic, or specific
• Bad grammars and misspelled words: e.g. m0ney, c1ick

here.
• Excessive excitement: Many “!”, “!!!”, “?!”, words in

CAPITAL LETTERS.

• Whether the senders on the contact list
• Length of an email
• Whether the receiver has responded to sender before
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Example of a feature vector of dimension 4

1 0 0.0375 80
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Whether the contact list

Contains hyperlinks Proportion of misspelled words

Length of the message

Step 1 in Modelling
Feature extractor:

Converting the object of interest
to a vector of numerical values.



Mathematically defining a classifier
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• Feature space:

• Label space:

• A classifier (hypothesis):

X = Rd
<latexit sha1_base64="vGFd0zztJ02qzL84O7UX6Z4DUlA=">AAACB3icbVDLSsNAFL3xWesr6lKQwSK4KokIuhGKblxWsQ9oY5lMJu3QyYOZiVBCdm78FTcuFHHrL7jzb5ykWWjrgYEz59zLvfe4MWdSWda3sbC4tLyyWlmrrm9sbm2bO7ttGSWC0BaJeCS6LpaUs5C2FFOcdmNBceBy2nHHV7nfeaBCsii8U5OYOgEehsxnBCstDcyDfoDViGCedjN0gYqf66a32X3qZQgNzJpVtwqgeWKXpAYlmgPzq+9FJAloqAjHUvZsK1ZOioVihNOs2k8kjTEZ4yHtaRrigEonLe7I0JFWPORHQr9QoUL93ZHiQMpJ4OrKfE856+Xif14vUf65k7IwThQNyXSQn3CkIpSHgjwmKFF8ogkmguldERlhgYnS0VV1CPbsyfOkfVK3Nb85rTUuyzgqsA+HcAw2nEEDrqEJLSDwCM/wCm/Gk/FivBsf09IFo+zZgz8wPn8ARsWY6A==</latexit><latexit sha1_base64="vGFd0zztJ02qzL84O7UX6Z4DUlA=">AAACB3icbVDLSsNAFL3xWesr6lKQwSK4KokIuhGKblxWsQ9oY5lMJu3QyYOZiVBCdm78FTcuFHHrL7jzb5ykWWjrgYEz59zLvfe4MWdSWda3sbC4tLyyWlmrrm9sbm2bO7ttGSWC0BaJeCS6LpaUs5C2FFOcdmNBceBy2nHHV7nfeaBCsii8U5OYOgEehsxnBCstDcyDfoDViGCedjN0gYqf66a32X3qZQgNzJpVtwqgeWKXpAYlmgPzq+9FJAloqAjHUvZsK1ZOioVihNOs2k8kjTEZ4yHtaRrigEonLe7I0JFWPORHQr9QoUL93ZHiQMpJ4OrKfE856+Xif14vUf65k7IwThQNyXSQn3CkIpSHgjwmKFF8ogkmguldERlhgYnS0VV1CPbsyfOkfVK3Nb85rTUuyzgqsA+HcAw2nEEDrqEJLSDwCM/wCm/Gk/FivBsf09IFo+zZgz8wPn8ARsWY6A==</latexit><latexit sha1_base64="vGFd0zztJ02qzL84O7UX6Z4DUlA=">AAACB3icbVDLSsNAFL3xWesr6lKQwSK4KokIuhGKblxWsQ9oY5lMJu3QyYOZiVBCdm78FTcuFHHrL7jzb5ykWWjrgYEz59zLvfe4MWdSWda3sbC4tLyyWlmrrm9sbm2bO7ttGSWC0BaJeCS6LpaUs5C2FFOcdmNBceBy2nHHV7nfeaBCsii8U5OYOgEehsxnBCstDcyDfoDViGCedjN0gYqf66a32X3qZQgNzJpVtwqgeWKXpAYlmgPzq+9FJAloqAjHUvZsK1ZOioVihNOs2k8kjTEZ4yHtaRrigEonLe7I0JFWPORHQr9QoUL93ZHiQMpJ4OrKfE856+Xif14vUf65k7IwThQNyXSQn3CkIpSHgjwmKFF8ogkmguldERlhgYnS0VV1CPbsyfOkfVK3Nb85rTUuyzgqsA+HcAw2nEEDrqEJLSDwCM/wCm/Gk/FivBsf09IFo+zZgz8wPn8ARsWY6A==</latexit><latexit sha1_base64="vGFd0zztJ02qzL84O7UX6Z4DUlA=">AAACB3icbVDLSsNAFL3xWesr6lKQwSK4KokIuhGKblxWsQ9oY5lMJu3QyYOZiVBCdm78FTcuFHHrL7jzb5ykWWjrgYEz59zLvfe4MWdSWda3sbC4tLyyWlmrrm9sbm2bO7ttGSWC0BaJeCS6LpaUs5C2FFOcdmNBceBy2nHHV7nfeaBCsii8U5OYOgEehsxnBCstDcyDfoDViGCedjN0gYqf66a32X3qZQgNzJpVtwqgeWKXpAYlmgPzq+9FJAloqAjHUvZsK1ZOioVihNOs2k8kjTEZ4yHtaRrigEonLe7I0JFWPORHQr9QoUL93ZHiQMpJ4OrKfE856+Xif14vUf65k7IwThQNyXSQn3CkIpSHgjwmKFF8ogkmguldERlhgYnS0VV1CPbsyfOkfVK3Nb85rTUuyzgqsA+HcAw2nEEDrqEJLSDwCM/wCm/Gk/FivBsf09IFo+zZgz8wPn8ARsWY6A==</latexit>

Y = {0, 1} = {non-spam, spam}
<latexit sha1_base64="rM4fhN0gI1dVrZIgxQiuB51xM4o=">AAACInicbZDLSgMxFIYz9VbrbdSlm2ARXNQyI4K6EIpuXFawF+mUkknTNjSTGZIzYhnmWdz4Km5cKOpK8GFMp11o64HAl/+cQ/L/fiS4Bsf5snILi0vLK/nVwtr6xuaWvb1T12GsKKvRUISq6RPNBJesBhwEa0aKkcAXrOEPr8b9xj1TmofyFkYRawekL3mPUwJG6tjnXkBgQIlI7lJ8gb3EKbleijP0gD1AIkN5pCMSpCU8EbKLl3bsolN2ssLz4E6hiKZV7dgfXjekccAkUEG0brlOBO2EKOBUsLTgxZpFhA5Jn7UMShIw3U4yiyk+MEoX90JljgScqb83EhJoPQp8Mzk2pGd7Y/G/XiuG3lk74TKKgUk6eagXCwwhHueFu1wxCmJkgFDFzV8xHRBFKJhUCyYEd9byPNSPy67hm5Ni5XIaRx7toX10iFx0iiroGlVRDVH0iJ7RK3qznqwX6936nIzmrOnOLvpT1vcPqmGjyw==</latexit><latexit sha1_base64="rM4fhN0gI1dVrZIgxQiuB51xM4o=">AAACInicbZDLSgMxFIYz9VbrbdSlm2ARXNQyI4K6EIpuXFawF+mUkknTNjSTGZIzYhnmWdz4Km5cKOpK8GFMp11o64HAl/+cQ/L/fiS4Bsf5snILi0vLK/nVwtr6xuaWvb1T12GsKKvRUISq6RPNBJesBhwEa0aKkcAXrOEPr8b9xj1TmofyFkYRawekL3mPUwJG6tjnXkBgQIlI7lJ8gb3EKbleijP0gD1AIkN5pCMSpCU8EbKLl3bsolN2ssLz4E6hiKZV7dgfXjekccAkUEG0brlOBO2EKOBUsLTgxZpFhA5Jn7UMShIw3U4yiyk+MEoX90JljgScqb83EhJoPQp8Mzk2pGd7Y/G/XiuG3lk74TKKgUk6eagXCwwhHueFu1wxCmJkgFDFzV8xHRBFKJhUCyYEd9byPNSPy67hm5Ni5XIaRx7toX10iFx0iiroGlVRDVH0iJ7RK3qznqwX6936nIzmrOnOLvpT1vcPqmGjyw==</latexit><latexit sha1_base64="rM4fhN0gI1dVrZIgxQiuB51xM4o=">AAACInicbZDLSgMxFIYz9VbrbdSlm2ARXNQyI4K6EIpuXFawF+mUkknTNjSTGZIzYhnmWdz4Km5cKOpK8GFMp11o64HAl/+cQ/L/fiS4Bsf5snILi0vLK/nVwtr6xuaWvb1T12GsKKvRUISq6RPNBJesBhwEa0aKkcAXrOEPr8b9xj1TmofyFkYRawekL3mPUwJG6tjnXkBgQIlI7lJ8gb3EKbleijP0gD1AIkN5pCMSpCU8EbKLl3bsolN2ssLz4E6hiKZV7dgfXjekccAkUEG0brlOBO2EKOBUsLTgxZpFhA5Jn7UMShIw3U4yiyk+MEoX90JljgScqb83EhJoPQp8Mzk2pGd7Y/G/XiuG3lk74TKKgUk6eagXCwwhHueFu1wxCmJkgFDFzV8xHRBFKJhUCyYEd9byPNSPy67hm5Ni5XIaRx7toX10iFx0iiroGlVRDVH0iJ7RK3qznqwX6936nIzmrOnOLvpT1vcPqmGjyw==</latexit><latexit sha1_base64="rM4fhN0gI1dVrZIgxQiuB51xM4o=">AAACInicbZDLSgMxFIYz9VbrbdSlm2ARXNQyI4K6EIpuXFawF+mUkknTNjSTGZIzYhnmWdz4Km5cKOpK8GFMp11o64HAl/+cQ/L/fiS4Bsf5snILi0vLK/nVwtr6xuaWvb1T12GsKKvRUISq6RPNBJesBhwEa0aKkcAXrOEPr8b9xj1TmofyFkYRawekL3mPUwJG6tjnXkBgQIlI7lJ8gb3EKbleijP0gD1AIkN5pCMSpCU8EbKLl3bsolN2ssLz4E6hiKZV7dgfXjekccAkUEG0brlOBO2EKOBUsLTgxZpFhA5Jn7UMShIw3U4yiyk+MEoX90JljgScqb83EhJoPQp8Mzk2pGd7Y/G/XiuG3lk74TKKgUk6eagXCwwhHueFu1wxCmJkgFDFzV8xHRBFKJhUCyYEd9byPNSPy67hm5Ni5XIaRx7toX10iFx0iiroGlVRDVH0iJ7RK3qznqwX6936nIzmrOnOLvpT1vcPqmGjyw==</latexit>

h : X ! Y
<latexit sha1_base64="KMDB/0tIjX/hvkzq5l4hdUXBNos=">AAACEXicbZC7TsMwFIadcivlFmBksaiQOlUJQgIxVbAwFoleUBtVjus0Vh07sh1QFeUVWHgVFgYQYmVj421w2gyl5UiWPv3/OfI5vx8zqrTj/FilldW19Y3yZmVre2d3z94/aCuRSExaWDAhuz5ShFFOWppqRrqxJCjyGen44+vc7zwQqajgd3oSEy9CI04DipE20sCuhZcQ9iOkQ4xY2s1gX9JRqJGU4nHOuM8GdtWpO9OCy+AWUAVFNQf2d38ocBIRrjFDSvVcJ9ZeiqSmmJGs0k8UiREeoxHpGeQoIspLpxdl8MQoQxgIaR7XcKrOT6QoUmoS+aYzX1Etern4n9dLdHDhpZTHiSYczz4KEga1gHk8cEglwZpNDCAsqdkV4hBJhLUJsWJCcBdPXob2ad01fHtWbVwVcZTBETgGNeCCc9AAN6AJWgCDJ/AC3sC79Wy9Wh/W56y1ZBUzh+BPWV+/EtudLw==</latexit><latexit sha1_base64="KMDB/0tIjX/hvkzq5l4hdUXBNos=">AAACEXicbZC7TsMwFIadcivlFmBksaiQOlUJQgIxVbAwFoleUBtVjus0Vh07sh1QFeUVWHgVFgYQYmVj421w2gyl5UiWPv3/OfI5vx8zqrTj/FilldW19Y3yZmVre2d3z94/aCuRSExaWDAhuz5ShFFOWppqRrqxJCjyGen44+vc7zwQqajgd3oSEy9CI04DipE20sCuhZcQ9iOkQ4xY2s1gX9JRqJGU4nHOuM8GdtWpO9OCy+AWUAVFNQf2d38ocBIRrjFDSvVcJ9ZeiqSmmJGs0k8UiREeoxHpGeQoIspLpxdl8MQoQxgIaR7XcKrOT6QoUmoS+aYzX1Etern4n9dLdHDhpZTHiSYczz4KEga1gHk8cEglwZpNDCAsqdkV4hBJhLUJsWJCcBdPXob2ad01fHtWbVwVcZTBETgGNeCCc9AAN6AJWgCDJ/AC3sC79Wy9Wh/W56y1ZBUzh+BPWV+/EtudLw==</latexit><latexit sha1_base64="KMDB/0tIjX/hvkzq5l4hdUXBNos=">AAACEXicbZC7TsMwFIadcivlFmBksaiQOlUJQgIxVbAwFoleUBtVjus0Vh07sh1QFeUVWHgVFgYQYmVj421w2gyl5UiWPv3/OfI5vx8zqrTj/FilldW19Y3yZmVre2d3z94/aCuRSExaWDAhuz5ShFFOWppqRrqxJCjyGen44+vc7zwQqajgd3oSEy9CI04DipE20sCuhZcQ9iOkQ4xY2s1gX9JRqJGU4nHOuM8GdtWpO9OCy+AWUAVFNQf2d38ocBIRrjFDSvVcJ9ZeiqSmmJGs0k8UiREeoxHpGeQoIspLpxdl8MQoQxgIaR7XcKrOT6QoUmoS+aYzX1Etern4n9dLdHDhpZTHiSYczz4KEga1gHk8cEglwZpNDCAsqdkV4hBJhLUJsWJCcBdPXob2ad01fHtWbVwVcZTBETgGNeCCc9AAN6AJWgCDJ/AC3sC79Wy9Wh/W56y1ZBUzh+BPWV+/EtudLw==</latexit><latexit sha1_base64="KMDB/0tIjX/hvkzq5l4hdUXBNos=">AAACEXicbZC7TsMwFIadcivlFmBksaiQOlUJQgIxVbAwFoleUBtVjus0Vh07sh1QFeUVWHgVFgYQYmVj421w2gyl5UiWPv3/OfI5vx8zqrTj/FilldW19Y3yZmVre2d3z94/aCuRSExaWDAhuz5ShFFOWppqRrqxJCjyGen44+vc7zwQqajgd3oSEy9CI04DipE20sCuhZcQ9iOkQ4xY2s1gX9JRqJGU4nHOuM8GdtWpO9OCy+AWUAVFNQf2d38ocBIRrjFDSvVcJ9ZeiqSmmJGs0k8UiREeoxHpGeQoIspLpxdl8MQoQxgIaR7XcKrOT6QoUmoS+aYzX1Etern4n9dLdHDhpZTHiSYczz4KEga1gHk8cEglwZpNDCAsqdkV4hBJhLUJsWJCcBdPXob2ad01fHtWbVwVcZTBETgGNeCCc9AAN6AJWgCDJ/AC3sC79Wy9Wh/W56y1ZBUzh+BPWV+/EtudLw==</latexit>



How do we make use of this feature vector?
What is a reasonable “classifier” based on this
feature representation?

• Feature space:
• Label space:

• How are we going to use these features as a human?
– (3 min discussion)

20

1 0 0.0375 80

Whether the contact list

Contains hyperlinks Proportion of misspelled words

Length of the message

{0, 1}⇥ {0, 1}⇥ R⇥ N
<latexit sha1_base64="NZ1P7SV32FxFGyCFDB36kyImU2o=">AAACInicbVBLS8NAEN7UV62vqEcvi0XwICURQb0VvXiSKvYBTSib7aZdunmwOxFKyG/x4l/x4kFRT4I/xk0bQVs/GPjmmxlm5vNiwRVY1qdRWlhcWl4pr1bW1jc2t8ztnZaKEklZk0Yikh2PKCZ4yJrAQbBOLBkJPMHa3ugyr7fvmVQ8Cu9gHDM3IIOQ+5wS0FLPPHdS68h2Mgd4wBQuMvyTBgSGnpfezinXWc+sWjVrAjxP7IJUUYFGz3x3+hFNAhYCFUSprm3F4KZEAqeCZRUnUSwmdEQGrKtpSPQ+N528mOEDrfSxH0kdIeCJ+nsiJYFS48DTnfmFaraWi//Vugn4Z27KwzgBFtLpIj8RGCKc+4X7XDIKYqwJoZLrWzEdEkkoaFcr2gR79uV50jqu2ZrfnFTrF4UdZbSH9tEhstEpqqMr1EBNRNEDekIv6NV4NJ6NN+Nj2loyipld9AfG1zdjpKOd</latexit><latexit sha1_base64="NZ1P7SV32FxFGyCFDB36kyImU2o=">AAACInicbVBLS8NAEN7UV62vqEcvi0XwICURQb0VvXiSKvYBTSib7aZdunmwOxFKyG/x4l/x4kFRT4I/xk0bQVs/GPjmmxlm5vNiwRVY1qdRWlhcWl4pr1bW1jc2t8ztnZaKEklZk0Yikh2PKCZ4yJrAQbBOLBkJPMHa3ugyr7fvmVQ8Cu9gHDM3IIOQ+5wS0FLPPHdS68h2Mgd4wBQuMvyTBgSGnpfezinXWc+sWjVrAjxP7IJUUYFGz3x3+hFNAhYCFUSprm3F4KZEAqeCZRUnUSwmdEQGrKtpSPQ+N528mOEDrfSxH0kdIeCJ+nsiJYFS48DTnfmFaraWi//Vugn4Z27KwzgBFtLpIj8RGCKc+4X7XDIKYqwJoZLrWzEdEkkoaFcr2gR79uV50jqu2ZrfnFTrF4UdZbSH9tEhstEpqqMr1EBNRNEDekIv6NV4NJ6NN+Nj2loyipld9AfG1zdjpKOd</latexit><latexit sha1_base64="NZ1P7SV32FxFGyCFDB36kyImU2o=">AAACInicbVBLS8NAEN7UV62vqEcvi0XwICURQb0VvXiSKvYBTSib7aZdunmwOxFKyG/x4l/x4kFRT4I/xk0bQVs/GPjmmxlm5vNiwRVY1qdRWlhcWl4pr1bW1jc2t8ztnZaKEklZk0Yikh2PKCZ4yJrAQbBOLBkJPMHa3ugyr7fvmVQ8Cu9gHDM3IIOQ+5wS0FLPPHdS68h2Mgd4wBQuMvyTBgSGnpfezinXWc+sWjVrAjxP7IJUUYFGz3x3+hFNAhYCFUSprm3F4KZEAqeCZRUnUSwmdEQGrKtpSPQ+N528mOEDrfSxH0kdIeCJ+nsiJYFS48DTnfmFaraWi//Vugn4Z27KwzgBFtLpIj8RGCKc+4X7XDIKYqwJoZLrWzEdEkkoaFcr2gR79uV50jqu2ZrfnFTrF4UdZbSH9tEhstEpqqMr1EBNRNEDekIv6NV4NJ6NN+Nj2loyipld9AfG1zdjpKOd</latexit><latexit sha1_base64="NZ1P7SV32FxFGyCFDB36kyImU2o=">AAACInicbVBLS8NAEN7UV62vqEcvi0XwICURQb0VvXiSKvYBTSib7aZdunmwOxFKyG/x4l/x4kFRT4I/xk0bQVs/GPjmmxlm5vNiwRVY1qdRWlhcWl4pr1bW1jc2t8ztnZaKEklZk0Yikh2PKCZ4yJrAQbBOLBkJPMHa3ugyr7fvmVQ8Cu9gHDM3IIOQ+5wS0FLPPHdS68h2Mgd4wBQuMvyTBgSGnpfezinXWc+sWjVrAjxP7IJUUYFGz3x3+hFNAhYCFUSprm3F4KZEAqeCZRUnUSwmdEQGrKtpSPQ+N528mOEDrfSxH0kdIeCJ+nsiJYFS48DTnfmFaraWi//Vugn4Z27KwzgBFtLpIj8RGCKc+4X7XDIKYqwJoZLrWzEdEkkoaFcr2gR79uV50jqu2ZrfnFTrF4UdZbSH9tEhstEpqqMr1EBNRNEDekIv6NV4NJ6NN+Nj2loyipld9AfG1zdjpKOd</latexit>

Y = {0, 1} = {non-spam, spam}
<latexit sha1_base64="rM4fhN0gI1dVrZIgxQiuB51xM4o=">AAACInicbZDLSgMxFIYz9VbrbdSlm2ARXNQyI4K6EIpuXFawF+mUkknTNjSTGZIzYhnmWdz4Km5cKOpK8GFMp11o64HAl/+cQ/L/fiS4Bsf5snILi0vLK/nVwtr6xuaWvb1T12GsKKvRUISq6RPNBJesBhwEa0aKkcAXrOEPr8b9xj1TmofyFkYRawekL3mPUwJG6tjnXkBgQIlI7lJ8gb3EKbleijP0gD1AIkN5pCMSpCU8EbKLl3bsolN2ssLz4E6hiKZV7dgfXjekccAkUEG0brlOBO2EKOBUsLTgxZpFhA5Jn7UMShIw3U4yiyk+MEoX90JljgScqb83EhJoPQp8Mzk2pGd7Y/G/XiuG3lk74TKKgUk6eagXCwwhHueFu1wxCmJkgFDFzV8xHRBFKJhUCyYEd9byPNSPy67hm5Ni5XIaRx7toX10iFx0iiroGlVRDVH0iJ7RK3qznqwX6936nIzmrOnOLvpT1vcPqmGjyw==</latexit><latexit sha1_base64="rM4fhN0gI1dVrZIgxQiuB51xM4o=">AAACInicbZDLSgMxFIYz9VbrbdSlm2ARXNQyI4K6EIpuXFawF+mUkknTNjSTGZIzYhnmWdz4Km5cKOpK8GFMp11o64HAl/+cQ/L/fiS4Bsf5snILi0vLK/nVwtr6xuaWvb1T12GsKKvRUISq6RPNBJesBhwEa0aKkcAXrOEPr8b9xj1TmofyFkYRawekL3mPUwJG6tjnXkBgQIlI7lJ8gb3EKbleijP0gD1AIkN5pCMSpCU8EbKLl3bsolN2ssLz4E6hiKZV7dgfXjekccAkUEG0brlOBO2EKOBUsLTgxZpFhA5Jn7UMShIw3U4yiyk+MEoX90JljgScqb83EhJoPQp8Mzk2pGd7Y/G/XiuG3lk74TKKgUk6eagXCwwhHueFu1wxCmJkgFDFzV8xHRBFKJhUCyYEd9byPNSPy67hm5Ni5XIaRx7toX10iFx0iiroGlVRDVH0iJ7RK3qznqwX6936nIzmrOnOLvpT1vcPqmGjyw==</latexit><latexit sha1_base64="rM4fhN0gI1dVrZIgxQiuB51xM4o=">AAACInicbZDLSgMxFIYz9VbrbdSlm2ARXNQyI4K6EIpuXFawF+mUkknTNjSTGZIzYhnmWdz4Km5cKOpK8GFMp11o64HAl/+cQ/L/fiS4Bsf5snILi0vLK/nVwtr6xuaWvb1T12GsKKvRUISq6RPNBJesBhwEa0aKkcAXrOEPr8b9xj1TmofyFkYRawekL3mPUwJG6tjnXkBgQIlI7lJ8gb3EKbleijP0gD1AIkN5pCMSpCU8EbKLl3bsolN2ssLz4E6hiKZV7dgfXjekccAkUEG0brlOBO2EKOBUsLTgxZpFhA5Jn7UMShIw3U4yiyk+MEoX90JljgScqb83EhJoPQp8Mzk2pGd7Y/G/XiuG3lk74TKKgUk6eagXCwwhHueFu1wxCmJkgFDFzV8xHRBFKJhUCyYEd9byPNSPy67hm5Ni5XIaRx7toX10iFx0iiroGlVRDVH0iJ7RK3qznqwX6936nIzmrOnOLvpT1vcPqmGjyw==</latexit><latexit sha1_base64="rM4fhN0gI1dVrZIgxQiuB51xM4o=">AAACInicbZDLSgMxFIYz9VbrbdSlm2ARXNQyI4K6EIpuXFawF+mUkknTNjSTGZIzYhnmWdz4Km5cKOpK8GFMp11o64HAl/+cQ/L/fiS4Bsf5snILi0vLK/nVwtr6xuaWvb1T12GsKKvRUISq6RPNBJesBhwEa0aKkcAXrOEPr8b9xj1TmofyFkYRawekL3mPUwJG6tjnXkBgQIlI7lJ8gb3EKbleijP0gD1AIkN5pCMSpCU8EbKLl3bsolN2ssLz4E6hiKZV7dgfXjekccAkUEG0brlOBO2EKOBUsLTgxZpFhA5Jn7UMShIw3U4yiyk+MEoX90JljgScqb83EhJoPQp8Mzk2pGd7Y/G/XiuG3lk74TKKgUk6eagXCwwhHueFu1wxCmJkgFDFzV8xHRBFKJhUCyYEd9byPNSPy67hm5Ni5XIaRx7toX10iFx0iiroGlVRDVH0iJ7RK3qznqwX6936nIzmrOnOLvpT1vcPqmGjyw==</latexit>



Specifying a family of classifiers --- a
“hypothesis class”
• Hypothesis class

– A family of classifiers:
– Also known as “concept classes”, “models”, “decision rule book”
– “Neural networks” and “Support Vector Machines” are hypothesis

classes.
– Typically we want this family to be large and flexible.

• The task of machine learning:
– A selection problem to find a

that “works well” on this problem.
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H
<latexit sha1_base64="4V213gOkzvRhZ90WdkhLrPZlDpo=">AAAB8nicbVDLSsNAFL2pr1pfVZdugkVwVRIRdFl002UF+4A2lMl00g6dzISZG6GEfoYbF4q49Wvc+TdO2iy09cDA4Zx7mXNPmAhu0PO+ndLG5tb2Tnm3srd/cHhUPT7pGJVqytpUCaV7ITFMcMnayFGwXqIZiUPBuuH0Pve7T0wbruQjzhIWxGQsecQpQSv1BzHBCSUia86H1ZpX9xZw14lfkBoUaA2rX4ORomnMJFJBjOn7XoJBRjRyKti8MkgNSwidkjHrWypJzEyQLSLP3QurjNxIafskugv190ZGYmNmcWgn84hm1cvF/7x+itFtkHGZpMgkXX4UpcJF5eb3uyOuGUUxs4RQzW1Wl06IJhRtSxVbgr968jrpXNV9yx+ua427oo4ynME5XIIPN9CAJrSgDRQUPMMrvDnovDjvzsdytOQUO6fwB87nD3rzkV4=</latexit><latexit sha1_base64="4V213gOkzvRhZ90WdkhLrPZlDpo=">AAAB8nicbVDLSsNAFL2pr1pfVZdugkVwVRIRdFl002UF+4A2lMl00g6dzISZG6GEfoYbF4q49Wvc+TdO2iy09cDA4Zx7mXNPmAhu0PO+ndLG5tb2Tnm3srd/cHhUPT7pGJVqytpUCaV7ITFMcMnayFGwXqIZiUPBuuH0Pve7T0wbruQjzhIWxGQsecQpQSv1BzHBCSUia86H1ZpX9xZw14lfkBoUaA2rX4ORomnMJFJBjOn7XoJBRjRyKti8MkgNSwidkjHrWypJzEyQLSLP3QurjNxIafskugv190ZGYmNmcWgn84hm1cvF/7x+itFtkHGZpMgkXX4UpcJF5eb3uyOuGUUxs4RQzW1Wl06IJhRtSxVbgr968jrpXNV9yx+ua427oo4ynME5XIIPN9CAJrSgDRQUPMMrvDnovDjvzsdytOQUO6fwB87nD3rzkV4=</latexit><latexit sha1_base64="4V213gOkzvRhZ90WdkhLrPZlDpo=">AAAB8nicbVDLSsNAFL2pr1pfVZdugkVwVRIRdFl002UF+4A2lMl00g6dzISZG6GEfoYbF4q49Wvc+TdO2iy09cDA4Zx7mXNPmAhu0PO+ndLG5tb2Tnm3srd/cHhUPT7pGJVqytpUCaV7ITFMcMnayFGwXqIZiUPBuuH0Pve7T0wbruQjzhIWxGQsecQpQSv1BzHBCSUia86H1ZpX9xZw14lfkBoUaA2rX4ORomnMJFJBjOn7XoJBRjRyKti8MkgNSwidkjHrWypJzEyQLSLP3QurjNxIafskugv190ZGYmNmcWgn84hm1cvF/7x+itFtkHGZpMgkXX4UpcJF5eb3uyOuGUUxs4RQzW1Wl06IJhRtSxVbgr968jrpXNV9yx+ua427oo4ynME5XIIPN9CAJrSgDRQUPMMrvDnovDjvzsdytOQUO6fwB87nD3rzkV4=</latexit><latexit sha1_base64="4V213gOkzvRhZ90WdkhLrPZlDpo=">AAAB8nicbVDLSsNAFL2pr1pfVZdugkVwVRIRdFl002UF+4A2lMl00g6dzISZG6GEfoYbF4q49Wvc+TdO2iy09cDA4Zx7mXNPmAhu0PO+ndLG5tb2Tnm3srd/cHhUPT7pGJVqytpUCaV7ITFMcMnayFGwXqIZiUPBuuH0Pve7T0wbruQjzhIWxGQsecQpQSv1BzHBCSUia86H1ZpX9xZw14lfkBoUaA2rX4ORomnMJFJBjOn7XoJBRjRyKti8MkgNSwidkjHrWypJzEyQLSLP3QurjNxIafskugv190ZGYmNmcWgn84hm1cvF/7x+itFtkHGZpMgkXX4UpcJF5eb3uyOuGUUxs4RQzW1Wl06IJhRtSxVbgr968jrpXNV9yx+ua427oo4ynME5XIIPN9CAJrSgDRQUPMMrvDnovDjvzsdytOQUO6fwB87nD3rzkV4=</latexit>

h 2 H
<latexit sha1_base64="ET2iYM2nzD/odip5qB7b8pJ5bvw=">AAAB+HicbVDLSsNAFL2pr1ofjbp0M1gEVyURQZdFN11WsA9oQplMJ+3QySTMTIQa+iVuXCji1k9x5984SbPQ1gMDh3Pu5Z45QcKZ0o7zbVU2Nre2d6q7tb39g8O6fXTcU3EqCe2SmMdyEGBFORO0q5nmdJBIiqOA034wu8v9/iOVisXiQc8T6kd4IljICNZGGtn1qceEF2E9JZhn7cXIbjhNpwBaJ25JGlCiM7K/vHFM0ogKTThWaug6ifYzLDUjnC5qXqpogskMT+jQUIEjqvysCL5A50YZozCW5gmNCvX3RoYjpeZRYCbziGrVy8X/vGGqwxs/YyJJNRVkeShMOdIxyltAYyYp0XxuCCaSmayITLHERJuuaqYEd/XL66R32XQNv79qtG7LOqpwCmdwAS5cQwva0IEuEEjhGV7hzXqyXqx362M5WrHKnRP4A+vzBwm+k1I=</latexit><latexit sha1_base64="ET2iYM2nzD/odip5qB7b8pJ5bvw=">AAAB+HicbVDLSsNAFL2pr1ofjbp0M1gEVyURQZdFN11WsA9oQplMJ+3QySTMTIQa+iVuXCji1k9x5984SbPQ1gMDh3Pu5Z45QcKZ0o7zbVU2Nre2d6q7tb39g8O6fXTcU3EqCe2SmMdyEGBFORO0q5nmdJBIiqOA034wu8v9/iOVisXiQc8T6kd4IljICNZGGtn1qceEF2E9JZhn7cXIbjhNpwBaJ25JGlCiM7K/vHFM0ogKTThWaug6ifYzLDUjnC5qXqpogskMT+jQUIEjqvysCL5A50YZozCW5gmNCvX3RoYjpeZRYCbziGrVy8X/vGGqwxs/YyJJNRVkeShMOdIxyltAYyYp0XxuCCaSmayITLHERJuuaqYEd/XL66R32XQNv79qtG7LOqpwCmdwAS5cQwva0IEuEEjhGV7hzXqyXqx362M5WrHKnRP4A+vzBwm+k1I=</latexit><latexit sha1_base64="ET2iYM2nzD/odip5qB7b8pJ5bvw=">AAAB+HicbVDLSsNAFL2pr1ofjbp0M1gEVyURQZdFN11WsA9oQplMJ+3QySTMTIQa+iVuXCji1k9x5984SbPQ1gMDh3Pu5Z45QcKZ0o7zbVU2Nre2d6q7tb39g8O6fXTcU3EqCe2SmMdyEGBFORO0q5nmdJBIiqOA034wu8v9/iOVisXiQc8T6kd4IljICNZGGtn1qceEF2E9JZhn7cXIbjhNpwBaJ25JGlCiM7K/vHFM0ogKTThWaug6ifYzLDUjnC5qXqpogskMT+jQUIEjqvysCL5A50YZozCW5gmNCvX3RoYjpeZRYCbziGrVy8X/vGGqwxs/YyJJNRVkeShMOdIxyltAYyYp0XxuCCaSmayITLHERJuuaqYEd/XL66R32XQNv79qtG7LOqpwCmdwAS5cQwva0IEuEEjhGV7hzXqyXqx362M5WrHKnRP4A+vzBwm+k1I=</latexit><latexit sha1_base64="ET2iYM2nzD/odip5qB7b8pJ5bvw=">AAAB+HicbVDLSsNAFL2pr1ofjbp0M1gEVyURQZdFN11WsA9oQplMJ+3QySTMTIQa+iVuXCji1k9x5984SbPQ1gMDh3Pu5Z45QcKZ0o7zbVU2Nre2d6q7tb39g8O6fXTcU3EqCe2SmMdyEGBFORO0q5nmdJBIiqOA034wu8v9/iOVisXiQc8T6kd4IljICNZGGtn1qceEF2E9JZhn7cXIbjhNpwBaJ25JGlCiM7K/vHFM0ogKTThWaug6ifYzLDUjnC5qXqpogskMT+jQUIEjqvysCL5A50YZozCW5gmNCvX3RoYjpeZRYCbziGrVy8X/vGGqwxs/YyJJNRVkeShMOdIxyltAYyYp0XxuCCaSmayITLHERJuuaqYEd/XL66R32XQNv79qtG7LOqpwCmdwAS5cQwva0IEuEEjhGV7hzXqyXqx362M5WrHKnRP4A+vzBwm+k1I=</latexit>



Decision trees
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Contact list?

Misspelled words
>0.03

Length
> 100 Hyperlink?

“No”“Yes”

“No”“Yes”

“non-spam”

“No”“Yes” “No”
“Yes”

“spam” “non-spam” “spam” “non-spam”

• Question: What are the “free parameters” if we are to 
learn such a decision tree?  Using data?



Learning a decision tree 

• Free parameters:
– Which feature(s) to use when branching branch?
– How to branch? Thresholding? Free threshold?
– Which label to assign at leaf nodes?

• Hyperparameters:
– Max height of a decision tree?
– Number of parameters the tree can use in each 
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• Question: Consider a problem with 4 binary features.
– How many decision trees of 3 layers are there? If each decision

uses only one feature? (you may repeat features)
– How many possible feature vectors are there?
– How many classifiers are there (without restrictions)?



Example: Linear classifiers

• Score(x)  =  w0 + w1 * 1(hyperlinks) + w2 * 1(contact list) 
+ w3 * misspelling  +  w4 * length

• A linear classifier:  h(x)  = 1 if Score(x) > 0 and 0 
otherwise.

• Question: What are the “free-parameters” in a linear 
classifier?
– If we redefine

– A compact representation: 
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h(x) = sign(wT [1;x])
<latexit sha1_base64="+GdrPdjRhngivzDvjPZFqKDUtR8=">AAACCnicbZDLSgMxFIYz9VbHW9Wlm2gR2k2ZEUFBhKIblxV6g3YsmTRtQzOZITmjLUPXbnwVNy4UcesTuPNtTC8Lbf0h8PGfczg5vx8JrsFxvq3U0vLK6lp63d7Y3NreyezuVXUYK8oqNBShqvtEM8ElqwAHweqRYiTwBav5/etxvXbPlOahLMMwYl5AupJ3OCVgrFbm0LbtXm6Qx5e4CWwAieZdOco93JUb7sXAy2PcymSdgjMRXgR3Blk0U6mV+Wq2QxoHTAIVROuG60TgJUQBp4KN7GasWURon3RZw6AkAdNeMjllhI+N08adUJknAU/c3xMJCbQeBr7pDAj09HxtbP5Xa8TQOfcSLqMYmKTTRZ1YYAjxOBfc5opREEMDhCpu/oppjyhCwaRnmxDc+ZMXoXpScA3fnmaLV7M40ugAHaEcctEZKqIbVEIVRNEjekav6M16sl6sd+tj2pqyZjP76I+szx/rQ5fh</latexit><latexit sha1_base64="+GdrPdjRhngivzDvjPZFqKDUtR8=">AAACCnicbZDLSgMxFIYz9VbHW9Wlm2gR2k2ZEUFBhKIblxV6g3YsmTRtQzOZITmjLUPXbnwVNy4UcesTuPNtTC8Lbf0h8PGfczg5vx8JrsFxvq3U0vLK6lp63d7Y3NreyezuVXUYK8oqNBShqvtEM8ElqwAHweqRYiTwBav5/etxvXbPlOahLMMwYl5AupJ3OCVgrFbm0LbtXm6Qx5e4CWwAieZdOco93JUb7sXAy2PcymSdgjMRXgR3Blk0U6mV+Wq2QxoHTAIVROuG60TgJUQBp4KN7GasWURon3RZw6AkAdNeMjllhI+N08adUJknAU/c3xMJCbQeBr7pDAj09HxtbP5Xa8TQOfcSLqMYmKTTRZ1YYAjxOBfc5opREEMDhCpu/oppjyhCwaRnmxDc+ZMXoXpScA3fnmaLV7M40ugAHaEcctEZKqIbVEIVRNEjekav6M16sl6sd+tj2pqyZjP76I+szx/rQ5fh</latexit><latexit sha1_base64="+GdrPdjRhngivzDvjPZFqKDUtR8=">AAACCnicbZDLSgMxFIYz9VbHW9Wlm2gR2k2ZEUFBhKIblxV6g3YsmTRtQzOZITmjLUPXbnwVNy4UcesTuPNtTC8Lbf0h8PGfczg5vx8JrsFxvq3U0vLK6lp63d7Y3NreyezuVXUYK8oqNBShqvtEM8ElqwAHweqRYiTwBav5/etxvXbPlOahLMMwYl5AupJ3OCVgrFbm0LbtXm6Qx5e4CWwAieZdOco93JUb7sXAy2PcymSdgjMRXgR3Blk0U6mV+Wq2QxoHTAIVROuG60TgJUQBp4KN7GasWURon3RZw6AkAdNeMjllhI+N08adUJknAU/c3xMJCbQeBr7pDAj09HxtbP5Xa8TQOfcSLqMYmKTTRZ1YYAjxOBfc5opREEMDhCpu/oppjyhCwaRnmxDc+ZMXoXpScA3fnmaLV7M40ugAHaEcctEZKqIbVEIVRNEjekav6M16sl6sd+tj2pqyZjP76I+szx/rQ5fh</latexit><latexit sha1_base64="+GdrPdjRhngivzDvjPZFqKDUtR8=">AAACCnicbZDLSgMxFIYz9VbHW9Wlm2gR2k2ZEUFBhKIblxV6g3YsmTRtQzOZITmjLUPXbnwVNy4UcesTuPNtTC8Lbf0h8PGfczg5vx8JrsFxvq3U0vLK6lp63d7Y3NreyezuVXUYK8oqNBShqvtEM8ElqwAHweqRYiTwBav5/etxvXbPlOahLMMwYl5AupJ3OCVgrFbm0LbtXm6Qx5e4CWwAieZdOco93JUb7sXAy2PcymSdgjMRXgR3Blk0U6mV+Wq2QxoHTAIVROuG60TgJUQBp4KN7GasWURon3RZw6AkAdNeMjllhI+N08adUJknAU/c3xMJCbQeBr7pDAj09HxtbP5Xa8TQOfcSLqMYmKTTRZ1YYAjxOBfc5opREEMDhCpu/oppjyhCwaRnmxDc+ZMXoXpScA3fnmaLV7M40ugAHaEcctEZKqIbVEIVRNEjekav6M16sl6sd+tj2pqyZjP76I+szx/rQ5fh</latexit>

Y = {�1, 1}
<latexit sha1_base64="XFI+ee5omTF4tuXD1mCKvdB4pw0=">AAAB/3icbVDLSsNAFL2pr1pfUcGNm8EiuNCSiKAboejGZQX7kCaUyXTSDp08mJkIJWbhr7hxoYhbf8Odf+OkzUJbDwwczrmXe+Z4MWdSWda3UVpYXFpeKa9W1tY3NrfM7Z2WjBJBaJNEPBIdD0vKWUibiilOO7GgOPA4bXuj69xvP1AhWRTeqXFM3QAPQuYzgpWWeuaeE2A1JJin9xm6RE56Yh/bTtYzq1bNmgDNE7sgVSjQ6JlfTj8iSUBDRTiWsmtbsXJTLBQjnGYVJ5E0xmSEB7SraYgDKt10kj9Dh1rpIz8S+oUKTdTfGykOpBwHnp7M08pZLxf/87qJ8i/clIVxomhIpof8hCMVobwM1GeCEsXHmmAimM6KyBALTJSurKJLsGe/PE9apzVb89uzav2qqKMM+3AAR2DDOdThBhrQBAKP8Ayv8GY8GS/Gu/ExHS0Zxc4u/IHx+QNK9JT2</latexit><latexit sha1_base64="XFI+ee5omTF4tuXD1mCKvdB4pw0=">AAAB/3icbVDLSsNAFL2pr1pfUcGNm8EiuNCSiKAboejGZQX7kCaUyXTSDp08mJkIJWbhr7hxoYhbf8Odf+OkzUJbDwwczrmXe+Z4MWdSWda3UVpYXFpeKa9W1tY3NrfM7Z2WjBJBaJNEPBIdD0vKWUibiilOO7GgOPA4bXuj69xvP1AhWRTeqXFM3QAPQuYzgpWWeuaeE2A1JJin9xm6RE56Yh/bTtYzq1bNmgDNE7sgVSjQ6JlfTj8iSUBDRTiWsmtbsXJTLBQjnGYVJ5E0xmSEB7SraYgDKt10kj9Dh1rpIz8S+oUKTdTfGykOpBwHnp7M08pZLxf/87qJ8i/clIVxomhIpof8hCMVobwM1GeCEsXHmmAimM6KyBALTJSurKJLsGe/PE9apzVb89uzav2qqKMM+3AAR2DDOdThBhrQBAKP8Ayv8GY8GS/Gu/ExHS0Zxc4u/IHx+QNK9JT2</latexit><latexit sha1_base64="XFI+ee5omTF4tuXD1mCKvdB4pw0=">AAAB/3icbVDLSsNAFL2pr1pfUcGNm8EiuNCSiKAboejGZQX7kCaUyXTSDp08mJkIJWbhr7hxoYhbf8Odf+OkzUJbDwwczrmXe+Z4MWdSWda3UVpYXFpeKa9W1tY3NrfM7Z2WjBJBaJNEPBIdD0vKWUibiilOO7GgOPA4bXuj69xvP1AhWRTeqXFM3QAPQuYzgpWWeuaeE2A1JJin9xm6RE56Yh/bTtYzq1bNmgDNE7sgVSjQ6JlfTj8iSUBDRTiWsmtbsXJTLBQjnGYVJ5E0xmSEB7SraYgDKt10kj9Dh1rpIz8S+oUKTdTfGykOpBwHnp7M08pZLxf/87qJ8i/clIVxomhIpof8hCMVobwM1GeCEsXHmmAimM6KyBALTJSurKJLsGe/PE9apzVb89uzav2qqKMM+3AAR2DDOdThBhrQBAKP8Ayv8GY8GS/Gu/ExHS0Zxc4u/IHx+QNK9JT2</latexit><latexit sha1_base64="XFI+ee5omTF4tuXD1mCKvdB4pw0=">AAAB/3icbVDLSsNAFL2pr1pfUcGNm8EiuNCSiKAboejGZQX7kCaUyXTSDp08mJkIJWbhr7hxoYhbf8Odf+OkzUJbDwwczrmXe+Z4MWdSWda3UVpYXFpeKa9W1tY3NrfM7Z2WjBJBaJNEPBIdD0vKWUibiilOO7GgOPA4bXuj69xvP1AhWRTeqXFM3QAPQuYzgpWWeuaeE2A1JJin9xm6RE56Yh/bTtYzq1bNmgDNE7sgVSjQ6JlfTj8iSUBDRTiWsmtbsXJTLBQjnGYVJ5E0xmSEB7SraYgDKt10kj9Dh1rpIz8S+oUKTdTfGykOpBwHnp7M08pZLxf/87qJ8i/clIVxomhIpof8hCMVobwM1GeCEsXHmmAimM6KyBALTJSurKJLsGe/PE9apzVb89uzav2qqKMM+3AAR2DDOdThBhrQBAKP8Ayv8GY8GS/Gu/ExHS0Zxc4u/IHx+QNK9JT2</latexit>



Geometric view: Linear classifier are “half-
spaces”!
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spam

Non-spam

Length of the message

Proportion
of 
misspelled
words

{ x | w0 + w1 * x1+ w2 * x2 + w3 * x3  +  w4 * x4 > 0}
The set of all ”emails” that will be classified as “Spams”.



Learning linear classifiers

• Training data:

• In the above example, there is a clean cut boundary that 
distinguishes “spams” from “non-spams”.
– “Linearly separable” problem
– Learning linear classifier: Finding vector w that is consistent with 

the observed training data.
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(x1, y1), ..., (xn, yn) 2 X ⇥ Y
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Example: Linearly non-separable cases
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How do we learn a linear classifier in a non-
linearly separable case?
• Training data:

• Solving the following optimization problem:

• Learning:  Find the linear classifier that makes the 
smallest number of mistakes on the training data.
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(x1, y1), ..., (xn, yn) 2 X ⇥ Y
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min
w2Rd

Error(w) =
1

n

nX

i=1

1(hw(xi) 6= yi)
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What happens if the linear classifier with the 
smallest number of mistakes still makes a 
mistake 49% of the time?
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Case 1: Case 2: 

There is no information about the 
label in the features.
No classifiers are able to do well.

There are some nonlinear classifier 
that works. But no linear classifiers 
will do better than chance.



Going to higher dimensions? Maybe we can 
also allow non-linear decision boundaries?
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Example:  Feature transformation.
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What we can do:

In the redefined space, the 
two classes are now linearly 
separable.

(x̃1, x̃2) =

✓q
x2
1 + x2

2, arctan(x2/x1)

◆
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Nonparametric classifiers

• Increasing the complexity of the classifier as we get more 
data

• For example:  
– We can use the entire training dataset as “free parameters” of the 

classifier.
– k-Nearest Neighbor 
– Kernel methods (lifting to infinite dimensional space)
– Neural networks (design a model for a fixed data size)

• (More details in the textbook)
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Question: What is the classification error of 1-NN classifiers?



We can make the classifiers arbitrarily 
accurate… with 1-NN classifier; or with bigger 
and bigger neural networks.
• Even if the data look like:

• What went wrong?
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The problem of Overfitting
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The green line represents an overfitted model. 
While the green line best follows the training data, 
it is too dependent on that data and
it is likely to have a higher error rate on new unseen data.



The goal of machine learning is not to obtain 
0-training error, but rather to achieve small 
error rates on new data points (that are not 
used for training.)
• Test Error  <  Training Error + Generalization Error
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Err(h) := E[1(h(x) 6= y)]
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dErr(h) := 1

n

nX

i=1

1(h(xi) 6= yi)
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Gen(H) := sup
h2H

�����
1

n

nX

i=1

1(h(xi) 6= yi)� E[1(h(x) 6= y)]

�����
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(** some text uses “generalization error” as a synonym as “test
error”, which has created much confusion. The above is the
definition we adopt.)



Statistical Learning Theory

36

Closely related to Empirical Process Theory, Computational Learning Theory.

TL;DR: Proving that the generalization error à 0, thus showing that ML works.



Summary of today’s lecture

• Machine learning overview

• Supervised learning: Spam filtering as an example
– Features, feature extraction
– Models, hypothesis class
– Choosing an appropriate hypothesis class
– Performance metric
– Overfitting and generalization
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Next Tuesday

• Prevent overfitting
– watch out for distribution-shift

• How to learn a classifier:
– Algorithms to solve the optimization problem in machine learning

• Continuous optimization
– One algorithm to solve it all
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Don’t forget to come to the discussion class on Friday.


