
Artificial Intelligence
CS 165A

Oct 8, 2020

Instructor: Prof. Yu-Xiang Wang

® Supervised learning
® Continuous optimization
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Anonymous student feedback

• “I really like the interactivity in the chat. I would like 
more, personally.”

• “more explanation of notation during lecture”

• “At the end of Lecture 2 when defining generalization 
error it said "Gen(H) := sup(...)" I'm not sure what sup 
means.”
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Link to submit feedback: https://forms.gle/Eenu1aw3SzBxGcTaA

https://forms.gle/Eenu1aw3SzBxGcTaA


Recap: Last lecture

• Machine learning overview

• Supervised learning: Spam filtering as an example
– Features, feature extraction
– Models, hypothesis class
– Choosing an appropriate hypothesis class

• Performance measure
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Recap: Building a classifier agent
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Modeling

Inference Learning

- Feature engineering
- Specify a family of classifiers

Learning the best performing classifierDeployment to email client



Recap: Mathematically defining the 
supervised learning problem
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• Feature space:

• Label space:

• A classifier (hypothesis):

• A hypothesis class:

• Data:

• Learning task:  Find that “works well”. 

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>

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>

(x1, y1), ..., (xn, yn) 2 X ⇥ Y
<latexit sha1_base64="j2AfPtNyi6+rzr/GG/I4+F5wCko=">AAACIHicbVBNS8NAEN3Ur1q/oh69LBahhRISEeqx6MVjBfshTQib7bZdutmE3Y1YQn+KF/+KFw+K6E1/jZs2iLY+GHjzZoaZeUHMqFS2/WkUVlbX1jeKm6Wt7Z3dPXP/oC2jRGDSwhGLRDdAkjDKSUtRxUg3FgSFASOdYHyZ1Tt3REga8Rs1iYkXoiGnA4qR0pJv1iv3vlOb+E61ZllWTWdcZ7zqUg7dEKkRRiztTl1FQyJ/hNupb5Zty54BLhMnJ2WQo+mbH24/wklIuMIMSdlz7Fh5KRKKYkamJTeRJEZ4jIakpylHep+Xzh6cwhOt9OEgEjq4gjP190SKQiknYaA7sxPlYi0T/6v1EjU491LK40QRjueLBgmDKoKZW7BPBcGKTTRBWFB9K8QjJBBW2tOSNsFZfHmZtE8tR/Prs3LjIrejCI7AMagAB9RBA1yBJmgBDB7AE3gBr8aj8Wy8Ge/z1oKRzxyCPzC+vgGmNKIn</latexit><latexit sha1_base64="j2AfPtNyi6+rzr/GG/I4+F5wCko=">AAACIHicbVBNS8NAEN3Ur1q/oh69LBahhRISEeqx6MVjBfshTQib7bZdutmE3Y1YQn+KF/+KFw+K6E1/jZs2iLY+GHjzZoaZeUHMqFS2/WkUVlbX1jeKm6Wt7Z3dPXP/oC2jRGDSwhGLRDdAkjDKSUtRxUg3FgSFASOdYHyZ1Tt3REga8Rs1iYkXoiGnA4qR0pJv1iv3vlOb+E61ZllWTWdcZ7zqUg7dEKkRRiztTl1FQyJ/hNupb5Zty54BLhMnJ2WQo+mbH24/wklIuMIMSdlz7Fh5KRKKYkamJTeRJEZ4jIakpylHep+Xzh6cwhOt9OEgEjq4gjP190SKQiknYaA7sxPlYi0T/6v1EjU491LK40QRjueLBgmDKoKZW7BPBcGKTTRBWFB9K8QjJBBW2tOSNsFZfHmZtE8tR/Prs3LjIrejCI7AMagAB9RBA1yBJmgBDB7AE3gBr8aj8Wy8Ge/z1oKRzxyCPzC+vgGmNKIn</latexit><latexit sha1_base64="j2AfPtNyi6+rzr/GG/I4+F5wCko=">AAACIHicbVBNS8NAEN3Ur1q/oh69LBahhRISEeqx6MVjBfshTQib7bZdutmE3Y1YQn+KF/+KFw+K6E1/jZs2iLY+GHjzZoaZeUHMqFS2/WkUVlbX1jeKm6Wt7Z3dPXP/oC2jRGDSwhGLRDdAkjDKSUtRxUg3FgSFASOdYHyZ1Tt3REga8Rs1iYkXoiGnA4qR0pJv1iv3vlOb+E61ZllWTWdcZ7zqUg7dEKkRRiztTl1FQyJ/hNupb5Zty54BLhMnJ2WQo+mbH24/wklIuMIMSdlz7Fh5KRKKYkamJTeRJEZ4jIakpylHep+Xzh6cwhOt9OEgEjq4gjP190SKQiknYaA7sxPlYi0T/6v1EjU491LK40QRjueLBgmDKoKZW7BPBcGKTTRBWFB9K8QjJBBW2tOSNsFZfHmZtE8tR/Prs3LjIrejCI7AMagAB9RBA1yBJmgBDB7AE3gBr8aj8Wy8Ge/z1oKRzxyCPzC+vgGmNKIn</latexit><latexit sha1_base64="j2AfPtNyi6+rzr/GG/I4+F5wCko=">AAACIHicbVBNS8NAEN3Ur1q/oh69LBahhRISEeqx6MVjBfshTQib7bZdutmE3Y1YQn+KF/+KFw+K6E1/jZs2iLY+GHjzZoaZeUHMqFS2/WkUVlbX1jeKm6Wt7Z3dPXP/oC2jRGDSwhGLRDdAkjDKSUtRxUg3FgSFASOdYHyZ1Tt3REga8Rs1iYkXoiGnA4qR0pJv1iv3vlOb+E61ZllWTWdcZ7zqUg7dEKkRRiztTl1FQyJ/hNupb5Zty54BLhMnJ2WQo+mbH24/wklIuMIMSdlz7Fh5KRKKYkamJTeRJEZ4jIakpylHep+Xzh6cwhOt9OEgEjq4gjP190SKQiknYaA7sxPlYi0T/6v1EjU491LK40QRjueLBgmDKoKZW7BPBcGKTTRBWFB9K8QjJBBW2tOSNsFZfHmZtE8tR/Prs3LjIrejCI7AMagAB9RBA1yBJmgBDB7AE3gBr8aj8Wy8Ge/z1oKRzxyCPzC+vgGmNKIn</latexit>
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Recap: The “free parameters” of the two 
hypothesis classes we learned

• Decision trees
– “Which feature to use when branching?”
– “The threshold parameter”
– “Which label to assign at the leaf node”
– …

• Linear classifiers
– “Coefficient vector of the score function”
– a (d+1) dimensional vector.

6



Recap: What do we mean by “working well”?

• Recall: the PEAS specification of a task environment
– Performance measure,  Environment, Actuators, Sensors.

• What’s the “Performance measure” for a classifier agent?
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Recap: What do we mean by “working well”?

• Recall: the PEAS specification of a task environment
– Performance measure,  Environment, Actuators, Sensors.

• What’s the “Performance measure” for a classifier agent?

– Really the average error rate on new data points.
– But all we have is a training dataset.
– Training error:  (empirical) error rate on  the training data.

– When does the learned classifier generalize?
– How to know it if it does not?
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Plan for today

• Preventing overfitting in practice

• More caveats about ML agents

• Continuous optimization
– How to learn a linear classifier?

8



Empirically measuring the test error by splitting the data 
into:  Training, Test, and Validation Sets
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- Select features, tune hyperparameters

Test set is used only once to report the 
final results.



Empirically measuring the test error by splitting the data 
into:  Training, Test, and Validation Sets
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M1

Mn

…

M*

Read more in Section 18.4 in the AIMA textbook.

Validation set is used for model-selection: 
- choosing decision tree vs. linear 

classifier
- Select features, tune hyperparameters

Test set is used only once to report the 
final results.



A practical note: Always shuffling the data before
splitting them into Training-Validation-test set

10

data shall be randomly shuffled before splitting



Case study: Biotech startup (3 min discussion)

• Problem (true story, according to Alex Smola)
– Biotech startup wants to detect prostate cancer
– Easy to get blood samples from sick patients
– Hard to get blood samples from healthy ones.

• Solution?
– Get blood samples from male university students
– Use them as healthy reference.
– Classifier gets 100% accuracy.

• What is wrong?

11



The problem of distribution shift

Training data

12



The problem of distribution shift

Training data
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Test data received during:
Prediction / inference /Deployment  



The problem of distribution shift

Training data

12

Test data received during:
Prediction / inference /Deployment  

** Machine learning is only “guaranteed to work” when the training 
data are drawn i.i.d. from the same distribution as the new data 
that we will receive in the “inference” phase.



“Adversarial Examples” are consequences of
distribution-shift

(Goodfellow et al., 2015)
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Quick checkpoint

• Feature extraction

• Specifying a “hypothesis class”
– indexed by “free parameters”

• Learning == search for the best hypothesis

• Ideally, we want to minimize “test error”
– but all we have access to is the training data. 
– minimize “training error”  (Statistical learning theory says that this 

is OK)
– We have a practical way --- data-splitting --- to evaluate a classifier

14



Remainder of this lecture
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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.

• Reparameterization
– If we redefine

– A compact representation: 

16

h(x) = sign(wT [1;x])
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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.

• Reparameterization
– If we redefine

– A compact representation: 
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h(x) = sign(wT [1;x])
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<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>

(from here onwards, we will 
redefine the feature vector x 
to be [1;x] w.l.o.g., for the 
interest of simplifying the 
notation)



How do we learn a linear classifier?

• Linear classifier:

• Training data:

• Solving the following optimization problem:

• Learning:  Find the linear classifier that makes the 
smallest number of mistakes on the training data.

17

(x1, y1), ..., (xn, yn) 2 X ⇥ Y
<latexit sha1_base64="j2AfPtNyi6+rzr/GG/I4+F5wCko=">AAACIHicbVBNS8NAEN3Ur1q/oh69LBahhRISEeqx6MVjBfshTQib7bZdutmE3Y1YQn+KF/+KFw+K6E1/jZs2iLY+GHjzZoaZeUHMqFS2/WkUVlbX1jeKm6Wt7Z3dPXP/oC2jRGDSwhGLRDdAkjDKSUtRxUg3FgSFASOdYHyZ1Tt3REga8Rs1iYkXoiGnA4qR0pJv1iv3vlOb+E61ZllWTWdcZ7zqUg7dEKkRRiztTl1FQyJ/hNupb5Zty54BLhMnJ2WQo+mbH24/wklIuMIMSdlz7Fh5KRKKYkamJTeRJEZ4jIakpylHep+Xzh6cwhOt9OEgEjq4gjP190SKQiknYaA7sxPlYi0T/6v1EjU491LK40QRjueLBgmDKoKZW7BPBcGKTTRBWFB9K8QjJBBW2tOSNsFZfHmZtE8tR/Prs3LjIrejCI7AMagAB9RBA1yBJmgBDB7AE3gBr8aj8Wy8Ge/z1oKRzxyCPzC+vgGmNKIn</latexit><latexit sha1_base64="j2AfPtNyi6+rzr/GG/I4+F5wCko=">AAACIHicbVBNS8NAEN3Ur1q/oh69LBahhRISEeqx6MVjBfshTQib7bZdutmE3Y1YQn+KF/+KFw+K6E1/jZs2iLY+GHjzZoaZeUHMqFS2/WkUVlbX1jeKm6Wt7Z3dPXP/oC2jRGDSwhGLRDdAkjDKSUtRxUg3FgSFASOdYHyZ1Tt3REga8Rs1iYkXoiGnA4qR0pJv1iv3vlOb+E61ZllWTWdcZ7zqUg7dEKkRRiztTl1FQyJ/hNupb5Zty54BLhMnJ2WQo+mbH24/wklIuMIMSdlz7Fh5KRKKYkamJTeRJEZ4jIakpylHep+Xzh6cwhOt9OEgEjq4gjP190SKQiknYaA7sxPlYi0T/6v1EjU491LK40QRjueLBgmDKoKZW7BPBcGKTTRBWFB9K8QjJBBW2tOSNsFZfHmZtE8tR/Prs3LjIrejCI7AMagAB9RBA1yBJmgBDB7AE3gBr8aj8Wy8Ge/z1oKRzxyCPzC+vgGmNKIn</latexit><latexit sha1_base64="j2AfPtNyi6+rzr/GG/I4+F5wCko=">AAACIHicbVBNS8NAEN3Ur1q/oh69LBahhRISEeqx6MVjBfshTQib7bZdutmE3Y1YQn+KF/+KFw+K6E1/jZs2iLY+GHjzZoaZeUHMqFS2/WkUVlbX1jeKm6Wt7Z3dPXP/oC2jRGDSwhGLRDdAkjDKSUtRxUg3FgSFASOdYHyZ1Tt3REga8Rs1iYkXoiGnA4qR0pJv1iv3vlOb+E61ZllWTWdcZ7zqUg7dEKkRRiztTl1FQyJ/hNupb5Zty54BLhMnJ2WQo+mbH24/wklIuMIMSdlz7Fh5KRKKYkamJTeRJEZ4jIakpylHep+Xzh6cwhOt9OEgEjq4gjP190SKQiknYaA7sxPlYi0T/6v1EjU491LK40QRjueLBgmDKoKZW7BPBcGKTTRBWFB9K8QjJBBW2tOSNsFZfHmZtE8tR/Prs3LjIrejCI7AMagAB9RBA1yBJmgBDB7AE3gBr8aj8Wy8Ge/z1oKRzxyCPzC+vgGmNKIn</latexit><latexit sha1_base64="j2AfPtNyi6+rzr/GG/I4+F5wCko=">AAACIHicbVBNS8NAEN3Ur1q/oh69LBahhRISEeqx6MVjBfshTQib7bZdutmE3Y1YQn+KF/+KFw+K6E1/jZs2iLY+GHjzZoaZeUHMqFS2/WkUVlbX1jeKm6Wt7Z3dPXP/oC2jRGDSwhGLRDdAkjDKSUtRxUg3FgSFASOdYHyZ1Tt3REga8Rs1iYkXoiGnA4qR0pJv1iv3vlOb+E61ZllWTWdcZ7zqUg7dEKkRRiztTl1FQyJ/hNupb5Zty54BLhMnJ2WQo+mbH24/wklIuMIMSdlz7Fh5KRKKYkamJTeRJEZ4jIakpylHep+Xzh6cwhOt9OEgEjq4gjP190SKQiknYaA7sxPlYi0T/6v1EjU491LK40QRjueLBgmDKoKZW7BPBcGKTTRBWFB9K8QjJBBW2tOSNsFZfHmZtE8tR/Prs3LjIrejCI7AMagAB9RBA1yBJmgBDB7AE3gBr8aj8Wy8Ge/z1oKRzxyCPzC+vgGmNKIn</latexit>

min
w2Rd

Error(w) =
1

n

nX

i=1

1(hw(xi) 6= yi)
<latexit sha1_base64="YU84nvIiYb2zY4+JYK/38E/aoNg="></latexit><latexit sha1_base64="YU84nvIiYb2zY4+JYK/38E/aoNg="></latexit><latexit sha1_base64="YU84nvIiYb2zY4+JYK/38E/aoNg="></latexit><latexit sha1_base64="YU84nvIiYb2zY4+JYK/38E/aoNg="></latexit>

hw(x) = sign(wTx)
<latexit sha1_base64="R6yQU5r2/LJr4dFeNQUBjI/RdE8=">AAACA3icbZDLSgMxFIYz9VbrbdSdboJFaDdlRgTdCEU3Liv0Bm0tmTRtQzOZITljW4aCG1/FjQtF3PoS7nwb03YW2vpD4OM/53Byfi8UXIPjfFupldW19Y30ZmZre2d3z94/qOogUpRVaCACVfeIZoJLVgEOgtVDxYjvCVbzBjfTeu2BKc0DWYZxyFo+6Une5ZSAsdr2Ub89zI3y+Ao3gY0g1rwnJ7nhfXmUb9tZp+DMhJfBTSCLEpXa9lezE9DIZxKoIFo3XCeEVkwUcCrYJNOMNAsJHZAeaxiUxGe6Fc9umOBT43RwN1DmScAz9/dETHytx75nOn0Cfb1Ym5r/1RoRdC9bMZdhBEzS+aJuJDAEeBoI7nDFKIixAUIVN3/FtE8UoWBiy5gQ3MWTl6F6VnAN351ni9dJHGl0jE5QDrnoAhXRLSqhCqLoET2jV/RmPVkv1rv1MW9NWcnMIfoj6/MHvC6W7w==</latexit><latexit sha1_base64="R6yQU5r2/LJr4dFeNQUBjI/RdE8=">AAACA3icbZDLSgMxFIYz9VbrbdSdboJFaDdlRgTdCEU3Liv0Bm0tmTRtQzOZITljW4aCG1/FjQtF3PoS7nwb03YW2vpD4OM/53Byfi8UXIPjfFupldW19Y30ZmZre2d3z94/qOogUpRVaCACVfeIZoJLVgEOgtVDxYjvCVbzBjfTeu2BKc0DWYZxyFo+6Une5ZSAsdr2Ub89zI3y+Ao3gY0g1rwnJ7nhfXmUb9tZp+DMhJfBTSCLEpXa9lezE9DIZxKoIFo3XCeEVkwUcCrYJNOMNAsJHZAeaxiUxGe6Fc9umOBT43RwN1DmScAz9/dETHytx75nOn0Cfb1Ym5r/1RoRdC9bMZdhBEzS+aJuJDAEeBoI7nDFKIixAUIVN3/FtE8UoWBiy5gQ3MWTl6F6VnAN351ni9dJHGl0jE5QDrnoAhXRLSqhCqLoET2jV/RmPVkv1rv1MW9NWcnMIfoj6/MHvC6W7w==</latexit><latexit sha1_base64="R6yQU5r2/LJr4dFeNQUBjI/RdE8=">AAACA3icbZDLSgMxFIYz9VbrbdSdboJFaDdlRgTdCEU3Liv0Bm0tmTRtQzOZITljW4aCG1/FjQtF3PoS7nwb03YW2vpD4OM/53Byfi8UXIPjfFupldW19Y30ZmZre2d3z94/qOogUpRVaCACVfeIZoJLVgEOgtVDxYjvCVbzBjfTeu2BKc0DWYZxyFo+6Une5ZSAsdr2Ub89zI3y+Ao3gY0g1rwnJ7nhfXmUb9tZp+DMhJfBTSCLEpXa9lezE9DIZxKoIFo3XCeEVkwUcCrYJNOMNAsJHZAeaxiUxGe6Fc9umOBT43RwN1DmScAz9/dETHytx75nOn0Cfb1Ym5r/1RoRdC9bMZdhBEzS+aJuJDAEeBoI7nDFKIixAUIVN3/FtE8UoWBiy5gQ3MWTl6F6VnAN351ni9dJHGl0jE5QDrnoAhXRLSqhCqLoET2jV/RmPVkv1rv1MW9NWcnMIfoj6/MHvC6W7w==</latexit><latexit sha1_base64="R6yQU5r2/LJr4dFeNQUBjI/RdE8=">AAACA3icbZDLSgMxFIYz9VbrbdSdboJFaDdlRgTdCEU3Liv0Bm0tmTRtQzOZITljW4aCG1/FjQtF3PoS7nwb03YW2vpD4OM/53Byfi8UXIPjfFupldW19Y30ZmZre2d3z94/qOogUpRVaCACVfeIZoJLVgEOgtVDxYjvCVbzBjfTeu2BKc0DWYZxyFo+6Une5ZSAsdr2Ub89zI3y+Ao3gY0g1rwnJ7nhfXmUb9tZp+DMhJfBTSCLEpXa9lezE9DIZxKoIFo3XCeEVkwUcCrYJNOMNAsJHZAeaxiUxGe6Fc9umOBT43RwN1DmScAz9/dETHytx75nOn0Cfb1Ym5r/1RoRdC9bMZdhBEzS+aJuJDAEeBoI7nDFKIixAUIVN3/FtE8UoWBiy5gQ3MWTl6F6VnAN351ni9dJHGl0jE5QDrnoAhXRLSqhCqLoET2jV/RmPVkv1rv1MW9NWcnMIfoj6/MHvC6W7w==</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”.



In the case when the training data is linearly 
separable, there is a polynomial time 
algorithm.

• Why?  

19

(Also, you’ll see the perceptron algorithm in CS165B.)



In the case when the training data is linearly 
separable, there is a polynomial time 
algorithm.

• Why?  
– Easiest way to see it is that it is a linear program.

19

(Also, you’ll see the perceptron algorithm in CS165B.)



In the case when the training data is linearly 
separable, there is a polynomial time 
algorithm.

• Why?  
– Easiest way to see it is that it is a linear program.

19

find w 2 Rd

subject to:

wTxi > 0 8i 2 {1, 2, ..., n} s.t.yi = 1

wTxi  0 8i 2 {1, 2, ..., n} s.t.yi = �1
<latexit sha1_base64="vw9jh97sF4c4djE/+ZEidkLqwx4="></latexit><latexit sha1_base64="vw9jh97sF4c4djE/+ZEidkLqwx4="></latexit><latexit sha1_base64="vw9jh97sF4c4djE/+ZEidkLqwx4="></latexit><latexit sha1_base64="vw9jh97sF4c4djE/+ZEidkLqwx4="></latexit>

(Also, you’ll see the perceptron algorithm in CS165B.)



In the case when the training data is linearly 
separable, there is a polynomial time 
algorithm.

• Why?  
– Easiest way to see it is that it is a linear program.
– Polynomial time algorithm exists for all LPs. (taught in CS 130a/b)

19

find w 2 Rd

subject to:

wTxi > 0 8i 2 {1, 2, ..., n} s.t.yi = 1

wTxi  0 8i 2 {1, 2, ..., n} s.t.yi = �1
<latexit sha1_base64="vw9jh97sF4c4djE/+ZEidkLqwx4="></latexit><latexit sha1_base64="vw9jh97sF4c4djE/+ZEidkLqwx4="></latexit><latexit sha1_base64="vw9jh97sF4c4djE/+ZEidkLqwx4="></latexit><latexit sha1_base64="vw9jh97sF4c4djE/+ZEidkLqwx4="></latexit>

(Also, you’ll see the perceptron algorithm in CS165B.)



Best linear separator in general (linearly non-
separable cases) is NP-hard.

20

spam

Non-spam

Length of the message

Proportion
of 
misspelled
words



What do we do? General idea of bounded 
rationality.
• Design rational agent  = maximize some utility function

• Sometimes the utility function is too difficult to maximize

• Maybe we can maximize an approximation to the utility 
function is computationally easier

• So we can focus on modelling (e.g., better features, better 
hypothesis class)

21



Just “relax”: relaxing a hard problem into an 
easier one

22

min
w2Rd

Error(w) =
1

n

nX

i=1

1(sign(wTxi) 6= yi)
<latexit sha1_base64="9+Bx79czl9t9gJ8yb2MgeTua5Q8="></latexit><latexit sha1_base64="9+Bx79czl9t9gJ8yb2MgeTua5Q8="></latexit><latexit sha1_base64="9+Bx79czl9t9gJ8yb2MgeTua5Q8="></latexit><latexit sha1_base64="9+Bx79czl9t9gJ8yb2MgeTua5Q8="></latexit>

min
w2Rd

1

n

nX

i=1

`(wTxi, yi).
<latexit sha1_base64="0YegsZbP+Qe/krQbqfuapddXrAI="></latexit><latexit sha1_base64="0YegsZbP+Qe/krQbqfuapddXrAI="></latexit><latexit sha1_base64="0YegsZbP+Qe/krQbqfuapddXrAI="></latexit><latexit sha1_base64="0YegsZbP+Qe/krQbqfuapddXrAI="></latexit>



Loss functions and surrogate losses

23



Loss functions and surrogate losses

• 0-1 loss:

23

1(hw(x) 6= y)
<latexit sha1_base64="06nP05AsWRiRF+Hd28SBEv8g1FM=">AAACAnicbZDLSsNAFIYn9VbrLepK3AwWod2URARdFt24rGAv0IQwmU7aoZNJnJmoIRQ3voobF4q49Snc+TZO2iy09YeBj/+cw5zz+zGjUlnWt1FaWl5ZXSuvVzY2t7Z3zN29jowSgUkbRywSPR9JwignbUUVI71YEBT6jHT98WVe794RIWnEb1QaEzdEQ04DipHSlmceOCFSIz/I7Elt5N3XHurQ4eQWpnXPrFoNayq4CHYBVVCo5ZlfziDCSUi4wgxJ2betWLkZEopiRiYVJ5EkRniMhqSvkaOQSDebnjCBx9oZwCAS+nEFp+7viQyFUqahrzvzheV8LTf/q/UTFZy7GeVxogjHs4+ChEEVwTwPOKCCYMVSDQgLqneFeIQEwkqnVtEh2PMnL0LnpGFrvj6tNi+KOMrgEByBGrDBGWiCK9ACbYDBI3gGr+DNeDJejHfjY9ZaMoqZffBHxucPrrmWTQ==</latexit><latexit sha1_base64="06nP05AsWRiRF+Hd28SBEv8g1FM=">AAACAnicbZDLSsNAFIYn9VbrLepK3AwWod2URARdFt24rGAv0IQwmU7aoZNJnJmoIRQ3voobF4q49Snc+TZO2iy09YeBj/+cw5zz+zGjUlnWt1FaWl5ZXSuvVzY2t7Z3zN29jowSgUkbRywSPR9JwignbUUVI71YEBT6jHT98WVe794RIWnEb1QaEzdEQ04DipHSlmceOCFSIz/I7Elt5N3XHurQ4eQWpnXPrFoNayq4CHYBVVCo5ZlfziDCSUi4wgxJ2betWLkZEopiRiYVJ5EkRniMhqSvkaOQSDebnjCBx9oZwCAS+nEFp+7viQyFUqahrzvzheV8LTf/q/UTFZy7GeVxogjHs4+ChEEVwTwPOKCCYMVSDQgLqneFeIQEwkqnVtEh2PMnL0LnpGFrvj6tNi+KOMrgEByBGrDBGWiCK9ACbYDBI3gGr+DNeDJejHfjY9ZaMoqZffBHxucPrrmWTQ==</latexit><latexit sha1_base64="06nP05AsWRiRF+Hd28SBEv8g1FM=">AAACAnicbZDLSsNAFIYn9VbrLepK3AwWod2URARdFt24rGAv0IQwmU7aoZNJnJmoIRQ3voobF4q49Snc+TZO2iy09YeBj/+cw5zz+zGjUlnWt1FaWl5ZXSuvVzY2t7Z3zN29jowSgUkbRywSPR9JwignbUUVI71YEBT6jHT98WVe794RIWnEb1QaEzdEQ04DipHSlmceOCFSIz/I7Elt5N3XHurQ4eQWpnXPrFoNayq4CHYBVVCo5ZlfziDCSUi4wgxJ2betWLkZEopiRiYVJ5EkRniMhqSvkaOQSDebnjCBx9oZwCAS+nEFp+7viQyFUqahrzvzheV8LTf/q/UTFZy7GeVxogjHs4+ChEEVwTwPOKCCYMVSDQgLqneFeIQEwkqnVtEh2PMnL0LnpGFrvj6tNi+KOMrgEByBGrDBGWiCK9ACbYDBI3gGr+DNeDJejHfjY9ZaMoqZffBHxucPrrmWTQ==</latexit><latexit sha1_base64="06nP05AsWRiRF+Hd28SBEv8g1FM=">AAACAnicbZDLSsNAFIYn9VbrLepK3AwWod2URARdFt24rGAv0IQwmU7aoZNJnJmoIRQ3voobF4q49Snc+TZO2iy09YeBj/+cw5zz+zGjUlnWt1FaWl5ZXSuvVzY2t7Z3zN29jowSgUkbRywSPR9JwignbUUVI71YEBT6jHT98WVe794RIWnEb1QaEzdEQ04DipHSlmceOCFSIz/I7Elt5N3XHurQ4eQWpnXPrFoNayq4CHYBVVCo5ZlfziDCSUi4wgxJ2betWLkZEopiRiYVJ5EkRniMhqSvkaOQSDebnjCBx9oZwCAS+nEFp+7viQyFUqahrzvzheV8LTf/q/UTFZy7GeVxogjHs4+ChEEVwTwPOKCCYMVSDQgLqneFeIQEwkqnVtEh2PMnL0LnpGFrvj6tNi+KOMrgEByBGrDBGWiCK9ACbYDBI3gGr+DNeDJejHfjY9ZaMoqZffBHxucPrrmWTQ==</latexit>



Loss functions and surrogate losses

• 0-1 loss:

23

1(hw(x) 6= y)
<latexit sha1_base64="06nP05AsWRiRF+Hd28SBEv8g1FM=">AAACAnicbZDLSsNAFIYn9VbrLepK3AwWod2URARdFt24rGAv0IQwmU7aoZNJnJmoIRQ3voobF4q49Snc+TZO2iy09YeBj/+cw5zz+zGjUlnWt1FaWl5ZXSuvVzY2t7Z3zN29jowSgUkbRywSPR9JwignbUUVI71YEBT6jHT98WVe794RIWnEb1QaEzdEQ04DipHSlmceOCFSIz/I7Elt5N3XHurQ4eQWpnXPrFoNayq4CHYBVVCo5ZlfziDCSUi4wgxJ2betWLkZEopiRiYVJ5EkRniMhqSvkaOQSDebnjCBx9oZwCAS+nEFp+7viQyFUqahrzvzheV8LTf/q/UTFZy7GeVxogjHs4+ChEEVwTwPOKCCYMVSDQgLqneFeIQEwkqnVtEh2PMnL0LnpGFrvj6tNi+KOMrgEByBGrDBGWiCK9ACbYDBI3gGr+DNeDJejHfjY9ZaMoqZffBHxucPrrmWTQ==</latexit><latexit sha1_base64="06nP05AsWRiRF+Hd28SBEv8g1FM=">AAACAnicbZDLSsNAFIYn9VbrLepK3AwWod2URARdFt24rGAv0IQwmU7aoZNJnJmoIRQ3voobF4q49Snc+TZO2iy09YeBj/+cw5zz+zGjUlnWt1FaWl5ZXSuvVzY2t7Z3zN29jowSgUkbRywSPR9JwignbUUVI71YEBT6jHT98WVe794RIWnEb1QaEzdEQ04DipHSlmceOCFSIz/I7Elt5N3XHurQ4eQWpnXPrFoNayq4CHYBVVCo5ZlfziDCSUi4wgxJ2betWLkZEopiRiYVJ5EkRniMhqSvkaOQSDebnjCBx9oZwCAS+nEFp+7viQyFUqahrzvzheV8LTf/q/UTFZy7GeVxogjHs4+ChEEVwTwPOKCCYMVSDQgLqneFeIQEwkqnVtEh2PMnL0LnpGFrvj6tNi+KOMrgEByBGrDBGWiCK9ACbYDBI3gGr+DNeDJejHfjY9ZaMoqZffBHxucPrrmWTQ==</latexit><latexit sha1_base64="06nP05AsWRiRF+Hd28SBEv8g1FM=">AAACAnicbZDLSsNAFIYn9VbrLepK3AwWod2URARdFt24rGAv0IQwmU7aoZNJnJmoIRQ3voobF4q49Snc+TZO2iy09YeBj/+cw5zz+zGjUlnWt1FaWl5ZXSuvVzY2t7Z3zN29jowSgUkbRywSPR9JwignbUUVI71YEBT6jHT98WVe794RIWnEb1QaEzdEQ04DipHSlmceOCFSIz/I7Elt5N3XHurQ4eQWpnXPrFoNayq4CHYBVVCo5ZlfziDCSUi4wgxJ2betWLkZEopiRiYVJ5EkRniMhqSvkaOQSDebnjCBx9oZwCAS+nEFp+7viQyFUqahrzvzheV8LTf/q/UTFZy7GeVxogjHs4+ChEEVwTwPOKCCYMVSDQgLqneFeIQEwkqnVtEh2PMnL0LnpGFrvj6tNi+KOMrgEByBGrDBGWiCK9ACbYDBI3gGr+DNeDJejHfjY9ZaMoqZffBHxucPrrmWTQ==</latexit><latexit sha1_base64="06nP05AsWRiRF+Hd28SBEv8g1FM=">AAACAnicbZDLSsNAFIYn9VbrLepK3AwWod2URARdFt24rGAv0IQwmU7aoZNJnJmoIRQ3voobF4q49Snc+TZO2iy09YeBj/+cw5zz+zGjUlnWt1FaWl5ZXSuvVzY2t7Z3zN29jowSgUkbRywSPR9JwignbUUVI71YEBT6jHT98WVe794RIWnEb1QaEzdEQ04DipHSlmceOCFSIz/I7Elt5N3XHurQ4eQWpnXPrFoNayq4CHYBVVCo5ZlfziDCSUi4wgxJ2betWLkZEopiRiYVJ5EkRniMhqSvkaOQSDebnjCBx9oZwCAS+nEFp+7viQyFUqahrzvzheV8LTf/q/UTFZy7GeVxogjHs4+ChEEVwTwPOKCCYMVSDQgLqneFeIQEwkqnVtEh2PMnL0LnpGFrvj6tNi+KOMrgEByBGrDBGWiCK9ACbYDBI3gGr+DNeDJejHfjY9ZaMoqZffBHxucPrrmWTQ==</latexit>

= 1(sign(Sw(x)) 6= y)
<latexit sha1_base64="+EHjrfxU/ILXQDzqe/UGelL3jPk=">AAACE3icbZC7TsMwFIadcivlVmBksaiQUoYqQUiwIFWwMBZBL1JTVY7rtFYdJ9gOEEV9BxZehYUBhFhZ2HgbnDQDtPySpU//OUc+53dDRqWyrG+jsLC4tLxSXC2trW9sbpW3d1oyiAQmTRywQHRcJAmjnDQVVYx0QkGQ7zLSdscXab19R4SkAb9RcUh6Phpy6lGMlLb65cMz6PhIjVwvsSdmhsJPJB3yiXndvzcfqlXocHIL42q/XLFqViY4D3YOFZCr0S9/OYMARz7hCjMkZde2QtVLkFAUMzIpOZEkIcJjNCRdjRz5RPaS7KYJPNDOAHqB0I8rmLm/JxLkSxn7ru5Ml5aztdT8r9aNlHfaSygPI0U4nn7kRQyqAKYBwQEVBCsWa0BYUL0rxCMkEFY6xpIOwZ49eR5aRzVb89VxpX6ex1EEe2AfmMAGJ6AOLkEDNAEGj+AZvII348l4Md6Nj2lrwchndsEfGZ8/RnWdHg==</latexit><latexit sha1_base64="+EHjrfxU/ILXQDzqe/UGelL3jPk=">AAACE3icbZC7TsMwFIadcivlVmBksaiQUoYqQUiwIFWwMBZBL1JTVY7rtFYdJ9gOEEV9BxZehYUBhFhZ2HgbnDQDtPySpU//OUc+53dDRqWyrG+jsLC4tLxSXC2trW9sbpW3d1oyiAQmTRywQHRcJAmjnDQVVYx0QkGQ7zLSdscXab19R4SkAb9RcUh6Phpy6lGMlLb65cMz6PhIjVwvsSdmhsJPJB3yiXndvzcfqlXocHIL42q/XLFqViY4D3YOFZCr0S9/OYMARz7hCjMkZde2QtVLkFAUMzIpOZEkIcJjNCRdjRz5RPaS7KYJPNDOAHqB0I8rmLm/JxLkSxn7ru5Ml5aztdT8r9aNlHfaSygPI0U4nn7kRQyqAKYBwQEVBCsWa0BYUL0rxCMkEFY6xpIOwZ49eR5aRzVb89VxpX6ex1EEe2AfmMAGJ6AOLkEDNAEGj+AZvII348l4Md6Nj2lrwchndsEfGZ8/RnWdHg==</latexit><latexit sha1_base64="+EHjrfxU/ILXQDzqe/UGelL3jPk=">AAACE3icbZC7TsMwFIadcivlVmBksaiQUoYqQUiwIFWwMBZBL1JTVY7rtFYdJ9gOEEV9BxZehYUBhFhZ2HgbnDQDtPySpU//OUc+53dDRqWyrG+jsLC4tLxSXC2trW9sbpW3d1oyiAQmTRywQHRcJAmjnDQVVYx0QkGQ7zLSdscXab19R4SkAb9RcUh6Phpy6lGMlLb65cMz6PhIjVwvsSdmhsJPJB3yiXndvzcfqlXocHIL42q/XLFqViY4D3YOFZCr0S9/OYMARz7hCjMkZde2QtVLkFAUMzIpOZEkIcJjNCRdjRz5RPaS7KYJPNDOAHqB0I8rmLm/JxLkSxn7ru5Ml5aztdT8r9aNlHfaSygPI0U4nn7kRQyqAKYBwQEVBCsWa0BYUL0rxCMkEFY6xpIOwZ49eR5aRzVb89VxpX6ex1EEe2AfmMAGJ6AOLkEDNAEGj+AZvII348l4Md6Nj2lrwchndsEfGZ8/RnWdHg==</latexit><latexit sha1_base64="+EHjrfxU/ILXQDzqe/UGelL3jPk=">AAACE3icbZC7TsMwFIadcivlVmBksaiQUoYqQUiwIFWwMBZBL1JTVY7rtFYdJ9gOEEV9BxZehYUBhFhZ2HgbnDQDtPySpU//OUc+53dDRqWyrG+jsLC4tLxSXC2trW9sbpW3d1oyiAQmTRywQHRcJAmjnDQVVYx0QkGQ7zLSdscXab19R4SkAb9RcUh6Phpy6lGMlLb65cMz6PhIjVwvsSdmhsJPJB3yiXndvzcfqlXocHIL42q/XLFqViY4D3YOFZCr0S9/OYMARz7hCjMkZde2QtVLkFAUMzIpOZEkIcJjNCRdjRz5RPaS7KYJPNDOAHqB0I8rmLm/JxLkSxn7ru5Ml5aztdT8r9aNlHfaSygPI0U4nn7kRQyqAKYBwQEVBCsWa0BYUL0rxCMkEFY6xpIOwZ49eR5aRzVb89VxpX6ex1EEe2AfmMAGJ6AOLkEDNAEGj+AZvII348l4Md6Nj2lrwchndsEfGZ8/RnWdHg==</latexit>



Loss functions and surrogate losses

• 0-1 loss:

• Square loss:
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1(hw(x) 6= y)
<latexit sha1_base64="06nP05AsWRiRF+Hd28SBEv8g1FM=">AAACAnicbZDLSsNAFIYn9VbrLepK3AwWod2URARdFt24rGAv0IQwmU7aoZNJnJmoIRQ3voobF4q49Snc+TZO2iy09YeBj/+cw5zz+zGjUlnWt1FaWl5ZXSuvVzY2t7Z3zN29jowSgUkbRywSPR9JwignbUUVI71YEBT6jHT98WVe794RIWnEb1QaEzdEQ04DipHSlmceOCFSIz/I7Elt5N3XHurQ4eQWpnXPrFoNayq4CHYBVVCo5ZlfziDCSUi4wgxJ2betWLkZEopiRiYVJ5EkRniMhqSvkaOQSDebnjCBx9oZwCAS+nEFp+7viQyFUqahrzvzheV8LTf/q/UTFZy7GeVxogjHs4+ChEEVwTwPOKCCYMVSDQgLqneFeIQEwkqnVtEh2PMnL0LnpGFrvj6tNi+KOMrgEByBGrDBGWiCK9ACbYDBI3gGr+DNeDJejHfjY9ZaMoqZffBHxucPrrmWTQ==</latexit><latexit sha1_base64="06nP05AsWRiRF+Hd28SBEv8g1FM=">AAACAnicbZDLSsNAFIYn9VbrLepK3AwWod2URARdFt24rGAv0IQwmU7aoZNJnJmoIRQ3voobF4q49Snc+TZO2iy09YeBj/+cw5zz+zGjUlnWt1FaWl5ZXSuvVzY2t7Z3zN29jowSgUkbRywSPR9JwignbUUVI71YEBT6jHT98WVe794RIWnEb1QaEzdEQ04DipHSlmceOCFSIz/I7Elt5N3XHurQ4eQWpnXPrFoNayq4CHYBVVCo5ZlfziDCSUi4wgxJ2betWLkZEopiRiYVJ5EkRniMhqSvkaOQSDebnjCBx9oZwCAS+nEFp+7viQyFUqahrzvzheV8LTf/q/UTFZy7GeVxogjHs4+ChEEVwTwPOKCCYMVSDQgLqneFeIQEwkqnVtEh2PMnL0LnpGFrvj6tNi+KOMrgEByBGrDBGWiCK9ACbYDBI3gGr+DNeDJejHfjY9ZaMoqZffBHxucPrrmWTQ==</latexit><latexit sha1_base64="06nP05AsWRiRF+Hd28SBEv8g1FM=">AAACAnicbZDLSsNAFIYn9VbrLepK3AwWod2URARdFt24rGAv0IQwmU7aoZNJnJmoIRQ3voobF4q49Snc+TZO2iy09YeBj/+cw5zz+zGjUlnWt1FaWl5ZXSuvVzY2t7Z3zN29jowSgUkbRywSPR9JwignbUUVI71YEBT6jHT98WVe794RIWnEb1QaEzdEQ04DipHSlmceOCFSIz/I7Elt5N3XHurQ4eQWpnXPrFoNayq4CHYBVVCo5ZlfziDCSUi4wgxJ2betWLkZEopiRiYVJ5EkRniMhqSvkaOQSDebnjCBx9oZwCAS+nEFp+7viQyFUqahrzvzheV8LTf/q/UTFZy7GeVxogjHs4+ChEEVwTwPOKCCYMVSDQgLqneFeIQEwkqnVtEh2PMnL0LnpGFrvj6tNi+KOMrgEByBGrDBGWiCK9ACbYDBI3gGr+DNeDJejHfjY9ZaMoqZffBHxucPrrmWTQ==</latexit><latexit sha1_base64="06nP05AsWRiRF+Hd28SBEv8g1FM=">AAACAnicbZDLSsNAFIYn9VbrLepK3AwWod2URARdFt24rGAv0IQwmU7aoZNJnJmoIRQ3voobF4q49Snc+TZO2iy09YeBj/+cw5zz+zGjUlnWt1FaWl5ZXSuvVzY2t7Z3zN29jowSgUkbRywSPR9JwignbUUVI71YEBT6jHT98WVe794RIWnEb1QaEzdEQ04DipHSlmceOCFSIz/I7Elt5N3XHurQ4eQWpnXPrFoNayq4CHYBVVCo5ZlfziDCSUi4wgxJ2betWLkZEopiRiYVJ5EkRniMhqSvkaOQSDebnjCBx9oZwCAS+nEFp+7viQyFUqahrzvzheV8LTf/q/UTFZy7GeVxogjHs4+ChEEVwTwPOKCCYMVSDQgLqneFeIQEwkqnVtEh2PMnL0LnpGFrvj6tNi+KOMrgEByBGrDBGWiCK9ACbYDBI3gGr+DNeDJejHfjY9ZaMoqZffBHxucPrrmWTQ==</latexit>

= 1(sign(Sw(x)) 6= y)
<latexit sha1_base64="+EHjrfxU/ILXQDzqe/UGelL3jPk=">AAACE3icbZC7TsMwFIadcivlVmBksaiQUoYqQUiwIFWwMBZBL1JTVY7rtFYdJ9gOEEV9BxZehYUBhFhZ2HgbnDQDtPySpU//OUc+53dDRqWyrG+jsLC4tLxSXC2trW9sbpW3d1oyiAQmTRywQHRcJAmjnDQVVYx0QkGQ7zLSdscXab19R4SkAb9RcUh6Phpy6lGMlLb65cMz6PhIjVwvsSdmhsJPJB3yiXndvzcfqlXocHIL42q/XLFqViY4D3YOFZCr0S9/OYMARz7hCjMkZde2QtVLkFAUMzIpOZEkIcJjNCRdjRz5RPaS7KYJPNDOAHqB0I8rmLm/JxLkSxn7ru5Ml5aztdT8r9aNlHfaSygPI0U4nn7kRQyqAKYBwQEVBCsWa0BYUL0rxCMkEFY6xpIOwZ49eR5aRzVb89VxpX6ex1EEe2AfmMAGJ6AOLkEDNAEGj+AZvII348l4Md6Nj2lrwchndsEfGZ8/RnWdHg==</latexit><latexit sha1_base64="+EHjrfxU/ILXQDzqe/UGelL3jPk=">AAACE3icbZC7TsMwFIadcivlVmBksaiQUoYqQUiwIFWwMBZBL1JTVY7rtFYdJ9gOEEV9BxZehYUBhFhZ2HgbnDQDtPySpU//OUc+53dDRqWyrG+jsLC4tLxSXC2trW9sbpW3d1oyiAQmTRywQHRcJAmjnDQVVYx0QkGQ7zLSdscXab19R4SkAb9RcUh6Phpy6lGMlLb65cMz6PhIjVwvsSdmhsJPJB3yiXndvzcfqlXocHIL42q/XLFqViY4D3YOFZCr0S9/OYMARz7hCjMkZde2QtVLkFAUMzIpOZEkIcJjNCRdjRz5RPaS7KYJPNDOAHqB0I8rmLm/JxLkSxn7ru5Ml5aztdT8r9aNlHfaSygPI0U4nn7kRQyqAKYBwQEVBCsWa0BYUL0rxCMkEFY6xpIOwZ49eR5aRzVb89VxpX6ex1EEe2AfmMAGJ6AOLkEDNAEGj+AZvII348l4Md6Nj2lrwchndsEfGZ8/RnWdHg==</latexit><latexit sha1_base64="+EHjrfxU/ILXQDzqe/UGelL3jPk=">AAACE3icbZC7TsMwFIadcivlVmBksaiQUoYqQUiwIFWwMBZBL1JTVY7rtFYdJ9gOEEV9BxZehYUBhFhZ2HgbnDQDtPySpU//OUc+53dDRqWyrG+jsLC4tLxSXC2trW9sbpW3d1oyiAQmTRywQHRcJAmjnDQVVYx0QkGQ7zLSdscXab19R4SkAb9RcUh6Phpy6lGMlLb65cMz6PhIjVwvsSdmhsJPJB3yiXndvzcfqlXocHIL42q/XLFqViY4D3YOFZCr0S9/OYMARz7hCjMkZde2QtVLkFAUMzIpOZEkIcJjNCRdjRz5RPaS7KYJPNDOAHqB0I8rmLm/JxLkSxn7ru5Ml5aztdT8r9aNlHfaSygPI0U4nn7kRQyqAKYBwQEVBCsWa0BYUL0rxCMkEFY6xpIOwZ49eR5aRzVb89VxpX6ex1EEe2AfmMAGJ6AOLkEDNAEGj+AZvII348l4Md6Nj2lrwchndsEfGZ8/RnWdHg==</latexit><latexit sha1_base64="+EHjrfxU/ILXQDzqe/UGelL3jPk=">AAACE3icbZC7TsMwFIadcivlVmBksaiQUoYqQUiwIFWwMBZBL1JTVY7rtFYdJ9gOEEV9BxZehYUBhFhZ2HgbnDQDtPySpU//OUc+53dDRqWyrG+jsLC4tLxSXC2trW9sbpW3d1oyiAQmTRywQHRcJAmjnDQVVYx0QkGQ7zLSdscXab19R4SkAb9RcUh6Phpy6lGMlLb65cMz6PhIjVwvsSdmhsJPJB3yiXndvzcfqlXocHIL42q/XLFqViY4D3YOFZCr0S9/OYMARz7hCjMkZde2QtVLkFAUMzIpOZEkIcJjNCRdjRz5RPaS7KYJPNDOAHqB0I8rmLm/JxLkSxn7ru5Ml5aztdT8r9aNlHfaSygPI0U4nn7kRQyqAKYBwQEVBCsWa0BYUL0rxCMkEFY6xpIOwZ49eR5aRzVb89VxpX6ex1EEe2AfmMAGJ6AOLkEDNAEGj+AZvII348l4Md6Nj2lrwchndsEfGZ8/RnWdHg==</latexit>

(y � Sw(x))
2

<latexit sha1_base64="AkVW4ZhAAV90jLRqVdxFQ4gOzlw=">AAAB83icbZDLSsNAFIZP6q3WW9Wlm8EitAtLUgRdFt24rGgv0MYymU7aoZNJmJmoIfQ13LhQxK0v4863cdpmoa0/DHz85xzOmd+LOFPatr+t3Mrq2vpGfrOwtb2zu1fcP2ipMJaENknIQ9nxsKKcCdrUTHPaiSTFgcdp2xtfTevtByoVC8WdTiLqBngomM8I1sbqlZPT2/5j+alSua/1iyW7as+ElsHJoASZGv3iV28QkjigQhOOleo6dqTdFEvNCKeTQi9WNMJkjIe0a1DggCo3nd08QSfGGSA/lOYJjWbu74kUB0olgWc6A6xHarE2Nf+rdWPtX7gpE1GsqSDzRX7MkQ7RNAA0YJISzRMDmEhmbkVkhCUm2sRUMCE4i19ehlat6hi+OSvVL7M48nAEx1AGB86hDtfQgCYQiOAZXuHNiq0X6936mLfmrGzmEP7I+vwBHjeQaw==</latexit><latexit sha1_base64="AkVW4ZhAAV90jLRqVdxFQ4gOzlw=">AAAB83icbZDLSsNAFIZP6q3WW9Wlm8EitAtLUgRdFt24rGgv0MYymU7aoZNJmJmoIfQ13LhQxK0v4863cdpmoa0/DHz85xzOmd+LOFPatr+t3Mrq2vpGfrOwtb2zu1fcP2ipMJaENknIQ9nxsKKcCdrUTHPaiSTFgcdp2xtfTevtByoVC8WdTiLqBngomM8I1sbqlZPT2/5j+alSua/1iyW7as+ElsHJoASZGv3iV28QkjigQhOOleo6dqTdFEvNCKeTQi9WNMJkjIe0a1DggCo3nd08QSfGGSA/lOYJjWbu74kUB0olgWc6A6xHarE2Nf+rdWPtX7gpE1GsqSDzRX7MkQ7RNAA0YJISzRMDmEhmbkVkhCUm2sRUMCE4i19ehlat6hi+OSvVL7M48nAEx1AGB86hDtfQgCYQiOAZXuHNiq0X6936mLfmrGzmEP7I+vwBHjeQaw==</latexit><latexit sha1_base64="AkVW4ZhAAV90jLRqVdxFQ4gOzlw=">AAAB83icbZDLSsNAFIZP6q3WW9Wlm8EitAtLUgRdFt24rGgv0MYymU7aoZNJmJmoIfQ13LhQxK0v4863cdpmoa0/DHz85xzOmd+LOFPatr+t3Mrq2vpGfrOwtb2zu1fcP2ipMJaENknIQ9nxsKKcCdrUTHPaiSTFgcdp2xtfTevtByoVC8WdTiLqBngomM8I1sbqlZPT2/5j+alSua/1iyW7as+ElsHJoASZGv3iV28QkjigQhOOleo6dqTdFEvNCKeTQi9WNMJkjIe0a1DggCo3nd08QSfGGSA/lOYJjWbu74kUB0olgWc6A6xHarE2Nf+rdWPtX7gpE1GsqSDzRX7MkQ7RNAA0YJISzRMDmEhmbkVkhCUm2sRUMCE4i19ehlat6hi+OSvVL7M48nAEx1AGB86hDtfQgCYQiOAZXuHNiq0X6936mLfmrGzmEP7I+vwBHjeQaw==</latexit><latexit sha1_base64="AkVW4ZhAAV90jLRqVdxFQ4gOzlw=">AAAB83icbZDLSsNAFIZP6q3WW9Wlm8EitAtLUgRdFt24rGgv0MYymU7aoZNJmJmoIfQ13LhQxK0v4863cdpmoa0/DHz85xzOmd+LOFPatr+t3Mrq2vpGfrOwtb2zu1fcP2ipMJaENknIQ9nxsKKcCdrUTHPaiSTFgcdp2xtfTevtByoVC8WdTiLqBngomM8I1sbqlZPT2/5j+alSua/1iyW7as+ElsHJoASZGv3iV28QkjigQhOOleo6dqTdFEvNCKeTQi9WNMJkjIe0a1DggCo3nd08QSfGGSA/lOYJjWbu74kUB0olgWc6A6xHarE2Nf+rdWPtX7gpE1GsqSDzRX7MkQ7RNAA0YJISzRMDmEhmbkVkhCUm2sRUMCE4i19ehlat6hi+OSvVL7M48nAEx1AGB86hDtfQgCYQiOAZXuHNiq0X6936mLfmrGzmEP7I+vwBHjeQaw==</latexit>



Loss functions and surrogate losses

• 0-1 loss:

• Square loss:

• Logistic loss:
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1(hw(x) 6= y)
<latexit sha1_base64="06nP05AsWRiRF+Hd28SBEv8g1FM=">AAACAnicbZDLSsNAFIYn9VbrLepK3AwWod2URARdFt24rGAv0IQwmU7aoZNJnJmoIRQ3voobF4q49Snc+TZO2iy09YeBj/+cw5zz+zGjUlnWt1FaWl5ZXSuvVzY2t7Z3zN29jowSgUkbRywSPR9JwignbUUVI71YEBT6jHT98WVe794RIWnEb1QaEzdEQ04DipHSlmceOCFSIz/I7Elt5N3XHurQ4eQWpnXPrFoNayq4CHYBVVCo5ZlfziDCSUi4wgxJ2betWLkZEopiRiYVJ5EkRniMhqSvkaOQSDebnjCBx9oZwCAS+nEFp+7viQyFUqahrzvzheV8LTf/q/UTFZy7GeVxogjHs4+ChEEVwTwPOKCCYMVSDQgLqneFeIQEwkqnVtEh2PMnL0LnpGFrvj6tNi+KOMrgEByBGrDBGWiCK9ACbYDBI3gGr+DNeDJejHfjY9ZaMoqZffBHxucPrrmWTQ==</latexit><latexit sha1_base64="06nP05AsWRiRF+Hd28SBEv8g1FM=">AAACAnicbZDLSsNAFIYn9VbrLepK3AwWod2URARdFt24rGAv0IQwmU7aoZNJnJmoIRQ3voobF4q49Snc+TZO2iy09YeBj/+cw5zz+zGjUlnWt1FaWl5ZXSuvVzY2t7Z3zN29jowSgUkbRywSPR9JwignbUUVI71YEBT6jHT98WVe794RIWnEb1QaEzdEQ04DipHSlmceOCFSIz/I7Elt5N3XHurQ4eQWpnXPrFoNayq4CHYBVVCo5ZlfziDCSUi4wgxJ2betWLkZEopiRiYVJ5EkRniMhqSvkaOQSDebnjCBx9oZwCAS+nEFp+7viQyFUqahrzvzheV8LTf/q/UTFZy7GeVxogjHs4+ChEEVwTwPOKCCYMVSDQgLqneFeIQEwkqnVtEh2PMnL0LnpGFrvj6tNi+KOMrgEByBGrDBGWiCK9ACbYDBI3gGr+DNeDJejHfjY9ZaMoqZffBHxucPrrmWTQ==</latexit><latexit sha1_base64="06nP05AsWRiRF+Hd28SBEv8g1FM=">AAACAnicbZDLSsNAFIYn9VbrLepK3AwWod2URARdFt24rGAv0IQwmU7aoZNJnJmoIRQ3voobF4q49Snc+TZO2iy09YeBj/+cw5zz+zGjUlnWt1FaWl5ZXSuvVzY2t7Z3zN29jowSgUkbRywSPR9JwignbUUVI71YEBT6jHT98WVe794RIWnEb1QaEzdEQ04DipHSlmceOCFSIz/I7Elt5N3XHurQ4eQWpnXPrFoNayq4CHYBVVCo5ZlfziDCSUi4wgxJ2betWLkZEopiRiYVJ5EkRniMhqSvkaOQSDebnjCBx9oZwCAS+nEFp+7viQyFUqahrzvzheV8LTf/q/UTFZy7GeVxogjHs4+ChEEVwTwPOKCCYMVSDQgLqneFeIQEwkqnVtEh2PMnL0LnpGFrvj6tNi+KOMrgEByBGrDBGWiCK9ACbYDBI3gGr+DNeDJejHfjY9ZaMoqZffBHxucPrrmWTQ==</latexit><latexit sha1_base64="06nP05AsWRiRF+Hd28SBEv8g1FM=">AAACAnicbZDLSsNAFIYn9VbrLepK3AwWod2URARdFt24rGAv0IQwmU7aoZNJnJmoIRQ3voobF4q49Snc+TZO2iy09YeBj/+cw5zz+zGjUlnWt1FaWl5ZXSuvVzY2t7Z3zN29jowSgUkbRywSPR9JwignbUUVI71YEBT6jHT98WVe794RIWnEb1QaEzdEQ04DipHSlmceOCFSIz/I7Elt5N3XHurQ4eQWpnXPrFoNayq4CHYBVVCo5ZlfziDCSUi4wgxJ2betWLkZEopiRiYVJ5EkRniMhqSvkaOQSDebnjCBx9oZwCAS+nEFp+7viQyFUqahrzvzheV8LTf/q/UTFZy7GeVxogjHs4+ChEEVwTwPOKCCYMVSDQgLqneFeIQEwkqnVtEh2PMnL0LnpGFrvj6tNi+KOMrgEByBGrDBGWiCK9ACbYDBI3gGr+DNeDJejHfjY9ZaMoqZffBHxucPrrmWTQ==</latexit>

= 1(sign(Sw(x)) 6= y)
<latexit sha1_base64="+EHjrfxU/ILXQDzqe/UGelL3jPk=">AAACE3icbZC7TsMwFIadcivlVmBksaiQUoYqQUiwIFWwMBZBL1JTVY7rtFYdJ9gOEEV9BxZehYUBhFhZ2HgbnDQDtPySpU//OUc+53dDRqWyrG+jsLC4tLxSXC2trW9sbpW3d1oyiAQmTRywQHRcJAmjnDQVVYx0QkGQ7zLSdscXab19R4SkAb9RcUh6Phpy6lGMlLb65cMz6PhIjVwvsSdmhsJPJB3yiXndvzcfqlXocHIL42q/XLFqViY4D3YOFZCr0S9/OYMARz7hCjMkZde2QtVLkFAUMzIpOZEkIcJjNCRdjRz5RPaS7KYJPNDOAHqB0I8rmLm/JxLkSxn7ru5Ml5aztdT8r9aNlHfaSygPI0U4nn7kRQyqAKYBwQEVBCsWa0BYUL0rxCMkEFY6xpIOwZ49eR5aRzVb89VxpX6ex1EEe2AfmMAGJ6AOLkEDNAEGj+AZvII348l4Md6Nj2lrwchndsEfGZ8/RnWdHg==</latexit><latexit sha1_base64="+EHjrfxU/ILXQDzqe/UGelL3jPk=">AAACE3icbZC7TsMwFIadcivlVmBksaiQUoYqQUiwIFWwMBZBL1JTVY7rtFYdJ9gOEEV9BxZehYUBhFhZ2HgbnDQDtPySpU//OUc+53dDRqWyrG+jsLC4tLxSXC2trW9sbpW3d1oyiAQmTRywQHRcJAmjnDQVVYx0QkGQ7zLSdscXab19R4SkAb9RcUh6Phpy6lGMlLb65cMz6PhIjVwvsSdmhsJPJB3yiXndvzcfqlXocHIL42q/XLFqViY4D3YOFZCr0S9/OYMARz7hCjMkZde2QtVLkFAUMzIpOZEkIcJjNCRdjRz5RPaS7KYJPNDOAHqB0I8rmLm/JxLkSxn7ru5Ml5aztdT8r9aNlHfaSygPI0U4nn7kRQyqAKYBwQEVBCsWa0BYUL0rxCMkEFY6xpIOwZ49eR5aRzVb89VxpX6ex1EEe2AfmMAGJ6AOLkEDNAEGj+AZvII348l4Md6Nj2lrwchndsEfGZ8/RnWdHg==</latexit><latexit sha1_base64="+EHjrfxU/ILXQDzqe/UGelL3jPk=">AAACE3icbZC7TsMwFIadcivlVmBksaiQUoYqQUiwIFWwMBZBL1JTVY7rtFYdJ9gOEEV9BxZehYUBhFhZ2HgbnDQDtPySpU//OUc+53dDRqWyrG+jsLC4tLxSXC2trW9sbpW3d1oyiAQmTRywQHRcJAmjnDQVVYx0QkGQ7zLSdscXab19R4SkAb9RcUh6Phpy6lGMlLb65cMz6PhIjVwvsSdmhsJPJB3yiXndvzcfqlXocHIL42q/XLFqViY4D3YOFZCr0S9/OYMARz7hCjMkZde2QtVLkFAUMzIpOZEkIcJjNCRdjRz5RPaS7KYJPNDOAHqB0I8rmLm/JxLkSxn7ru5Ml5aztdT8r9aNlHfaSygPI0U4nn7kRQyqAKYBwQEVBCsWa0BYUL0rxCMkEFY6xpIOwZ49eR5aRzVb89VxpX6ex1EEe2AfmMAGJ6AOLkEDNAEGj+AZvII348l4Md6Nj2lrwchndsEfGZ8/RnWdHg==</latexit><latexit sha1_base64="+EHjrfxU/ILXQDzqe/UGelL3jPk=">AAACE3icbZC7TsMwFIadcivlVmBksaiQUoYqQUiwIFWwMBZBL1JTVY7rtFYdJ9gOEEV9BxZehYUBhFhZ2HgbnDQDtPySpU//OUc+53dDRqWyrG+jsLC4tLxSXC2trW9sbpW3d1oyiAQmTRywQHRcJAmjnDQVVYx0QkGQ7zLSdscXab19R4SkAb9RcUh6Phpy6lGMlLb65cMz6PhIjVwvsSdmhsJPJB3yiXndvzcfqlXocHIL42q/XLFqViY4D3YOFZCr0S9/OYMARz7hCjMkZde2QtVLkFAUMzIpOZEkIcJjNCRdjRz5RPaS7KYJPNDOAHqB0I8rmLm/JxLkSxn7ru5Ml5aztdT8r9aNlHfaSygPI0U4nn7kRQyqAKYBwQEVBCsWa0BYUL0rxCMkEFY6xpIOwZ49eR5aRzVb89VxpX6ex1EEe2AfmMAGJ6AOLkEDNAEGj+AZvII348l4Md6Nj2lrwchndsEfGZ8/RnWdHg==</latexit>

(y � Sw(x))
2

<latexit sha1_base64="AkVW4ZhAAV90jLRqVdxFQ4gOzlw=">AAAB83icbZDLSsNAFIZP6q3WW9Wlm8EitAtLUgRdFt24rGgv0MYymU7aoZNJmJmoIfQ13LhQxK0v4863cdpmoa0/DHz85xzOmd+LOFPatr+t3Mrq2vpGfrOwtb2zu1fcP2ipMJaENknIQ9nxsKKcCdrUTHPaiSTFgcdp2xtfTevtByoVC8WdTiLqBngomM8I1sbqlZPT2/5j+alSua/1iyW7as+ElsHJoASZGv3iV28QkjigQhOOleo6dqTdFEvNCKeTQi9WNMJkjIe0a1DggCo3nd08QSfGGSA/lOYJjWbu74kUB0olgWc6A6xHarE2Nf+rdWPtX7gpE1GsqSDzRX7MkQ7RNAA0YJISzRMDmEhmbkVkhCUm2sRUMCE4i19ehlat6hi+OSvVL7M48nAEx1AGB86hDtfQgCYQiOAZXuHNiq0X6936mLfmrGzmEP7I+vwBHjeQaw==</latexit><latexit sha1_base64="AkVW4ZhAAV90jLRqVdxFQ4gOzlw=">AAAB83icbZDLSsNAFIZP6q3WW9Wlm8EitAtLUgRdFt24rGgv0MYymU7aoZNJmJmoIfQ13LhQxK0v4863cdpmoa0/DHz85xzOmd+LOFPatr+t3Mrq2vpGfrOwtb2zu1fcP2ipMJaENknIQ9nxsKKcCdrUTHPaiSTFgcdp2xtfTevtByoVC8WdTiLqBngomM8I1sbqlZPT2/5j+alSua/1iyW7as+ElsHJoASZGv3iV28QkjigQhOOleo6dqTdFEvNCKeTQi9WNMJkjIe0a1DggCo3nd08QSfGGSA/lOYJjWbu74kUB0olgWc6A6xHarE2Nf+rdWPtX7gpE1GsqSDzRX7MkQ7RNAA0YJISzRMDmEhmbkVkhCUm2sRUMCE4i19ehlat6hi+OSvVL7M48nAEx1AGB86hDtfQgCYQiOAZXuHNiq0X6936mLfmrGzmEP7I+vwBHjeQaw==</latexit><latexit sha1_base64="AkVW4ZhAAV90jLRqVdxFQ4gOzlw=">AAAB83icbZDLSsNAFIZP6q3WW9Wlm8EitAtLUgRdFt24rGgv0MYymU7aoZNJmJmoIfQ13LhQxK0v4863cdpmoa0/DHz85xzOmd+LOFPatr+t3Mrq2vpGfrOwtb2zu1fcP2ipMJaENknIQ9nxsKKcCdrUTHPaiSTFgcdp2xtfTevtByoVC8WdTiLqBngomM8I1sbqlZPT2/5j+alSua/1iyW7as+ElsHJoASZGv3iV28QkjigQhOOleo6dqTdFEvNCKeTQi9WNMJkjIe0a1DggCo3nd08QSfGGSA/lOYJjWbu74kUB0olgWc6A6xHarE2Nf+rdWPtX7gpE1GsqSDzRX7MkQ7RNAA0YJISzRMDmEhmbkVkhCUm2sRUMCE4i19ehlat6hi+OSvVL7M48nAEx1AGB86hDtfQgCYQiOAZXuHNiq0X6936mLfmrGzmEP7I+vwBHjeQaw==</latexit><latexit sha1_base64="AkVW4ZhAAV90jLRqVdxFQ4gOzlw=">AAAB83icbZDLSsNAFIZP6q3WW9Wlm8EitAtLUgRdFt24rGgv0MYymU7aoZNJmJmoIfQ13LhQxK0v4863cdpmoa0/DHz85xzOmd+LOFPatr+t3Mrq2vpGfrOwtb2zu1fcP2ipMJaENknIQ9nxsKKcCdrUTHPaiSTFgcdp2xtfTevtByoVC8WdTiLqBngomM8I1sbqlZPT2/5j+alSua/1iyW7as+ElsHJoASZGv3iV28QkjigQhOOleo6dqTdFEvNCKeTQi9WNMJkjIe0a1DggCo3nd08QSfGGSA/lOYJjWbu74kUB0olgWc6A6xHarE2Nf+rdWPtX7gpE1GsqSDzRX7MkQ7RNAA0YJISzRMDmEhmbkVkhCUm2sRUMCE4i19ehlat6hi+OSvVL7M48nAEx1AGB86hDtfQgCYQiOAZXuHNiq0X6936mLfmrGzmEP7I+vwBHjeQaw==</latexit>

log2(1 + exp(�y · Sw(x)))
<latexit sha1_base64="97DB3EPHgnlMFPkCEbi9zEr6L8s=">AAACCHicbZDLSsNAFIYn9VbrLerShYNFSBFLUgRdFt24rGgv0IQwmUzboZNMmJloS+nSja/ixoUibn0Ed76N0zYLbf1h4OM/53Dm/EHCqFS2/W3klpZXVtfy64WNza3tHXN3ryF5KjCpY864aAVIEkZjUldUMdJKBEFRwEgz6F9N6s17IiTl8Z0aJsSLUDemHYqR0pZvHrqMd/2K5ZxAlwwS63To4pAreOs/WINSqeSbRbtsTwUXwcmgCDLVfPPLDTlOIxIrzJCUbcdOlDdCQlHMyLjgppIkCPdRl7Q1xigi0htNDxnDY+2EsMOFfrGCU/f3xAhFUg6jQHdGSPXkfG1i/ldrp6pz4Y1onKSKxHi2qJMyqDicpAJDKghWbKgBYUH1XyHuIYGw0tkVdAjO/MmL0KiUHc03Z8XqZRZHHhyAI2ABB5yDKrgGNVAHGDyCZ/AK3own48V4Nz5mrTkjm9kHf2R8/gBLy5eV</latexit><latexit sha1_base64="97DB3EPHgnlMFPkCEbi9zEr6L8s=">AAACCHicbZDLSsNAFIYn9VbrLerShYNFSBFLUgRdFt24rGgv0IQwmUzboZNMmJloS+nSja/ixoUibn0Ed76N0zYLbf1h4OM/53Dm/EHCqFS2/W3klpZXVtfy64WNza3tHXN3ryF5KjCpY864aAVIEkZjUldUMdJKBEFRwEgz6F9N6s17IiTl8Z0aJsSLUDemHYqR0pZvHrqMd/2K5ZxAlwwS63To4pAreOs/WINSqeSbRbtsTwUXwcmgCDLVfPPLDTlOIxIrzJCUbcdOlDdCQlHMyLjgppIkCPdRl7Q1xigi0htNDxnDY+2EsMOFfrGCU/f3xAhFUg6jQHdGSPXkfG1i/ldrp6pz4Y1onKSKxHi2qJMyqDicpAJDKghWbKgBYUH1XyHuIYGw0tkVdAjO/MmL0KiUHc03Z8XqZRZHHhyAI2ABB5yDKrgGNVAHGDyCZ/AK3own48V4Nz5mrTkjm9kHf2R8/gBLy5eV</latexit><latexit sha1_base64="97DB3EPHgnlMFPkCEbi9zEr6L8s=">AAACCHicbZDLSsNAFIYn9VbrLerShYNFSBFLUgRdFt24rGgv0IQwmUzboZNMmJloS+nSja/ixoUibn0Ed76N0zYLbf1h4OM/53Dm/EHCqFS2/W3klpZXVtfy64WNza3tHXN3ryF5KjCpY864aAVIEkZjUldUMdJKBEFRwEgz6F9N6s17IiTl8Z0aJsSLUDemHYqR0pZvHrqMd/2K5ZxAlwwS63To4pAreOs/WINSqeSbRbtsTwUXwcmgCDLVfPPLDTlOIxIrzJCUbcdOlDdCQlHMyLjgppIkCPdRl7Q1xigi0htNDxnDY+2EsMOFfrGCU/f3xAhFUg6jQHdGSPXkfG1i/ldrp6pz4Y1onKSKxHi2qJMyqDicpAJDKghWbKgBYUH1XyHuIYGw0tkVdAjO/MmL0KiUHc03Z8XqZRZHHhyAI2ABB5yDKrgGNVAHGDyCZ/AK3own48V4Nz5mrTkjm9kHf2R8/gBLy5eV</latexit><latexit sha1_base64="97DB3EPHgnlMFPkCEbi9zEr6L8s=">AAACCHicbZDLSsNAFIYn9VbrLerShYNFSBFLUgRdFt24rGgv0IQwmUzboZNMmJloS+nSja/ixoUibn0Ed76N0zYLbf1h4OM/53Dm/EHCqFS2/W3klpZXVtfy64WNza3tHXN3ryF5KjCpY864aAVIEkZjUldUMdJKBEFRwEgz6F9N6s17IiTl8Z0aJsSLUDemHYqR0pZvHrqMd/2K5ZxAlwwS63To4pAreOs/WINSqeSbRbtsTwUXwcmgCDLVfPPLDTlOIxIrzJCUbcdOlDdCQlHMyLjgppIkCPdRl7Q1xigi0htNDxnDY+2EsMOFfrGCU/f3xAhFUg6jQHdGSPXkfG1i/ldrp6pz4Y1onKSKxHi2qJMyqDicpAJDKghWbKgBYUH1XyHuIYGw0tkVdAjO/MmL0KiUHc03Z8XqZRZHHhyAI2ABB5yDKrgGNVAHGDyCZ/AK3own48V4Nz5mrTkjm9kHf2R8/gBLy5eV</latexit>



Loss functions and surrogate losses

• 0-1 loss:

• Square loss:

• Logistic loss:

• Hinge loss:
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1(hw(x) 6= y)
<latexit sha1_base64="06nP05AsWRiRF+Hd28SBEv8g1FM=">AAACAnicbZDLSsNAFIYn9VbrLepK3AwWod2URARdFt24rGAv0IQwmU7aoZNJnJmoIRQ3voobF4q49Snc+TZO2iy09YeBj/+cw5zz+zGjUlnWt1FaWl5ZXSuvVzY2t7Z3zN29jowSgUkbRywSPR9JwignbUUVI71YEBT6jHT98WVe794RIWnEb1QaEzdEQ04DipHSlmceOCFSIz/I7Elt5N3XHurQ4eQWpnXPrFoNayq4CHYBVVCo5ZlfziDCSUi4wgxJ2betWLkZEopiRiYVJ5EkRniMhqSvkaOQSDebnjCBx9oZwCAS+nEFp+7viQyFUqahrzvzheV8LTf/q/UTFZy7GeVxogjHs4+ChEEVwTwPOKCCYMVSDQgLqneFeIQEwkqnVtEh2PMnL0LnpGFrvj6tNi+KOMrgEByBGrDBGWiCK9ACbYDBI3gGr+DNeDJejHfjY9ZaMoqZffBHxucPrrmWTQ==</latexit><latexit sha1_base64="06nP05AsWRiRF+Hd28SBEv8g1FM=">AAACAnicbZDLSsNAFIYn9VbrLepK3AwWod2URARdFt24rGAv0IQwmU7aoZNJnJmoIRQ3voobF4q49Snc+TZO2iy09YeBj/+cw5zz+zGjUlnWt1FaWl5ZXSuvVzY2t7Z3zN29jowSgUkbRywSPR9JwignbUUVI71YEBT6jHT98WVe794RIWnEb1QaEzdEQ04DipHSlmceOCFSIz/I7Elt5N3XHurQ4eQWpnXPrFoNayq4CHYBVVCo5ZlfziDCSUi4wgxJ2betWLkZEopiRiYVJ5EkRniMhqSvkaOQSDebnjCBx9oZwCAS+nEFp+7viQyFUqahrzvzheV8LTf/q/UTFZy7GeVxogjHs4+ChEEVwTwPOKCCYMVSDQgLqneFeIQEwkqnVtEh2PMnL0LnpGFrvj6tNi+KOMrgEByBGrDBGWiCK9ACbYDBI3gGr+DNeDJejHfjY9ZaMoqZffBHxucPrrmWTQ==</latexit><latexit sha1_base64="06nP05AsWRiRF+Hd28SBEv8g1FM=">AAACAnicbZDLSsNAFIYn9VbrLepK3AwWod2URARdFt24rGAv0IQwmU7aoZNJnJmoIRQ3voobF4q49Snc+TZO2iy09YeBj/+cw5zz+zGjUlnWt1FaWl5ZXSuvVzY2t7Z3zN29jowSgUkbRywSPR9JwignbUUVI71YEBT6jHT98WVe794RIWnEb1QaEzdEQ04DipHSlmceOCFSIz/I7Elt5N3XHurQ4eQWpnXPrFoNayq4CHYBVVCo5ZlfziDCSUi4wgxJ2betWLkZEopiRiYVJ5EkRniMhqSvkaOQSDebnjCBx9oZwCAS+nEFp+7viQyFUqahrzvzheV8LTf/q/UTFZy7GeVxogjHs4+ChEEVwTwPOKCCYMVSDQgLqneFeIQEwkqnVtEh2PMnL0LnpGFrvj6tNi+KOMrgEByBGrDBGWiCK9ACbYDBI3gGr+DNeDJejHfjY9ZaMoqZffBHxucPrrmWTQ==</latexit><latexit sha1_base64="06nP05AsWRiRF+Hd28SBEv8g1FM=">AAACAnicbZDLSsNAFIYn9VbrLepK3AwWod2URARdFt24rGAv0IQwmU7aoZNJnJmoIRQ3voobF4q49Snc+TZO2iy09YeBj/+cw5zz+zGjUlnWt1FaWl5ZXSuvVzY2t7Z3zN29jowSgUkbRywSPR9JwignbUUVI71YEBT6jHT98WVe794RIWnEb1QaEzdEQ04DipHSlmceOCFSIz/I7Elt5N3XHurQ4eQWpnXPrFoNayq4CHYBVVCo5ZlfziDCSUi4wgxJ2betWLkZEopiRiYVJ5EkRniMhqSvkaOQSDebnjCBx9oZwCAS+nEFp+7viQyFUqahrzvzheV8LTf/q/UTFZy7GeVxogjHs4+ChEEVwTwPOKCCYMVSDQgLqneFeIQEwkqnVtEh2PMnL0LnpGFrvj6tNi+KOMrgEByBGrDBGWiCK9ACbYDBI3gGr+DNeDJejHfjY9ZaMoqZffBHxucPrrmWTQ==</latexit>

= 1(sign(Sw(x)) 6= y)
<latexit sha1_base64="+EHjrfxU/ILXQDzqe/UGelL3jPk=">AAACE3icbZC7TsMwFIadcivlVmBksaiQUoYqQUiwIFWwMBZBL1JTVY7rtFYdJ9gOEEV9BxZehYUBhFhZ2HgbnDQDtPySpU//OUc+53dDRqWyrG+jsLC4tLxSXC2trW9sbpW3d1oyiAQmTRywQHRcJAmjnDQVVYx0QkGQ7zLSdscXab19R4SkAb9RcUh6Phpy6lGMlLb65cMz6PhIjVwvsSdmhsJPJB3yiXndvzcfqlXocHIL42q/XLFqViY4D3YOFZCr0S9/OYMARz7hCjMkZde2QtVLkFAUMzIpOZEkIcJjNCRdjRz5RPaS7KYJPNDOAHqB0I8rmLm/JxLkSxn7ru5Ml5aztdT8r9aNlHfaSygPI0U4nn7kRQyqAKYBwQEVBCsWa0BYUL0rxCMkEFY6xpIOwZ49eR5aRzVb89VxpX6ex1EEe2AfmMAGJ6AOLkEDNAEGj+AZvII348l4Md6Nj2lrwchndsEfGZ8/RnWdHg==</latexit><latexit sha1_base64="+EHjrfxU/ILXQDzqe/UGelL3jPk=">AAACE3icbZC7TsMwFIadcivlVmBksaiQUoYqQUiwIFWwMBZBL1JTVY7rtFYdJ9gOEEV9BxZehYUBhFhZ2HgbnDQDtPySpU//OUc+53dDRqWyrG+jsLC4tLxSXC2trW9sbpW3d1oyiAQmTRywQHRcJAmjnDQVVYx0QkGQ7zLSdscXab19R4SkAb9RcUh6Phpy6lGMlLb65cMz6PhIjVwvsSdmhsJPJB3yiXndvzcfqlXocHIL42q/XLFqViY4D3YOFZCr0S9/OYMARz7hCjMkZde2QtVLkFAUMzIpOZEkIcJjNCRdjRz5RPaS7KYJPNDOAHqB0I8rmLm/JxLkSxn7ru5Ml5aztdT8r9aNlHfaSygPI0U4nn7kRQyqAKYBwQEVBCsWa0BYUL0rxCMkEFY6xpIOwZ49eR5aRzVb89VxpX6ex1EEe2AfmMAGJ6AOLkEDNAEGj+AZvII348l4Md6Nj2lrwchndsEfGZ8/RnWdHg==</latexit><latexit sha1_base64="+EHjrfxU/ILXQDzqe/UGelL3jPk=">AAACE3icbZC7TsMwFIadcivlVmBksaiQUoYqQUiwIFWwMBZBL1JTVY7rtFYdJ9gOEEV9BxZehYUBhFhZ2HgbnDQDtPySpU//OUc+53dDRqWyrG+jsLC4tLxSXC2trW9sbpW3d1oyiAQmTRywQHRcJAmjnDQVVYx0QkGQ7zLSdscXab19R4SkAb9RcUh6Phpy6lGMlLb65cMz6PhIjVwvsSdmhsJPJB3yiXndvzcfqlXocHIL42q/XLFqViY4D3YOFZCr0S9/OYMARz7hCjMkZde2QtVLkFAUMzIpOZEkIcJjNCRdjRz5RPaS7KYJPNDOAHqB0I8rmLm/JxLkSxn7ru5Ml5aztdT8r9aNlHfaSygPI0U4nn7kRQyqAKYBwQEVBCsWa0BYUL0rxCMkEFY6xpIOwZ49eR5aRzVb89VxpX6ex1EEe2AfmMAGJ6AOLkEDNAEGj+AZvII348l4Md6Nj2lrwchndsEfGZ8/RnWdHg==</latexit><latexit sha1_base64="+EHjrfxU/ILXQDzqe/UGelL3jPk=">AAACE3icbZC7TsMwFIadcivlVmBksaiQUoYqQUiwIFWwMBZBL1JTVY7rtFYdJ9gOEEV9BxZehYUBhFhZ2HgbnDQDtPySpU//OUc+53dDRqWyrG+jsLC4tLxSXC2trW9sbpW3d1oyiAQmTRywQHRcJAmjnDQVVYx0QkGQ7zLSdscXab19R4SkAb9RcUh6Phpy6lGMlLb65cMz6PhIjVwvsSdmhsJPJB3yiXndvzcfqlXocHIL42q/XLFqViY4D3YOFZCr0S9/OYMARz7hCjMkZde2QtVLkFAUMzIpOZEkIcJjNCRdjRz5RPaS7KYJPNDOAHqB0I8rmLm/JxLkSxn7ru5Ml5aztdT8r9aNlHfaSygPI0U4nn7kRQyqAKYBwQEVBCsWa0BYUL0rxCMkEFY6xpIOwZ49eR5aRzVb89VxpX6ex1EEe2AfmMAGJ6AOLkEDNAEGj+AZvII348l4Md6Nj2lrwchndsEfGZ8/RnWdHg==</latexit>

(y � Sw(x))
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<latexit sha1_base64="AkVW4ZhAAV90jLRqVdxFQ4gOzlw=">AAAB83icbZDLSsNAFIZP6q3WW9Wlm8EitAtLUgRdFt24rGgv0MYymU7aoZNJmJmoIfQ13LhQxK0v4863cdpmoa0/DHz85xzOmd+LOFPatr+t3Mrq2vpGfrOwtb2zu1fcP2ipMJaENknIQ9nxsKKcCdrUTHPaiSTFgcdp2xtfTevtByoVC8WdTiLqBngomM8I1sbqlZPT2/5j+alSua/1iyW7as+ElsHJoASZGv3iV28QkjigQhOOleo6dqTdFEvNCKeTQi9WNMJkjIe0a1DggCo3nd08QSfGGSA/lOYJjWbu74kUB0olgWc6A6xHarE2Nf+rdWPtX7gpE1GsqSDzRX7MkQ7RNAA0YJISzRMDmEhmbkVkhCUm2sRUMCE4i19ehlat6hi+OSvVL7M48nAEx1AGB86hDtfQgCYQiOAZXuHNiq0X6936mLfmrGzmEP7I+vwBHjeQaw==</latexit><latexit sha1_base64="AkVW4ZhAAV90jLRqVdxFQ4gOzlw=">AAAB83icbZDLSsNAFIZP6q3WW9Wlm8EitAtLUgRdFt24rGgv0MYymU7aoZNJmJmoIfQ13LhQxK0v4863cdpmoa0/DHz85xzOmd+LOFPatr+t3Mrq2vpGfrOwtb2zu1fcP2ipMJaENknIQ9nxsKKcCdrUTHPaiSTFgcdp2xtfTevtByoVC8WdTiLqBngomM8I1sbqlZPT2/5j+alSua/1iyW7as+ElsHJoASZGv3iV28QkjigQhOOleo6dqTdFEvNCKeTQi9WNMJkjIe0a1DggCo3nd08QSfGGSA/lOYJjWbu74kUB0olgWc6A6xHarE2Nf+rdWPtX7gpE1GsqSDzRX7MkQ7RNAA0YJISzRMDmEhmbkVkhCUm2sRUMCE4i19ehlat6hi+OSvVL7M48nAEx1AGB86hDtfQgCYQiOAZXuHNiq0X6936mLfmrGzmEP7I+vwBHjeQaw==</latexit><latexit sha1_base64="AkVW4ZhAAV90jLRqVdxFQ4gOzlw=">AAAB83icbZDLSsNAFIZP6q3WW9Wlm8EitAtLUgRdFt24rGgv0MYymU7aoZNJmJmoIfQ13LhQxK0v4863cdpmoa0/DHz85xzOmd+LOFPatr+t3Mrq2vpGfrOwtb2zu1fcP2ipMJaENknIQ9nxsKKcCdrUTHPaiSTFgcdp2xtfTevtByoVC8WdTiLqBngomM8I1sbqlZPT2/5j+alSua/1iyW7as+ElsHJoASZGv3iV28QkjigQhOOleo6dqTdFEvNCKeTQi9WNMJkjIe0a1DggCo3nd08QSfGGSA/lOYJjWbu74kUB0olgWc6A6xHarE2Nf+rdWPtX7gpE1GsqSDzRX7MkQ7RNAA0YJISzRMDmEhmbkVkhCUm2sRUMCE4i19ehlat6hi+OSvVL7M48nAEx1AGB86hDtfQgCYQiOAZXuHNiq0X6936mLfmrGzmEP7I+vwBHjeQaw==</latexit><latexit sha1_base64="AkVW4ZhAAV90jLRqVdxFQ4gOzlw=">AAAB83icbZDLSsNAFIZP6q3WW9Wlm8EitAtLUgRdFt24rGgv0MYymU7aoZNJmJmoIfQ13LhQxK0v4863cdpmoa0/DHz85xzOmd+LOFPatr+t3Mrq2vpGfrOwtb2zu1fcP2ipMJaENknIQ9nxsKKcCdrUTHPaiSTFgcdp2xtfTevtByoVC8WdTiLqBngomM8I1sbqlZPT2/5j+alSua/1iyW7as+ElsHJoASZGv3iV28QkjigQhOOleo6dqTdFEvNCKeTQi9WNMJkjIe0a1DggCo3nd08QSfGGSA/lOYJjWbu74kUB0olgWc6A6xHarE2Nf+rdWPtX7gpE1GsqSDzRX7MkQ7RNAA0YJISzRMDmEhmbkVkhCUm2sRUMCE4i19ehlat6hi+OSvVL7M48nAEx1AGB86hDtfQgCYQiOAZXuHNiq0X6936mLfmrGzmEP7I+vwBHjeQaw==</latexit>

max(0, 1� y · Sw(x))
<latexit sha1_base64="QEyAlH/rZ+9AGz9K+sjveMM+unE=">AAACAHicbZDLSsNAFIYn9VbrLerChZvBIrSgJRFBl0U3LivaCzQhTCaTduhMEmYm2hC68VXcuFDErY/hzrdxello6w8DH/85hzPn9xNGpbKsb6OwtLyyulZcL21sbm3vmLt7LRmnApMmjlksOj6ShNGINBVVjHQSQRD3GWn7g+txvf1AhKRxdK+yhLgc9SIaUoyUtjzzwOFoWLFO7NPMwUGs4J33WBlWq55ZtmrWRHAR7BmUwUwNz/xyghinnEQKMyRl17YS5eZIKIoZGZWcVJIE4QHqka7GCHEi3XxywAgeayeAYSz0ixScuL8ncsSlzLivOzlSfTlfG5v/1bqpCi/dnEZJqkiEp4vClEEVw3EaMKCCYMUyDQgLqv8KcR8JhJXOrKRDsOdPXoTWWc3WfHterl/N4iiCQ3AEKsAGF6AObkADNAEGI/AMXsGb8WS8GO/Gx7S1YMxm9sEfGZ8/IvCUzw==</latexit><latexit sha1_base64="QEyAlH/rZ+9AGz9K+sjveMM+unE=">AAACAHicbZDLSsNAFIYn9VbrLerChZvBIrSgJRFBl0U3LivaCzQhTCaTduhMEmYm2hC68VXcuFDErY/hzrdxello6w8DH/85hzPn9xNGpbKsb6OwtLyyulZcL21sbm3vmLt7LRmnApMmjlksOj6ShNGINBVVjHQSQRD3GWn7g+txvf1AhKRxdK+yhLgc9SIaUoyUtjzzwOFoWLFO7NPMwUGs4J33WBlWq55ZtmrWRHAR7BmUwUwNz/xyghinnEQKMyRl17YS5eZIKIoZGZWcVJIE4QHqka7GCHEi3XxywAgeayeAYSz0ixScuL8ncsSlzLivOzlSfTlfG5v/1bqpCi/dnEZJqkiEp4vClEEVw3EaMKCCYMUyDQgLqv8KcR8JhJXOrKRDsOdPXoTWWc3WfHterl/N4iiCQ3AEKsAGF6AObkADNAEGI/AMXsGb8WS8GO/Gx7S1YMxm9sEfGZ8/IvCUzw==</latexit><latexit sha1_base64="QEyAlH/rZ+9AGz9K+sjveMM+unE=">AAACAHicbZDLSsNAFIYn9VbrLerChZvBIrSgJRFBl0U3LivaCzQhTCaTduhMEmYm2hC68VXcuFDErY/hzrdxello6w8DH/85hzPn9xNGpbKsb6OwtLyyulZcL21sbm3vmLt7LRmnApMmjlksOj6ShNGINBVVjHQSQRD3GWn7g+txvf1AhKRxdK+yhLgc9SIaUoyUtjzzwOFoWLFO7NPMwUGs4J33WBlWq55ZtmrWRHAR7BmUwUwNz/xyghinnEQKMyRl17YS5eZIKIoZGZWcVJIE4QHqka7GCHEi3XxywAgeayeAYSz0ixScuL8ncsSlzLivOzlSfTlfG5v/1bqpCi/dnEZJqkiEp4vClEEVw3EaMKCCYMUyDQgLqv8KcR8JhJXOrKRDsOdPXoTWWc3WfHterl/N4iiCQ3AEKsAGF6AObkADNAEGI/AMXsGb8WS8GO/Gx7S1YMxm9sEfGZ8/IvCUzw==</latexit><latexit sha1_base64="QEyAlH/rZ+9AGz9K+sjveMM+unE=">AAACAHicbZDLSsNAFIYn9VbrLerChZvBIrSgJRFBl0U3LivaCzQhTCaTduhMEmYm2hC68VXcuFDErY/hzrdxello6w8DH/85hzPn9xNGpbKsb6OwtLyyulZcL21sbm3vmLt7LRmnApMmjlksOj6ShNGINBVVjHQSQRD3GWn7g+txvf1AhKRxdK+yhLgc9SIaUoyUtjzzwOFoWLFO7NPMwUGs4J33WBlWq55ZtmrWRHAR7BmUwUwNz/xyghinnEQKMyRl17YS5eZIKIoZGZWcVJIE4QHqka7GCHEi3XxywAgeayeAYSz0ixScuL8ncsSlzLivOzlSfTlfG5v/1bqpCi/dnEZJqkiEp4vClEEVw3EaMKCCYMUyDQgLqv8KcR8JhJXOrKRDsOdPXoTWWc3WfHterl/N4iiCQ3AEKsAGF6AObkADNAEGI/AMXsGb8WS8GO/Gx7S1YMxm9sEfGZ8/IvCUzw==</latexit>

log2(1 + exp(�y · Sw(x)))
<latexit sha1_base64="97DB3EPHgnlMFPkCEbi9zEr6L8s=">AAACCHicbZDLSsNAFIYn9VbrLerShYNFSBFLUgRdFt24rGgv0IQwmUzboZNMmJloS+nSja/ixoUibn0Ed76N0zYLbf1h4OM/53Dm/EHCqFS2/W3klpZXVtfy64WNza3tHXN3ryF5KjCpY864aAVIEkZjUldUMdJKBEFRwEgz6F9N6s17IiTl8Z0aJsSLUDemHYqR0pZvHrqMd/2K5ZxAlwwS63To4pAreOs/WINSqeSbRbtsTwUXwcmgCDLVfPPLDTlOIxIrzJCUbcdOlDdCQlHMyLjgppIkCPdRl7Q1xigi0htNDxnDY+2EsMOFfrGCU/f3xAhFUg6jQHdGSPXkfG1i/ldrp6pz4Y1onKSKxHi2qJMyqDicpAJDKghWbKgBYUH1XyHuIYGw0tkVdAjO/MmL0KiUHc03Z8XqZRZHHhyAI2ABB5yDKrgGNVAHGDyCZ/AK3own48V4Nz5mrTkjm9kHf2R8/gBLy5eV</latexit><latexit sha1_base64="97DB3EPHgnlMFPkCEbi9zEr6L8s=">AAACCHicbZDLSsNAFIYn9VbrLerShYNFSBFLUgRdFt24rGgv0IQwmUzboZNMmJloS+nSja/ixoUibn0Ed76N0zYLbf1h4OM/53Dm/EHCqFS2/W3klpZXVtfy64WNza3tHXN3ryF5KjCpY864aAVIEkZjUldUMdJKBEFRwEgz6F9N6s17IiTl8Z0aJsSLUDemHYqR0pZvHrqMd/2K5ZxAlwwS63To4pAreOs/WINSqeSbRbtsTwUXwcmgCDLVfPPLDTlOIxIrzJCUbcdOlDdCQlHMyLjgppIkCPdRl7Q1xigi0htNDxnDY+2EsMOFfrGCU/f3xAhFUg6jQHdGSPXkfG1i/ldrp6pz4Y1onKSKxHi2qJMyqDicpAJDKghWbKgBYUH1XyHuIYGw0tkVdAjO/MmL0KiUHc03Z8XqZRZHHhyAI2ABB5yDKrgGNVAHGDyCZ/AK3own48V4Nz5mrTkjm9kHf2R8/gBLy5eV</latexit><latexit sha1_base64="97DB3EPHgnlMFPkCEbi9zEr6L8s=">AAACCHicbZDLSsNAFIYn9VbrLerShYNFSBFLUgRdFt24rGgv0IQwmUzboZNMmJloS+nSja/ixoUibn0Ed76N0zYLbf1h4OM/53Dm/EHCqFS2/W3klpZXVtfy64WNza3tHXN3ryF5KjCpY864aAVIEkZjUldUMdJKBEFRwEgz6F9N6s17IiTl8Z0aJsSLUDemHYqR0pZvHrqMd/2K5ZxAlwwS63To4pAreOs/WINSqeSbRbtsTwUXwcmgCDLVfPPLDTlOIxIrzJCUbcdOlDdCQlHMyLjgppIkCPdRl7Q1xigi0htNDxnDY+2EsMOFfrGCU/f3xAhFUg6jQHdGSPXkfG1i/ldrp6pz4Y1onKSKxHi2qJMyqDicpAJDKghWbKgBYUH1XyHuIYGw0tkVdAjO/MmL0KiUHc03Z8XqZRZHHhyAI2ABB5yDKrgGNVAHGDyCZ/AK3own48V4Nz5mrTkjm9kHf2R8/gBLy5eV</latexit><latexit sha1_base64="97DB3EPHgnlMFPkCEbi9zEr6L8s=">AAACCHicbZDLSsNAFIYn9VbrLerShYNFSBFLUgRdFt24rGgv0IQwmUzboZNMmJloS+nSja/ixoUibn0Ed76N0zYLbf1h4OM/53Dm/EHCqFS2/W3klpZXVtfy64WNza3tHXN3ryF5KjCpY864aAVIEkZjUldUMdJKBEFRwEgz6F9N6s17IiTl8Z0aJsSLUDemHYqR0pZvHrqMd/2K5ZxAlwwS63To4pAreOs/WINSqeSbRbtsTwUXwcmgCDLVfPPLDTlOIxIrzJCUbcdOlDdCQlHMyLjgppIkCPdRl7Q1xigi0htNDxnDY+2EsMOFfrGCU/f3xAhFUg6jQHdGSPXkfG1i/ldrp6pz4Y1onKSKxHi2qJMyqDicpAJDKghWbKgBYUH1XyHuIYGw0tkVdAjO/MmL0KiUHc03Z8XqZRZHHhyAI2ABB5yDKrgGNVAHGDyCZ/AK3own48V4Nz5mrTkjm9kHf2R8/gBLy5eV</latexit>



Visualizing the relaxed “surrogate loss” 
functions
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FIGURE 10.4. Loss functions for two-class classification. The response is
y = ±1; the prediction is f , with class prediction sign(f). The losses are
misclassification: I(sign(f) != y); exponential: exp(−yf); binomial deviance:
log(1 + exp(−2yf)); squared error: (y − f)2; and support vector: (1 − yf)+ (see
Section 12.3). Each function has been scaled so that it passes through the point
(0, 1).

f(x) = 0. The goal of the classification algorithm is to produce positive
margins as frequently as possible. Any loss criterion used for classification
should penalize negative margins more heavily than positive ones since
positive margin observations are already correctly classified.

Figure 10.4 shows both the exponential (10.8) and binomial deviance
criteria as a function of the margin y · f(x). Also shown is misclassification
loss L(y, f(x)) = I(y ·f(x) < 0), which gives unit penalty for negative mar-
gin values, and no penalty at all for positive ones. Both the exponential
and deviance loss can be viewed as monotone continuous approximations
to misclassification loss. They continuously penalize increasingly negative
margin values more heavily than they reward increasingly positive ones.
The difference between them is in degree. The penalty associated with bi-
nomial deviance increases linearly for large increasingly negative margin,
whereas the exponential criterion increases the influence of such observa-
tions exponentially.

At any point in the training process the exponential criterion concen-
trates much more influence on observations with large negative margins.
Binomial deviance concentrates relatively less influence on such observa-

(Section 10.4 of the ESL book)

** “Binomial 
deviance” is the 
“logistic loss” from 
the previous slide.



Intuition of the logistic loss (3 min discussion)
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log2(1 + exp(�y · Sw(x)))
<latexit sha1_base64="97DB3EPHgnlMFPkCEbi9zEr6L8s=">AAACCHicbZDLSsNAFIYn9VbrLerShYNFSBFLUgRdFt24rGgv0IQwmUzboZNMmJloS+nSja/ixoUibn0Ed76N0zYLbf1h4OM/53Dm/EHCqFS2/W3klpZXVtfy64WNza3tHXN3ryF5KjCpY864aAVIEkZjUldUMdJKBEFRwEgz6F9N6s17IiTl8Z0aJsSLUDemHYqR0pZvHrqMd/2K5ZxAlwwS63To4pAreOs/WINSqeSbRbtsTwUXwcmgCDLVfPPLDTlOIxIrzJCUbcdOlDdCQlHMyLjgppIkCPdRl7Q1xigi0htNDxnDY+2EsMOFfrGCU/f3xAhFUg6jQHdGSPXkfG1i/ldrp6pz4Y1onKSKxHi2qJMyqDicpAJDKghWbKgBYUH1XyHuIYGw0tkVdAjO/MmL0KiUHc03Z8XqZRZHHhyAI2ABB5yDKrgGNVAHGDyCZ/AK3own48V4Nz5mrTkjm9kHf2R8/gBLy5eV</latexit><latexit sha1_base64="97DB3EPHgnlMFPkCEbi9zEr6L8s=">AAACCHicbZDLSsNAFIYn9VbrLerShYNFSBFLUgRdFt24rGgv0IQwmUzboZNMmJloS+nSja/ixoUibn0Ed76N0zYLbf1h4OM/53Dm/EHCqFS2/W3klpZXVtfy64WNza3tHXN3ryF5KjCpY864aAVIEkZjUldUMdJKBEFRwEgz6F9N6s17IiTl8Z0aJsSLUDemHYqR0pZvHrqMd/2K5ZxAlwwS63To4pAreOs/WINSqeSbRbtsTwUXwcmgCDLVfPPLDTlOIxIrzJCUbcdOlDdCQlHMyLjgppIkCPdRl7Q1xigi0htNDxnDY+2EsMOFfrGCU/f3xAhFUg6jQHdGSPXkfG1i/ldrp6pz4Y1onKSKxHi2qJMyqDicpAJDKghWbKgBYUH1XyHuIYGw0tkVdAjO/MmL0KiUHc03Z8XqZRZHHhyAI2ABB5yDKrgGNVAHGDyCZ/AK3own48V4Nz5mrTkjm9kHf2R8/gBLy5eV</latexit><latexit sha1_base64="97DB3EPHgnlMFPkCEbi9zEr6L8s=">AAACCHicbZDLSsNAFIYn9VbrLerShYNFSBFLUgRdFt24rGgv0IQwmUzboZNMmJloS+nSja/ixoUibn0Ed76N0zYLbf1h4OM/53Dm/EHCqFS2/W3klpZXVtfy64WNza3tHXN3ryF5KjCpY864aAVIEkZjUldUMdJKBEFRwEgz6F9N6s17IiTl8Z0aJsSLUDemHYqR0pZvHrqMd/2K5ZxAlwwS63To4pAreOs/WINSqeSbRbtsTwUXwcmgCDLVfPPLDTlOIxIrzJCUbcdOlDdCQlHMyLjgppIkCPdRl7Q1xigi0htNDxnDY+2EsMOFfrGCU/f3xAhFUg6jQHdGSPXkfG1i/ldrp6pz4Y1onKSKxHi2qJMyqDicpAJDKghWbKgBYUH1XyHuIYGw0tkVdAjO/MmL0KiUHc03Z8XqZRZHHhyAI2ABB5yDKrgGNVAHGDyCZ/AK3own48V4Nz5mrTkjm9kHf2R8/gBLy5eV</latexit><latexit sha1_base64="97DB3EPHgnlMFPkCEbi9zEr6L8s=">AAACCHicbZDLSsNAFIYn9VbrLerShYNFSBFLUgRdFt24rGgv0IQwmUzboZNMmJloS+nSja/ixoUibn0Ed76N0zYLbf1h4OM/53Dm/EHCqFS2/W3klpZXVtfy64WNza3tHXN3ryF5KjCpY864aAVIEkZjUldUMdJKBEFRwEgz6F9N6s17IiTl8Z0aJsSLUDemHYqR0pZvHrqMd/2K5ZxAlwwS63To4pAreOs/WINSqeSbRbtsTwUXwcmgCDLVfPPLDTlOIxIrzJCUbcdOlDdCQlHMyLjgppIkCPdRl7Q1xigi0htNDxnDY+2EsMOFfrGCU/f3xAhFUg6jQHdGSPXkfG1i/ldrp6pz4Y1onKSKxHi2qJMyqDicpAJDKghWbKgBYUH1XyHuIYGw0tkVdAjO/MmL0KiUHc03Z8XqZRZHHhyAI2ABB5yDKrgGNVAHGDyCZ/AK3own48V4Nz5mrTkjm9kHf2R8/gBLy5eV</latexit>

Try plotting the function value against

1. What happens when the classifier make a mistake?

2. What happens when the classifier are correct?

3. What role does the magnitude of the score function play?

y · Sw(x)
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Why are “surrogate losses” easier to 
minimize?
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FIGURE 10.4. Loss functions for two-class classification. The response is
y = ±1; the prediction is f , with class prediction sign(f). The losses are
misclassification: I(sign(f) != y); exponential: exp(−yf); binomial deviance:
log(1 + exp(−2yf)); squared error: (y − f)2; and support vector: (1 − yf)+ (see
Section 12.3). Each function has been scaled so that it passes through the point
(0, 1).

f(x) = 0. The goal of the classification algorithm is to produce positive
margins as frequently as possible. Any loss criterion used for classification
should penalize negative margins more heavily than positive ones since
positive margin observations are already correctly classified.

Figure 10.4 shows both the exponential (10.8) and binomial deviance
criteria as a function of the margin y · f(x). Also shown is misclassification
loss L(y, f(x)) = I(y ·f(x) < 0), which gives unit penalty for negative mar-
gin values, and no penalty at all for positive ones. Both the exponential
and deviance loss can be viewed as monotone continuous approximations
to misclassification loss. They continuously penalize increasingly negative
margin values more heavily than they reward increasingly positive ones.
The difference between them is in degree. The penalty associated with bi-
nomial deviance increases linearly for large increasingly negative margin,
whereas the exponential criterion increases the influence of such observa-
tions exponentially.

At any point in the training process the exponential criterion concen-
trates much more influence on observations with large negative margins.
Binomial deviance concentrates relatively less influence on such observa-



Why are “surrogate losses” easier to 
minimize?

• They are continuous.
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f(x) = 0. The goal of the classification algorithm is to produce positive
margins as frequently as possible. Any loss criterion used for classification
should penalize negative margins more heavily than positive ones since
positive margin observations are already correctly classified.

Figure 10.4 shows both the exponential (10.8) and binomial deviance
criteria as a function of the margin y · f(x). Also shown is misclassification
loss L(y, f(x)) = I(y ·f(x) < 0), which gives unit penalty for negative mar-
gin values, and no penalty at all for positive ones. Both the exponential
and deviance loss can be viewed as monotone continuous approximations
to misclassification loss. They continuously penalize increasingly negative
margin values more heavily than they reward increasingly positive ones.
The difference between them is in degree. The penalty associated with bi-
nomial deviance increases linearly for large increasingly negative margin,
whereas the exponential criterion increases the influence of such observa-
tions exponentially.

At any point in the training process the exponential criterion concen-
trates much more influence on observations with large negative margins.
Binomial deviance concentrates relatively less influence on such observa-



Why are “surrogate losses” easier to 
minimize?

• They are continuous.
• Differentiable (except hinge loss).
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Section 12.3). Each function has been scaled so that it passes through the point
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f(x) = 0. The goal of the classification algorithm is to produce positive
margins as frequently as possible. Any loss criterion used for classification
should penalize negative margins more heavily than positive ones since
positive margin observations are already correctly classified.

Figure 10.4 shows both the exponential (10.8) and binomial deviance
criteria as a function of the margin y · f(x). Also shown is misclassification
loss L(y, f(x)) = I(y ·f(x) < 0), which gives unit penalty for negative mar-
gin values, and no penalty at all for positive ones. Both the exponential
and deviance loss can be viewed as monotone continuous approximations
to misclassification loss. They continuously penalize increasingly negative
margin values more heavily than they reward increasingly positive ones.
The difference between them is in degree. The penalty associated with bi-
nomial deviance increases linearly for large increasingly negative margin,
whereas the exponential criterion increases the influence of such observa-
tions exponentially.

At any point in the training process the exponential criterion concen-
trates much more influence on observations with large negative margins.
Binomial deviance concentrates relatively less influence on such observa-



Why are “surrogate losses” easier to 
minimize?

• They are continuous.
• Differentiable (except hinge loss).
• Convex.
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(0, 1).

f(x) = 0. The goal of the classification algorithm is to produce positive
margins as frequently as possible. Any loss criterion used for classification
should penalize negative margins more heavily than positive ones since
positive margin observations are already correctly classified.

Figure 10.4 shows both the exponential (10.8) and binomial deviance
criteria as a function of the margin y · f(x). Also shown is misclassification
loss L(y, f(x)) = I(y ·f(x) < 0), which gives unit penalty for negative mar-
gin values, and no penalty at all for positive ones. Both the exponential
and deviance loss can be viewed as monotone continuous approximations
to misclassification loss. They continuously penalize increasingly negative
margin values more heavily than they reward increasingly positive ones.
The difference between them is in degree. The penalty associated with bi-
nomial deviance increases linearly for large increasingly negative margin,
whereas the exponential criterion increases the influence of such observa-
tions exponentially.

At any point in the training process the exponential criterion concen-
trates much more influence on observations with large negative margins.
Binomial deviance concentrates relatively less influence on such observa-
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Unique optimum: global/local. Multiple local optima

In high dimensions possibly
exponential local optima

How to deal with non-convexity?
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* Be careful:  The surrogate loss being convex does not imply all ML problems 
using surrogate losses are convex. Linear classifiers are, but non-linear 
classifiers are usually not.  Take “convex optimization” to know more.



How do we optimize a continuously 
differentiable function in general?
• The problem:

• Let’s just optimize it anyway!
– With gradient descent.

• Assumption:  The objective function is differentiable 
almost everywhere.
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Gradient Descent Demo

• Play with this excellent tool yourself to build intuition:

29https://github.com/lilipads/gradient_descent_viz

https://github.com/lilipads/gradient_descent_viz


Gradient of logistic loss for learning a linear 
classifier

• The function to minimize is

• How to calculate the gradient?
– Take out a piece of paper and work on it! (you have 3 min)
– Hint: 

• Apply the linearity of the differential operator.
• Apply the chain rule.
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Gradient of logistic loss for learning a linear 
classifier

31
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Gradient of logistic loss for learning a linear 
classifier

31

• Question: What is the time complexity of computing this 
gradient?
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Gradient of logistic loss for learning a linear 
classifier

31

• Question: What is the time complexity of computing this 
gradient?

• Answer: O(d n).  
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Gradient of logistic loss for learning a linear 
classifier

31

• Question: What is the time complexity of computing this 
gradient?

• Answer: O(d n).  

Can we do better?
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Stochastic Gradient Descent
(Robbins-Monro 1951)
• Gradient descent

• Stochastic gradient descent

• Using a stochastic approximation of the gradient:

32
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<latexit sha1_base64="rjeqVgRT7GfizCQb2QC+S/3qlzo=">AAACI3icbZDNSgMxFIUz9a/Wv1GXboJFqIgyI4IiCEU3LhWsFjql3EkzNpjJDMkdoQx9Fze+ihsXirhx4buYtiOo9UDgy7n3ktwTplIY9LwPpzQ1PTM7V56vLCwuLa+4q2vXJsk04w2WyEQ3QzBcCsUbKFDyZqo5xKHkN+Hd2bB+c8+1EYm6wn7K2zHcKhEJBmitjnscYI8jdHLc8Qf0hBZXpLuUBmMKeoB5oCCUMKBR7btju+NWvT1vJDoJfgFVUuii474F3YRlMVfIJBjT8r0U2zloFEzyQSXIDE+B3cEtb1lUEHPTzkc7DuiWdbo0SrQ9CunI/TmRQ2xMPw5tZwzYM39rQ/O/WivD6KidC5VmyBUbPxRlkmJCh4HRrtCcoexbAKaF/StlPdDA0MZasSH4f1eehOv9Pd/y5UG1flrEUSYbZJPUiE8OSZ2ckwvSIIw8kCfyQl6dR+fZeXPex60lp5hZJ7/kfH4BPAWjZw==</latexit><latexit sha1_base64="rjeqVgRT7GfizCQb2QC+S/3qlzo=">AAACI3icbZDNSgMxFIUz9a/Wv1GXboJFqIgyI4IiCEU3LhWsFjql3EkzNpjJDMkdoQx9Fze+ihsXirhx4buYtiOo9UDgy7n3ktwTplIY9LwPpzQ1PTM7V56vLCwuLa+4q2vXJsk04w2WyEQ3QzBcCsUbKFDyZqo5xKHkN+Hd2bB+c8+1EYm6wn7K2zHcKhEJBmitjnscYI8jdHLc8Qf0hBZXpLuUBmMKeoB5oCCUMKBR7btju+NWvT1vJDoJfgFVUuii474F3YRlMVfIJBjT8r0U2zloFEzyQSXIDE+B3cEtb1lUEHPTzkc7DuiWdbo0SrQ9CunI/TmRQ2xMPw5tZwzYM39rQ/O/WivD6KidC5VmyBUbPxRlkmJCh4HRrtCcoexbAKaF/StlPdDA0MZasSH4f1eehOv9Pd/y5UG1flrEUSYbZJPUiE8OSZ2ckwvSIIw8kCfyQl6dR+fZeXPex60lp5hZJ7/kfH4BPAWjZw==</latexit><latexit sha1_base64="rjeqVgRT7GfizCQb2QC+S/3qlzo=">AAACI3icbZDNSgMxFIUz9a/Wv1GXboJFqIgyI4IiCEU3LhWsFjql3EkzNpjJDMkdoQx9Fze+ihsXirhx4buYtiOo9UDgy7n3ktwTplIY9LwPpzQ1PTM7V56vLCwuLa+4q2vXJsk04w2WyEQ3QzBcCsUbKFDyZqo5xKHkN+Hd2bB+c8+1EYm6wn7K2zHcKhEJBmitjnscYI8jdHLc8Qf0hBZXpLuUBmMKeoB5oCCUMKBR7btju+NWvT1vJDoJfgFVUuii474F3YRlMVfIJBjT8r0U2zloFEzyQSXIDE+B3cEtb1lUEHPTzkc7DuiWdbo0SrQ9CunI/TmRQ2xMPw5tZwzYM39rQ/O/WivD6KidC5VmyBUbPxRlkmJCh4HRrtCcoexbAKaF/StlPdDA0MZasSH4f1eehOv9Pd/y5UG1flrEUSYbZJPUiE8OSZ2ckwvSIIw8kCfyQl6dR+fZeXPex60lp5hZJ7/kfH4BPAWjZw==</latexit><latexit sha1_base64="rjeqVgRT7GfizCQb2QC+S/3qlzo=">AAACI3icbZDNSgMxFIUz9a/Wv1GXboJFqIgyI4IiCEU3LhWsFjql3EkzNpjJDMkdoQx9Fze+ihsXirhx4buYtiOo9UDgy7n3ktwTplIY9LwPpzQ1PTM7V56vLCwuLa+4q2vXJsk04w2WyEQ3QzBcCsUbKFDyZqo5xKHkN+Hd2bB+c8+1EYm6wn7K2zHcKhEJBmitjnscYI8jdHLc8Qf0hBZXpLuUBmMKeoB5oCCUMKBR7btju+NWvT1vJDoJfgFVUuii474F3YRlMVfIJBjT8r0U2zloFEzyQSXIDE+B3cEtb1lUEHPTzkc7DuiWdbo0SrQ9CunI/TmRQ2xMPw5tZwzYM39rQ/O/WivD6KidC5VmyBUbPxRlkmJCh4HRrtCcoexbAKaF/StlPdDA0MZasSH4f1eehOv9Pd/y5UG1flrEUSYbZJPUiE8OSZ2ckwvSIIw8kCfyQl6dR+fZeXPex60lp5hZJ7/kfH4BPAWjZw==</latexit>

E[r̂f(✓t)|✓t] = rf(✓t)
<latexit sha1_base64="/Qu+UX0kiqLov0KL3w04Tt3zb4U=">AAACL3icbZBNS8NAEIY3flu/qh69LBahXkoigl4EURSPCrYVmlAm2027uNmE3YlQYv+RF/+KFxFFvPov3LQV1Dqw8PDOO8zOG6ZSGHTdF2dqemZ2bn5hsbS0vLK6Vl7faJgk04zXWSITfROC4VIoXkeBkt+kmkMcSt4Mb0+LfvOOayMSdY39lAcxdJWIBAO0Urt87seAvTDMzwYtvweY+wpCCQMaVX3scYQ27tJ7+s0BPaIjx09DqdQuV9yaOyw6Cd4YKmRcl+3yk99JWBZzhUyCMS3PTTHIQaNgkg9KfmZ4CuwWurxlUUHMTZAP7x3QHat0aJRo+xTSofpzIofYmH4cWmdxnfnbK8T/eq0Mo8MgFyrNkCs2WhRlkmJCi/BoR2jOUPYtANPC/pWyHmhgaCMuQvD+njwJjb2aZ/lqv3J8Mo5jgWyRbVIlHjkgx+SCXJI6YeSBPJFX8uY8Os/Ou/Mxsk4545lN8quczy/WQag1</latexit><latexit sha1_base64="/Qu+UX0kiqLov0KL3w04Tt3zb4U=">AAACL3icbZBNS8NAEIY3flu/qh69LBahXkoigl4EURSPCrYVmlAm2027uNmE3YlQYv+RF/+KFxFFvPov3LQV1Dqw8PDOO8zOG6ZSGHTdF2dqemZ2bn5hsbS0vLK6Vl7faJgk04zXWSITfROC4VIoXkeBkt+kmkMcSt4Mb0+LfvOOayMSdY39lAcxdJWIBAO0Urt87seAvTDMzwYtvweY+wpCCQMaVX3scYQ27tJ7+s0BPaIjx09DqdQuV9yaOyw6Cd4YKmRcl+3yk99JWBZzhUyCMS3PTTHIQaNgkg9KfmZ4CuwWurxlUUHMTZAP7x3QHat0aJRo+xTSofpzIofYmH4cWmdxnfnbK8T/eq0Mo8MgFyrNkCs2WhRlkmJCi/BoR2jOUPYtANPC/pWyHmhgaCMuQvD+njwJjb2aZ/lqv3J8Mo5jgWyRbVIlHjkgx+SCXJI6YeSBPJFX8uY8Os/Ou/Mxsk4545lN8quczy/WQag1</latexit><latexit sha1_base64="/Qu+UX0kiqLov0KL3w04Tt3zb4U=">AAACL3icbZBNS8NAEIY3flu/qh69LBahXkoigl4EURSPCrYVmlAm2027uNmE3YlQYv+RF/+KFxFFvPov3LQV1Dqw8PDOO8zOG6ZSGHTdF2dqemZ2bn5hsbS0vLK6Vl7faJgk04zXWSITfROC4VIoXkeBkt+kmkMcSt4Mb0+LfvOOayMSdY39lAcxdJWIBAO0Urt87seAvTDMzwYtvweY+wpCCQMaVX3scYQ27tJ7+s0BPaIjx09DqdQuV9yaOyw6Cd4YKmRcl+3yk99JWBZzhUyCMS3PTTHIQaNgkg9KfmZ4CuwWurxlUUHMTZAP7x3QHat0aJRo+xTSofpzIofYmH4cWmdxnfnbK8T/eq0Mo8MgFyrNkCs2WhRlkmJCi/BoR2jOUPYtANPC/pWyHmhgaCMuQvD+njwJjb2aZ/lqv3J8Mo5jgWyRbVIlHjkgx+SCXJI6YeSBPJFX8uY8Os/Ou/Mxsk4545lN8quczy/WQag1</latexit><latexit sha1_base64="/Qu+UX0kiqLov0KL3w04Tt3zb4U=">AAACL3icbZBNS8NAEIY3flu/qh69LBahXkoigl4EURSPCrYVmlAm2027uNmE3YlQYv+RF/+KFxFFvPov3LQV1Dqw8PDOO8zOG6ZSGHTdF2dqemZ2bn5hsbS0vLK6Vl7faJgk04zXWSITfROC4VIoXkeBkt+kmkMcSt4Mb0+LfvOOayMSdY39lAcxdJWIBAO0Urt87seAvTDMzwYtvweY+wpCCQMaVX3scYQ27tJ7+s0BPaIjx09DqdQuV9yaOyw6Cd4YKmRcl+3yk99JWBZzhUyCMS3PTTHIQaNgkg9KfmZ4CuwWurxlUUHMTZAP7x3QHat0aJRo+xTSofpzIofYmH4cWmdxnfnbK8T/eq0Mo8MgFyrNkCs2WhRlkmJCi/BoR2jOUPYtANPC/pWyHmhgaCMuQvD+njwJjb2aZ/lqv3J8Mo5jgWyRbVIlHjkgx+SCXJI6YeSBPJFX8uY8Os/Ou/Mxsk4545lN8quczy/WQag1</latexit>

Var[r̂f(✓t)|✓t]  �2
<latexit sha1_base64="uEPS4QuWlRYvt62QFq8fJ1mHVrU="></latexit><latexit sha1_base64="uEPS4QuWlRYvt62QFq8fJ1mHVrU="></latexit><latexit sha1_base64="uEPS4QuWlRYvt62QFq8fJ1mHVrU="></latexit><latexit sha1_base64="uEPS4QuWlRYvt62QFq8fJ1mHVrU="></latexit>

✓t+1 = ✓t � ⌘trf(✓t)
<latexit sha1_base64="Kfg7odUUTD3WAFctd9ONagP7WIk=">AAACHHicbZDLSgMxFIYzXmu9VV26CRahIpYZFXQjiG5cKtgLdEo5k2ZsaCYzJGeEMvRB3Pgqblwo4saF4NuYtiN4OxD48v/nkJw/SKQw6LofztT0zOzcfGGhuLi0vLJaWluvmzjVjNdYLGPdDMBwKRSvoUDJm4nmEAWSN4L++chv3HJtRKyucZDwdgQ3SoSCAVqpUzrwsccROhnuekN6QvMr0j3qT8BXEEigYeXL2umUym7VHRf9C14OZZLXZaf05ndjlkZcIZNgTMtzE2xnoFEwyYdFPzU8AdaHG96yqCDipp2NlxvSbat0aRhrexTSsfp9IoPImEEU2M4IsGd+eyPxP6+VYnjczoRKUuSKTR4KU0kxpqOkaFdozlAOLADTwv6Vsh5oYGjzLNoQvN8r/4X6ftWzfHVYPj3L4yiQTbJFKsQjR+SUXJBLUiOM3JEH8kSenXvn0XlxXietU04+s0F+lPP+CZ1OoHA=</latexit><latexit sha1_base64="Kfg7odUUTD3WAFctd9ONagP7WIk=">AAACHHicbZDLSgMxFIYzXmu9VV26CRahIpYZFXQjiG5cKtgLdEo5k2ZsaCYzJGeEMvRB3Pgqblwo4saF4NuYtiN4OxD48v/nkJw/SKQw6LofztT0zOzcfGGhuLi0vLJaWluvmzjVjNdYLGPdDMBwKRSvoUDJm4nmEAWSN4L++chv3HJtRKyucZDwdgQ3SoSCAVqpUzrwsccROhnuekN6QvMr0j3qT8BXEEigYeXL2umUym7VHRf9C14OZZLXZaf05ndjlkZcIZNgTMtzE2xnoFEwyYdFPzU8AdaHG96yqCDipp2NlxvSbat0aRhrexTSsfp9IoPImEEU2M4IsGd+eyPxP6+VYnjczoRKUuSKTR4KU0kxpqOkaFdozlAOLADTwv6Vsh5oYGjzLNoQvN8r/4X6ftWzfHVYPj3L4yiQTbJFKsQjR+SUXJBLUiOM3JEH8kSenXvn0XlxXietU04+s0F+lPP+CZ1OoHA=</latexit><latexit sha1_base64="Kfg7odUUTD3WAFctd9ONagP7WIk=">AAACHHicbZDLSgMxFIYzXmu9VV26CRahIpYZFXQjiG5cKtgLdEo5k2ZsaCYzJGeEMvRB3Pgqblwo4saF4NuYtiN4OxD48v/nkJw/SKQw6LofztT0zOzcfGGhuLi0vLJaWluvmzjVjNdYLGPdDMBwKRSvoUDJm4nmEAWSN4L++chv3HJtRKyucZDwdgQ3SoSCAVqpUzrwsccROhnuekN6QvMr0j3qT8BXEEigYeXL2umUym7VHRf9C14OZZLXZaf05ndjlkZcIZNgTMtzE2xnoFEwyYdFPzU8AdaHG96yqCDipp2NlxvSbat0aRhrexTSsfp9IoPImEEU2M4IsGd+eyPxP6+VYnjczoRKUuSKTR4KU0kxpqOkaFdozlAOLADTwv6Vsh5oYGjzLNoQvN8r/4X6ftWzfHVYPj3L4yiQTbJFKsQjR+SUXJBLUiOM3JEH8kSenXvn0XlxXietU04+s0F+lPP+CZ1OoHA=</latexit><latexit sha1_base64="Kfg7odUUTD3WAFctd9ONagP7WIk=">AAACHHicbZDLSgMxFIYzXmu9VV26CRahIpYZFXQjiG5cKtgLdEo5k2ZsaCYzJGeEMvRB3Pgqblwo4saF4NuYtiN4OxD48v/nkJw/SKQw6LofztT0zOzcfGGhuLi0vLJaWluvmzjVjNdYLGPdDMBwKRSvoUDJm4nmEAWSN4L++chv3HJtRKyucZDwdgQ3SoSCAVqpUzrwsccROhnuekN6QvMr0j3qT8BXEEigYeXL2umUym7VHRf9C14OZZLXZaf05ndjlkZcIZNgTMtzE2xnoFEwyYdFPzU8AdaHG96yqCDipp2NlxvSbat0aRhrexTSsfp9IoPImEEU2M4IsGd+eyPxP6+VYnjczoRKUuSKTR4KU0kxpqOkaFdozlAOLADTwv6Vsh5oYGjzLNoQvN8r/4X6ftWzfHVYPj3L4yiQTbJFKsQjR+SUXJBLUiOM3JEH8kSenXvn0XlxXietU04+s0F+lPP+CZ1OoHA=</latexit>

Herbert Robbins
1915 - 2001

Question: What’s the time complexity of each iteration in SGD?



One natural stochastic gradient to consider in 
machine learning
• Recall that 
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min
✓2Rd

1

n

nX

i=1

`(✓, (xi, yi))
<latexit sha1_base64="dYONJ75domTb+MtjyO7oC1GVd7A="></latexit><latexit sha1_base64="dYONJ75domTb+MtjyO7oC1GVd7A="></latexit><latexit sha1_base64="dYONJ75domTb+MtjyO7oC1GVd7A="></latexit><latexit sha1_base64="dYONJ75domTb+MtjyO7oC1GVd7A="></latexit>



One natural stochastic gradient to consider in 
machine learning
• Recall that 

• Pick a single data point i uniformly at random

– Use 
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min
✓2Rd

1

n

nX

i=1

`(✓, (xi, yi))
<latexit sha1_base64="dYONJ75domTb+MtjyO7oC1GVd7A="></latexit><latexit sha1_base64="dYONJ75domTb+MtjyO7oC1GVd7A="></latexit><latexit sha1_base64="dYONJ75domTb+MtjyO7oC1GVd7A="></latexit><latexit sha1_base64="dYONJ75domTb+MtjyO7oC1GVd7A="></latexit>

r✓`(✓, (xi, yi))
<latexit sha1_base64="IqPh4bCUALjS3cEkcwCCXOpsYmI=">AAACDXicbZA9SwNBEIb3/DZ+RS1tFqMQQeROBC1FG0sFYwK5cMxtJmZxb+/YnRNDyB+w8a/YWChia2/nv3HzUWjiCwsP78wwO2+cKWnJ97+9qemZ2bn5hcXC0vLK6lpxfePGprkRWBGpSk0tBotKaqyQJIW1zCAkscJqfHfer1fv0ViZ6mvqZNhI4FbLlhRAzoqKO6GGWEEUUhsJQlSqPMR9Xn6I5H4nknt7UbHkH/gD8UkIRlBiI11Gxa+wmYo8QU1CgbX1wM+o0QVDUijsFcLcYgbiDm6x7lBDgrbRHVzT47vOafJWatzTxAfu74kuJNZ2kth1JkBtO17rm//V6jm1ThpdqbOcUIvholauOKW8Hw1vSoOCVMcBCCPdX7logwFBLsCCCyEYP3kSbg4PAsdXR6XTs1EcC2yLbbMyC9gxO2UX7JJVmGCP7Jm9sjfvyXvx3r2PYeuUN5rZZH/kff4AFz+a5A==</latexit><latexit sha1_base64="IqPh4bCUALjS3cEkcwCCXOpsYmI=">AAACDXicbZA9SwNBEIb3/DZ+RS1tFqMQQeROBC1FG0sFYwK5cMxtJmZxb+/YnRNDyB+w8a/YWChia2/nv3HzUWjiCwsP78wwO2+cKWnJ97+9qemZ2bn5hcXC0vLK6lpxfePGprkRWBGpSk0tBotKaqyQJIW1zCAkscJqfHfer1fv0ViZ6mvqZNhI4FbLlhRAzoqKO6GGWEEUUhsJQlSqPMR9Xn6I5H4nknt7UbHkH/gD8UkIRlBiI11Gxa+wmYo8QU1CgbX1wM+o0QVDUijsFcLcYgbiDm6x7lBDgrbRHVzT47vOafJWatzTxAfu74kuJNZ2kth1JkBtO17rm//V6jm1ThpdqbOcUIvholauOKW8Hw1vSoOCVMcBCCPdX7logwFBLsCCCyEYP3kSbg4PAsdXR6XTs1EcC2yLbbMyC9gxO2UX7JJVmGCP7Jm9sjfvyXvx3r2PYeuUN5rZZH/kff4AFz+a5A==</latexit><latexit sha1_base64="IqPh4bCUALjS3cEkcwCCXOpsYmI=">AAACDXicbZA9SwNBEIb3/DZ+RS1tFqMQQeROBC1FG0sFYwK5cMxtJmZxb+/YnRNDyB+w8a/YWChia2/nv3HzUWjiCwsP78wwO2+cKWnJ97+9qemZ2bn5hcXC0vLK6lpxfePGprkRWBGpSk0tBotKaqyQJIW1zCAkscJqfHfer1fv0ViZ6mvqZNhI4FbLlhRAzoqKO6GGWEEUUhsJQlSqPMR9Xn6I5H4nknt7UbHkH/gD8UkIRlBiI11Gxa+wmYo8QU1CgbX1wM+o0QVDUijsFcLcYgbiDm6x7lBDgrbRHVzT47vOafJWatzTxAfu74kuJNZ2kth1JkBtO17rm//V6jm1ThpdqbOcUIvholauOKW8Hw1vSoOCVMcBCCPdX7logwFBLsCCCyEYP3kSbg4PAsdXR6XTs1EcC2yLbbMyC9gxO2UX7JJVmGCP7Jm9sjfvyXvx3r2PYeuUN5rZZH/kff4AFz+a5A==</latexit><latexit sha1_base64="IqPh4bCUALjS3cEkcwCCXOpsYmI=">AAACDXicbZA9SwNBEIb3/DZ+RS1tFqMQQeROBC1FG0sFYwK5cMxtJmZxb+/YnRNDyB+w8a/YWChia2/nv3HzUWjiCwsP78wwO2+cKWnJ97+9qemZ2bn5hcXC0vLK6lpxfePGprkRWBGpSk0tBotKaqyQJIW1zCAkscJqfHfer1fv0ViZ6mvqZNhI4FbLlhRAzoqKO6GGWEEUUhsJQlSqPMR9Xn6I5H4nknt7UbHkH/gD8UkIRlBiI11Gxa+wmYo8QU1CgbX1wM+o0QVDUijsFcLcYgbiDm6x7lBDgrbRHVzT47vOafJWatzTxAfu74kuJNZ2kth1JkBtO17rm//V6jm1ThpdqbOcUIvholauOKW8Hw1vSoOCVMcBCCPdX7logwFBLsCCCyEYP3kSbg4PAsdXR6XTs1EcC2yLbbMyC9gxO2UX7JJVmGCP7Jm9sjfvyXvx3r2PYeuUN5rZZH/kff4AFz+a5A==</latexit>



One natural stochastic gradient to consider in 
machine learning
• Recall that 

• Pick a single data point i uniformly at random

– Use 

– Show that this is an unbiased estimator! 
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min
✓2Rd

1

n

nX

i=1

`(✓, (xi, yi))
<latexit sha1_base64="dYONJ75domTb+MtjyO7oC1GVd7A="></latexit><latexit sha1_base64="dYONJ75domTb+MtjyO7oC1GVd7A="></latexit><latexit sha1_base64="dYONJ75domTb+MtjyO7oC1GVd7A="></latexit><latexit sha1_base64="dYONJ75domTb+MtjyO7oC1GVd7A="></latexit>

r✓`(✓, (xi, yi))
<latexit sha1_base64="IqPh4bCUALjS3cEkcwCCXOpsYmI=">AAACDXicbZA9SwNBEIb3/DZ+RS1tFqMQQeROBC1FG0sFYwK5cMxtJmZxb+/YnRNDyB+w8a/YWChia2/nv3HzUWjiCwsP78wwO2+cKWnJ97+9qemZ2bn5hcXC0vLK6lpxfePGprkRWBGpSk0tBotKaqyQJIW1zCAkscJqfHfer1fv0ViZ6mvqZNhI4FbLlhRAzoqKO6GGWEEUUhsJQlSqPMR9Xn6I5H4nknt7UbHkH/gD8UkIRlBiI11Gxa+wmYo8QU1CgbX1wM+o0QVDUijsFcLcYgbiDm6x7lBDgrbRHVzT47vOafJWatzTxAfu74kuJNZ2kth1JkBtO17rm//V6jm1ThpdqbOcUIvholauOKW8Hw1vSoOCVMcBCCPdX7logwFBLsCCCyEYP3kSbg4PAsdXR6XTs1EcC2yLbbMyC9gxO2UX7JJVmGCP7Jm9sjfvyXvx3r2PYeuUN5rZZH/kff4AFz+a5A==</latexit><latexit sha1_base64="IqPh4bCUALjS3cEkcwCCXOpsYmI=">AAACDXicbZA9SwNBEIb3/DZ+RS1tFqMQQeROBC1FG0sFYwK5cMxtJmZxb+/YnRNDyB+w8a/YWChia2/nv3HzUWjiCwsP78wwO2+cKWnJ97+9qemZ2bn5hcXC0vLK6lpxfePGprkRWBGpSk0tBotKaqyQJIW1zCAkscJqfHfer1fv0ViZ6mvqZNhI4FbLlhRAzoqKO6GGWEEUUhsJQlSqPMR9Xn6I5H4nknt7UbHkH/gD8UkIRlBiI11Gxa+wmYo8QU1CgbX1wM+o0QVDUijsFcLcYgbiDm6x7lBDgrbRHVzT47vOafJWatzTxAfu74kuJNZ2kth1JkBtO17rm//V6jm1ThpdqbOcUIvholauOKW8Hw1vSoOCVMcBCCPdX7logwFBLsCCCyEYP3kSbg4PAsdXR6XTs1EcC2yLbbMyC9gxO2UX7JJVmGCP7Jm9sjfvyXvx3r2PYeuUN5rZZH/kff4AFz+a5A==</latexit><latexit sha1_base64="IqPh4bCUALjS3cEkcwCCXOpsYmI=">AAACDXicbZA9SwNBEIb3/DZ+RS1tFqMQQeROBC1FG0sFYwK5cMxtJmZxb+/YnRNDyB+w8a/YWChia2/nv3HzUWjiCwsP78wwO2+cKWnJ97+9qemZ2bn5hcXC0vLK6lpxfePGprkRWBGpSk0tBotKaqyQJIW1zCAkscJqfHfer1fv0ViZ6mvqZNhI4FbLlhRAzoqKO6GGWEEUUhsJQlSqPMR9Xn6I5H4nknt7UbHkH/gD8UkIRlBiI11Gxa+wmYo8QU1CgbX1wM+o0QVDUijsFcLcYgbiDm6x7lBDgrbRHVzT47vOafJWatzTxAfu74kuJNZ2kth1JkBtO17rm//V6jm1ThpdqbOcUIvholauOKW8Hw1vSoOCVMcBCCPdX7logwFBLsCCCyEYP3kSbg4PAsdXR6XTs1EcC2yLbbMyC9gxO2UX7JJVmGCP7Jm9sjfvyXvx3r2PYeuUN5rZZH/kff4AFz+a5A==</latexit><latexit sha1_base64="IqPh4bCUALjS3cEkcwCCXOpsYmI=">AAACDXicbZA9SwNBEIb3/DZ+RS1tFqMQQeROBC1FG0sFYwK5cMxtJmZxb+/YnRNDyB+w8a/YWChia2/nv3HzUWjiCwsP78wwO2+cKWnJ97+9qemZ2bn5hcXC0vLK6lpxfePGprkRWBGpSk0tBotKaqyQJIW1zCAkscJqfHfer1fv0ViZ6mvqZNhI4FbLlhRAzoqKO6GGWEEUUhsJQlSqPMR9Xn6I5H4nknt7UbHkH/gD8UkIRlBiI11Gxa+wmYo8QU1CgbX1wM+o0QVDUijsFcLcYgbiDm6x7lBDgrbRHVzT47vOafJWatzTxAfu74kuJNZ2kth1JkBtO17rm//V6jm1ThpdqbOcUIvholauOKW8Hw1vSoOCVMcBCCPdX7logwFBLsCCCyEYP3kSbg4PAsdXR6XTs1EcC2yLbbMyC9gxO2UX7JJVmGCP7Jm9sjfvyXvx3r2PYeuUN5rZZH/kff4AFz+a5A==</latexit>



Illustration of GD vs SGD

34

Observation: With the time gradient descent taking one step.
SGD would have already moved many steps.



Intuition of the SGD algorithm on the “Spam 
Filter” example

• Score(x)  =  w0 + w1 * 1(hyperlinks) + w2 * 1(contact list) 
+ w3 * misspelling  +  w4 * length
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Intuition of the SGD algorithm on the “Spam 
Filter” example

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

• Meaning of these weight?
– The more positive, the more we think the feature is associated with 

Spam email.
– The more negative, the less that we think the feature is associated 

with Spam email
35
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Intuition of the SGD algorithm on the “Spam 
Filter” example
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How will the SGD update change the weight vector?
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Scalar > 0:
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is correct
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Vector of dimension d:
provides the direction 
of the gradient

If we receive an example [1, 0 , 0.0375, 80] like the one before.
And a label y = 1 saying that this is a spam.

How will the SGD update change the weight vector?

Then by moving w towards the negative gradient direction, we are 
changing the weight vector by increasing the weights. i.e., increasing the 
amount they contribute to the score function (if currently the classifier is 
making a mistake on this example)



How to choose the step sizes / learning rates?

• In theory:
– Gradient decent: 1/L where L is the Gradient Lipschitz constant

of the function we minimize.
– SGD:  

• e.g.

• In practice:
– Use cross-validation on a subsample of the data.
– Fixed learning rate for SGD is usually fine.
– If it diverges,  decrease the learning rate.
– If for extremely small learning rate, it still diverges, check if your 

gradient implementation is correct.
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The power of SGD

• Extremely general: 
– Specify an end-to-end differentiable score function, e.g., a complex 

neural network.
– Beyond the context of machine learning

• Extremely simple: a few lines of code.

• Extremely scalable
– Just a few pass of the data, no need to store the data

• People are continuing to discover that many methods are 
special cases of SGD.
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Summary of the lecture

• Data splitting for detecting overfitting
• Distribution shift

• Learning a linear classifier:
– Surrogate losses and linear logistic regression

• Gradient descent
– Calculating gradient / making sense of gradient
– Improving GD with Stochastic Gradient Descent

• Next week: wrap up ML, start probabilistic graphical
models
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