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DSC 240: Machine Learning
Continuous Optimization and SGD

Jan 23, 2025

Instructor: Prof. Yu-Xiang Wang



Today

• Non-convergence of Perceptron in non-linear-separable cases

• Surrogate loss and continuous optimization

• Gradient Descent and SGD
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Last lecture: How to learn a linear classifier?
Focus on the “linearly separable” case
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Recap: Geometric Margins
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Recap: The perceptron algorithm
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The Perceptron algorithm

Initialize
while 1:

1. Nature selects feature vector 𝑥
2. Agent makes prediction
3. Nature reveals label 𝑦
4. If :
 a.
 b.

 

<latexit sha1_base64="VbkW7who+CGkazsIn4Tm5BsuRw4=">AAACFnicbVDJSgNBEO1xjXGLevTSGIR4MMyI2zHoxWMEs0AmhJ5OT9Kkp3vorjGGIV/hxV/x4kERr+LNv7GzHDTxQcHjvSqq6gWx4AZc99tZWFxaXlnNrGXXNza3tnM7u1WjEk1ZhSqhdD0ghgkuWQU4CFaPNSNRIFgt6F2P/No904YreQeDmDUj0pE85JSAlVq5Y79LIB0MsS9YCERr1cd+RKCro9TwjhwW+i3APm0rwA9HrVzeLbpj4HniTUkeTVFu5b78tqJJxCRQQYxpeG4MzZRo4FSwYdZPDIsJ7ZEOa1gqScRMMx2/NcSHVmnjUGlbEvBY/T2RksiYQRTYztHFZtYbif95jQTCy2bKZZwAk3SyKEwEBoVHGeE214yCGFhCqOb2Vky7RBMKNsmsDcGbfXmeVE+K3nnx7PY0X7qaxpFB++gAFZCHLlAJ3aAyqiCKHtEzekVvzpPz4rw7H5PWBWc6s4f+wPn8AfPtn9o=</latexit>

ŷ  sign(wt · x)
<latexit sha1_base64="2l5ke/074qCrxK8FwBULu9XtvpU=">AAAB9XicbVDJSgNBEK2JW4xb1KOXxiB4CjPidgx68RjBLJCMoadTSZr09IzdPcow5D+8eFDEq//izb+xsxw08UHB470qquoFseDauO63k1taXlldy68XNja3tneKu3t1HSWKYY1FIlLNgGoUXGLNcCOwGSukYSCwEQyvx37jEZXmkbwzaYx+SPuS9zijxkr37QE1WToibYkPJO0US27ZnYAsEm9GSjBDtVP8ancjloQoDRNU65bnxsbPqDKcCRwV2onGmLIh7WPLUklD1H42uXpEjqzSJb1I2ZKGTNTfExkNtU7DwHaG1Az0vDcW//Naield+hmXcWJQsumiXiKIicg4AtLlCpkRqSWUKW5vJWxAFWXGBlWwIXjzLy+S+knZOy+f3Z6WKlezOPJwAIdwDB5cQAVuoAo1YKDgGV7hzXlyXpx352PamnNmM/vwB87nD2KlknM=</latexit>

ŷ 6= y

<latexit sha1_base64="opanEuVP4dT+SFJs6MJcQm3Xcd4=">AAAB+nicbVDLSsNAFJ3UV62vVJduBovgooSJ+NoIRTcuK9gHpCFMppN26GQSZiaWUvspblwo4tYvceffOG2z0NYDFw7n3Mu994QpZ0oj9G0VVlbX1jeKm6Wt7Z3dPbu831RJJgltkIQnsh1iRTkTtKGZ5rSdSorjkNNWOLid+q1HKhVLxIMepdSPcU+wiBGsjRTY5WHgwmvooSqqOo5TRX5gV5CDZoDLxM1JBeSoB/ZXp5uQLKZCE46V8lyUan+MpWaE00mpkymaYjLAPeoZKnBMlT+enT6Bx0bpwiiRpoSGM/X3xBjHSo3i0HTGWPfVojcV//O8TEdX/piJNNNUkPmiKONQJ3CaA+wySYnmI0MwkczcCkkfS0y0SatkQnAXX14mzVPHvXDO788qtZs8jiI4BEfgBLjgEtTAHaiDBiBgCJ7BK3iznqwX6936mLcWrHzmAPyB9fkD8s2ROQ==</latexit>

w1 = [0, 0, ..., 0]

<latexit sha1_base64="ArxgiYUP25YuGNpQ8RdJoZKuLtI=">AAACB3icbVDLSsNAFJ34rPUVdSnIYBGEQknE17LoxmUF+4A2hMl00g6dPJi5sYbQnRt/xY0LRdz6C+78G6dtFtp64MLhnHu59x4vFlyBZX0bC4tLyyurhbXi+sbm1ra5s9tQUSIpq9NIRLLlEcUED1kdOAjWiiUjgSdY0xtcj/3mPZOKR+EdpDFzAtILuc8pAS255sHQzaBsj3BHMB+IlNEQD13AuIxxih9cs2RVrAnwPLFzUkI5aq751elGNAlYCFQQpdq2FYOTEQmcCjYqdhLFYkIHpMfamoYkYMrJJn+M8JFWutiPpK4Q8ET9PZGRQKk08HRnQKCvZr2x+J/XTsC/dDIexgmwkE4X+YnAEOFxKLjLJaMgUk0IlVzfimmfSEJBR1fUIdizL8+TxknFPq+c3Z6Wqld5HAW0jw7RMbLRBaqiG1RDdUTRI3pGr+jNeDJejHfjY9q6YOQze+gPjM8fxfuX9w==</latexit>

wt+1  wt + yx
<latexit sha1_base64="Z+H5JPWHA/MCOVOAaqLBsr2TYo4=">AAAB+XicbVDLSgNBEJyNrxhfqx69DAZBEMKu+DoGvXiMYB6QLGF2MpsMmZ1ZZnojYcmfePGgiFf/xJt/4yTZgyYWNBRV3XR3hYngBjzv2ymsrK6tbxQ3S1vbO7t77v5Bw6hUU1anSijdColhgktWBw6CtRLNSBwK1gyHd1O/OWLacCUfYZywICZ9ySNOCVip67qAO4JFQLRWTxjO/K5b9ireDHiZ+Dkpoxy1rvvV6SmaxkwCFcSYtu8lEGREA6eCTUqd1LCE0CHps7alksTMBNns8gk+sUoPR0rbkoBn6u+JjMTGjOPQdsYEBmbRm4r/ee0Uopsg4zJJgUk6XxSlAoPC0xhwj2tGQYwtIVRzeyumA6IJBRtWyYbgL768TBrnFf+qcvlwUa7e5nEU0RE6RqfIR9eoiu5RDdURRSP0jF7Rm5M5L8678zFvLTj5zCH6A+fzB6sTkws=</latexit>

t t+ 1



Recap: Perceptron Algorithmmakes finite
number of mistakes! (when the data is linearly
separable with margin > 0)

Theorem (Novikoff, 1962): Assume there exists  such that

every input satisfies that   and

Also, assume that  . Then the total number of mistakes

Perceptron makes is smaller than
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<latexit sha1_base64="9LBj5nGYEerQ4+0jsYBVtVqgdX4=">AAAB6nicbVDJSgNBEK1xjXGLevTSGATxEGbE7Rj04jGiWSAZQ0+nJ2nS0zN01yhhyCd48aCIV7/Im39jZzlo4oOCx3tVVNULEikMuu63s7C4tLyymlvLr29sbm0XdnZrJk4141UWy1g3Amq4FIpXUaDkjURzGgWS14P+9civP3JtRKzucZBwP6JdJULBKFrp7unhuF0ouiV3DDJPvCkpwhSVduGr1YlZGnGFTFJjmp6boJ9RjYJJPsy3UsMTyvq0y5uWKhpx42fjU4fk0CodEsbalkIyVn9PZDQyZhAFtjOi2DOz3kj8z2umGF76mVBJilyxyaIwlQRjMvqbdITmDOXAEsq0sLcS1qOaMrTp5G0I3uzL86R2UvLOS2e3p8Xy1TSOHOzDARyBBxdQhhuoQBUYdOEZXuHNkc6L8+58TFoXnOnMHvyB8/kDAUmNoQ==</latexit>

w⇤
<latexit sha1_base64="8bH4ZJFmi08tWtzxnbINwE8D7ts=">AAACBnicbVDLSsNAFJ3UV62vqEsRBotQXZREfG2EohuXFewDmlgmk2k7dDIJMxM1hK7c+CtuXCji1m9w5984abPQ6oELh3Pu5d57vIhRqSzryyjMzM7NLxQXS0vLK6tr5vpGU4axwKSBQxaKtockYZSThqKKkXYkCAo8Rlre8CLzW7dESBrya5VExA1Qn9MexUhpqWtuJ/AMOgFSAxGkkvb5qHLvYD9U8O5mf69rlq2qNQb8S+yclEGOetf8dPwQxwHhCjMkZce2IuWmSCiKGRmVnFiSCOEh6pOOphwFRLrp+I0R3NWKD3uh0MUVHKs/J1IUSJkEnu7MDpbTXib+53Vi1Tt1U8qjWBGOJ4t6MYMqhFkm0KeCYMUSTRAWVN8K8QAJhJVOrqRDsKdf/kuaB1X7uHp0dViunedxFMEW2AEVYIMTUAOXoA4aAIMH8ARewKvxaDwbb8b7pLVg5DOb4BeMj28jEZhJ</latexit>

y = sign(x · w⇤)

<latexit sha1_base64="9Hg1hYAaCP88K9v3fKuD2R8z7OY="></latexit>

|x · w⇤|
kw⇤k2

� �

<latexit sha1_base64="asuB2a1EXonhqcA043OGi6ODFYw=">AAAB9XicbVDLTsMwEHR4lvIqcORiUSFxqpKK17GCC8eC6ENqQuW4m9aq4wTbAaq0/8GFAwhx5V+48Te4bQ7QMtJKo5ld7e74MWdK2/a3tbC4tLyymlvLr29sbm0XdnbrKkokhRqNeCSbPlHAmYCaZppDM5ZAQp9Dw+9fjv3GA0jFInGrBzF4IekKFjBKtJHu3OGTO2yXscvhHt+0C0W7ZE+A54mTkSLKUG0XvtxORJMQhKacKNVy7Fh7KZGaUQ6jvJsoiAntky60DBUkBOWlk6tH+NAoHRxE0pTQeKL+nkhJqNQg9E1nSHRPzXpj8T+vlejg3EuZiBMNgk4XBQnHOsLjCHCHSaCaDwwhVDJzK6Y9IgnVJqi8CcGZfXme1Msl57R0cn1crFxkceTQPjpAR8hBZ6iCrlAV1RBFEj2jV/RmPVov1rv1MW1dsLKZPfQH1ucPp8+R+Q==</latexit>

kxk2  R
<latexit sha1_base64="OZyxwSpbtwYaZ2WDQ5/QnSo1A4A=">AAAB9XicdVDLSsNAFJ34rPVVdelmsAiuYpLWtu6KblxWsQ9o0zKZTtqhM0mYmSgl9D/cuFDErf/izr9x0kZQ0QMXDufcy733eBGjUlnWh7G0vLK6tp7byG9ube/sFvb2WzKMBSZNHLJQdDwkCaMBaSqqGOlEgiDuMdL2Jpep374jQtIwuFXTiLgcjQLqU4yUlvo3fQeewt4IcY76zqBQtMzKuVUrOdAyrTlSYpdL1Qq0M6UIMjQGhffeMMQxJ4HCDEnZta1IuQkSimJGZvleLEmE8ASNSFfTAHEi3WR+9Qwea2UI/VDoChScq98nEsSlnHJPd3KkxvK3l4p/ed1Y+TU3oUEUKxLgxSI/ZlCFMI0ADqkgWLGpJggLqm+FeIwEwkoHldchfH0K/yctx7Qr5tl1uVi/yOLIgUNwBE6ADaqgDq5AAzQBBgI8gCfwbNwbj8aL8bpoXTKymQPwA8bbJ+XvkYE=</latexit>

R2/�2

Remarks:
• The algorithm can run infinitely long => No mistake on average.
• No assumption on data distribution (can be fully adversarial, given the

margin constraint)
• Every new data point to predict on is new.
• No hyperparameters to choose. The alg does not need to know R, 𝛾.
• Dimension-free. Can support infinitely many features!



Using Perceptron in batch (offline) mode

• Recall: Perceptron can take any sequence of data

• Loop over the data again and again until there is no mistakes.

• Converge in after at most inner loop iterations.
7

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>

while not converged:
converged = true
for over data set:

make prediction
If “Mistake”: 1. Update weights. 2. set converged = false

<latexit sha1_base64="DOF9CCp6U3kWyZgepbl2x6qNDKk=">AAACAHicdVDLSgMxFM3UV62vURcu3ASL4GqYaWtbd0U3LqvYB7S1ZNJMG5pkhiQjlKEbf8WNC0Xc+hnu/BvTdgQVPXDhcM693HuPHzGqtOt+WJml5ZXVtex6bmNza3vH3t1rqjCWmDRwyELZ9pEijArS0FQz0o4kQdxnpOWPL2Z+645IRUNxoycR6XE0FDSgGGkj9e2DbiARTsT1bWGadIeIc2QYhH077zrlM7daLEDXceeYEa9UrJShlyp5kKLet9+7gxDHnAiNGVKq47mR7iVIaooZmea6sSIRwmM0JB1DBeJE9ZL5A1N4bJQBDEJpSmg4V79PJIgrNeG+6eRIj9Rvbyb+5XViHVR7CRVRrInAi0VBzKAO4SwNOKCSYM0mhiAsqbkV4hEyiWiTWc6E8PUp/J80C45Xdk6vSvnaeRpHFhyCI3ACPFABNXAJ6qABMJiCB/AEnq1769F6sV4XrRkrndkHP2C9fQJAwJYz</latexit>

nR2

�2



Limitations of the Perceptron Algorithm

• What if the margin is small?
• The perceptron algorithm will be slower

• What if non-linearly separable?
• The perceptron algorithm is known to not converge!

8



Demo of the perceptron algorithms

• Large-margin

• Small-margin

• Non-separable case

9



Black &White game’s hyped learning AI used the
Perceptron… but is unstable... And it is ruining the
game

10



Best linear separator in general (linearly non-
separable cases) is NP-hard.
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What do we do? The general idea is to just
relax…

• Maybe we can minimize an approximation to the objective function 
that is computationally easier

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

12



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

13

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

• 0-1 loss:

• Square loss:

• Logistic loss:

• Hinge loss:

14

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>

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

15

10.6 Loss Functions and Robustness 347

−2 −1 0 1 2

0.
0

0.
5

1.
0

1.
5

2.
0

2.
5

3.
0 Misclassification

Exponential
Binomial Deviance
Squared Error
Support Vector

L
o
ss

y · f

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-

(Figure from Section 10.4 of ”Elements of Statistical Learning”)

** “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 logistic loss as a function
of

1. What happens when the classifier 
predicts correctly?

2. What happens when the classifier  
correct?

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

y · Sw(x)
<latexit sha1_base64="Zf3Z1Dk4L2PMXRBA/PRI0jJfWLA=">AAAB9HicbZDLSsNAFIYn9VbrrerSzWAR6qYkIuiy6MZlRXuBNpTJZNIOnUzizEk1hD6HGxeKuPVh3Pk2TtsstPWHgY//nMM583ux4Bps+9sqrKyurW8UN0tb2zu7e+X9g5aOEkVZk0YiUh2PaCa4ZE3gIFgnVoyEnmBtb3Q9rbfHTGkeyXtIY+aGZCB5wCkBY7lpj/oR4Lv+Y/XptF+u2DV7JrwMTg4VlKvRL3/1/IgmIZNABdG669gxuBlRwKlgk1Iv0SwmdEQGrGtQkpBpN5sdPcEnxvFxECnzJOCZ+3siI6HWaeiZzpDAUC/WpuZ/tW4CwaWbcRknwCSdLwoSgSHC0wSwzxWjIFIDhCpubsV0SBShYHIqmRCcxS8vQ+us5hi+Pa/Ur/I4iugIHaMqctAFqqMb1EBNRNEDekav6M0aWy/Wu/Uxby1Y+cwh+iPr8wf1eZGN</latexit><latexit sha1_base64="Zf3Z1Dk4L2PMXRBA/PRI0jJfWLA=">AAAB9HicbZDLSsNAFIYn9VbrrerSzWAR6qYkIuiy6MZlRXuBNpTJZNIOnUzizEk1hD6HGxeKuPVh3Pk2TtsstPWHgY//nMM583ux4Bps+9sqrKyurW8UN0tb2zu7e+X9g5aOEkVZk0YiUh2PaCa4ZE3gIFgnVoyEnmBtb3Q9rbfHTGkeyXtIY+aGZCB5wCkBY7lpj/oR4Lv+Y/XptF+u2DV7JrwMTg4VlKvRL3/1/IgmIZNABdG669gxuBlRwKlgk1Iv0SwmdEQGrGtQkpBpN5sdPcEnxvFxECnzJOCZ+3siI6HWaeiZzpDAUC/WpuZ/tW4CwaWbcRknwCSdLwoSgSHC0wSwzxWjIFIDhCpubsV0SBShYHIqmRCcxS8vQ+us5hi+Pa/Ur/I4iugIHaMqctAFqqMb1EBNRNEDekav6M0aWy/Wu/Uxby1Y+cwh+iPr8wf1eZGN</latexit><latexit sha1_base64="Zf3Z1Dk4L2PMXRBA/PRI0jJfWLA=">AAAB9HicbZDLSsNAFIYn9VbrrerSzWAR6qYkIuiy6MZlRXuBNpTJZNIOnUzizEk1hD6HGxeKuPVh3Pk2TtsstPWHgY//nMM583ux4Bps+9sqrKyurW8UN0tb2zu7e+X9g5aOEkVZk0YiUh2PaCa4ZE3gIFgnVoyEnmBtb3Q9rbfHTGkeyXtIY+aGZCB5wCkBY7lpj/oR4Lv+Y/XptF+u2DV7JrwMTg4VlKvRL3/1/IgmIZNABdG669gxuBlRwKlgk1Iv0SwmdEQGrGtQkpBpN5sdPcEnxvFxECnzJOCZ+3siI6HWaeiZzpDAUC/WpuZ/tW4CwaWbcRknwCSdLwoSgSHC0wSwzxWjIFIDhCpubsV0SBShYHIqmRCcxS8vQ+us5hi+Pa/Ur/I4iugIHaMqctAFqqMb1EBNRNEDekav6M0aWy/Wu/Uxby1Y+cwh+iPr8wf1eZGN</latexit><latexit sha1_base64="Zf3Z1Dk4L2PMXRBA/PRI0jJfWLA=">AAAB9HicbZDLSsNAFIYn9VbrrerSzWAR6qYkIuiy6MZlRXuBNpTJZNIOnUzizEk1hD6HGxeKuPVh3Pk2TtsstPWHgY//nMM583ux4Bps+9sqrKyurW8UN0tb2zu7e+X9g5aOEkVZk0YiUh2PaCa4ZE3gIFgnVoyEnmBtb3Q9rbfHTGkeyXtIY+aGZCB5wCkBY7lpj/oR4Lv+Y/XptF+u2DV7JrwMTg4VlKvRL3/1/IgmIZNABdG669gxuBlRwKlgk1Iv0SwmdEQGrGtQkpBpN5sdPcEnxvFxECnzJOCZ+3siI6HWaeiZzpDAUC/WpuZ/tW4CwaWbcRknwCSdLwoSgSHC0wSwzxWjIFIDhCpubsV0SBShYHIqmRCcxS8vQ+us5hi+Pa/Ur/I4iugIHaMqctAFqqMb1EBNRNEDekav6M0aWy/Wu/Uxby1Y+cwh+iPr8wf1eZGN</latexit>



Why are “surrogate losses” easier to 
minimize?
• They are continuous.
• Differentiable (except hinge loss, i.e., “support vector” in the figure

below).
• Convex
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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-



Convex vs Nonconvex optimizationConvex vs. Nonconvex Optimization

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

https://github.com/lilipads/gradient_descent_viz


What is the “gradient” of a (multivariate
functions) function anyways?
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Gradient is the concatenation of partial derivatives in to a vector.
The shape of the vector is the same as that of the parameter vector (or matrix).



(1 min discussion) Gradient of a linear function

• What is the gradient of
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f(x) = wTx
Take out a piece of paper and work on it!



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)
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min
w2Rd

1

n

nX

i=1

log(1 + exp(�yi · xT
i w))

<latexit sha1_base64="XTGh/qiecwecLDFV0Bz1hQS/K1Y="></latexit><latexit sha1_base64="XTGh/qiecwecLDFV0Bz1hQS/K1Y="></latexit><latexit sha1_base64="XTGh/qiecwecLDFV0Bz1hQS/K1Y="></latexit><latexit sha1_base64="XTGh/qiecwecLDFV0Bz1hQS/K1Y="></latexit>

Hint:
• Apply the chain rule.
• d log(x)  / dx = 1/x
• d exp(x) / dx = exp(x)



Gradient of logistic loss for learning a linear 
classifier
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• What is the time complexity of computing this gradient?
• Answer: O(d n).  

Can we do better?

rf(w) =
1

n

nX

i=1

exp(�yi · xT
i w)

1 + exp(�yi · xT
i w)

(�yixi)
<latexit sha1_base64="wcnVrFmx14QMpxpXVgePiHWjGts="></latexit><latexit sha1_base64="wcnVrFmx14QMpxpXVgePiHWjGts="></latexit><latexit sha1_base64="wcnVrFmx14QMpxpXVgePiHWjGts="></latexit><latexit sha1_base64="wcnVrFmx14QMpxpXVgePiHWjGts="></latexit>



Stochastic Gradient Descent
(Robbins-Monro 1951)

• Gradient descent

• Stochastic gradient descent

• Using a stochastic approximation of the gradient:
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✓t+1 = ✓t � ⌘tr̂f(✓t)
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<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



One natural stochastic gradient to consider in 
machine learning

• Recall that 

• Pick a single data point i uniformly at random

• Use 

• What is the time complexity of SGD with this choice of “Stochastic Gradient”?

• 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
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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

28

Scalar > 0:
≈ 0 if the prediction 
is correct
≈ 1 otherwise

r`(w, (xi, yi)) =
exp(�yi · xT

i w)

1 + exp(�yi · xT
i w)

(�yixi)
<latexit sha1_base64="mVTybGCL4qnFn3AO9gDMnSTPMe8="></latexit><latexit sha1_base64="mVTybGCL4qnFn3AO9gDMnSTPMe8="></latexit><latexit sha1_base64="mVTybGCL4qnFn3AO9gDMnSTPMe8="></latexit><latexit sha1_base64="mVTybGCL4qnFn3AO9gDMnSTPMe8="></latexit>

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)



Demo of GD and SGD in non-separable
problems

• What do we observe about GD?
• Stable and steady convergence to the optimal solution in hundreds of

iterations. Each iteration is expensive.

• What do we observe about SGD?
• Converges in a few data passes (and many more iterations that GD). But

each iteration is a lot cheaper.
• More sensitive to learning rate.. And jittering a bit.
• A lot more stable than the Perceptron Algorithm.
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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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X

t

⌘t = 1,
X

t

⌘2t < 1
<latexit sha1_base64="t6VIGthL0E0AqSEgCJWfgrGpPRQ=">AAACH3icbZDLSsNAFIYnXmu9VV26GSyCCylJEXWhUHTjsoK9QBPDZDpph04mYeZECKFv4sZXceNCEXHXt3F6WWjrgYGP/z+HM+cPEsE12PbIWlpeWV1bL2wUN7e2d3ZLe/tNHaeKsgaNRazaAdFMcMkawEGwdqIYiQLBWsHgduy3npjSPJYPkCXMi0hP8pBTAkbyS+euTiM/hyF2GRAfML7GLpchZKcY4znzsYqvpqZfKtsVe1J4EZwZlNGs6n7p2+3GNI2YBCqI1h3HTsDLiQJOBRsW3VSzhNAB6bGOQUkipr18ct8QHxuli8NYmScBT9TfEzmJtM6iwHRGBPp63huL/3mdFMJLL+cySYFJOl0UpgJDjMdh4S5XjILIDBCquPkrpn2iCAUTadGE4MyfvAjNasUxfH9Wrt3M4iigQ3SETpCDLlAN3aE6aiCKntErekcf1ov1Zn1aX9PWJWs2c4D+lDX6AWfNofI=</latexit><latexit sha1_base64="t6VIGthL0E0AqSEgCJWfgrGpPRQ=">AAACH3icbZDLSsNAFIYnXmu9VV26GSyCCylJEXWhUHTjsoK9QBPDZDpph04mYeZECKFv4sZXceNCEXHXt3F6WWjrgYGP/z+HM+cPEsE12PbIWlpeWV1bL2wUN7e2d3ZLe/tNHaeKsgaNRazaAdFMcMkawEGwdqIYiQLBWsHgduy3npjSPJYPkCXMi0hP8pBTAkbyS+euTiM/hyF2GRAfML7GLpchZKcY4znzsYqvpqZfKtsVe1J4EZwZlNGs6n7p2+3GNI2YBCqI1h3HTsDLiQJOBRsW3VSzhNAB6bGOQUkipr18ct8QHxuli8NYmScBT9TfEzmJtM6iwHRGBPp63huL/3mdFMJLL+cySYFJOl0UpgJDjMdh4S5XjILIDBCquPkrpn2iCAUTadGE4MyfvAjNasUxfH9Wrt3M4iigQ3SETpCDLlAN3aE6aiCKntErekcf1ov1Zn1aX9PWJWs2c4D+lDX6AWfNofI=</latexit><latexit sha1_base64="t6VIGthL0E0AqSEgCJWfgrGpPRQ=">AAACH3icbZDLSsNAFIYnXmu9VV26GSyCCylJEXWhUHTjsoK9QBPDZDpph04mYeZECKFv4sZXceNCEXHXt3F6WWjrgYGP/z+HM+cPEsE12PbIWlpeWV1bL2wUN7e2d3ZLe/tNHaeKsgaNRazaAdFMcMkawEGwdqIYiQLBWsHgduy3npjSPJYPkCXMi0hP8pBTAkbyS+euTiM/hyF2GRAfML7GLpchZKcY4znzsYqvpqZfKtsVe1J4EZwZlNGs6n7p2+3GNI2YBCqI1h3HTsDLiQJOBRsW3VSzhNAB6bGOQUkipr18ct8QHxuli8NYmScBT9TfEzmJtM6iwHRGBPp63huL/3mdFMJLL+cySYFJOl0UpgJDjMdh4S5XjILIDBCquPkrpn2iCAUTadGE4MyfvAjNasUxfH9Wrt3M4iigQ3SETpCDLlAN3aE6aiCKntErekcf1ov1Zn1aX9PWJWs2c4D+lDX6AWfNofI=</latexit><latexit sha1_base64="t6VIGthL0E0AqSEgCJWfgrGpPRQ=">AAACH3icbZDLSsNAFIYnXmu9VV26GSyCCylJEXWhUHTjsoK9QBPDZDpph04mYeZECKFv4sZXceNCEXHXt3F6WWjrgYGP/z+HM+cPEsE12PbIWlpeWV1bL2wUN7e2d3ZLe/tNHaeKsgaNRazaAdFMcMkawEGwdqIYiQLBWsHgduy3npjSPJYPkCXMi0hP8pBTAkbyS+euTiM/hyF2GRAfML7GLpchZKcY4znzsYqvpqZfKtsVe1J4EZwZlNGs6n7p2+3GNI2YBCqI1h3HTsDLiQJOBRsW3VSzhNAB6bGOQUkipr18ct8QHxuli8NYmScBT9TfEzmJtM6iwHRGBPp63huL/3mdFMJLL+cySYFJOl0UpgJDjMdh4S5XjILIDBCquPkrpn2iCAUTadGE4MyfvAjNasUxfH9Wrt3M4iigQ3SETpCDLlAN3aE6aiCKntErekcf1ov1Zn1aX9PWJWs2c4D+lDX6AWfNofI=</latexit>

⌘t 2 [1/t, 1/
p
t)

<latexit sha1_base64="Plt0/O8c4GN77BNALwwilmGiM+Y=">AAACBXicbZDLSsNAFIYn9VbrLepSF4NFUJA2EUGXRTcuK9gLNKFMppN26GQSZ06EErpx46u4caGIW9/BnW/jtM1Cqz8MfPznHM6cP0gE1+A4X1ZhYXFpeaW4Wlpb39jcsrd3mjpOFWUNGotYtQOimeCSNYCDYO1EMRIFgrWC4dWk3rpnSvNY3sIoYX5E+pKHnBIwVtfe9xiQLmCPS9xxq3CC3aqn7xRkMD7u2mWn4kyF/4KbQxnlqnftT68X0zRiEqggWndcJwE/Iwo4FWxc8lLNEkKHpM86BiWJmPaz6RVjfGicHg5jZZ4EPHV/TmQk0noUBaYzIjDQ87WJ+V+tk0J44WdcJikwSWeLwlRgiPEkEtzjilEQIwOEKm7+iumAKELBBFcyIbjzJ/+F5mnFNXxzVq5d5nEU0R46QEfIReeohq5RHTUQRQ/oCb2gV+vRerberPdZa8HKZ3bRL1kf32A9lzU=</latexit><latexit sha1_base64="Plt0/O8c4GN77BNALwwilmGiM+Y=">AAACBXicbZDLSsNAFIYn9VbrLepSF4NFUJA2EUGXRTcuK9gLNKFMppN26GQSZ06EErpx46u4caGIW9/BnW/jtM1Cqz8MfPznHM6cP0gE1+A4X1ZhYXFpeaW4Wlpb39jcsrd3mjpOFWUNGotYtQOimeCSNYCDYO1EMRIFgrWC4dWk3rpnSvNY3sIoYX5E+pKHnBIwVtfe9xiQLmCPS9xxq3CC3aqn7xRkMD7u2mWn4kyF/4KbQxnlqnftT68X0zRiEqggWndcJwE/Iwo4FWxc8lLNEkKHpM86BiWJmPaz6RVjfGicHg5jZZ4EPHV/TmQk0noUBaYzIjDQ87WJ+V+tk0J44WdcJikwSWeLwlRgiPEkEtzjilEQIwOEKm7+iumAKELBBFcyIbjzJ/+F5mnFNXxzVq5d5nEU0R46QEfIReeohq5RHTUQRQ/oCb2gV+vRerberPdZa8HKZ3bRL1kf32A9lzU=</latexit><latexit sha1_base64="Plt0/O8c4GN77BNALwwilmGiM+Y=">AAACBXicbZDLSsNAFIYn9VbrLepSF4NFUJA2EUGXRTcuK9gLNKFMppN26GQSZ06EErpx46u4caGIW9/BnW/jtM1Cqz8MfPznHM6cP0gE1+A4X1ZhYXFpeaW4Wlpb39jcsrd3mjpOFWUNGotYtQOimeCSNYCDYO1EMRIFgrWC4dWk3rpnSvNY3sIoYX5E+pKHnBIwVtfe9xiQLmCPS9xxq3CC3aqn7xRkMD7u2mWn4kyF/4KbQxnlqnftT68X0zRiEqggWndcJwE/Iwo4FWxc8lLNEkKHpM86BiWJmPaz6RVjfGicHg5jZZ4EPHV/TmQk0noUBaYzIjDQ87WJ+V+tk0J44WdcJikwSWeLwlRgiPEkEtzjilEQIwOEKm7+iumAKELBBFcyIbjzJ/+F5mnFNXxzVq5d5nEU0R46QEfIReeohq5RHTUQRQ/oCb2gV+vRerberPdZa8HKZ3bRL1kf32A9lzU=</latexit><latexit sha1_base64="Plt0/O8c4GN77BNALwwilmGiM+Y=">AAACBXicbZDLSsNAFIYn9VbrLepSF4NFUJA2EUGXRTcuK9gLNKFMppN26GQSZ06EErpx46u4caGIW9/BnW/jtM1Cqz8MfPznHM6cP0gE1+A4X1ZhYXFpeaW4Wlpb39jcsrd3mjpOFWUNGotYtQOimeCSNYCDYO1EMRIFgrWC4dWk3rpnSvNY3sIoYX5E+pKHnBIwVtfe9xiQLmCPS9xxq3CC3aqn7xRkMD7u2mWn4kyF/4KbQxnlqnftT68X0zRiEqggWndcJwE/Iwo4FWxc8lLNEkKHpM86BiWJmPaz6RVjfGicHg5jZZ4EPHV/TmQk0noUBaYzIjDQ87WJ+V+tk0J44WdcJikwSWeLwlRgiPEkEtzjilEQIwOEKm7+iumAKELBBFcyIbjzJ/+F5mnFNXxzVq5d5nEU0R46QEfIReeohq5RHTUQRQ/oCb2gV+vRerberPdZa8HKZ3bRL1kf32A9lzU=</latexit>



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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Perceptron Algorithm can be viewed as a
variant of SGD

• It uses a shifted version of “Hinge loss” --- aka “Perceptron loss”

• Exercise (high chance to be in midterm): Calculate the gradient of the
“Perceptron loss”. Show that the update rule after a single data point is
selected is the same as the Perceptron’s algorithm when learning rate = 1.

• Important differences to SGD
1. Perceptron does not require the update direction to be an “unbiased” estimate.

It could go with the iid sampling version or shuffle-then-“for”-over version.
2. It does not require a choice of learning rate.
3. It does not aim at optimizing an objective function (thus does not necessarily

succeed in doing so).
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Summary of the lecture

• 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 Lecture:
• Linear regression

Don’t forget to turn-in your HW1 and MP1!
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