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® Continuous optimization
® Wrapping up ML
® Starting PGM
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Recap: Last lecture

• Data splitting
– Holdout and Cross validation for tuning hyperparameters

• The problem of distribution shift

• Learning a classifier:
– From 0–1 loss to surrogate losses
– Logistic loss as an example

• Continuous Optimization with Gradient Descent
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Recap: 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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Plan for today

• Deriving the gradient for the logistic loss

• Stochastic Gradient Descent

• Making sense of the SGD updates

• Hints on multiclass classification (HW1)
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Gradient of logistic loss for learning a linear 
classifier (3 min discussion / work)

• 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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w2Rd
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i=1

log(1 + exp(�yi · xT
i w))
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Gradient of logistic loss for learning a linear 
classifier (3 min discussion / work)
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Gradient of logistic loss for learning a linear 
classifier
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• Question: 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)
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Stochastic Gradient Descent
(Robbins-Monro 1951)
• Gradient descent

• Stochastic gradient descent

• Using a stochastic approximation of the gradient:
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<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 

• 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

10

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

• 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
11

1 0 0.0375 80

Whether the contact list

Contains hyperlinks Proportion of misspelled words

Length of the message



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

12

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)



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.

13

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.

14



Multiclass classification problem (HW 1)

• You will be implementing a multi-class classification 
algorithm using linear logistic regression.

• Recall that in binary classification you have one score 
function, the multi-class has one score function for each 
class.

• Now you have k linear score functions. Represent them as 
a matrix of weights  W  (what’s the dimension? )

• You use the softmax-cross-entropy loss instead of the 
logistic loss. (work out details in the homework)

15

h(x) = argmax
j2{1,...,k}

Scorewj (x) = argmax
j2{1,...,k}

(xTwj)
<latexit sha1_base64="eaReqJzHnzdr3BLLwHd+YI8NJ98="></latexit><latexit sha1_base64="eaReqJzHnzdr3BLLwHd+YI8NJ98="></latexit><latexit sha1_base64="eaReqJzHnzdr3BLLwHd+YI8NJ98="></latexit><latexit sha1_base64="eaReqJzHnzdr3BLLwHd+YI8NJ98="></latexit>

Y = {1, 2, ..., k}
<latexit sha1_base64="tB3PiwLOsiSUWos/Ip4tVVFpDKA=">AAACBHicbZDLSsNAFIZPvNZ6i7rsZrAILkpIiqAboejGZQV7kSaUyXTSDp1cmJkIJXThxldx40IRtz6EO9/GSZuFtv4w8PGfc5hzfj/hTCrb/jZWVtfWNzZLW+Xtnd29ffPgsC3jVBDaIjGPRdfHknIW0ZZiitNuIigOfU47/vg6r3ceqJAsju7UJKFeiIcRCxjBSlt9s+KGWI0I5tn9FF0iN3Nq9ZplWbWxO+2bVduyZ0LL4BRQhULNvvnlDmKShjRShGMpe46dKC/DQjHC6bTsppImmIzxkPY0Rjik0stmR0zRiXYGKIiFfpFCM/f3RIZDKSehrzvzleViLTf/q/VSFVx4GYuSVNGIzD8KUo5UjPJE0IAJShSfaMBEML0rIiMsMFE6t7IOwVk8eRnadcvRfHtWbVwVcZSgAsdwCg6cQwNuoAktIPAIz/AKb8aT8WK8Gx/z1hWjmDmCPzI+fwDgDZZJ</latexit><latexit sha1_base64="tB3PiwLOsiSUWos/Ip4tVVFpDKA=">AAACBHicbZDLSsNAFIZPvNZ6i7rsZrAILkpIiqAboejGZQV7kSaUyXTSDp1cmJkIJXThxldx40IRtz6EO9/GSZuFtv4w8PGfc5hzfj/hTCrb/jZWVtfWNzZLW+Xtnd29ffPgsC3jVBDaIjGPRdfHknIW0ZZiitNuIigOfU47/vg6r3ceqJAsju7UJKFeiIcRCxjBSlt9s+KGWI0I5tn9FF0iN3Nq9ZplWbWxO+2bVduyZ0LL4BRQhULNvvnlDmKShjRShGMpe46dKC/DQjHC6bTsppImmIzxkPY0Rjik0stmR0zRiXYGKIiFfpFCM/f3RIZDKSehrzvzleViLTf/q/VSFVx4GYuSVNGIzD8KUo5UjPJE0IAJShSfaMBEML0rIiMsMFE6t7IOwVk8eRnadcvRfHtWbVwVcZSgAsdwCg6cQwNuoAktIPAIz/AKb8aT8WK8Gx/z1hWjmDmCPzI+fwDgDZZJ</latexit><latexit sha1_base64="tB3PiwLOsiSUWos/Ip4tVVFpDKA=">AAACBHicbZDLSsNAFIZPvNZ6i7rsZrAILkpIiqAboejGZQV7kSaUyXTSDp1cmJkIJXThxldx40IRtz6EO9/GSZuFtv4w8PGfc5hzfj/hTCrb/jZWVtfWNzZLW+Xtnd29ffPgsC3jVBDaIjGPRdfHknIW0ZZiitNuIigOfU47/vg6r3ceqJAsju7UJKFeiIcRCxjBSlt9s+KGWI0I5tn9FF0iN3Nq9ZplWbWxO+2bVduyZ0LL4BRQhULNvvnlDmKShjRShGMpe46dKC/DQjHC6bTsppImmIzxkPY0Rjik0stmR0zRiXYGKIiFfpFCM/f3RIZDKSehrzvzleViLTf/q/VSFVx4GYuSVNGIzD8KUo5UjPJE0IAJShSfaMBEML0rIiMsMFE6t7IOwVk8eRnadcvRfHtWbVwVcZSgAsdwCg6cQwNuoAktIPAIz/AKb8aT8WK8Gx/z1hWjmDmCPzI+fwDgDZZJ</latexit><latexit sha1_base64="tB3PiwLOsiSUWos/Ip4tVVFpDKA=">AAACBHicbZDLSsNAFIZPvNZ6i7rsZrAILkpIiqAboejGZQV7kSaUyXTSDp1cmJkIJXThxldx40IRtz6EO9/GSZuFtv4w8PGfc5hzfj/hTCrb/jZWVtfWNzZLW+Xtnd29ffPgsC3jVBDaIjGPRdfHknIW0ZZiitNuIigOfU47/vg6r3ceqJAsju7UJKFeiIcRCxjBSlt9s+KGWI0I5tn9FF0iN3Nq9ZplWbWxO+2bVduyZ0LL4BRQhULNvvnlDmKShjRShGMpe46dKC/DQjHC6bTsppImmIzxkPY0Rjik0stmR0zRiXYGKIiFfpFCM/f3RIZDKSehrzvzleViLTf/q/VSFVx4GYuSVNGIzD8KUo5UjPJE0IAJShSfaMBEML0rIiMsMFE6t7IOwVk8eRnadcvRfHtWbVwVcZSgAsdwCg6cQwNuoAktIPAIz/AKb8aT8WK8Gx/z1hWjmDmCPzI+fwDgDZZJ</latexit>



Decision boundaries of multi-class linear 
logistic regression
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Multiclass Classification

map image x to digit y



From linear logistic regression to neural 
networks

• Same input, same loss function
• The only difference is in how the score function is 

computed

17



From linear logistic regression to neural 
networks (side by side comparison)

18



Summary: steps to build a classifier agent

• 0. Collect a large labeled dataset.
• 1. Data splitting into training-validation-testing
• 2. Feature extraction
• 3. Specifying a hypothesis class
• 4. Learning with SGD using logistic loss
• 5. Validating on the validation set.
• 6. Testing on the test set.
• 7. Deploy the classifier agent.

19

Return to Step 2 or 3
If not happy with the
validation error. 
Do model selection
(e.g. hyperparameter 
tuning)



So far, we’ve learning everything about a 
classifier agent

• Modeling
– Design meaningful feature extractors
– Specify a family of classifiers on how the agent is going to classify 

examples using the features (indexed by free parameters)

• Inference: Trivially follows from the specification

• Learning: minimize errors (surrogate losses) over “free 
parameters”

20

This is called “discriminative” approach in modelling.



“Generative” modeling: Modeling the world 
with a (joint) probability distribution
• The “Discriminative approach” doesn’t care about the 

underlying processes that give rise to the observed data.

• Modeling: “Generative” modelling:
– Label is a random variable Y,  features are a vector random 

variables  X =  [X1, …, Xd]T

– Model the world with a (family of) joint probability distributions.

• Inference: Then we can make principled inference by 
calculating P(Y|X)
– You don’t just get a prediction, but also confidence.

• Learning:  Find the distribution that fits the data well.
21



Side-by-side comparisons of two modelling 
principles:  “Discriminative” vs “Generative”

22

“Discriminative” “Generative”

Modelling • Extract features
• Hypothesis class
• ℎ!: 𝑋 → 𝑌

• How data are generated
• Family of probability 

distributions 𝑃!(𝑋, 𝑌)

Inference Just apply the classifier:  h(X) Calculate P(Y|X)

Predict with:  maxyP(Y=y | X)

Learning Minimize error over “free 
parameters”: 𝜃

Maximize likelihood over “free 
parameters”: 𝜃

See Ng and Jordan (NIPS-2001): 
https://ai.stanford.edu/~ang/papers/nips01-discriminativegenerative.pdf

https://ai.stanford.edu/~ang/papers/nips01-discriminativegenerative.pdf


Example: Spam filter

• “Discriminative modeling”:
– Think about features that has discriminative power
– Think about hypothesis class (e.g., shape of the decision 

boundaries, functional form of the score function)

• “Generative modelling”:
– Think about how “spammers” write (generate) their emails.
– And also how “non-spammers” write their emails.
– Model the probability of certain words appear / the probability of 

certain word combinations appear.

23

Once we learned probabilistic graphical model, we will be 
able to do this effectively.



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

(Again this idea is adapted from Percy Liang’s teachings)

Reflex Agents Planning Agents Reasoning agents

Classification / Regression
Bandits

Search
game playing

Logic,  knowledge base
Probabilistic inference 

Machine Learning

Probabilistic Graphical Models / Deep Neural Networks

Markov Decision Processes
Reinforcement Learning



Remaining time today and the next two 
lectures
• Probability notations

• Joint distributions, marginal, conditional
– Representing these quantities as arrays / matrices

• Modelling with (joint) probability distributions

• Conditional independences

• BayesNet, and examples

• d-separation, reasoning and inference
25
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Probability notation and notes

• Probabilities of propositions
– P(A), P(the sun is shining)

• Probabilities of random variables (r.v.)
– P(X = x1), P(Y = y1), P(x1 < X < x2)

• P(A) usually means P(A = True)  (A is a proposition, not a variable)
– This is a probability value
– Technically, P(A) is a probability function

• P(X = x1)
– This is a probability value (P(X) is a probability function)

• P(X)
– This is a probability distribution function, a.k.a probability mass 

function (p.m.f.) for discrete r.v. or a probability density function
(p.d.f.) for continuous r.v.

• Technically, if X is an r.v., we should not write P(X) = 0.5
– But rather  P(X = x1) = 0.5
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Discrete probability distribution
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Continuous probability distribution
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Joint Probabilities

• A complete probability model is a single joint probability 
distribution over all propositions/variables in the domain
– P(X1, X2, …, Xi, …)

• A particular instance of the world has the probability
– P(X1=x1 Ù X2=x2 Ù …Ù Xi=xi Ù …) = p

• Rather than stating knowledge as
– Raining Þ WetGrass

• We can state it as
– P(Raining, WetGrass) = 0.15
– P(Raining, ¬WetGrass) = 0.01
– P(¬Raining, WetGrass) = 0.04
– P(¬Raining, ¬WetGrass) = 0.8

0.8 0.04

0.01 0.15

¬WetGrass WetGrass

¬Raining

Raining
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Marginal and Conditional Probability

• Marginal Probability
– Marginal probability (distribution) of X: 𝑃 𝑋 = ∑!𝑃(𝑋, 𝑌)
– Bayesian interpretation: Probabilities associated with one

proposition or variable, prior to any evidence
– E.g., P(WetGrass),  P(¬Raining)

• Conditional Probability
– P(A | B) – “The probability of A given that we know B”
– Bayesian interpretation: After (posterior to) procuring evidence
– E.g., P(WetGrass | Raining)

)(
),()|(

YP
YXPYXP = ),()()|( YXPYPYXP =or

Assumes P(Y) nonzero
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The chain rule: factorizing a joint distribution 
into marginal and conditionals

)()|(),( YPYXPYXP =

),|()|()(
,

)()|(),|(
),(),|(),,(

YXZPXYPXP
lyequivalentor

ZPZYPZYXP
ZYPZYXPZYXP

=

=
=

By the Chain Rule

• Precedence:  ‘|’ is lowest
• E.g.,    P(X | Y, Z) means which?

P( (X | Y), Z )
P(X | (Y, Z) )

Notes:
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Chain Rule implies Bayes’ Rule

• Since 

and

• Then

)()|(),( YPYXPYXP =

)()|(),( XPXYPYXP =

)(
)()|()|(

YP
XPXYPYXP = Bayes’ Rule

)()|()()|( XPXYPYPYXP =

Thomas Bayes: 1701 - 1761

Funny fact: Thomas Bayes is arguably a frequentist.

Stephen Fienberg. “When did Bayesian inference become ‘Bayesian’?." Bayesian analysis 1.1 (2006): 1-40.
https://projecteuclid.org/euclid.ba/1340371071

https://projecteuclid.org/euclid.ba/1340371071
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Representing Probability Distributions using 
linear algebraic data structures (in python)

Continuous vars

Scalar* Scalar

Function of two variables m×n matrix

Function of two variables m×n matrix

Function of one variable m vector

Function of one variable n vector

Scalar* Scalar

Discrete vars
Function (of one variable) m vector

P(X=x)

P(X,Y)

P(X|Y)

P(X|Y=y)

P(X=x|Y)

P(X=x|Y=y)

P(X)

* - actually zero. Should be P(x1 < X < x2)
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Example: Joint probability distribution

From P(X,Y), we can always calculate: P(X)
P(Y)
P(X|Y)
P(Y|X)

P(X=x1)
P(Y=y2)
P(X|Y=y1)
P(Y|X=x1)
P(X=x1|Y)
etc.

0.30.20.1

0.10.10.2

X

Y

x1 x2 x3

y1

y2
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0.2 0.1 0.1

0.1 0.2 0.3

x1 x2 x3

y1

y2

P(X,Y)

0.40.30.3

x1 x2 x3
P(X)

0.6

0.4y1

y2

P(Y)

0.50.3330.167

0.250.250.5

x1 x2 x3

y1

y2

P(X|Y)

0.750.6670.333

0.250.3330.667

x1 x2 x3

y1

y2

P(Y|X)
P(X=x1,Y=y2) = ?
P(X=x1) = ?
P(Y=y2) = ?
P(X|Y=y1) = ?
P(X=x1|Y) = ?



Quick checkpoint

• Probability notations
– P(A) is a number when A is an event / predicate.
– P(X) is a vector/function when X is a random variable.

• Joint probability distribution
– Enumerating all combinations of events.
– All values the random variables can take.
– Assign a non-negative value to each.

• Marginals, conditionals
– How they are related: Chain rule, Bayes rule

36



How can a joint-distribution help us?

• A principled way to model the world
– Handles missing data/variables
– Easy to incorporate prior knowledge

• With the joint distribution, we can do anything we want
– Design classifiers

)𝑦 = arg𝑚𝑎𝑥"𝑃 𝑌 = 𝑦 𝑋)
– We can make Bayesian inference (probabilistic reasoning)

• Sherlock Holmes: P(Murderer | Observed Evidence)
• Doctor: P( Disease | Symptoms ) ,  P(Effect | Treatment)
• Parenting:  

– P( Dirty Diaper, Hungry, Lonely |  5 a.m.,  Baby crying)
– P(Baby crying at 5 a.m. | feeding at 2 a.m.)
– P(Baby crying at 5 a.m. | feeding at 1 a.m.) 37



(3 min discussion) Modeling the world with 
probability distribution
• Example:  Author attribution as in HW1

– Variables: Word 1, Word 2, Word 3, …, Word N, Author
– 15 authors in total: {Dickens, Shakespeare, Jane Austen, Tolkien, 

George RR. Martin, … , Xueqin Cao, Douglas Adams}
– A vocabulary of size 3000

• Questions:
– What is the dimension(s) of the joint distribution? 
– How many free parameters are needed to represent this 

distribution?

38
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Statistical Independences

(Marginal / absolute) Independence
• X and Y are independent iff

– P(X,Y) = P(X) P(Y)  [by definition]

– P(X | Y) = P(X)

Conditional Independence
• If X and Y are (conditionally) independent given Z, then

– P(X | Y, Z) = P(X | Z)
– Example:

• P(WetGrass | Season, Rain) = P(WetGrass | Rain)

Since P(X | Y) = P(X, Y)/P(Y) = P(X) P(Y)/P(Y)
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Example of Conditional Independence

• In practice, conditional independence is more common than 
marginal independence.
– P(Final exam grade | Weather) ¹ P(Final exam grade)

• i.e., they are not independent
– P(Final exam grade | Weather, Effort) = P(Final exam grade | Effort)

• But they are conditionally independent given Effort



(Example continued) Modeling the world with 
probability distribution
• Example:  Author attribution as in HW1

– Variables: Word 1, Word 2, Word 3, …, Word N,  Author
– 15 authors in total: {Dickens, Shakespeare, Tolkien, George RR. 

Martin, … ,Douglas Adams}
– A vocabulary of size 3000

• In addition, assume that:  Word 1, …, Word N are mutually 
independent given Author

– P(Word 1, …, Word N |  Author) = P(Word 1 | Author) × … × P(Word N | Author) 

• Question:
– What are the dimensions of each factor?
– How many “free parameters” are needed in total?

• Answer: 14 + 2999 × 15 × N. ( Linear in N)
41
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Quiz time: Representing a joint Probability

• Joint probability: P(X1, X2, …, XN)
– Defines the probability for any possible state of the world
– Let the variables be binary. How many numbers (“free 

parameters”) does it take to define the joint distribution?

• If the variables are independent, then
P(X1, X2, …, XN) = P(X1) P(X2) …P(XN) 
– How many numbers does it take to define the joint distribution?
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Tradeoffs in our model choices

Expressiveness

Space / computation efficiency

Fully Independent
P(X1, X2, …, XN) 

= P(X1) P(X2) …P(XN) 

O(N)
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O(eN )
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Fully general
P(X1, X2, …, XN)

Idea:
1.Independent groups of variables?
2.Conditional independences?



Key points of today’s lecture

• Probability notations
– Distinguish between events and random variables, apply rules of 

probabilities

• Representing a joint-distribution
– number of parameters exponential in the number of variables
– Calculating marginals and conditionals from the joint-distribution.

• Conditional independences and factorization of joint-
distributions
– Saves parameters, often exponential improvements
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Next lectures

• Bayes networks, directed graphical models.

• Read off conditional independences from the graph!

• More examples
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