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Logistics
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• Lectures will be recorded and posted internally starting today.


• A better discussion board (Ed) will be up in the next couple days.


• TA: Sami Davies will be helping out with course infrastructure and 
moderating questions during lecture



Recap: Overfitting

CSE 599I: Generative Models University of WashingtonLecture 2

• Given finite samples                        from a continuous distribution 


• Estimate the probability of each element of     using the MLE?


• Regularization: restrict our estimator to a parametric family

x1, . . . , xn ⇠ p
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p̂(x) =

(
1
n if x 2 {x1, . . . , xn},
0 otherwise.
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p(x).
<latexit sha1_base64="PgyPHUXXDI8CV8Ds2g+TmPbx7U8=">AAAB7HicbZBNSwMxEIZn61etX1WPXoJFqJeyK4IeC17EUwW3LbRLyaazbWg2uyRZsZT+Bi8eFPHqD/LmvzFt96CtLwQe3pkhM2+YCq6N6347hbX1jc2t4nZpZ3dv/6B8eNTUSaYY+iwRiWqHVKPgEn3DjcB2qpDGocBWOLqZ1VuPqDRP5IMZpxjEdCB5xBk11vLT6tN5rVeuuDV3LrIKXg4VyNXolb+6/YRlMUrDBNW647mpCSZUGc4ETkvdTGNK2YgOsGNR0hh1MJkvOyVn1umTKFH2SUPm7u+JCY21Hseh7YypGerl2sz8r9bJTHQdTLhMM4OSLT6KMkFMQmaXkz5XyIwYW6BMcbsrYUOqKDM2n5INwVs+eRWaFzXP8v1lpX6Xx1GEEziFKnhwBXW4hQb4wIDDM7zCmyOdF+fd+Vi0Fpx85hj+yPn8Aenqjhs=</latexit><latexit sha1_base64="PgyPHUXXDI8CV8Ds2g+TmPbx7U8=">AAAB7HicbZBNSwMxEIZn61etX1WPXoJFqJeyK4IeC17EUwW3LbRLyaazbWg2uyRZsZT+Bi8eFPHqD/LmvzFt96CtLwQe3pkhM2+YCq6N6347hbX1jc2t4nZpZ3dv/6B8eNTUSaYY+iwRiWqHVKPgEn3DjcB2qpDGocBWOLqZ1VuPqDRP5IMZpxjEdCB5xBk11vLT6tN5rVeuuDV3LrIKXg4VyNXolb+6/YRlMUrDBNW647mpCSZUGc4ETkvdTGNK2YgOsGNR0hh1MJkvOyVn1umTKFH2SUPm7u+JCY21Hseh7YypGerl2sz8r9bJTHQdTLhMM4OSLT6KMkFMQmaXkz5XyIwYW6BMcbsrYUOqKDM2n5INwVs+eRWaFzXP8v1lpX6Xx1GEEziFKnhwBXW4hQb4wIDDM7zCmyOdF+fd+Vi0Fpx85hj+yPn8Aenqjhs=</latexit><latexit sha1_base64="PgyPHUXXDI8CV8Ds2g+TmPbx7U8=">AAAB7HicbZBNSwMxEIZn61etX1WPXoJFqJeyK4IeC17EUwW3LbRLyaazbWg2uyRZsZT+Bi8eFPHqD/LmvzFt96CtLwQe3pkhM2+YCq6N6347hbX1jc2t4nZpZ3dv/6B8eNTUSaYY+iwRiWqHVKPgEn3DjcB2qpDGocBWOLqZ1VuPqDRP5IMZpxjEdCB5xBk11vLT6tN5rVeuuDV3LrIKXg4VyNXolb+6/YRlMUrDBNW647mpCSZUGc4ETkvdTGNK2YgOsGNR0hh1MJkvOyVn1umTKFH2SUPm7u+JCY21Hseh7YypGerl2sz8r9bJTHQdTLhMM4OSLT6KMkFMQmaXkz5XyIwYW6BMcbsrYUOqKDM2n5INwVs+eRWaFzXP8v1lpX6Xx1GEEziFKnhwBXW4hQb4wIDDM7zCmyOdF+fd+Vi0Fpx85hj+yPn8Aenqjhs=</latexit><latexit sha1_base64="PgyPHUXXDI8CV8Ds2g+TmPbx7U8=">AAAB7HicbZBNSwMxEIZn61etX1WPXoJFqJeyK4IeC17EUwW3LbRLyaazbWg2uyRZsZT+Bi8eFPHqD/LmvzFt96CtLwQe3pkhM2+YCq6N6347hbX1jc2t4nZpZ3dv/6B8eNTUSaYY+iwRiWqHVKPgEn3DjcB2qpDGocBWOLqZ1VuPqDRP5IMZpxjEdCB5xBk11vLT6tN5rVeuuDV3LrIKXg4VyNXolb+6/YRlMUrDBNW647mpCSZUGc4ETkvdTGNK2YgOsGNR0hh1MJkvOyVn1umTKFH2SUPm7u+JCY21Hseh7YypGerl2sz8r9bJTHQdTLhMM4OSLT6KMkFMQmaXkz5XyIwYW6BMcbsrYUOqKDM2n5INwVs+eRWaFzXP8v1lpX6Xx1GEEziFKnhwBXW4hQb4wIDDM7zCmyOdF+fd+Vi0Fpx85hj+yPn8Aenqjhs=</latexit>



Maximum Likelihood Estimation

CSE 599I: Generative Models University of WashingtonLecture 2

• Given a parametric family of probability distributions


• Choose            to maximize the likelihood of observations                  :


• KL-divergence minimization:

sup
✓

E
x⇠p

log p✓(x) ⇡ sup
✓

1

n

nX

i=1

log p✓(xi).
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x1, . . . , xn
<latexit sha1_base64="FQOTn5qxI62FOpSgq8xnwEKtWFU=">AAAB9HicbVDLSsNAFL3xWeur6tJNsAguSklE0GXBjbiqYB/QhjCZTtqhk0mcuSktod/hxoUibv0Yd/6N0zYLbT0wcDjnHu6dEySCa3Scb2ttfWNza7uwU9zd2z84LB0dN3WcKsoaNBaxagdEM8ElayBHwdqJYiQKBGsFw9uZ3xoxpXksH3GSMC8ifclDTgkayRv7bqXbi1FXxr70S2Wn6sxhrxI3J2XIUfdLXyZL04hJpIJo3XGdBL2MKORUsGmxm2qWEDokfdYxVJKIaS+bHz21z43Ss8NYmSfRnqu/ExmJtJ5EgZmMCA70sjcT//M6KYY3XsZlkiKTdLEoTIWNsT1rwO5xxSiKiSGEKm5utemAKELR9FQ0JbjLX14lzcuqa/jDVbl2n9dRgFM4gwtw4RpqcAd1aACFJ3iGV3izRtaL9W59LEbXrDxzAn9gff4ANS6Rvw==</latexit><latexit sha1_base64="FQOTn5qxI62FOpSgq8xnwEKtWFU=">AAAB9HicbVDLSsNAFL3xWeur6tJNsAguSklE0GXBjbiqYB/QhjCZTtqhk0mcuSktod/hxoUibv0Yd/6N0zYLbT0wcDjnHu6dEySCa3Scb2ttfWNza7uwU9zd2z84LB0dN3WcKsoaNBaxagdEM8ElayBHwdqJYiQKBGsFw9uZ3xoxpXksH3GSMC8ifclDTgkayRv7bqXbi1FXxr70S2Wn6sxhrxI3J2XIUfdLXyZL04hJpIJo3XGdBL2MKORUsGmxm2qWEDokfdYxVJKIaS+bHz21z43Ss8NYmSfRnqu/ExmJtJ5EgZmMCA70sjcT//M6KYY3XsZlkiKTdLEoTIWNsT1rwO5xxSiKiSGEKm5utemAKELR9FQ0JbjLX14lzcuqa/jDVbl2n9dRgFM4gwtw4RpqcAd1aACFJ3iGV3izRtaL9W59LEbXrDxzAn9gff4ANS6Rvw==</latexit><latexit sha1_base64="FQOTn5qxI62FOpSgq8xnwEKtWFU=">AAAB9HicbVDLSsNAFL3xWeur6tJNsAguSklE0GXBjbiqYB/QhjCZTtqhk0mcuSktod/hxoUibv0Yd/6N0zYLbT0wcDjnHu6dEySCa3Scb2ttfWNza7uwU9zd2z84LB0dN3WcKsoaNBaxagdEM8ElayBHwdqJYiQKBGsFw9uZ3xoxpXksH3GSMC8ifclDTgkayRv7bqXbi1FXxr70S2Wn6sxhrxI3J2XIUfdLXyZL04hJpIJo3XGdBL2MKORUsGmxm2qWEDokfdYxVJKIaS+bHz21z43Ss8NYmSfRnqu/ExmJtJ5EgZmMCA70sjcT//M6KYY3XsZlkiKTdLEoTIWNsT1rwO5xxSiKiSGEKm5utemAKELR9FQ0JbjLX14lzcuqa/jDVbl2n9dRgFM4gwtw4RpqcAd1aACFJ3iGV3izRtaL9W59LEbXrDxzAn9gff4ANS6Rvw==</latexit><latexit sha1_base64="FQOTn5qxI62FOpSgq8xnwEKtWFU=">AAAB9HicbVDLSsNAFL3xWeur6tJNsAguSklE0GXBjbiqYB/QhjCZTtqhk0mcuSktod/hxoUibv0Yd/6N0zYLbT0wcDjnHu6dEySCa3Scb2ttfWNza7uwU9zd2z84LB0dN3WcKsoaNBaxagdEM8ElayBHwdqJYiQKBGsFw9uZ3xoxpXksH3GSMC8ifclDTgkayRv7bqXbi1FXxr70S2Wn6sxhrxI3J2XIUfdLXyZL04hJpIJo3XGdBL2MKORUsGmxm2qWEDokfdYxVJKIaS+bHz21z43Ss8NYmSfRnqu/ExmJtJ5EgZmMCA70sjcT//M6KYY3XsZlkiKTdLEoTIWNsT1rwO5xxSiKiSGEKm5utemAKELR9FQ0JbjLX14lzcuqa/jDVbl2n9dRgFM4gwtw4RpqcAd1aACFJ3iGV3izRtaL9W59LEbXrDxzAn9gff4ANS6Rvw==</latexit>

E
x⇠p

� log p✓(x) = E
x⇠p

� log
p✓(x)

p(x)
p(x) = H(p) +D(p k p✓) � H(p).

<latexit sha1_base64="LHczl6pq909RMCdd6/MMWgD9lPg="></latexit><latexit sha1_base64="rYH3AzA1nKGgQH/mBmqvaVUX/wk="></latexit><latexit sha1_base64="rYH3AzA1nKGgQH/mBmqvaVUX/wk="></latexit><latexit sha1_base64="nDX1LPEw9acRWDJ22+4rO3goyV4="></latexit>



Generalization

CSE 599I: Generative Models University of WashingtonLecture 2

• Measure performance via likelihood of a test set                         :


• Deep learning for classification: send training error to zero


• Deep learning for generative modeling: send log-likelihood to zero?

xtest
1 , . . . , xtest

m
<latexit sha1_base64="UVzvziUkaKHczZrcQN/9AnGIbt4="></latexit><latexit sha1_base64="cZ7pKCTa2WetLTKJYD2J1QbFRGQ="></latexit><latexit sha1_base64="cZ7pKCTa2WetLTKJYD2J1QbFRGQ="></latexit><latexit sha1_base64="CrImFfmRgg+MVksCpnRPvgCF5Xc="></latexit>

1

m

mX

i=1

log p✓(x
test
i ).

<latexit sha1_base64="jyFjMZCSmOqiSu39n6vtB46Yzxw="></latexit><latexit sha1_base64="MBAMuttdQHbjeikEtL/ZfJ3Xnl0="></latexit><latexit sha1_base64="MBAMuttdQHbjeikEtL/ZfJ3Xnl0="></latexit><latexit sha1_base64="kKHrMh21LmqUvUN2oYluOGFffuU="></latexit>

E
x⇠p

� log p✓(x) � H(p),
<latexit sha1_base64="L7iL2UoAq3/A8CQyaYhbyR2ha2s="></latexit><latexit sha1_base64="7HVvLwsGlyQ0sBPZrw6kT5Glebo="></latexit><latexit sha1_base64="7HVvLwsGlyQ0sBPZrw6kT5Glebo="></latexit><latexit sha1_base64="SA0STz2gk6DaxtgZcHexUTLskAo="></latexit>

p✓(x) ⇡
(

1
n if x 2 {x1, . . . , xn},
0 otherwise.

<latexit sha1_base64="TgL7BksiyswGP5KA7u6MJBBNLCc="></latexit><latexit sha1_base64="TgL7BksiyswGP5KA7u6MJBBNLCc="></latexit><latexit sha1_base64="TgL7BksiyswGP5KA7u6MJBBNLCc="></latexit><latexit sha1_base64="TgL7BksiyswGP5KA7u6MJBBNLCc="></latexit>



Gaussian Mixture Models

CSE 599I: Generative Models University of WashingtonLecture 2

• K-Gaussian mixture model over data             . 


• Each data point    belongs to a latent cluster                          . 


• Each cluster is drawn from a Gaussian with mean      and variance      :

x 2 Rd
<latexit sha1_base64="2iHd9J1Pz0Js3raher6L4B19pus=">AAAB+3icbVDLSsNAFL2pr1pfsS7dDBbBVUlE0GXBjbiqYh/QxDKZTtqhk0mYmUhLyK+4caGIW3/EnX/jtM1CWw8MHM65l3vmBAlnSjvOt1VaW9/Y3CpvV3Z29/YP7MNqW8WpJLRFYh7LboAV5UzQlmaa024iKY4CTjvB+Hrmd56oVCwWD3qaUD/CQ8FCRrA2Ut+uTpDHBPIirEdBkN3nj4O+XXPqzhxolbgFqUGBZt/+8gYxSSMqNOFYqZ7rJNrPsNSMcJpXvFTRBJMxHtKeoQJHVPnZPHuOTo0yQGEszRMazdXfGxmOlJpGgZmcZVTL3kz8z+ulOrzyMyaSVFNBFofClCMdo1kRaMAkJZpPDcFEMpMVkRGWmGhTV8WU4C5/eZW0z+uu4XcXtcZtUUcZjuEEzsCFS2jADTShBQQm8Ayv8Gbl1ov1bn0sRktWsXMEf2B9/gCTB5Qo</latexit><latexit sha1_base64="2iHd9J1Pz0Js3raher6L4B19pus=">AAAB+3icbVDLSsNAFL2pr1pfsS7dDBbBVUlE0GXBjbiqYh/QxDKZTtqhk0mYmUhLyK+4caGIW3/EnX/jtM1CWw8MHM65l3vmBAlnSjvOt1VaW9/Y3CpvV3Z29/YP7MNqW8WpJLRFYh7LboAV5UzQlmaa024iKY4CTjvB+Hrmd56oVCwWD3qaUD/CQ8FCRrA2Ut+uTpDHBPIirEdBkN3nj4O+XXPqzhxolbgFqUGBZt/+8gYxSSMqNOFYqZ7rJNrPsNSMcJpXvFTRBJMxHtKeoQJHVPnZPHuOTo0yQGEszRMazdXfGxmOlJpGgZmcZVTL3kz8z+ulOrzyMyaSVFNBFofClCMdo1kRaMAkJZpPDcFEMpMVkRGWmGhTV8WU4C5/eZW0z+uu4XcXtcZtUUcZjuEEzsCFS2jADTShBQQm8Ayv8Gbl1ov1bn0sRktWsXMEf2B9/gCTB5Qo</latexit><latexit sha1_base64="2iHd9J1Pz0Js3raher6L4B19pus=">AAAB+3icbVDLSsNAFL2pr1pfsS7dDBbBVUlE0GXBjbiqYh/QxDKZTtqhk0mYmUhLyK+4caGIW3/EnX/jtM1CWw8MHM65l3vmBAlnSjvOt1VaW9/Y3CpvV3Z29/YP7MNqW8WpJLRFYh7LboAV5UzQlmaa024iKY4CTjvB+Hrmd56oVCwWD3qaUD/CQ8FCRrA2Ut+uTpDHBPIirEdBkN3nj4O+XXPqzhxolbgFqUGBZt/+8gYxSSMqNOFYqZ7rJNrPsNSMcJpXvFTRBJMxHtKeoQJHVPnZPHuOTo0yQGEszRMazdXfGxmOlJpGgZmcZVTL3kz8z+ulOrzyMyaSVFNBFofClCMdo1kRaMAkJZpPDcFEMpMVkRGWmGhTV8WU4C5/eZW0z+uu4XcXtcZtUUcZjuEEzsCFS2jADTShBQQm8Ayv8Gbl1ov1bn0sRktWsXMEf2B9/gCTB5Qo</latexit><latexit sha1_base64="2iHd9J1Pz0Js3raher6L4B19pus=">AAAB+3icbVDLSsNAFL2pr1pfsS7dDBbBVUlE0GXBjbiqYh/QxDKZTtqhk0mYmUhLyK+4caGIW3/EnX/jtM1CWw8MHM65l3vmBAlnSjvOt1VaW9/Y3CpvV3Z29/YP7MNqW8WpJLRFYh7LboAV5UzQlmaa024iKY4CTjvB+Hrmd56oVCwWD3qaUD/CQ8FCRrA2Ut+uTpDHBPIirEdBkN3nj4O+XXPqzhxolbgFqUGBZt/+8gYxSSMqNOFYqZ7rJNrPsNSMcJpXvFTRBJMxHtKeoQJHVPnZPHuOTo0yQGEszRMazdXfGxmOlJpGgZmcZVTL3kz8z+ulOrzyMyaSVFNBFofClCMdo1kRaMAkJZpPDcFEMpMVkRGWmGhTV8WU4C5/eZW0z+uu4XcXtcZtUUcZjuEEzsCFS2jADTShBQQm8Ayv8Gbl1ov1bn0sRktWsXMEf2B9/gCTB5Qo</latexit>

z 2 {1, . . . ,K}
<latexit sha1_base64="sFxzT+ysOg0JgCPVrW1N4AVh9Lo=">AAAB/HicbVDLSsNAFJ34rPUV7dLNYBFclJKIoMuCG9FNBfuAJpTJdNIOnUzCzI0QQ/0VNy4UceuHuPNvnLZZaOuBgcM593DvnCARXIPjfFsrq2vrG5ulrfL2zu7evn1w2NZxqihr0VjEqhsQzQSXrAUcBOsmipEoEKwTjK+mfueBKc1jeQ9ZwvyIDCUPOSVgpL5decQel9jL3Zo3iEHXbr1J3646dWcGvEzcglRRgWbf/jJZmkZMAhVE657rJODnRAGngk3KXqpZQuiYDFnPUEkipv18dvwEnxhlgMNYmScBz9TfiZxEWmdRYCYjAiO96E3F/7xeCuGln3OZpMAknS8KU4EhxtMm8IArRkFkhhCquLkV0xFRhILpq2xKcBe/vEzaZ3XX8LvzauOmqKOEjtAxOkUuukANdI2aqIUoytAzekVv1pP1Yr1bH/PRFavIVNAfWJ8/YpeT+A==</latexit><latexit sha1_base64="sFxzT+ysOg0JgCPVrW1N4AVh9Lo=">AAAB/HicbVDLSsNAFJ34rPUV7dLNYBFclJKIoMuCG9FNBfuAJpTJdNIOnUzCzI0QQ/0VNy4UceuHuPNvnLZZaOuBgcM593DvnCARXIPjfFsrq2vrG5ulrfL2zu7evn1w2NZxqihr0VjEqhsQzQSXrAUcBOsmipEoEKwTjK+mfueBKc1jeQ9ZwvyIDCUPOSVgpL5decQel9jL3Zo3iEHXbr1J3646dWcGvEzcglRRgWbf/jJZmkZMAhVE657rJODnRAGngk3KXqpZQuiYDFnPUEkipv18dvwEnxhlgMNYmScBz9TfiZxEWmdRYCYjAiO96E3F/7xeCuGln3OZpMAknS8KU4EhxtMm8IArRkFkhhCquLkV0xFRhILpq2xKcBe/vEzaZ3XX8LvzauOmqKOEjtAxOkUuukANdI2aqIUoytAzekVv1pP1Yr1bH/PRFavIVNAfWJ8/YpeT+A==</latexit><latexit sha1_base64="sFxzT+ysOg0JgCPVrW1N4AVh9Lo=">AAAB/HicbVDLSsNAFJ34rPUV7dLNYBFclJKIoMuCG9FNBfuAJpTJdNIOnUzCzI0QQ/0VNy4UceuHuPNvnLZZaOuBgcM593DvnCARXIPjfFsrq2vrG5ulrfL2zu7evn1w2NZxqihr0VjEqhsQzQSXrAUcBOsmipEoEKwTjK+mfueBKc1jeQ9ZwvyIDCUPOSVgpL5decQel9jL3Zo3iEHXbr1J3646dWcGvEzcglRRgWbf/jJZmkZMAhVE657rJODnRAGngk3KXqpZQuiYDFnPUEkipv18dvwEnxhlgMNYmScBz9TfiZxEWmdRYCYjAiO96E3F/7xeCuGln3OZpMAknS8KU4EhxtMm8IArRkFkhhCquLkV0xFRhILpq2xKcBe/vEzaZ3XX8LvzauOmqKOEjtAxOkUuukANdI2aqIUoytAzekVv1pP1Yr1bH/PRFavIVNAfWJ8/YpeT+A==</latexit><latexit sha1_base64="sFxzT+ysOg0JgCPVrW1N4AVh9Lo=">AAAB/HicbVDLSsNAFJ34rPUV7dLNYBFclJKIoMuCG9FNBfuAJpTJdNIOnUzCzI0QQ/0VNy4UceuHuPNvnLZZaOuBgcM593DvnCARXIPjfFsrq2vrG5ulrfL2zu7evn1w2NZxqihr0VjEqhsQzQSXrAUcBOsmipEoEKwTjK+mfueBKc1jeQ9ZwvyIDCUPOSVgpL5decQel9jL3Zo3iEHXbr1J3646dWcGvEzcglRRgWbf/jJZmkZMAhVE657rJODnRAGngk3KXqpZQuiYDFnPUEkipv18dvwEnxhlgMNYmScBz9TfiZxEWmdRYCYjAiO96E3F/7xeCuGln3OZpMAknS8KU4EhxtMm8IArRkFkhhCquLkV0xFRhILpq2xKcBe/vEzaZ3XX8LvzauOmqKOEjtAxOkUuukANdI2aqIUoytAzekVv1pP1Yr1bH/PRFavIVNAfWJ8/YpeT+A==</latexit>

x
<latexit sha1_base64="cZOxaYaxnsygdTcbG7e+ELDjna0=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY8CKeWrAf0Iay2U7atZtN2N2IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/M6u1HVJrH8t5MEvQjOpQ85IwaazWe+uWKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8NrPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVoXVc9y47JSu8vjKMIJnMI5eHAFNbiFOjSBAcIzvMKb8+C8OO/Ox6K14OQzx/BHzucP6KONBA==</latexit><latexit sha1_base64="cZOxaYaxnsygdTcbG7e+ELDjna0=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY8CKeWrAf0Iay2U7atZtN2N2IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/M6u1HVJrH8t5MEvQjOpQ85IwaazWe+uWKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8NrPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVoXVc9y47JSu8vjKMIJnMI5eHAFNbiFOjSBAcIzvMKb8+C8OO/Ox6K14OQzx/BHzucP6KONBA==</latexit><latexit sha1_base64="cZOxaYaxnsygdTcbG7e+ELDjna0=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY8CKeWrAf0Iay2U7atZtN2N2IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/M6u1HVJrH8t5MEvQjOpQ85IwaazWe+uWKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8NrPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVoXVc9y47JSu8vjKMIJnMI5eHAFNbiFOjSBAcIzvMKb8+C8OO/Ox6K14OQzx/BHzucP6KONBA==</latexit><latexit sha1_base64="cZOxaYaxnsygdTcbG7e+ELDjna0=">AAAB6HicbZBNS8NAEIYn9avWr6pHL4tF8FQSEfRY8CKeWrAf0Iay2U7atZtN2N2IJfQXePGgiFd/kjf/jds2B219YeHhnRl25g0SwbVx3W+nsLa+sblV3C7t7O7tH5QPj1o6ThXDJotFrDoB1Si4xKbhRmAnUUijQGA7GN/M6u1HVJrH8t5MEvQjOpQ85IwaazWe+uWKW3XnIqvg5VCBXPV++as3iFkaoTRMUK27npsYP6PKcCZwWuqlGhPKxnSIXYuSRqj9bL7olJxZZ0DCWNknDZm7vycyGmk9iQLbGVEz0su1mflfrZua8NrPuExSg5ItPgpTQUxMZleTAVfIjJhYoExxuythI6ooMzabkg3BWz55FVoXVc9y47JSu8vjKMIJnMI5eHAFNbiFOjSBAcIzvMKb8+C8OO/Ox6K14OQzx/BHzucP6KONBA==</latexit>

µk
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Gaussian Mixture Models

CSE 599I: Generative Models University of WashingtonLecture 2

• Generative model:


• Likelihood:

p(x) =

Z

Z
p(x, z) dz =

Z

Z
p(x|z)p(z) dz

=
KX

k=1

⇡kp(x|z = k) =
KX

k=1

⇡kN (x;µk,⌃k).
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1. z ⇠ Categorical⇡(K), ⇡ 2 �K�1,

2. x ⇠ N (µz,⌃z), µ 2 RK⇥d,⌃ 2 RK⇥d⇥d.
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• Generative model:


• The maximum likelihood estimator (parameters in red):

• No analytical solution; non-convex optimization problem

Maximize the Likelihood

CSE 599I: Generative Models University of WashingtonLecture 2

1. z ⇠ Categorical⇡(K), ⇡ 2 �K�1,

2. x ⇠ N (µz,⌃z), µ 2 RK⇥d,⌃ 2 RK⇥d⇥d.
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1

n
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log
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⇡kN (xi;µk,⌃k).
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• The maximum likelihood estimator (parameters in red):


• Gradient ascent: initialize with random parameters and iteratively apply


• Very important to start with a random initialization

Gradient Ascent

CSE 599I: Generative Models University of WashingtonLecture 2

✓(i) = ✓(i�1) + ⌘r✓

nX

i=1

log p✓(xi).
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• Gradient ascent:


• Stochastic gradient ascent (SGD):


• Gradient ascent update: O(n)


• SGD update: O(1)

Stochastic Gradient Ascent
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✓(i) = ✓(i�1) + ⌘r✓ log p✓(xi (mod n)).
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5-Minute Break
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Recap: Evaluating the Likelihood

CSE 599I: Generative Models University of WashingtonLecture 2

• To run SGD, we needed to evaluate the marginal probability          :


• For GMM’s, this is tractable (the integral is a simple analytical sum).


• What would we do if the integral weren’t tractable?

p✓(x)
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The Evidence Lower-Bound
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• Approximate the marginal with importance sampling:


• The distribution            is called a proposal distribution 


• Bound is tight when                            (when the proposal is the posterior) 

q(z|x)
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The Evidence Lower-Bound
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• We can also derive the Evidence Lower-Bound by Jensen’s inequality:


• Machine Learning community calls this lower bound the ELBO


• Another way to look at the ELBO: 
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Expectation Maximization
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• Jointly optimize the ELBO over    and   : 


• Alternating Optimization (Expectation Maximization):
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1. Fix    and optimize the proposal distribution     (E-step).


2. Fix the proposal distribution    and optimize    (M-step).
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EM for GMMs
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• Sometimes the maximizer of the E-step has an analytic solution.


• For GMM’s, the E-step is:


• GMM’s also have an analytical M-step:
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Preview of Upcoming Topics
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• On Wednesday we’ll start talking about sequence models


• Next week: deep dive into neural parameterization of sequence models


• Homework 1 will be posted by the end of the week (due October 26th)


• The language modeling on HW1 will rely on next week’s lectures


