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• Challenge: scalability and accuracy are competing goals

• “Eager” approach: scalable methods with pre-specified guarantees

• “Lazy” approach: validate algorithm’s output post hoc

• Bayesian inference: flexible modeling of data and uncertainty quantification

• This talk: scalable and accurate Bayesian inference 
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• Goal: learn about unobserved phenomenon (parameter) 
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• Observe data Y via measurement process p(Y | 𝜃)  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• Goal: learn about unobserved phenomenon (parameter) 
of interest 𝜃 [e.g. tumor size & malignancy]

• Prior (expert) beliefs 𝜋₀(𝜃) about the phenomenon

• Observe data Y via measurement process p(Y | 𝜃)  
[e.g. ultrasound, biopsy]

• Combine prior and observed data to form posterior 
distribution via Bayes’ Theorem: 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• Goal: learn about unobserved phenomenon (parameter) 
of interest 𝜃 [e.g. tumor size & malignancy]

• Prior (expert) beliefs 𝜋₀(𝜃) about the phenomenon

• Observe data Y via measurement process p(Y | 𝜃)  
[e.g. ultrasound, biopsy]

• Combine prior and observed data to form posterior 
distribution via Bayes’ Theorem: 
 

• Benefits: coherent belief updates, uncertainty 
quantification, flexible modeling, and more

Bayesian inference
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• Goal: learn about unobserved phenomenon (parameter) 
of interest 𝜃 [e.g. tumor size & malignancy]

• Prior (expert) beliefs 𝜋₀(𝜃) about the phenomenon

• Observe data Y via measurement process p(Y | 𝜃)  
[e.g. ultrasound, biopsy]

• Combine prior and observed data to form posterior 
distribution via Bayes’ Theorem: 
 

• Benefits: coherent belief updates, uncertainty 
quantification, flexible modeling, and more

• Extract actionable information by computing 
expectations [e.g. means and standard deviations]: 
 

Bayesian inference
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⇡0(✓)
<latexit sha1_base64="UfQKZhR4E6RtkATSiT1h6XFdeJc=">AAACC3icbZDLSsNAFIYnXmu9VV26GSxCXViSIuiy6MZlBXuBJpTJdNKMnUnizIlQQh/BtVt9Bnfi1ofwEXwLp20WtvWHAx//OYdz+P1EcA22/W2trK6tb2wWtorbO7t7+6WDw5aOU0VZk8YiVh2faCZ4xJrAQbBOohiRvmBtf3gz6befmNI8ju5hlDBPkkHEA04JGMtzE96zKy6EDMhZr1S2q/ZUeBmcHMooV6NX+nH7MU0li4AKonXXsRPwMqKAU8HGRTfVLCF0SAasazAikmkvmz49xqfG6eMgVqYiwFP370ZGpNYj6ZtJSSDUi72J+V+vm0Jw5WU8SlJgEZ0dClKBIcaTBHCfK0ZBjAwQqrj5FdOQKELB5DR35SEMzyXXtDYummycxSSWoVWrOobvLsr16zylAjpGJ6iCHHSJ6ugWNVATUfSIXtArerOerXfrw/qcja5Y+c4RmpP19QtRNprJ</latexit><latexit sha1_base64="UfQKZhR4E6RtkATSiT1h6XFdeJc=">AAACC3icbZDLSsNAFIYnXmu9VV26GSxCXViSIuiy6MZlBXuBJpTJdNKMnUnizIlQQh/BtVt9Bnfi1ofwEXwLp20WtvWHAx//OYdz+P1EcA22/W2trK6tb2wWtorbO7t7+6WDw5aOU0VZk8YiVh2faCZ4xJrAQbBOohiRvmBtf3gz6befmNI8ju5hlDBPkkHEA04JGMtzE96zKy6EDMhZr1S2q/ZUeBmcHMooV6NX+nH7MU0li4AKonXXsRPwMqKAU8HGRTfVLCF0SAasazAikmkvmz49xqfG6eMgVqYiwFP370ZGpNYj6ZtJSSDUi72J+V+vm0Jw5WU8SlJgEZ0dClKBIcaTBHCfK0ZBjAwQqrj5FdOQKELB5DR35SEMzyXXtDYummycxSSWoVWrOobvLsr16zylAjpGJ6iCHHSJ6ugWNVATUfSIXtArerOerXfrw/qcja5Y+c4RmpP19QtRNprJ</latexit><latexit sha1_base64="UfQKZhR4E6RtkATSiT1h6XFdeJc=">AAACC3icbZDLSsNAFIYnXmu9VV26GSxCXViSIuiy6MZlBXuBJpTJdNKMnUnizIlQQh/BtVt9Bnfi1ofwEXwLp20WtvWHAx//OYdz+P1EcA22/W2trK6tb2wWtorbO7t7+6WDw5aOU0VZk8YiVh2faCZ4xJrAQbBOohiRvmBtf3gz6befmNI8ju5hlDBPkkHEA04JGMtzE96zKy6EDMhZr1S2q/ZUeBmcHMooV6NX+nH7MU0li4AKonXXsRPwMqKAU8HGRTfVLCF0SAasazAikmkvmz49xqfG6eMgVqYiwFP370ZGpNYj6ZtJSSDUi72J+V+vm0Jw5WU8SlJgEZ0dClKBIcaTBHCfK0ZBjAwQqrj5FdOQKELB5DR35SEMzyXXtDYummycxSSWoVWrOobvLsr16zylAjpGJ6iCHHSJ6ugWNVATUfSIXtArerOerXfrw/qcja5Y+c4RmpP19QtRNprJ</latexit><latexit sha1_base64="UfQKZhR4E6RtkATSiT1h6XFdeJc=">AAACC3icbZDLSsNAFIYnXmu9VV26GSxCXViSIuiy6MZlBXuBJpTJdNKMnUnizIlQQh/BtVt9Bnfi1ofwEXwLp20WtvWHAx//OYdz+P1EcA22/W2trK6tb2wWtorbO7t7+6WDw5aOU0VZk8YiVh2faCZ4xJrAQbBOohiRvmBtf3gz6befmNI8ju5hlDBPkkHEA04JGMtzE96zKy6EDMhZr1S2q/ZUeBmcHMooV6NX+nH7MU0li4AKonXXsRPwMqKAU8HGRTfVLCF0SAasazAikmkvmz49xqfG6eMgVqYiwFP370ZGpNYj6ZtJSSDUi72J+V+vm0Jw5WU8SlJgEZ0dClKBIcaTBHCfK0ZBjAwQqrj5FdOQKELB5DR35SEMzyXXtDYummycxSSWoVWrOobvLsr16zylAjpGJ6iCHHSJ6ugWNVATUfSIXtArerOerXfrw/qcja5Y+c4RmpP19QtRNprJ</latexit>
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p(Y | ✓)
<latexit sha1_base64="sWNUbEf50n+SEvcPWNVJx+PmHaY=">AAACEnicbZDPSsNAEMY3/q31X6xHL4tFqAdLUgQ9Fr14VLBaaUPZbKfN6mYTdifFEvoWnr3qM3gTr76Aj+BbuK09aPWDgR/fzDDDF6ZSGPS8D2dufmFxabmwUlxdW9/YdLdKVybJNIcGT2SimyEzIIWCBgqU0Ew1sDiUcB3enY771wPQRiTqEocpBDHrK9ETnKG1Om4prdzQdl8MQNE2RoBsv+OWvao3Ef0L/hTKZKrzjvvZ7iY8i0Ehl8yYlu+lGORMo+ASRsV2ZiBl/I71oWVRsRhMkE9+H9E963RpL9G2FNKJ+3MjZ7Exwzi0kzHDyMz2xuZ/vVaGveMgFyrNEBT/PtTLJMWEjoOgXaGBoxxaYFwL+yvlEdOMo43r15XbKDqIheG1UdFm488m8ReualXf8sVhuX4yTalAdsguqRCfHJE6OSPnpEE4uSeP5Ik8Ow/Oi/PqvH2PzjnTnW3yS877F2OYnOY=</latexit><latexit sha1_base64="sWNUbEf50n+SEvcPWNVJx+PmHaY=">AAACEnicbZDPSsNAEMY3/q31X6xHL4tFqAdLUgQ9Fr14VLBaaUPZbKfN6mYTdifFEvoWnr3qM3gTr76Aj+BbuK09aPWDgR/fzDDDF6ZSGPS8D2dufmFxabmwUlxdW9/YdLdKVybJNIcGT2SimyEzIIWCBgqU0Ew1sDiUcB3enY771wPQRiTqEocpBDHrK9ETnKG1Om4prdzQdl8MQNE2RoBsv+OWvao3Ef0L/hTKZKrzjvvZ7iY8i0Ehl8yYlu+lGORMo+ASRsV2ZiBl/I71oWVRsRhMkE9+H9E963RpL9G2FNKJ+3MjZ7Exwzi0kzHDyMz2xuZ/vVaGveMgFyrNEBT/PtTLJMWEjoOgXaGBoxxaYFwL+yvlEdOMo43r15XbKDqIheG1UdFm488m8ReualXf8sVhuX4yTalAdsguqRCfHJE6OSPnpEE4uSeP5Ik8Ow/Oi/PqvH2PzjnTnW3yS877F2OYnOY=</latexit><latexit sha1_base64="sWNUbEf50n+SEvcPWNVJx+PmHaY=">AAACEnicbZDPSsNAEMY3/q31X6xHL4tFqAdLUgQ9Fr14VLBaaUPZbKfN6mYTdifFEvoWnr3qM3gTr76Aj+BbuK09aPWDgR/fzDDDF6ZSGPS8D2dufmFxabmwUlxdW9/YdLdKVybJNIcGT2SimyEzIIWCBgqU0Ew1sDiUcB3enY771wPQRiTqEocpBDHrK9ETnKG1Om4prdzQdl8MQNE2RoBsv+OWvao3Ef0L/hTKZKrzjvvZ7iY8i0Ehl8yYlu+lGORMo+ASRsV2ZiBl/I71oWVRsRhMkE9+H9E963RpL9G2FNKJ+3MjZ7Exwzi0kzHDyMz2xuZ/vVaGveMgFyrNEBT/PtTLJMWEjoOgXaGBoxxaYFwL+yvlEdOMo43r15XbKDqIheG1UdFm488m8ReualXf8sVhuX4yTalAdsguqRCfHJE6OSPnpEE4uSeP5Ik8Ow/Oi/PqvH2PzjnTnW3yS877F2OYnOY=</latexit><latexit sha1_base64="sWNUbEf50n+SEvcPWNVJx+PmHaY=">AAACEnicbZDPSsNAEMY3/q31X6xHL4tFqAdLUgQ9Fr14VLBaaUPZbKfN6mYTdifFEvoWnr3qM3gTr76Aj+BbuK09aPWDgR/fzDDDF6ZSGPS8D2dufmFxabmwUlxdW9/YdLdKVybJNIcGT2SimyEzIIWCBgqU0Ew1sDiUcB3enY771wPQRiTqEocpBDHrK9ETnKG1Om4prdzQdl8MQNE2RoBsv+OWvao3Ef0L/hTKZKrzjvvZ7iY8i0Ehl8yYlu+lGORMo+ASRsV2ZiBl/I71oWVRsRhMkE9+H9E963RpL9G2FNKJ+3MjZ7Exwzi0kzHDyMz2xuZ/vVaGveMgFyrNEBT/PtTLJMWEjoOgXaGBoxxaYFwL+yvlEdOMo43r15XbKDqIheG1UdFm488m8ReualXf8sVhuX4yTalAdsguqRCfHJE6OSPnpEE4uSeP5Ik8Ow/Oi/PqvH2PzjnTnW3yS877F2OYnOY=</latexit>
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⇡(✓ |Y )
<latexit sha1_base64="0xtXkAiS2uu4HsD2y2Z+MBsmLJw=">AAACFHicbZDLSgNBEEV74ju+4mPnpjEIcWGYCYIuRTcuFYyJZELo6VQybXp6hu6aQAz5Dddu9RvciVv3foJ/YeexMIkXCg63qqjiBokUBl3328ksLC4tr6yuZdc3Nre2czu79yZONYcyj2WsqwEzIIWCMgqUUE00sCiQUAk6V8N+pQvaiFjdYS+BesTaSrQEZ2itRm7fT0TBxxCQUb8tuqDow3Ejl3eL7kh0HrwJ5MlEN43cj9+MeRqBQi6ZMTXPTbDeZxoFlzDI+qmBhPEOa0PNomIRmHp/9P2AHlmnSVuxtqWQjty/G30WGdOLAjsZMQzNbG9o/terpdg6r/eFSlIExceHWqmkGNNhFLQpNHCUPQuMa2F/pTxkmnG0gU1deQzDk0gYXhpkbTbebBLzcF8qepZvT/MXl5OUVskBOSQF4pEzckGuyQ0pE06eyAt5JW/Os/PufDif49GMM9nZI1Nyvn4B/ECdvw==</latexit><latexit sha1_base64="0xtXkAiS2uu4HsD2y2Z+MBsmLJw=">AAACFHicbZDLSgNBEEV74ju+4mPnpjEIcWGYCYIuRTcuFYyJZELo6VQybXp6hu6aQAz5Dddu9RvciVv3foJ/YeexMIkXCg63qqjiBokUBl3328ksLC4tr6yuZdc3Nre2czu79yZONYcyj2WsqwEzIIWCMgqUUE00sCiQUAk6V8N+pQvaiFjdYS+BesTaSrQEZ2itRm7fT0TBxxCQUb8tuqDow3Ejl3eL7kh0HrwJ5MlEN43cj9+MeRqBQi6ZMTXPTbDeZxoFlzDI+qmBhPEOa0PNomIRmHp/9P2AHlmnSVuxtqWQjty/G30WGdOLAjsZMQzNbG9o/terpdg6r/eFSlIExceHWqmkGNNhFLQpNHCUPQuMa2F/pTxkmnG0gU1deQzDk0gYXhpkbTbebBLzcF8qepZvT/MXl5OUVskBOSQF4pEzckGuyQ0pE06eyAt5JW/Os/PufDif49GMM9nZI1Nyvn4B/ECdvw==</latexit><latexit sha1_base64="0xtXkAiS2uu4HsD2y2Z+MBsmLJw=">AAACFHicbZDLSgNBEEV74ju+4mPnpjEIcWGYCYIuRTcuFYyJZELo6VQybXp6hu6aQAz5Dddu9RvciVv3foJ/YeexMIkXCg63qqjiBokUBl3328ksLC4tr6yuZdc3Nre2czu79yZONYcyj2WsqwEzIIWCMgqUUE00sCiQUAk6V8N+pQvaiFjdYS+BesTaSrQEZ2itRm7fT0TBxxCQUb8tuqDow3Ejl3eL7kh0HrwJ5MlEN43cj9+MeRqBQi6ZMTXPTbDeZxoFlzDI+qmBhPEOa0PNomIRmHp/9P2AHlmnSVuxtqWQjty/G30WGdOLAjsZMQzNbG9o/terpdg6r/eFSlIExceHWqmkGNNhFLQpNHCUPQuMa2F/pTxkmnG0gU1deQzDk0gYXhpkbTbebBLzcF8qepZvT/MXl5OUVskBOSQF4pEzckGuyQ0pE06eyAt5JW/Os/PufDif49GMM9nZI1Nyvn4B/ECdvw==</latexit><latexit sha1_base64="0xtXkAiS2uu4HsD2y2Z+MBsmLJw=">AAACFHicbZDLSgNBEEV74ju+4mPnpjEIcWGYCYIuRTcuFYyJZELo6VQybXp6hu6aQAz5Dddu9RvciVv3foJ/YeexMIkXCg63qqjiBokUBl3328ksLC4tr6yuZdc3Nre2czu79yZONYcyj2WsqwEzIIWCMgqUUE00sCiQUAk6V8N+pQvaiFjdYS+BesTaSrQEZ2itRm7fT0TBxxCQUb8tuqDow3Ejl3eL7kh0HrwJ5MlEN43cj9+MeRqBQi6ZMTXPTbDeZxoFlzDI+qmBhPEOa0PNomIRmHp/9P2AHlmnSVuxtqWQjty/G30WGdOLAjsZMQzNbG9o/terpdg6r/eFSlIExceHWqmkGNNhFLQpNHCUPQuMa2F/pTxkmnG0gU1deQzDk0gYXhpkbTbebBLzcF8qepZvT/MXl5OUVskBOSQF4pEzckGuyQ0pE06eyAt5JW/Os/PufDif49GMM9nZI1Nyvn4B/ECdvw==</latexit>

⎯⎯⎯⎯⎯⎯ size ⟶0



• Goal: learn about unobserved phenomenon (parameter) 
of interest 𝜃 [e.g. tumor size & malignancy]

• Prior (expert) beliefs 𝜋₀(𝜃) about the phenomenon

• Observe data Y via measurement process p(Y | 𝜃)  
[e.g. ultrasound, biopsy]

• Combine prior and observed data to form posterior 
distribution via Bayes’ Theorem: 
 

• Benefits: coherent belief updates, uncertainty 
quantification, flexible modeling, and more

• Extract actionable information by computing 
expectations [e.g. means and standard deviations]: 
 

• Computational challenges: posterior unnormalized, 
high-dimensional integral

Bayesian inference
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⇡(✓ |Y ) / p(Y | ✓)⇡0(✓)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

E[f(✓) |Y ] =
R
f(✓)⇡(✓ |Y )d✓

<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>
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⇡0(✓)
<latexit sha1_base64="UfQKZhR4E6RtkATSiT1h6XFdeJc=">AAACC3icbZDLSsNAFIYnXmu9VV26GSxCXViSIuiy6MZlBXuBJpTJdNKMnUnizIlQQh/BtVt9Bnfi1ofwEXwLp20WtvWHAx//OYdz+P1EcA22/W2trK6tb2wWtorbO7t7+6WDw5aOU0VZk8YiVh2faCZ4xJrAQbBOohiRvmBtf3gz6befmNI8ju5hlDBPkkHEA04JGMtzE96zKy6EDMhZr1S2q/ZUeBmcHMooV6NX+nH7MU0li4AKonXXsRPwMqKAU8HGRTfVLCF0SAasazAikmkvmz49xqfG6eMgVqYiwFP370ZGpNYj6ZtJSSDUi72J+V+vm0Jw5WU8SlJgEZ0dClKBIcaTBHCfK0ZBjAwQqrj5FdOQKELB5DR35SEMzyXXtDYummycxSSWoVWrOobvLsr16zylAjpGJ6iCHHSJ6ugWNVATUfSIXtArerOerXfrw/qcja5Y+c4RmpP19QtRNprJ</latexit><latexit sha1_base64="UfQKZhR4E6RtkATSiT1h6XFdeJc=">AAACC3icbZDLSsNAFIYnXmu9VV26GSxCXViSIuiy6MZlBXuBJpTJdNKMnUnizIlQQh/BtVt9Bnfi1ofwEXwLp20WtvWHAx//OYdz+P1EcA22/W2trK6tb2wWtorbO7t7+6WDw5aOU0VZk8YiVh2faCZ4xJrAQbBOohiRvmBtf3gz6befmNI8ju5hlDBPkkHEA04JGMtzE96zKy6EDMhZr1S2q/ZUeBmcHMooV6NX+nH7MU0li4AKonXXsRPwMqKAU8HGRTfVLCF0SAasazAikmkvmz49xqfG6eMgVqYiwFP370ZGpNYj6ZtJSSDUi72J+V+vm0Jw5WU8SlJgEZ0dClKBIcaTBHCfK0ZBjAwQqrj5FdOQKELB5DR35SEMzyXXtDYummycxSSWoVWrOobvLsr16zylAjpGJ6iCHHSJ6ugWNVATUfSIXtArerOerXfrw/qcja5Y+c4RmpP19QtRNprJ</latexit><latexit sha1_base64="UfQKZhR4E6RtkATSiT1h6XFdeJc=">AAACC3icbZDLSsNAFIYnXmu9VV26GSxCXViSIuiy6MZlBXuBJpTJdNKMnUnizIlQQh/BtVt9Bnfi1ofwEXwLp20WtvWHAx//OYdz+P1EcA22/W2trK6tb2wWtorbO7t7+6WDw5aOU0VZk8YiVh2faCZ4xJrAQbBOohiRvmBtf3gz6befmNI8ju5hlDBPkkHEA04JGMtzE96zKy6EDMhZr1S2q/ZUeBmcHMooV6NX+nH7MU0li4AKonXXsRPwMqKAU8HGRTfVLCF0SAasazAikmkvmz49xqfG6eMgVqYiwFP370ZGpNYj6ZtJSSDUi72J+V+vm0Jw5WU8SlJgEZ0dClKBIcaTBHCfK0ZBjAwQqrj5FdOQKELB5DR35SEMzyXXtDYummycxSSWoVWrOobvLsr16zylAjpGJ6iCHHSJ6ugWNVATUfSIXtArerOerXfrw/qcja5Y+c4RmpP19QtRNprJ</latexit><latexit sha1_base64="UfQKZhR4E6RtkATSiT1h6XFdeJc=">AAACC3icbZDLSsNAFIYnXmu9VV26GSxCXViSIuiy6MZlBXuBJpTJdNKMnUnizIlQQh/BtVt9Bnfi1ofwEXwLp20WtvWHAx//OYdz+P1EcA22/W2trK6tb2wWtorbO7t7+6WDw5aOU0VZk8YiVh2faCZ4xJrAQbBOohiRvmBtf3gz6befmNI8ju5hlDBPkkHEA04JGMtzE96zKy6EDMhZr1S2q/ZUeBmcHMooV6NX+nH7MU0li4AKonXXsRPwMqKAU8HGRTfVLCF0SAasazAikmkvmz49xqfG6eMgVqYiwFP370ZGpNYj6ZtJSSDUi72J+V+vm0Jw5WU8SlJgEZ0dClKBIcaTBHCfK0ZBjAwQqrj5FdOQKELB5DR35SEMzyXXtDYummycxSSWoVWrOobvLsr16zylAjpGJ6iCHHSJ6ugWNVATUfSIXtArerOerXfrw/qcja5Y+c4RmpP19QtRNprJ</latexit>
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p(Y | ✓)
<latexit sha1_base64="sWNUbEf50n+SEvcPWNVJx+PmHaY=">AAACEnicbZDPSsNAEMY3/q31X6xHL4tFqAdLUgQ9Fr14VLBaaUPZbKfN6mYTdifFEvoWnr3qM3gTr76Aj+BbuK09aPWDgR/fzDDDF6ZSGPS8D2dufmFxabmwUlxdW9/YdLdKVybJNIcGT2SimyEzIIWCBgqU0Ew1sDiUcB3enY771wPQRiTqEocpBDHrK9ETnKG1Om4prdzQdl8MQNE2RoBsv+OWvao3Ef0L/hTKZKrzjvvZ7iY8i0Ehl8yYlu+lGORMo+ASRsV2ZiBl/I71oWVRsRhMkE9+H9E963RpL9G2FNKJ+3MjZ7Exwzi0kzHDyMz2xuZ/vVaGveMgFyrNEBT/PtTLJMWEjoOgXaGBoxxaYFwL+yvlEdOMo43r15XbKDqIheG1UdFm488m8ReualXf8sVhuX4yTalAdsguqRCfHJE6OSPnpEE4uSeP5Ik8Ow/Oi/PqvH2PzjnTnW3yS877F2OYnOY=</latexit><latexit sha1_base64="sWNUbEf50n+SEvcPWNVJx+PmHaY=">AAACEnicbZDPSsNAEMY3/q31X6xHL4tFqAdLUgQ9Fr14VLBaaUPZbKfN6mYTdifFEvoWnr3qM3gTr76Aj+BbuK09aPWDgR/fzDDDF6ZSGPS8D2dufmFxabmwUlxdW9/YdLdKVybJNIcGT2SimyEzIIWCBgqU0Ew1sDiUcB3enY771wPQRiTqEocpBDHrK9ETnKG1Om4prdzQdl8MQNE2RoBsv+OWvao3Ef0L/hTKZKrzjvvZ7iY8i0Ehl8yYlu+lGORMo+ASRsV2ZiBl/I71oWVRsRhMkE9+H9E963RpL9G2FNKJ+3MjZ7Exwzi0kzHDyMz2xuZ/vVaGveMgFyrNEBT/PtTLJMWEjoOgXaGBoxxaYFwL+yvlEdOMo43r15XbKDqIheG1UdFm488m8ReualXf8sVhuX4yTalAdsguqRCfHJE6OSPnpEE4uSeP5Ik8Ow/Oi/PqvH2PzjnTnW3yS877F2OYnOY=</latexit><latexit sha1_base64="sWNUbEf50n+SEvcPWNVJx+PmHaY=">AAACEnicbZDPSsNAEMY3/q31X6xHL4tFqAdLUgQ9Fr14VLBaaUPZbKfN6mYTdifFEvoWnr3qM3gTr76Aj+BbuK09aPWDgR/fzDDDF6ZSGPS8D2dufmFxabmwUlxdW9/YdLdKVybJNIcGT2SimyEzIIWCBgqU0Ew1sDiUcB3enY771wPQRiTqEocpBDHrK9ETnKG1Om4prdzQdl8MQNE2RoBsv+OWvao3Ef0L/hTKZKrzjvvZ7iY8i0Ehl8yYlu+lGORMo+ASRsV2ZiBl/I71oWVRsRhMkE9+H9E963RpL9G2FNKJ+3MjZ7Exwzi0kzHDyMz2xuZ/vVaGveMgFyrNEBT/PtTLJMWEjoOgXaGBoxxaYFwL+yvlEdOMo43r15XbKDqIheG1UdFm488m8ReualXf8sVhuX4yTalAdsguqRCfHJE6OSPnpEE4uSeP5Ik8Ow/Oi/PqvH2PzjnTnW3yS877F2OYnOY=</latexit><latexit sha1_base64="sWNUbEf50n+SEvcPWNVJx+PmHaY=">AAACEnicbZDPSsNAEMY3/q31X6xHL4tFqAdLUgQ9Fr14VLBaaUPZbKfN6mYTdifFEvoWnr3qM3gTr76Aj+BbuK09aPWDgR/fzDDDF6ZSGPS8D2dufmFxabmwUlxdW9/YdLdKVybJNIcGT2SimyEzIIWCBgqU0Ew1sDiUcB3enY771wPQRiTqEocpBDHrK9ETnKG1Om4prdzQdl8MQNE2RoBsv+OWvao3Ef0L/hTKZKrzjvvZ7iY8i0Ehl8yYlu+lGORMo+ASRsV2ZiBl/I71oWVRsRhMkE9+H9E963RpL9G2FNKJ+3MjZ7Exwzi0kzHDyMz2xuZ/vVaGveMgFyrNEBT/PtTLJMWEjoOgXaGBoxxaYFwL+yvlEdOMo43r15XbKDqIheG1UdFm488m8ReualXf8sVhuX4yTalAdsguqRCfHJE6OSPnpEE4uSeP5Ik8Ow/Oi/PqvH2PzjnTnW3yS877F2OYnOY=</latexit>
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• But MCMC is too slow: need to perform 
expensive evaluation of p(Y | 𝜃t) at iteration t
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• Canonical, reliable approximate inference: 
Markov chain Monte Carlo (MCMC) 


➡ A top 10 algorithm of the 20th century 
[Dongarra & Sullivan, Computing in Science & Engineering]

• Approximate expectations: 
 

• But MCMC is too slow: need to perform 
expensive evaluation of p(Y | 𝜃t) at iteration t

• Our scalable solution: use likelihood 
approximations that…


1. Are accurate


2. Are fast to compute


3. Can be rigorously analyzed
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Agenda
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• A framework for scalable Bayesian inference 

➡ Algorithm design 

• Meaningful accuracy guarantees 

• Validating results from heuristic algorithms
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Likelihoods we will approximate
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counts  
[e.g. neural spikes]

[Meager 2017, Park et al. 2014, Jackson, Best & Richardson 2008]

continuous 
[e.g. profit]

binary 
[e.g. has disease?]

Widely-adopted likelihood family: generalized linear models

• Generalization of linear regression

• Flexible, but still interpretable

Types of observations
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| {z }
⌧(Y )
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Original
log p(Y | ✓) =

PN
n=1 log p(yn | ✓)

<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>
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Why polynomials?
1. Computationally convenient 
2. Can approximate any smooth function

[H, Adams & Broderick 2017]
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Why polynomials?
1. Computationally convenient 
2. Can approximate any smooth function
3. Approximation properties are well-understood

[H, Adams & Broderick 2017]
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1,000 covariates 
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• Poisson regression


• Full dataset doesn’t fit in RAM:  
2 billion spike count bins


• Compared to Laplace, PASS was:


• 60x faster


• 1000x memory reduction


• Essentially no loss of accuracy

Neuroscience application 
[Zoltowski & Pillow 2018]
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• A framework for scalable Bayesian inference 

• Algorithm design 

➡ Meaningful accuracy guarantees 

• Validating results from heuristic algorithms
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• Goal: Can we prove that PASS (or 
another likelihood approximation) 
will be accurate?


• If not, unsure if method is reliable

[H, Kasprzak, Campbell & Broderick 2018]
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• What’s useful notion of accuracy?


• What do we want from the 
approximation? 

• Point estimate: mean


• Uncertainty: standard deviation



Convenient…but meaningful?
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• Goal: good mean and standard deviation estimates

[H, Kasprzak, Campbell & Broderick 2018]
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   Proposition [HKCB18]

There exist q and ⇡ such that
stdev(q) = 1 and stdev(⇡) = 1
but

KL(q||⇡) < 1
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Better approximation properties: Wasserstein distance 

[H, Kasprzak, Campbell & Broderick 2018]
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   Theorem [HKCB18]

|mean(⇡)�mean(q)|  W(⇡, q)

| stdev(⇡)� stdev(q)|  2W(⇡, q)
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Meaningful…but convenient?

!16

Better approximation properties: Wasserstein distance 

[H, Kasprzak, Campbell & Broderick 2018]

W(⇡, q)2 = inf
�2�(⇡,q)

Z
k✓ � ✓0k22�(d✓, d✓0)

<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

   Theorem [HKCB18]

|mean(⇡)�mean(q)|  W(⇡, q)

| stdev(⇡)� stdev(q)|  2W(⇡, q)
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

• But, cannot compute Wasserstein distance efficiently

• Goal: computational efficiency of Kullback–Leibler divergence 
and guarantees of Wasserstein distance
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F⌘(⇡, q) = E⌘

⇥
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η-Fisher distance:

Many Wasserstein guarantees for MCMC…

…but not for likelihood approximations

[Johnson & Barron 2004, Bolley et al. 2012, 
Ley & Swan 2013, H & Zou 2017, H et al. 2018]
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η-Fisher distance:

Many Wasserstein guarantees for MCMC…

…but not for likelihood approximations
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   Theorem [HZ17, HKCB18]

W(⇡, q)  C(q)C 0(⌘,⇡)F⌘(⇡, q)
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Application: PASS reliably provides a 
high-quality approximation

!18[H, Adams & Broderick 2017, H & Zou 2017, H et al. 2018]
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Application: PASS reliably provides a 
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   Theorem [HAB17]

Let qM = the PASS approximate
posterior using degree M polynomials.

Then the Wasserstein distance
decreases exponentially in M :

W(⇡, qM )  crM
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• Benefit: confidence to use PASS with a new 
dataset

• Can also use 𝜂-Fisher distance to prove 
accuracy bounds for other likelihood 
approximations (e.g. Laplace approximation 
and coresets).
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• A framework for scalable Bayesian inference 

• Algorithm design 

➡ Meaningful accuracy guarantees 

➡ Validating results from heuristic algorithms
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Is that heuristic approximation any 
good?
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<latexit sha1_base64="0xtXkAiS2uu4HsD2y2Z+MBsmLJw=">AAACFHicbZDLSgNBEEV74ju+4mPnpjEIcWGYCYIuRTcuFYyJZELo6VQybXp6hu6aQAz5Dddu9RvciVv3foJ/YeexMIkXCg63qqjiBokUBl3328ksLC4tr6yuZdc3Nre2czu79yZONYcyj2WsqwEzIIWCMgqUUE00sCiQUAk6V8N+pQvaiFjdYS+BesTaSrQEZ2itRm7fT0TBxxCQUb8tuqDow3Ejl3eL7kh0HrwJ5MlEN43cj9+MeRqBQi6ZMTXPTbDeZxoFlzDI+qmBhPEOa0PNomIRmHp/9P2AHlmnSVuxtqWQjty/G30WGdOLAjsZMQzNbG9o/terpdg6r/eFSlIExceHWqmkGNNhFLQpNHCUPQuMa2F/pTxkmnG0gU1deQzDk0gYXhpkbTbebBLzcF8qepZvT/MXl5OUVskBOSQF4pEzckGuyQ0pE06eyAt5JW/Os/PufDif49GMM9nZI1Nyvn4B/ECdvw==</latexit><latexit sha1_base64="0xtXkAiS2uu4HsD2y2Z+MBsmLJw=">AAACFHicbZDLSgNBEEV74ju+4mPnpjEIcWGYCYIuRTcuFYyJZELo6VQybXp6hu6aQAz5Dddu9RvciVv3foJ/YeexMIkXCg63qqjiBokUBl3328ksLC4tr6yuZdc3Nre2czu79yZONYcyj2WsqwEzIIWCMgqUUE00sCiQUAk6V8N+pQvaiFjdYS+BesTaSrQEZ2itRm7fT0TBxxCQUb8tuqDow3Ejl3eL7kh0HrwJ5MlEN43cj9+MeRqBQi6ZMTXPTbDeZxoFlzDI+qmBhPEOa0PNomIRmHp/9P2AHlmnSVuxtqWQjty/G30WGdOLAjsZMQzNbG9o/terpdg6r/eFSlIExceHWqmkGNNhFLQpNHCUPQuMa2F/pTxkmnG0gU1deQzDk0gYXhpkbTbebBLzcF8qepZvT/MXl5OUVskBOSQF4pEzckGuyQ0pE06eyAt5JW/Os/PufDif49GMM9nZI1Nyvn4B/ECdvw==</latexit><latexit sha1_base64="0xtXkAiS2uu4HsD2y2Z+MBsmLJw=">AAACFHicbZDLSgNBEEV74ju+4mPnpjEIcWGYCYIuRTcuFYyJZELo6VQybXp6hu6aQAz5Dddu9RvciVv3foJ/YeexMIkXCg63qqjiBokUBl3328ksLC4tr6yuZdc3Nre2czu79yZONYcyj2WsqwEzIIWCMgqUUE00sCiQUAk6V8N+pQvaiFjdYS+BesTaSrQEZ2itRm7fT0TBxxCQUb8tuqDow3Ejl3eL7kh0HrwJ5MlEN43cj9+MeRqBQi6ZMTXPTbDeZxoFlzDI+qmBhPEOa0PNomIRmHp/9P2AHlmnSVuxtqWQjty/G30WGdOLAjsZMQzNbG9o/terpdg6r/eFSlIExceHWqmkGNNhFLQpNHCUPQuMa2F/pTxkmnG0gU1deQzDk0gYXhpkbTbebBLzcF8qepZvT/MXl5OUVskBOSQF4pEzckGuyQ0pE06eyAt5JW/Os/PufDif49GMM9nZI1Nyvn4B/ECdvw==</latexit><latexit sha1_base64="0xtXkAiS2uu4HsD2y2Z+MBsmLJw=">AAACFHicbZDLSgNBEEV74ju+4mPnpjEIcWGYCYIuRTcuFYyJZELo6VQybXp6hu6aQAz5Dddu9RvciVv3foJ/YeexMIkXCg63qqjiBokUBl3328ksLC4tr6yuZdc3Nre2czu79yZONYcyj2WsqwEzIIWCMgqUUE00sCiQUAk6V8N+pQvaiFjdYS+BesTaSrQEZ2itRm7fT0TBxxCQUb8tuqDow3Ejl3eL7kh0HrwJ5MlEN43cj9+MeRqBQi6ZMTXPTbDeZxoFlzDI+qmBhPEOa0PNomIRmHp/9P2AHlmnSVuxtqWQjty/G30WGdOLAjsZMQzNbG9o/terpdg6r/eFSlIExceHWqmkGNNhFLQpNHCUPQuMa2F/pTxkmnG0gU1deQzDk0gYXhpkbTbebBLzcF8qepZvT/MXl5OUVskBOSQF4pEzckGuyQ0pE06eyAt5JW/Os/PufDif49GMM9nZI1Nyvn4B/ECdvw==</latexit>

Is that heuristic approximation any 
good?

!21[Gorham & Mackey 2015, H & Mackey 2018]

qT
<latexit sha1_base64="+FmL4ajuKlcgsae4VXIqNubFrhA=">AAACFXicbVBNS8NAEJ3Ur1q/qh69LBbBiyUpgh4LXjxJxX5BG8pmu2nWbjZxdyOW0J/g1f4ab+LVsz9GcNvmYFsfDDzezDDznhdzprRtf1u5tfWNza38dmFnd2//oHh41FRRIgltkIhHsu1hRTkTtKGZ5rQdS4pDj9OWN7yZ9lvPVCoWiboexdQN8UAwnxGsjfTw1Kv3iiW7bM+AVomTkRJkqPWKP91+RJKQCk04Vqrj2LF2Uyw1I5yOC91E0RiTIR7QjqECh1S56ezVMTozSh/5kTQlNJqpfzdSHCo1Cj0zGWIdqOXeVPyv10m0f+2mTMSJpoLMD/kJRzpCU9+ozyQlmo8MwUQy8ysiAZaYaJPOwpXHILgImSKVBSvpy9xBweTlLKezSpqVsmP4/WWpepcll4cTOIVzcOAKqnALNWgAgQG8whtMrIn1bn1Yn/PRnJXtHMMCrK9fPf6flA==</latexit><latexit sha1_base64="+FmL4ajuKlcgsae4VXIqNubFrhA=">AAACFXicbVBNS8NAEJ3Ur1q/qh69LBbBiyUpgh4LXjxJxX5BG8pmu2nWbjZxdyOW0J/g1f4ab+LVsz9GcNvmYFsfDDzezDDznhdzprRtf1u5tfWNza38dmFnd2//oHh41FRRIgltkIhHsu1hRTkTtKGZ5rQdS4pDj9OWN7yZ9lvPVCoWiboexdQN8UAwnxGsjfTw1Kv3iiW7bM+AVomTkRJkqPWKP91+RJKQCk04Vqrj2LF2Uyw1I5yOC91E0RiTIR7QjqECh1S56ezVMTozSh/5kTQlNJqpfzdSHCo1Cj0zGWIdqOXeVPyv10m0f+2mTMSJpoLMD/kJRzpCU9+ozyQlmo8MwUQy8ysiAZaYaJPOwpXHILgImSKVBSvpy9xBweTlLKezSpqVsmP4/WWpepcll4cTOIVzcOAKqnALNWgAgQG8whtMrIn1bn1Yn/PRnJXtHMMCrK9fPf6flA==</latexit><latexit sha1_base64="+FmL4ajuKlcgsae4VXIqNubFrhA=">AAACFXicbVBNS8NAEJ3Ur1q/qh69LBbBiyUpgh4LXjxJxX5BG8pmu2nWbjZxdyOW0J/g1f4ab+LVsz9GcNvmYFsfDDzezDDznhdzprRtf1u5tfWNza38dmFnd2//oHh41FRRIgltkIhHsu1hRTkTtKGZ5rQdS4pDj9OWN7yZ9lvPVCoWiboexdQN8UAwnxGsjfTw1Kv3iiW7bM+AVomTkRJkqPWKP91+RJKQCk04Vqrj2LF2Uyw1I5yOC91E0RiTIR7QjqECh1S56ezVMTozSh/5kTQlNJqpfzdSHCo1Cj0zGWIdqOXeVPyv10m0f+2mTMSJpoLMD/kJRzpCU9+ozyQlmo8MwUQy8ysiAZaYaJPOwpXHILgImSKVBSvpy9xBweTlLKezSpqVsmP4/WWpepcll4cTOIVzcOAKqnALNWgAgQG8whtMrIn1bn1Yn/PRnJXtHMMCrK9fPf6flA==</latexit><latexit sha1_base64="+FmL4ajuKlcgsae4VXIqNubFrhA=">AAACFXicbVBNS8NAEJ3Ur1q/qh69LBbBiyUpgh4LXjxJxX5BG8pmu2nWbjZxdyOW0J/g1f4ab+LVsz9GcNvmYFsfDDzezDDznhdzprRtf1u5tfWNza38dmFnd2//oHh41FRRIgltkIhHsu1hRTkTtKGZ5rQdS4pDj9OWN7yZ9lvPVCoWiboexdQN8UAwnxGsjfTw1Kv3iiW7bM+AVomTkRJkqPWKP91+RJKQCk04Vqrj2LF2Uyw1I5yOC91E0RiTIR7QjqECh1S56ezVMTozSh/5kTQlNJqpfzdSHCo1Cj0zGWIdqOXeVPyv10m0f+2mTMSJpoLMD/kJRzpCU9+ozyQlmo8MwUQy8ysiAZaYaJPOwpXHILgImSKVBSvpy9xBweTlLKezSpqVsmP4/WWpepcll4cTOIVzcOAKqnALNWgAgQG8whtMrIn1bn1Yn/PRnJXtHMMCrK9fPf6flA==</latexit>1. approximation quality

qT ⇡ ⇡?
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Goals



⇡(✓ |Y )
<latexit sha1_base64="0xtXkAiS2uu4HsD2y2Z+MBsmLJw=">AAACFHicbZDLSgNBEEV74ju+4mPnpjEIcWGYCYIuRTcuFYyJZELo6VQybXp6hu6aQAz5Dddu9RvciVv3foJ/YeexMIkXCg63qqjiBokUBl3328ksLC4tr6yuZdc3Nre2czu79yZONYcyj2WsqwEzIIWCMgqUUE00sCiQUAk6V8N+pQvaiFjdYS+BesTaSrQEZ2itRm7fT0TBxxCQUb8tuqDow3Ejl3eL7kh0HrwJ5MlEN43cj9+MeRqBQi6ZMTXPTbDeZxoFlzDI+qmBhPEOa0PNomIRmHp/9P2AHlmnSVuxtqWQjty/G30WGdOLAjsZMQzNbG9o/terpdg6r/eFSlIExceHWqmkGNNhFLQpNHCUPQuMa2F/pTxkmnG0gU1deQzDk0gYXhpkbTbebBLzcF8qepZvT/MXl5OUVskBOSQF4pEzckGuyQ0pE06eyAt5JW/Os/PufDif49GMM9nZI1Nyvn4B/ECdvw==</latexit><latexit sha1_base64="0xtXkAiS2uu4HsD2y2Z+MBsmLJw=">AAACFHicbZDLSgNBEEV74ju+4mPnpjEIcWGYCYIuRTcuFYyJZELo6VQybXp6hu6aQAz5Dddu9RvciVv3foJ/YeexMIkXCg63qqjiBokUBl3328ksLC4tr6yuZdc3Nre2czu79yZONYcyj2WsqwEzIIWCMgqUUE00sCiQUAk6V8N+pQvaiFjdYS+BesTaSrQEZ2itRm7fT0TBxxCQUb8tuqDow3Ejl3eL7kh0HrwJ5MlEN43cj9+MeRqBQi6ZMTXPTbDeZxoFlzDI+qmBhPEOa0PNomIRmHp/9P2AHlmnSVuxtqWQjty/G30WGdOLAjsZMQzNbG9o/terpdg6r/eFSlIExceHWqmkGNNhFLQpNHCUPQuMa2F/pTxkmnG0gU1deQzDk0gYXhpkbTbebBLzcF8qepZvT/MXl5OUVskBOSQF4pEzckGuyQ0pE06eyAt5JW/Os/PufDif49GMM9nZI1Nyvn4B/ECdvw==</latexit><latexit sha1_base64="0xtXkAiS2uu4HsD2y2Z+MBsmLJw=">AAACFHicbZDLSgNBEEV74ju+4mPnpjEIcWGYCYIuRTcuFYyJZELo6VQybXp6hu6aQAz5Dddu9RvciVv3foJ/YeexMIkXCg63qqjiBokUBl3328ksLC4tr6yuZdc3Nre2czu79yZONYcyj2WsqwEzIIWCMgqUUE00sCiQUAk6V8N+pQvaiFjdYS+BesTaSrQEZ2itRm7fT0TBxxCQUb8tuqDow3Ejl3eL7kh0HrwJ5MlEN43cj9+MeRqBQi6ZMTXPTbDeZxoFlzDI+qmBhPEOa0PNomIRmHp/9P2AHlmnSVuxtqWQjty/G30WGdOLAjsZMQzNbG9o/terpdg6r/eFSlIExceHWqmkGNNhFLQpNHCUPQuMa2F/pTxkmnG0gU1deQzDk0gYXhpkbTbebBLzcF8qepZvT/MXl5OUVskBOSQF4pEzckGuyQ0pE06eyAt5JW/Os/PufDif49GMM9nZI1Nyvn4B/ECdvw==</latexit><latexit sha1_base64="0xtXkAiS2uu4HsD2y2Z+MBsmLJw=">AAACFHicbZDLSgNBEEV74ju+4mPnpjEIcWGYCYIuRTcuFYyJZELo6VQybXp6hu6aQAz5Dddu9RvciVv3foJ/YeexMIkXCg63qqjiBokUBl3328ksLC4tr6yuZdc3Nre2czu79yZONYcyj2WsqwEzIIWCMgqUUE00sCiQUAk6V8N+pQvaiFjdYS+BesTaSrQEZ2itRm7fT0TBxxCQUb8tuqDow3Ejl3eL7kh0HrwJ5MlEN43cj9+MeRqBQi6ZMTXPTbDeZxoFlzDI+qmBhPEOa0PNomIRmHp/9P2AHlmnSVuxtqWQjty/G30WGdOLAjsZMQzNbG9o/terpdg6r/eFSlIExceHWqmkGNNhFLQpNHCUPQuMa2F/pTxkmnG0gU1deQzDk0gYXhpkbTbebBLzcF8qepZvT/MXl5OUVskBOSQF4pEzckGuyQ0pE06eyAt5JW/Os/PufDif49GMM9nZI1Nyvn4B/ECdvw==</latexit>

Is that heuristic approximation any 
good?

!21[Gorham & Mackey 2015, H & Mackey 2018]

versus

2. algorithm selection

qT
<latexit sha1_base64="+FmL4ajuKlcgsae4VXIqNubFrhA=">AAACFXicbVBNS8NAEJ3Ur1q/qh69LBbBiyUpgh4LXjxJxX5BG8pmu2nWbjZxdyOW0J/g1f4ab+LVsz9GcNvmYFsfDDzezDDznhdzprRtf1u5tfWNza38dmFnd2//oHh41FRRIgltkIhHsu1hRTkTtKGZ5rQdS4pDj9OWN7yZ9lvPVCoWiboexdQN8UAwnxGsjfTw1Kv3iiW7bM+AVomTkRJkqPWKP91+RJKQCk04Vqrj2LF2Uyw1I5yOC91E0RiTIR7QjqECh1S56ezVMTozSh/5kTQlNJqpfzdSHCo1Cj0zGWIdqOXeVPyv10m0f+2mTMSJpoLMD/kJRzpCU9+ozyQlmo8MwUQy8ysiAZaYaJPOwpXHILgImSKVBSvpy9xBweTlLKezSpqVsmP4/WWpepcll4cTOIVzcOAKqnALNWgAgQG8whtMrIn1bn1Yn/PRnJXtHMMCrK9fPf6flA==</latexit><latexit sha1_base64="+FmL4ajuKlcgsae4VXIqNubFrhA=">AAACFXicbVBNS8NAEJ3Ur1q/qh69LBbBiyUpgh4LXjxJxX5BG8pmu2nWbjZxdyOW0J/g1f4ab+LVsz9GcNvmYFsfDDzezDDznhdzprRtf1u5tfWNza38dmFnd2//oHh41FRRIgltkIhHsu1hRTkTtKGZ5rQdS4pDj9OWN7yZ9lvPVCoWiboexdQN8UAwnxGsjfTw1Kv3iiW7bM+AVomTkRJkqPWKP91+RJKQCk04Vqrj2LF2Uyw1I5yOC91E0RiTIR7QjqECh1S56ezVMTozSh/5kTQlNJqpfzdSHCo1Cj0zGWIdqOXeVPyv10m0f+2mTMSJpoLMD/kJRzpCU9+ozyQlmo8MwUQy8ysiAZaYaJPOwpXHILgImSKVBSvpy9xBweTlLKezSpqVsmP4/WWpepcll4cTOIVzcOAKqnALNWgAgQG8whtMrIn1bn1Yn/PRnJXtHMMCrK9fPf6flA==</latexit><latexit sha1_base64="+FmL4ajuKlcgsae4VXIqNubFrhA=">AAACFXicbVBNS8NAEJ3Ur1q/qh69LBbBiyUpgh4LXjxJxX5BG8pmu2nWbjZxdyOW0J/g1f4ab+LVsz9GcNvmYFsfDDzezDDznhdzprRtf1u5tfWNza38dmFnd2//oHh41FRRIgltkIhHsu1hRTkTtKGZ5rQdS4pDj9OWN7yZ9lvPVCoWiboexdQN8UAwnxGsjfTw1Kv3iiW7bM+AVomTkRJkqPWKP91+RJKQCk04Vqrj2LF2Uyw1I5yOC91E0RiTIR7QjqECh1S56ezVMTozSh/5kTQlNJqpfzdSHCo1Cj0zGWIdqOXeVPyv10m0f+2mTMSJpoLMD/kJRzpCU9+ozyQlmo8MwUQy8ysiAZaYaJPOwpXHILgImSKVBSvpy9xBweTlLKezSpqVsmP4/WWpepcll4cTOIVzcOAKqnALNWgAgQG8whtMrIn1bn1Yn/PRnJXtHMMCrK9fPf6flA==</latexit><latexit sha1_base64="+FmL4ajuKlcgsae4VXIqNubFrhA=">AAACFXicbVBNS8NAEJ3Ur1q/qh69LBbBiyUpgh4LXjxJxX5BG8pmu2nWbjZxdyOW0J/g1f4ab+LVsz9GcNvmYFsfDDzezDDznhdzprRtf1u5tfWNza38dmFnd2//oHh41FRRIgltkIhHsu1hRTkTtKGZ5rQdS4pDj9OWN7yZ9lvPVCoWiboexdQN8UAwnxGsjfTw1Kv3iiW7bM+AVomTkRJkqPWKP91+RJKQCk04Vqrj2LF2Uyw1I5yOC91E0RiTIR7QjqECh1S56ezVMTozSh/5kTQlNJqpfzdSHCo1Cj0zGWIdqOXeVPyv10m0f+2mTMSJpoLMD/kJRzpCU9+ozyQlmo8MwUQy8ysiAZaYaJPOwpXHILgImSKVBSvpy9xBweTlLKezSpqVsmP4/WWpepcll4cTOIVzcOAKqnALNWgAgQG8whtMrIn1bn1Yn/PRnJXtHMMCrK9fPf6flA==</latexit>1. approximation quality

qT ⇡ ⇡?
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Goals



⇡(✓ |Y )
<latexit sha1_base64="0xtXkAiS2uu4HsD2y2Z+MBsmLJw=">AAACFHicbZDLSgNBEEV74ju+4mPnpjEIcWGYCYIuRTcuFYyJZELo6VQybXp6hu6aQAz5Dddu9RvciVv3foJ/YeexMIkXCg63qqjiBokUBl3328ksLC4tr6yuZdc3Nre2czu79yZONYcyj2WsqwEzIIWCMgqUUE00sCiQUAk6V8N+pQvaiFjdYS+BesTaSrQEZ2itRm7fT0TBxxCQUb8tuqDow3Ejl3eL7kh0HrwJ5MlEN43cj9+MeRqBQi6ZMTXPTbDeZxoFlzDI+qmBhPEOa0PNomIRmHp/9P2AHlmnSVuxtqWQjty/G30WGdOLAjsZMQzNbG9o/terpdg6r/eFSlIExceHWqmkGNNhFLQpNHCUPQuMa2F/pTxkmnG0gU1deQzDk0gYXhpkbTbebBLzcF8qepZvT/MXl5OUVskBOSQF4pEzckGuyQ0pE06eyAt5JW/Os/PufDif49GMM9nZI1Nyvn4B/ECdvw==</latexit><latexit sha1_base64="0xtXkAiS2uu4HsD2y2Z+MBsmLJw=">AAACFHicbZDLSgNBEEV74ju+4mPnpjEIcWGYCYIuRTcuFYyJZELo6VQybXp6hu6aQAz5Dddu9RvciVv3foJ/YeexMIkXCg63qqjiBokUBl3328ksLC4tr6yuZdc3Nre2czu79yZONYcyj2WsqwEzIIWCMgqUUE00sCiQUAk6V8N+pQvaiFjdYS+BesTaSrQEZ2itRm7fT0TBxxCQUb8tuqDow3Ejl3eL7kh0HrwJ5MlEN43cj9+MeRqBQi6ZMTXPTbDeZxoFlzDI+qmBhPEOa0PNomIRmHp/9P2AHlmnSVuxtqWQjty/G30WGdOLAjsZMQzNbG9o/terpdg6r/eFSlIExceHWqmkGNNhFLQpNHCUPQuMa2F/pTxkmnG0gU1deQzDk0gYXhpkbTbebBLzcF8qepZvT/MXl5OUVskBOSQF4pEzckGuyQ0pE06eyAt5JW/Os/PufDif49GMM9nZI1Nyvn4B/ECdvw==</latexit><latexit sha1_base64="0xtXkAiS2uu4HsD2y2Z+MBsmLJw=">AAACFHicbZDLSgNBEEV74ju+4mPnpjEIcWGYCYIuRTcuFYyJZELo6VQybXp6hu6aQAz5Dddu9RvciVv3foJ/YeexMIkXCg63qqjiBokUBl3328ksLC4tr6yuZdc3Nre2czu79yZONYcyj2WsqwEzIIWCMgqUUE00sCiQUAk6V8N+pQvaiFjdYS+BesTaSrQEZ2itRm7fT0TBxxCQUb8tuqDow3Ejl3eL7kh0HrwJ5MlEN43cj9+MeRqBQi6ZMTXPTbDeZxoFlzDI+qmBhPEOa0PNomIRmHp/9P2AHlmnSVuxtqWQjty/G30WGdOLAjsZMQzNbG9o/terpdg6r/eFSlIExceHWqmkGNNhFLQpNHCUPQuMa2F/pTxkmnG0gU1deQzDk0gYXhpkbTbebBLzcF8qepZvT/MXl5OUVskBOSQF4pEzckGuyQ0pE06eyAt5JW/Os/PufDif49GMM9nZI1Nyvn4B/ECdvw==</latexit><latexit sha1_base64="0xtXkAiS2uu4HsD2y2Z+MBsmLJw=">AAACFHicbZDLSgNBEEV74ju+4mPnpjEIcWGYCYIuRTcuFYyJZELo6VQybXp6hu6aQAz5Dddu9RvciVv3foJ/YeexMIkXCg63qqjiBokUBl3328ksLC4tr6yuZdc3Nre2czu79yZONYcyj2WsqwEzIIWCMgqUUE00sCiQUAk6V8N+pQvaiFjdYS+BesTaSrQEZ2itRm7fT0TBxxCQUb8tuqDow3Ejl3eL7kh0HrwJ5MlEN43cj9+MeRqBQi6ZMTXPTbDeZxoFlzDI+qmBhPEOa0PNomIRmHp/9P2AHlmnSVuxtqWQjty/G30WGdOLAjsZMQzNbG9o/terpdg6r/eFSlIExceHWqmkGNNhFLQpNHCUPQuMa2F/pTxkmnG0gU1deQzDk0gYXhpkbTbebBLzcF8qepZvT/MXl5OUVskBOSQF4pEzckGuyQ0pE06eyAt5JW/Os/PufDif49GMM9nZI1Nyvn4B/ECdvw==</latexit>

Is that heuristic approximation any 
good?

!21[Gorham & Mackey 2015, H & Mackey 2018]

versus

2. algorithm selection

qT
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<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

[H & Mackey 2018]

Recall: ⇥(MT ) time complexity when using M importance samples
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>
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Random feature Stein discrepancies: 
fast and theoretically sound

Feature Stein discrepancies are theoretically sound:

Our solution: design Stein discrepancy from the start for use 
with importance sampling

�SD�,r(⇡, qT ) =

Z n
T�1PT

t=1T⇡�(✓t, z)
or

dz

�2/r

<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

Random feature Stein discrepancies are importance sampled approximations:

R�SD�,r(⇡, qT ) =
h
M�1PM

m=1⇢(Zm)�1
n
T�1PT

t=1T⇡�(✓t, Zm)
ori2/r

<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

[H & Mackey 2018]

Recall: ⇥(MT ) time complexity when using M importance samples
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

  
   Theorem [HM18]
For any ↵ > 0, we can compute a theoretically sound random
feature Stein discrepancy using M = ⇥(T↵) importance samples
in near-linear ⇥(T 1+↵) time.

<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>
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Application #1: selecting the best 
inference algorithm

⇡(✓ |Y )
<latexit sha1_base64="0xtXkAiS2uu4HsD2y2Z+MBsmLJw=">AAACFHicbZDLSgNBEEV74ju+4mPnpjEIcWGYCYIuRTcuFYyJZELo6VQybXp6hu6aQAz5Dddu9RvciVv3foJ/YeexMIkXCg63qqjiBokUBl3328ksLC4tr6yuZdc3Nre2czu79yZONYcyj2WsqwEzIIWCMgqUUE00sCiQUAk6V8N+pQvaiFjdYS+BesTaSrQEZ2itRm7fT0TBxxCQUb8tuqDow3Ejl3eL7kh0HrwJ5MlEN43cj9+MeRqBQi6ZMTXPTbDeZxoFlzDI+qmBhPEOa0PNomIRmHp/9P2AHlmnSVuxtqWQjty/G30WGdOLAjsZMQzNbG9o/terpdg6r/eFSlIExceHWqmkGNNhFLQpNHCUPQuMa2F/pTxkmnG0gU1deQzDk0gYXhpkbTbebBLzcF8qepZvT/MXl5OUVskBOSQF4pEzckGuyQ0pE06eyAt5JW/Os/PufDif49GMM9nZI1Nyvn4B/ECdvw==</latexit><latexit sha1_base64="0xtXkAiS2uu4HsD2y2Z+MBsmLJw=">AAACFHicbZDLSgNBEEV74ju+4mPnpjEIcWGYCYIuRTcuFYyJZELo6VQybXp6hu6aQAz5Dddu9RvciVv3foJ/YeexMIkXCg63qqjiBokUBl3328ksLC4tr6yuZdc3Nre2czu79yZONYcyj2WsqwEzIIWCMgqUUE00sCiQUAk6V8N+pQvaiFjdYS+BesTaSrQEZ2itRm7fT0TBxxCQUb8tuqDow3Ejl3eL7kh0HrwJ5MlEN43cj9+MeRqBQi6ZMTXPTbDeZxoFlzDI+qmBhPEOa0PNomIRmHp/9P2AHlmnSVuxtqWQjty/G30WGdOLAjsZMQzNbG9o/terpdg6r/eFSlIExceHWqmkGNNhFLQpNHCUPQuMa2F/pTxkmnG0gU1deQzDk0gYXhpkbTbebBLzcF8qepZvT/MXl5OUVskBOSQF4pEzckGuyQ0pE06eyAt5JW/Os/PufDif49GMM9nZI1Nyvn4B/ECdvw==</latexit><latexit sha1_base64="0xtXkAiS2uu4HsD2y2Z+MBsmLJw=">AAACFHicbZDLSgNBEEV74ju+4mPnpjEIcWGYCYIuRTcuFYyJZELo6VQybXp6hu6aQAz5Dddu9RvciVv3foJ/YeexMIkXCg63qqjiBokUBl3328ksLC4tr6yuZdc3Nre2czu79yZONYcyj2WsqwEzIIWCMgqUUE00sCiQUAk6V8N+pQvaiFjdYS+BesTaSrQEZ2itRm7fT0TBxxCQUb8tuqDow3Ejl3eL7kh0HrwJ5MlEN43cj9+MeRqBQi6ZMTXPTbDeZxoFlzDI+qmBhPEOa0PNomIRmHp/9P2AHlmnSVuxtqWQjty/G30WGdOLAjsZMQzNbG9o/terpdg6r/eFSlIExceHWqmkGNNhFLQpNHCUPQuMa2F/pTxkmnG0gU1deQzDk0gYXhpkbTbebBLzcF8qepZvT/MXl5OUVskBOSQF4pEzckGuyQ0pE06eyAt5JW/Os/PufDif49GMM9nZI1Nyvn4B/ECdvw==</latexit><latexit sha1_base64="0xtXkAiS2uu4HsD2y2Z+MBsmLJw=">AAACFHicbZDLSgNBEEV74ju+4mPnpjEIcWGYCYIuRTcuFYyJZELo6VQybXp6hu6aQAz5Dddu9RvciVv3foJ/YeexMIkXCg63qqjiBokUBl3328ksLC4tr6yuZdc3Nre2czu79yZONYcyj2WsqwEzIIWCMgqUUE00sCiQUAk6V8N+pQvaiFjdYS+BesTaSrQEZ2itRm7fT0TBxxCQUb8tuqDow3Ejl3eL7kh0HrwJ5MlEN43cj9+MeRqBQi6ZMTXPTbDeZxoFlzDI+qmBhPEOa0PNomIRmHp/9P2AHlmnSVuxtqWQjty/G30WGdOLAjsZMQzNbG9o/terpdg6r/eFSlIExceHWqmkGNNhFLQpNHCUPQuMa2F/pTxkmnG0gU1deQzDk0gYXhpkbTbebBLzcF8qepZvT/MXl5OUVskBOSQF4pEzckGuyQ0pE06eyAt5JW/Os/PufDif49GMM9nZI1Nyvn4B/ECdvw==</latexit>

“exact” MCMC
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Application #1: selecting the best 
inference algorithm

⇡(✓ |Y )
<latexit sha1_base64="0xtXkAiS2uu4HsD2y2Z+MBsmLJw=">AAACFHicbZDLSgNBEEV74ju+4mPnpjEIcWGYCYIuRTcuFYyJZELo6VQybXp6hu6aQAz5Dddu9RvciVv3foJ/YeexMIkXCg63qqjiBokUBl3328ksLC4tr6yuZdc3Nre2czu79yZONYcyj2WsqwEzIIWCMgqUUE00sCiQUAk6V8N+pQvaiFjdYS+BesTaSrQEZ2itRm7fT0TBxxCQUb8tuqDow3Ejl3eL7kh0HrwJ5MlEN43cj9+MeRqBQi6ZMTXPTbDeZxoFlzDI+qmBhPEOa0PNomIRmHp/9P2AHlmnSVuxtqWQjty/G30WGdOLAjsZMQzNbG9o/terpdg6r/eFSlIExceHWqmkGNNhFLQpNHCUPQuMa2F/pTxkmnG0gU1deQzDk0gYXhpkbTbebBLzcF8qepZvT/MXl5OUVskBOSQF4pEzckGuyQ0pE06eyAt5JW/Os/PufDif49GMM9nZI1Nyvn4B/ECdvw==</latexit><latexit sha1_base64="0xtXkAiS2uu4HsD2y2Z+MBsmLJw=">AAACFHicbZDLSgNBEEV74ju+4mPnpjEIcWGYCYIuRTcuFYyJZELo6VQybXp6hu6aQAz5Dddu9RvciVv3foJ/YeexMIkXCg63qqjiBokUBl3328ksLC4tr6yuZdc3Nre2czu79yZONYcyj2WsqwEzIIWCMgqUUE00sCiQUAk6V8N+pQvaiFjdYS+BesTaSrQEZ2itRm7fT0TBxxCQUb8tuqDow3Ejl3eL7kh0HrwJ5MlEN43cj9+MeRqBQi6ZMTXPTbDeZxoFlzDI+qmBhPEOa0PNomIRmHp/9P2AHlmnSVuxtqWQjty/G30WGdOLAjsZMQzNbG9o/terpdg6r/eFSlIExceHWqmkGNNhFLQpNHCUPQuMa2F/pTxkmnG0gU1deQzDk0gYXhpkbTbebBLzcF8qepZvT/MXl5OUVskBOSQF4pEzckGuyQ0pE06eyAt5JW/Os/PufDif49GMM9nZI1Nyvn4B/ECdvw==</latexit><latexit sha1_base64="0xtXkAiS2uu4HsD2y2Z+MBsmLJw=">AAACFHicbZDLSgNBEEV74ju+4mPnpjEIcWGYCYIuRTcuFYyJZELo6VQybXp6hu6aQAz5Dddu9RvciVv3foJ/YeexMIkXCg63qqjiBokUBl3328ksLC4tr6yuZdc3Nre2czu79yZONYcyj2WsqwEzIIWCMgqUUE00sCiQUAk6V8N+pQvaiFjdYS+BesTaSrQEZ2itRm7fT0TBxxCQUb8tuqDow3Ejl3eL7kh0HrwJ5MlEN43cj9+MeRqBQi6ZMTXPTbDeZxoFlzDI+qmBhPEOa0PNomIRmHp/9P2AHlmnSVuxtqWQjty/G30WGdOLAjsZMQzNbG9o/terpdg6r/eFSlIExceHWqmkGNNhFLQpNHCUPQuMa2F/pTxkmnG0gU1deQzDk0gYXhpkbTbebBLzcF8qepZvT/MXl5OUVskBOSQF4pEzckGuyQ0pE06eyAt5JW/Os/PufDif49GMM9nZI1Nyvn4B/ECdvw==</latexit><latexit sha1_base64="0xtXkAiS2uu4HsD2y2Z+MBsmLJw=">AAACFHicbZDLSgNBEEV74ju+4mPnpjEIcWGYCYIuRTcuFYyJZELo6VQybXp6hu6aQAz5Dddu9RvciVv3foJ/YeexMIkXCg63qqjiBokUBl3328ksLC4tr6yuZdc3Nre2czu79yZONYcyj2WsqwEzIIWCMgqUUE00sCiQUAk6V8N+pQvaiFjdYS+BesTaSrQEZ2itRm7fT0TBxxCQUb8tuqDow3Ejl3eL7kh0HrwJ5MlEN43cj9+MeRqBQi6ZMTXPTbDeZxoFlzDI+qmBhPEOa0PNomIRmHp/9P2AHlmnSVuxtqWQjty/G30WGdOLAjsZMQzNbG9o/terpdg6r/eFSlIExceHWqmkGNNhFLQpNHCUPQuMa2F/pTxkmnG0gU1deQzDk0gYXhpkbTbebBLzcF8qepZvT/MXl5OUVskBOSQF4pEzckGuyQ0pE06eyAt5JW/Os/PufDif49GMM9nZI1Nyvn4B/ECdvw==</latexit>

“exact” MCMC



small " = less bias, slower exploration
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

approximate MCMC(")
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

vs
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Application #1: selecting the best 
inference algorithm

⇡(✓ |Y )
<latexit sha1_base64="0xtXkAiS2uu4HsD2y2Z+MBsmLJw=">AAACFHicbZDLSgNBEEV74ju+4mPnpjEIcWGYCYIuRTcuFYyJZELo6VQybXp6hu6aQAz5Dddu9RvciVv3foJ/YeexMIkXCg63qqjiBokUBl3328ksLC4tr6yuZdc3Nre2czu79yZONYcyj2WsqwEzIIWCMgqUUE00sCiQUAk6V8N+pQvaiFjdYS+BesTaSrQEZ2itRm7fT0TBxxCQUb8tuqDow3Ejl3eL7kh0HrwJ5MlEN43cj9+MeRqBQi6ZMTXPTbDeZxoFlzDI+qmBhPEOa0PNomIRmHp/9P2AHlmnSVuxtqWQjty/G30WGdOLAjsZMQzNbG9o/terpdg6r/eFSlIExceHWqmkGNNhFLQpNHCUPQuMa2F/pTxkmnG0gU1deQzDk0gYXhpkbTbebBLzcF8qepZvT/MXl5OUVskBOSQF4pEzckGuyQ0pE06eyAt5JW/Os/PufDif49GMM9nZI1Nyvn4B/ECdvw==</latexit><latexit sha1_base64="0xtXkAiS2uu4HsD2y2Z+MBsmLJw=">AAACFHicbZDLSgNBEEV74ju+4mPnpjEIcWGYCYIuRTcuFYyJZELo6VQybXp6hu6aQAz5Dddu9RvciVv3foJ/YeexMIkXCg63qqjiBokUBl3328ksLC4tr6yuZdc3Nre2czu79yZONYcyj2WsqwEzIIWCMgqUUE00sCiQUAk6V8N+pQvaiFjdYS+BesTaSrQEZ2itRm7fT0TBxxCQUb8tuqDow3Ejl3eL7kh0HrwJ5MlEN43cj9+MeRqBQi6ZMTXPTbDeZxoFlzDI+qmBhPEOa0PNomIRmHp/9P2AHlmnSVuxtqWQjty/G30WGdOLAjsZMQzNbG9o/terpdg6r/eFSlIExceHWqmkGNNhFLQpNHCUPQuMa2F/pTxkmnG0gU1deQzDk0gYXhpkbTbebBLzcF8qepZvT/MXl5OUVskBOSQF4pEzckGuyQ0pE06eyAt5JW/Os/PufDif49GMM9nZI1Nyvn4B/ECdvw==</latexit><latexit sha1_base64="0xtXkAiS2uu4HsD2y2Z+MBsmLJw=">AAACFHicbZDLSgNBEEV74ju+4mPnpjEIcWGYCYIuRTcuFYyJZELo6VQybXp6hu6aQAz5Dddu9RvciVv3foJ/YeexMIkXCg63qqjiBokUBl3328ksLC4tr6yuZdc3Nre2czu79yZONYcyj2WsqwEzIIWCMgqUUE00sCiQUAk6V8N+pQvaiFjdYS+BesTaSrQEZ2itRm7fT0TBxxCQUb8tuqDow3Ejl3eL7kh0HrwJ5MlEN43cj9+MeRqBQi6ZMTXPTbDeZxoFlzDI+qmBhPEOa0PNomIRmHp/9P2AHlmnSVuxtqWQjty/G30WGdOLAjsZMQzNbG9o/terpdg6r/eFSlIExceHWqmkGNNhFLQpNHCUPQuMa2F/pTxkmnG0gU1deQzDk0gYXhpkbTbebBLzcF8qepZvT/MXl5OUVskBOSQF4pEzckGuyQ0pE06eyAt5JW/Os/PufDif49GMM9nZI1Nyvn4B/ECdvw==</latexit><latexit sha1_base64="0xtXkAiS2uu4HsD2y2Z+MBsmLJw=">AAACFHicbZDLSgNBEEV74ju+4mPnpjEIcWGYCYIuRTcuFYyJZELo6VQybXp6hu6aQAz5Dddu9RvciVv3foJ/YeexMIkXCg63qqjiBokUBl3328ksLC4tr6yuZdc3Nre2czu79yZONYcyj2WsqwEzIIWCMgqUUE00sCiQUAk6V8N+pQvaiFjdYS+BesTaSrQEZ2itRm7fT0TBxxCQUb8tuqDow3Ejl3eL7kh0HrwJ5MlEN43cj9+MeRqBQi6ZMTXPTbDeZxoFlzDI+qmBhPEOa0PNomIRmHp/9P2AHlmnSVuxtqWQjty/G30WGdOLAjsZMQzNbG9o/terpdg6r/eFSlIExceHWqmkGNNhFLQpNHCUPQuMa2F/pTxkmnG0gU1deQzDk0gYXhpkbTbebBLzcF8qepZvT/MXl5OUVskBOSQF4pEzckGuyQ0pE06eyAt5JW/Os/PufDif49GMM9nZI1Nyvn4B/ECdvw==</latexit>

“exact” MCMC



small " = less bias, slower exploration
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

approximate MCMC(")
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

vs
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Application #1: selecting the best 
inference algorithm

⇡(✓ |Y )
<latexit sha1_base64="0xtXkAiS2uu4HsD2y2Z+MBsmLJw=">AAACFHicbZDLSgNBEEV74ju+4mPnpjEIcWGYCYIuRTcuFYyJZELo6VQybXp6hu6aQAz5Dddu9RvciVv3foJ/YeexMIkXCg63qqjiBokUBl3328ksLC4tr6yuZdc3Nre2czu79yZONYcyj2WsqwEzIIWCMgqUUE00sCiQUAk6V8N+pQvaiFjdYS+BesTaSrQEZ2itRm7fT0TBxxCQUb8tuqDow3Ejl3eL7kh0HrwJ5MlEN43cj9+MeRqBQi6ZMTXPTbDeZxoFlzDI+qmBhPEOa0PNomIRmHp/9P2AHlmnSVuxtqWQjty/G30WGdOLAjsZMQzNbG9o/terpdg6r/eFSlIExceHWqmkGNNhFLQpNHCUPQuMa2F/pTxkmnG0gU1deQzDk0gYXhpkbTbebBLzcF8qepZvT/MXl5OUVskBOSQF4pEzckGuyQ0pE06eyAt5JW/Os/PufDif49GMM9nZI1Nyvn4B/ECdvw==</latexit><latexit sha1_base64="0xtXkAiS2uu4HsD2y2Z+MBsmLJw=">AAACFHicbZDLSgNBEEV74ju+4mPnpjEIcWGYCYIuRTcuFYyJZELo6VQybXp6hu6aQAz5Dddu9RvciVv3foJ/YeexMIkXCg63qqjiBokUBl3328ksLC4tr6yuZdc3Nre2czu79yZONYcyj2WsqwEzIIWCMgqUUE00sCiQUAk6V8N+pQvaiFjdYS+BesTaSrQEZ2itRm7fT0TBxxCQUb8tuqDow3Ejl3eL7kh0HrwJ5MlEN43cj9+MeRqBQi6ZMTXPTbDeZxoFlzDI+qmBhPEOa0PNomIRmHp/9P2AHlmnSVuxtqWQjty/G30WGdOLAjsZMQzNbG9o/terpdg6r/eFSlIExceHWqmkGNNhFLQpNHCUPQuMa2F/pTxkmnG0gU1deQzDk0gYXhpkbTbebBLzcF8qepZvT/MXl5OUVskBOSQF4pEzckGuyQ0pE06eyAt5JW/Os/PufDif49GMM9nZI1Nyvn4B/ECdvw==</latexit><latexit sha1_base64="0xtXkAiS2uu4HsD2y2Z+MBsmLJw=">AAACFHicbZDLSgNBEEV74ju+4mPnpjEIcWGYCYIuRTcuFYyJZELo6VQybXp6hu6aQAz5Dddu9RvciVv3foJ/YeexMIkXCg63qqjiBokUBl3328ksLC4tr6yuZdc3Nre2czu79yZONYcyj2WsqwEzIIWCMgqUUE00sCiQUAk6V8N+pQvaiFjdYS+BesTaSrQEZ2itRm7fT0TBxxCQUb8tuqDow3Ejl3eL7kh0HrwJ5MlEN43cj9+MeRqBQi6ZMTXPTbDeZxoFlzDI+qmBhPEOa0PNomIRmHp/9P2AHlmnSVuxtqWQjty/G30WGdOLAjsZMQzNbG9o/terpdg6r/eFSlIExceHWqmkGNNhFLQpNHCUPQuMa2F/pTxkmnG0gU1deQzDk0gYXhpkbTbebBLzcF8qepZvT/MXl5OUVskBOSQF4pEzckGuyQ0pE06eyAt5JW/Os/PufDif49GMM9nZI1Nyvn4B/ECdvw==</latexit><latexit sha1_base64="0xtXkAiS2uu4HsD2y2Z+MBsmLJw=">AAACFHicbZDLSgNBEEV74ju+4mPnpjEIcWGYCYIuRTcuFYyJZELo6VQybXp6hu6aQAz5Dddu9RvciVv3foJ/YeexMIkXCg63qqjiBokUBl3328ksLC4tr6yuZdc3Nre2czu79yZONYcyj2WsqwEzIIWCMgqUUE00sCiQUAk6V8N+pQvaiFjdYS+BesTaSrQEZ2itRm7fT0TBxxCQUb8tuqDow3Ejl3eL7kh0HrwJ5MlEN43cj9+MeRqBQi6ZMTXPTbDeZxoFlzDI+qmBhPEOa0PNomIRmHp/9P2AHlmnSVuxtqWQjty/G30WGdOLAjsZMQzNbG9o/terpdg6r/eFSlIExceHWqmkGNNhFLQpNHCUPQuMa2F/pTxkmnG0gU1deQzDk0gYXhpkbTbebBLzcF8qepZvT/MXl5OUVskBOSQF4pEzckGuyQ0pE06eyAt5JW/Os/PufDif49GMM9nZI1Nyvn4B/ECdvw==</latexit>

“exact” MCMC



small " = less bias, slower exploration
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

approximate MCMC(")
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

vs
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Application #1: selecting the best 
inference algorithm

⇡(✓ |Y )
<latexit sha1_base64="0xtXkAiS2uu4HsD2y2Z+MBsmLJw=">AAACFHicbZDLSgNBEEV74ju+4mPnpjEIcWGYCYIuRTcuFYyJZELo6VQybXp6hu6aQAz5Dddu9RvciVv3foJ/YeexMIkXCg63qqjiBokUBl3328ksLC4tr6yuZdc3Nre2czu79yZONYcyj2WsqwEzIIWCMgqUUE00sCiQUAk6V8N+pQvaiFjdYS+BesTaSrQEZ2itRm7fT0TBxxCQUb8tuqDow3Ejl3eL7kh0HrwJ5MlEN43cj9+MeRqBQi6ZMTXPTbDeZxoFlzDI+qmBhPEOa0PNomIRmHp/9P2AHlmnSVuxtqWQjty/G30WGdOLAjsZMQzNbG9o/terpdg6r/eFSlIExceHWqmkGNNhFLQpNHCUPQuMa2F/pTxkmnG0gU1deQzDk0gYXhpkbTbebBLzcF8qepZvT/MXl5OUVskBOSQF4pEzckGuyQ0pE06eyAt5JW/Os/PufDif49GMM9nZI1Nyvn4B/ECdvw==</latexit><latexit sha1_base64="0xtXkAiS2uu4HsD2y2Z+MBsmLJw=">AAACFHicbZDLSgNBEEV74ju+4mPnpjEIcWGYCYIuRTcuFYyJZELo6VQybXp6hu6aQAz5Dddu9RvciVv3foJ/YeexMIkXCg63qqjiBokUBl3328ksLC4tr6yuZdc3Nre2czu79yZONYcyj2WsqwEzIIWCMgqUUE00sCiQUAk6V8N+pQvaiFjdYS+BesTaSrQEZ2itRm7fT0TBxxCQUb8tuqDow3Ejl3eL7kh0HrwJ5MlEN43cj9+MeRqBQi6ZMTXPTbDeZxoFlzDI+qmBhPEOa0PNomIRmHp/9P2AHlmnSVuxtqWQjty/G30WGdOLAjsZMQzNbG9o/terpdg6r/eFSlIExceHWqmkGNNhFLQpNHCUPQuMa2F/pTxkmnG0gU1deQzDk0gYXhpkbTbebBLzcF8qepZvT/MXl5OUVskBOSQF4pEzckGuyQ0pE06eyAt5JW/Os/PufDif49GMM9nZI1Nyvn4B/ECdvw==</latexit><latexit sha1_base64="0xtXkAiS2uu4HsD2y2Z+MBsmLJw=">AAACFHicbZDLSgNBEEV74ju+4mPnpjEIcWGYCYIuRTcuFYyJZELo6VQybXp6hu6aQAz5Dddu9RvciVv3foJ/YeexMIkXCg63qqjiBokUBl3328ksLC4tr6yuZdc3Nre2czu79yZONYcyj2WsqwEzIIWCMgqUUE00sCiQUAk6V8N+pQvaiFjdYS+BesTaSrQEZ2itRm7fT0TBxxCQUb8tuqDow3Ejl3eL7kh0HrwJ5MlEN43cj9+MeRqBQi6ZMTXPTbDeZxoFlzDI+qmBhPEOa0PNomIRmHp/9P2AHlmnSVuxtqWQjty/G30WGdOLAjsZMQzNbG9o/terpdg6r/eFSlIExceHWqmkGNNhFLQpNHCUPQuMa2F/pTxkmnG0gU1deQzDk0gYXhpkbTbebBLzcF8qepZvT/MXl5OUVskBOSQF4pEzckGuyQ0pE06eyAt5JW/Os/PufDif49GMM9nZI1Nyvn4B/ECdvw==</latexit><latexit sha1_base64="0xtXkAiS2uu4HsD2y2Z+MBsmLJw=">AAACFHicbZDLSgNBEEV74ju+4mPnpjEIcWGYCYIuRTcuFYyJZELo6VQybXp6hu6aQAz5Dddu9RvciVv3foJ/YeexMIkXCg63qqjiBokUBl3328ksLC4tr6yuZdc3Nre2czu79yZONYcyj2WsqwEzIIWCMgqUUE00sCiQUAk6V8N+pQvaiFjdYS+BesTaSrQEZ2itRm7fT0TBxxCQUb8tuqDow3Ejl3eL7kh0HrwJ5MlEN43cj9+MeRqBQi6ZMTXPTbDeZxoFlzDI+qmBhPEOa0PNomIRmHp/9P2AHlmnSVuxtqWQjty/G30WGdOLAjsZMQzNbG9o/terpdg6r/eFSlIExceHWqmkGNNhFLQpNHCUPQuMa2F/pTxkmnG0gU1deQzDk0gYXhpkbTbebBLzcF8qepZvT/MXl5OUVskBOSQF4pEzckGuyQ0pE06eyAt5JW/Os/PufDif49GMM9nZI1Nyvn4B/ECdvw==</latexit>

“exact” MCMC



small " = less bias, slower exploration
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

approximate MCMC(")
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

vs
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Application #1: selecting the best 
inference algorithm

⇡(✓ |Y )
<latexit sha1_base64="0xtXkAiS2uu4HsD2y2Z+MBsmLJw=">AAACFHicbZDLSgNBEEV74ju+4mPnpjEIcWGYCYIuRTcuFYyJZELo6VQybXp6hu6aQAz5Dddu9RvciVv3foJ/YeexMIkXCg63qqjiBokUBl3328ksLC4tr6yuZdc3Nre2czu79yZONYcyj2WsqwEzIIWCMgqUUE00sCiQUAk6V8N+pQvaiFjdYS+BesTaSrQEZ2itRm7fT0TBxxCQUb8tuqDow3Ejl3eL7kh0HrwJ5MlEN43cj9+MeRqBQi6ZMTXPTbDeZxoFlzDI+qmBhPEOa0PNomIRmHp/9P2AHlmnSVuxtqWQjty/G30WGdOLAjsZMQzNbG9o/terpdg6r/eFSlIExceHWqmkGNNhFLQpNHCUPQuMa2F/pTxkmnG0gU1deQzDk0gYXhpkbTbebBLzcF8qepZvT/MXl5OUVskBOSQF4pEzckGuyQ0pE06eyAt5JW/Os/PufDif49GMM9nZI1Nyvn4B/ECdvw==</latexit><latexit sha1_base64="0xtXkAiS2uu4HsD2y2Z+MBsmLJw=">AAACFHicbZDLSgNBEEV74ju+4mPnpjEIcWGYCYIuRTcuFYyJZELo6VQybXp6hu6aQAz5Dddu9RvciVv3foJ/YeexMIkXCg63qqjiBokUBl3328ksLC4tr6yuZdc3Nre2czu79yZONYcyj2WsqwEzIIWCMgqUUE00sCiQUAk6V8N+pQvaiFjdYS+BesTaSrQEZ2itRm7fT0TBxxCQUb8tuqDow3Ejl3eL7kh0HrwJ5MlEN43cj9+MeRqBQi6ZMTXPTbDeZxoFlzDI+qmBhPEOa0PNomIRmHp/9P2AHlmnSVuxtqWQjty/G30WGdOLAjsZMQzNbG9o/terpdg6r/eFSlIExceHWqmkGNNhFLQpNHCUPQuMa2F/pTxkmnG0gU1deQzDk0gYXhpkbTbebBLzcF8qepZvT/MXl5OUVskBOSQF4pEzckGuyQ0pE06eyAt5JW/Os/PufDif49GMM9nZI1Nyvn4B/ECdvw==</latexit><latexit sha1_base64="0xtXkAiS2uu4HsD2y2Z+MBsmLJw=">AAACFHicbZDLSgNBEEV74ju+4mPnpjEIcWGYCYIuRTcuFYyJZELo6VQybXp6hu6aQAz5Dddu9RvciVv3foJ/YeexMIkXCg63qqjiBokUBl3328ksLC4tr6yuZdc3Nre2czu79yZONYcyj2WsqwEzIIWCMgqUUE00sCiQUAk6V8N+pQvaiFjdYS+BesTaSrQEZ2itRm7fT0TBxxCQUb8tuqDow3Ejl3eL7kh0HrwJ5MlEN43cj9+MeRqBQi6ZMTXPTbDeZxoFlzDI+qmBhPEOa0PNomIRmHp/9P2AHlmnSVuxtqWQjty/G30WGdOLAjsZMQzNbG9o/terpdg6r/eFSlIExceHWqmkGNNhFLQpNHCUPQuMa2F/pTxkmnG0gU1deQzDk0gYXhpkbTbebBLzcF8qepZvT/MXl5OUVskBOSQF4pEzckGuyQ0pE06eyAt5JW/Os/PufDif49GMM9nZI1Nyvn4B/ECdvw==</latexit><latexit sha1_base64="0xtXkAiS2uu4HsD2y2Z+MBsmLJw=">AAACFHicbZDLSgNBEEV74ju+4mPnpjEIcWGYCYIuRTcuFYyJZELo6VQybXp6hu6aQAz5Dddu9RvciVv3foJ/YeexMIkXCg63qqjiBokUBl3328ksLC4tr6yuZdc3Nre2czu79yZONYcyj2WsqwEzIIWCMgqUUE00sCiQUAk6V8N+pQvaiFjdYS+BesTaSrQEZ2itRm7fT0TBxxCQUb8tuqDow3Ejl3eL7kh0HrwJ5MlEN43cj9+MeRqBQi6ZMTXPTbDeZxoFlzDI+qmBhPEOa0PNomIRmHp/9P2AHlmnSVuxtqWQjty/G30WGdOLAjsZMQzNbG9o/terpdg6r/eFSlIExceHWqmkGNNhFLQpNHCUPQuMa2F/pTxkmnG0gU1deQzDk0gYXhpkbTbebBLzcF8qepZvT/MXl5OUVskBOSQF4pEzckGuyQ0pE06eyAt5JW/Os/PufDif49GMM9nZI1Nyvn4B/ECdvw==</latexit>

“exact” MCMC



small " = less bias, slower exploration
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

approximate MCMC(")
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

vs
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Application #1: selecting the best 
inference algorithm

⇡(✓ |Y )
<latexit sha1_base64="0xtXkAiS2uu4HsD2y2Z+MBsmLJw=">AAACFHicbZDLSgNBEEV74ju+4mPnpjEIcWGYCYIuRTcuFYyJZELo6VQybXp6hu6aQAz5Dddu9RvciVv3foJ/YeexMIkXCg63qqjiBokUBl3328ksLC4tr6yuZdc3Nre2czu79yZONYcyj2WsqwEzIIWCMgqUUE00sCiQUAk6V8N+pQvaiFjdYS+BesTaSrQEZ2itRm7fT0TBxxCQUb8tuqDow3Ejl3eL7kh0HrwJ5MlEN43cj9+MeRqBQi6ZMTXPTbDeZxoFlzDI+qmBhPEOa0PNomIRmHp/9P2AHlmnSVuxtqWQjty/G30WGdOLAjsZMQzNbG9o/terpdg6r/eFSlIExceHWqmkGNNhFLQpNHCUPQuMa2F/pTxkmnG0gU1deQzDk0gYXhpkbTbebBLzcF8qepZvT/MXl5OUVskBOSQF4pEzckGuyQ0pE06eyAt5JW/Os/PufDif49GMM9nZI1Nyvn4B/ECdvw==</latexit><latexit sha1_base64="0xtXkAiS2uu4HsD2y2Z+MBsmLJw=">AAACFHicbZDLSgNBEEV74ju+4mPnpjEIcWGYCYIuRTcuFYyJZELo6VQybXp6hu6aQAz5Dddu9RvciVv3foJ/YeexMIkXCg63qqjiBokUBl3328ksLC4tr6yuZdc3Nre2czu79yZONYcyj2WsqwEzIIWCMgqUUE00sCiQUAk6V8N+pQvaiFjdYS+BesTaSrQEZ2itRm7fT0TBxxCQUb8tuqDow3Ejl3eL7kh0HrwJ5MlEN43cj9+MeRqBQi6ZMTXPTbDeZxoFlzDI+qmBhPEOa0PNomIRmHp/9P2AHlmnSVuxtqWQjty/G30WGdOLAjsZMQzNbG9o/terpdg6r/eFSlIExceHWqmkGNNhFLQpNHCUPQuMa2F/pTxkmnG0gU1deQzDk0gYXhpkbTbebBLzcF8qepZvT/MXl5OUVskBOSQF4pEzckGuyQ0pE06eyAt5JW/Os/PufDif49GMM9nZI1Nyvn4B/ECdvw==</latexit><latexit sha1_base64="0xtXkAiS2uu4HsD2y2Z+MBsmLJw=">AAACFHicbZDLSgNBEEV74ju+4mPnpjEIcWGYCYIuRTcuFYyJZELo6VQybXp6hu6aQAz5Dddu9RvciVv3foJ/YeexMIkXCg63qqjiBokUBl3328ksLC4tr6yuZdc3Nre2czu79yZONYcyj2WsqwEzIIWCMgqUUE00sCiQUAk6V8N+pQvaiFjdYS+BesTaSrQEZ2itRm7fT0TBxxCQUb8tuqDow3Ejl3eL7kh0HrwJ5MlEN43cj9+MeRqBQi6ZMTXPTbDeZxoFlzDI+qmBhPEOa0PNomIRmHp/9P2AHlmnSVuxtqWQjty/G30WGdOLAjsZMQzNbG9o/terpdg6r/eFSlIExceHWqmkGNNhFLQpNHCUPQuMa2F/pTxkmnG0gU1deQzDk0gYXhpkbTbebBLzcF8qepZvT/MXl5OUVskBOSQF4pEzckGuyQ0pE06eyAt5JW/Os/PufDif49GMM9nZI1Nyvn4B/ECdvw==</latexit><latexit sha1_base64="0xtXkAiS2uu4HsD2y2Z+MBsmLJw=">AAACFHicbZDLSgNBEEV74ju+4mPnpjEIcWGYCYIuRTcuFYyJZELo6VQybXp6hu6aQAz5Dddu9RvciVv3foJ/YeexMIkXCg63qqjiBokUBl3328ksLC4tr6yuZdc3Nre2czu79yZONYcyj2WsqwEzIIWCMgqUUE00sCiQUAk6V8N+pQvaiFjdYS+BesTaSrQEZ2itRm7fT0TBxxCQUb8tuqDow3Ejl3eL7kh0HrwJ5MlEN43cj9+MeRqBQi6ZMTXPTbDeZxoFlzDI+qmBhPEOa0PNomIRmHp/9P2AHlmnSVuxtqWQjty/G30WGdOLAjsZMQzNbG9o/terpdg6r/eFSlIExceHWqmkGNNhFLQpNHCUPQuMa2F/pTxkmnG0gU1deQzDk0gYXhpkbTbebBLzcF8qepZvT/MXl5OUVskBOSQF4pEzckGuyQ0pE06eyAt5JW/Os/PufDif49GMM9nZI1Nyvn4B/ECdvw==</latexit>

Our method and  
quadratic-time method  

select same ε value

“exact” MCMC



small " = less bias, slower exploration
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

approximate MCMC(")
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

vs
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Application #1: selecting the best 
inference algorithm

⇡(✓ |Y )
<latexit sha1_base64="0xtXkAiS2uu4HsD2y2Z+MBsmLJw=">AAACFHicbZDLSgNBEEV74ju+4mPnpjEIcWGYCYIuRTcuFYyJZELo6VQybXp6hu6aQAz5Dddu9RvciVv3foJ/YeexMIkXCg63qqjiBokUBl3328ksLC4tr6yuZdc3Nre2czu79yZONYcyj2WsqwEzIIWCMgqUUE00sCiQUAk6V8N+pQvaiFjdYS+BesTaSrQEZ2itRm7fT0TBxxCQUb8tuqDow3Ejl3eL7kh0HrwJ5MlEN43cj9+MeRqBQi6ZMTXPTbDeZxoFlzDI+qmBhPEOa0PNomIRmHp/9P2AHlmnSVuxtqWQjty/G30WGdOLAjsZMQzNbG9o/terpdg6r/eFSlIExceHWqmkGNNhFLQpNHCUPQuMa2F/pTxkmnG0gU1deQzDk0gYXhpkbTbebBLzcF8qepZvT/MXl5OUVskBOSQF4pEzckGuyQ0pE06eyAt5JW/Os/PufDif49GMM9nZI1Nyvn4B/ECdvw==</latexit><latexit sha1_base64="0xtXkAiS2uu4HsD2y2Z+MBsmLJw=">AAACFHicbZDLSgNBEEV74ju+4mPnpjEIcWGYCYIuRTcuFYyJZELo6VQybXp6hu6aQAz5Dddu9RvciVv3foJ/YeexMIkXCg63qqjiBokUBl3328ksLC4tr6yuZdc3Nre2czu79yZONYcyj2WsqwEzIIWCMgqUUE00sCiQUAk6V8N+pQvaiFjdYS+BesTaSrQEZ2itRm7fT0TBxxCQUb8tuqDow3Ejl3eL7kh0HrwJ5MlEN43cj9+MeRqBQi6ZMTXPTbDeZxoFlzDI+qmBhPEOa0PNomIRmHp/9P2AHlmnSVuxtqWQjty/G30WGdOLAjsZMQzNbG9o/terpdg6r/eFSlIExceHWqmkGNNhFLQpNHCUPQuMa2F/pTxkmnG0gU1deQzDk0gYXhpkbTbebBLzcF8qepZvT/MXl5OUVskBOSQF4pEzckGuyQ0pE06eyAt5JW/Os/PufDif49GMM9nZI1Nyvn4B/ECdvw==</latexit><latexit sha1_base64="0xtXkAiS2uu4HsD2y2Z+MBsmLJw=">AAACFHicbZDLSgNBEEV74ju+4mPnpjEIcWGYCYIuRTcuFYyJZELo6VQybXp6hu6aQAz5Dddu9RvciVv3foJ/YeexMIkXCg63qqjiBokUBl3328ksLC4tr6yuZdc3Nre2czu79yZONYcyj2WsqwEzIIWCMgqUUE00sCiQUAk6V8N+pQvaiFjdYS+BesTaSrQEZ2itRm7fT0TBxxCQUb8tuqDow3Ejl3eL7kh0HrwJ5MlEN43cj9+MeRqBQi6ZMTXPTbDeZxoFlzDI+qmBhPEOa0PNomIRmHp/9P2AHlmnSVuxtqWQjty/G30WGdOLAjsZMQzNbG9o/terpdg6r/eFSlIExceHWqmkGNNhFLQpNHCUPQuMa2F/pTxkmnG0gU1deQzDk0gYXhpkbTbebBLzcF8qepZvT/MXl5OUVskBOSQF4pEzckGuyQ0pE06eyAt5JW/Os/PufDif49GMM9nZI1Nyvn4B/ECdvw==</latexit><latexit sha1_base64="0xtXkAiS2uu4HsD2y2Z+MBsmLJw=">AAACFHicbZDLSgNBEEV74ju+4mPnpjEIcWGYCYIuRTcuFYyJZELo6VQybXp6hu6aQAz5Dddu9RvciVv3foJ/YeexMIkXCg63qqjiBokUBl3328ksLC4tr6yuZdc3Nre2czu79yZONYcyj2WsqwEzIIWCMgqUUE00sCiQUAk6V8N+pQvaiFjdYS+BesTaSrQEZ2itRm7fT0TBxxCQUb8tuqDow3Ejl3eL7kh0HrwJ5MlEN43cj9+MeRqBQi6ZMTXPTbDeZxoFlzDI+qmBhPEOa0PNomIRmHp/9P2AHlmnSVuxtqWQjty/G30WGdOLAjsZMQzNbG9o/terpdg6r/eFSlIExceHWqmkGNNhFLQpNHCUPQuMa2F/pTxkmnG0gU1deQzDk0gYXhpkbTbebBLzcF8qepZvT/MXl5OUVskBOSQF4pEzckGuyQ0pE06eyAt5JW/Os/PufDif49GMM9nZI1Nyvn4B/ECdvw==</latexit>

faster

sample size T

our method

quadratic-time  
method

se
co

nd
s

Our method and  
quadratic-time method  

select same ε value

“exact” MCMC



• Question:  

• Power = probability of 
correctly rejecting null


•     = standard Gaussian

Application #2: goodness-of-fit testing

!26[H & Mackey 2018]

qT ⇡ ⇡?
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

⇡
<latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit><latexit sha1_base64="(null)">(null)</latexit>

⇡(✓ |Y )
<latexit sha1_base64="0xtXkAiS2uu4HsD2y2Z+MBsmLJw=">AAACFHicbZDLSgNBEEV74ju+4mPnpjEIcWGYCYIuRTcuFYyJZELo6VQybXp6hu6aQAz5Dddu9RvciVv3foJ/YeexMIkXCg63qqjiBokUBl3328ksLC4tr6yuZdc3Nre2czu79yZONYcyj2WsqwEzIIWCMgqUUE00sCiQUAk6V8N+pQvaiFjdYS+BesTaSrQEZ2itRm7fT0TBxxCQUb8tuqDow3Ejl3eL7kh0HrwJ5MlEN43cj9+MeRqBQi6ZMTXPTbDeZxoFlzDI+qmBhPEOa0PNomIRmHp/9P2AHlmnSVuxtqWQjty/G30WGdOLAjsZMQzNbG9o/terpdg6r/eFSlIExceHWqmkGNNhFLQpNHCUPQuMa2F/pTxkmnG0gU1deQzDk0gYXhpkbTbebBLzcF8qepZvT/MXl5OUVskBOSQF4pEzckGuyQ0pE06eyAt5JW/Os/PufDif49GMM9nZI1Nyvn4B/ECdvw==</latexit><latexit sha1_base64="0xtXkAiS2uu4HsD2y2Z+MBsmLJw=">AAACFHicbZDLSgNBEEV74ju+4mPnpjEIcWGYCYIuRTcuFYyJZELo6VQybXp6hu6aQAz5Dddu9RvciVv3foJ/YeexMIkXCg63qqjiBokUBl3328ksLC4tr6yuZdc3Nre2czu79yZONYcyj2WsqwEzIIWCMgqUUE00sCiQUAk6V8N+pQvaiFjdYS+BesTaSrQEZ2itRm7fT0TBxxCQUb8tuqDow3Ejl3eL7kh0HrwJ5MlEN43cj9+MeRqBQi6ZMTXPTbDeZxoFlzDI+qmBhPEOa0PNomIRmHp/9P2AHlmnSVuxtqWQjty/G30WGdOLAjsZMQzNbG9o/terpdg6r/eFSlIExceHWqmkGNNhFLQpNHCUPQuMa2F/pTxkmnG0gU1deQzDk0gYXhpkbTbebBLzcF8qepZvT/MXl5OUVskBOSQF4pEzckGuyQ0pE06eyAt5JW/Os/PufDif49GMM9nZI1Nyvn4B/ECdvw==</latexit><latexit sha1_base64="0xtXkAiS2uu4HsD2y2Z+MBsmLJw=">AAACFHicbZDLSgNBEEV74ju+4mPnpjEIcWGYCYIuRTcuFYyJZELo6VQybXp6hu6aQAz5Dddu9RvciVv3foJ/YeexMIkXCg63qqjiBokUBl3328ksLC4tr6yuZdc3Nre2czu79yZONYcyj2WsqwEzIIWCMgqUUE00sCiQUAk6V8N+pQvaiFjdYS+BesTaSrQEZ2itRm7fT0TBxxCQUb8tuqDow3Ejl3eL7kh0HrwJ5MlEN43cj9+MeRqBQi6ZMTXPTbDeZxoFlzDI+qmBhPEOa0PNomIRmHp/9P2AHlmnSVuxtqWQjty/G30WGdOLAjsZMQzNbG9o/terpdg6r/eFSlIExceHWqmkGNNhFLQpNHCUPQuMa2F/pTxkmnG0gU1deQzDk0gYXhpkbTbebBLzcF8qepZvT/MXl5OUVskBOSQF4pEzckGuyQ0pE06eyAt5JW/Os/PufDif49GMM9nZI1Nyvn4B/ECdvw==</latexit><latexit sha1_base64="0xtXkAiS2uu4HsD2y2Z+MBsmLJw=">AAACFHicbZDLSgNBEEV74ju+4mPnpjEIcWGYCYIuRTcuFYyJZELo6VQybXp6hu6aQAz5Dddu9RvciVv3foJ/YeexMIkXCg63qqjiBokUBl3328ksLC4tr6yuZdc3Nre2czu79yZONYcyj2WsqwEzIIWCMgqUUE00sCiQUAk6V8N+pQvaiFjdYS+BesTaSrQEZ2itRm7fT0TBxxCQUb8tuqDow3Ejl3eL7kh0HrwJ5MlEN43cj9+MeRqBQi6ZMTXPTbDeZxoFlzDI+qmBhPEOa0PNomIRmHp/9P2AHlmnSVuxtqWQjty/G30WGdOLAjsZMQzNbG9o/terpdg6r/eFSlIExceHWqmkGNNhFLQpNHCUPQuMa2F/pTxkmnG0gU1deQzDk0gYXhpkbTbebBLzcF8qepZvT/MXl5OUVskBOSQF4pEzckGuyQ0pE06eyAt5JW/Os/PufDif49GMM9nZI1Nyvn4B/ECdvw==</latexit>qT
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e.g. strongly log-
concave density e.g. convex functions e.g. strongly log-

concave density

Theory provides 
loose quantitative 

rates

e.g. geometric 
ergodicity e.g. linear or 1/T e.g. exponentially 

small error

Theory does not 
apply to many real-

world cases
e.g. non-trivial 

hierarchical models
e.g. non-convex 

functions
e.g. non-trivial 

hierarchical models

Practical methods to 
evaluate success

e.g. Gelman–Rubin 
diagnostic

e.g. norm of gradient, 
duality gap

e.g. Stein 
discrepancies

Comparison of 
algorithms

e.g. effective samples 
per second

e.g. time to 
convergence

e.g. Stein 
discrepancies
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