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• Goals: good point estimates, uncertainty estimates 
• Challenge: speed (compute, user), reliable inference
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Optimization 
q⇤ = argminq2Qf(q(·), p(·|y))

Variational Bayes 
q⇤ = argminq2QKL(q(·)||p(·|y))

Mean-field variational Bayes
q⇤ = argminq2QMFVB

KL(q(·)||p(·|y))

Use     to approximate
Approximate Bayesian inference

q⇤
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<latexit sha1_base64="SEQ3KyBYMOJ0WzNLIO0tp2ioeTQ=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSKIh5KIoMeiF48V7Qe0sWy2k3bpZhN3N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O0vLK6tr64WN4ubW9s5uaW+/oeNUMayzWMSqFVCNgkusG24EthKFNAoENoPh9cRvPqHSPJb3ZpSgH9G+5CFn1Fjp7vHhtFsquxV3CrJIvJyUIUetW/rq9GKWRigNE1Trtucmxs+oMpwJHBc7qcaEsiHtY9tSSSPUfjY9dUyOrdIjYaxsSUOm6u+JjEZaj6LAdkbUDPS8NxH/89qpCS/9jMskNSjZbFGYCmJiMvmb9LhCZsTIEsoUt7cSNqCKMmPTKdoQvPmXF0njrOK5Fe/2vFy9yuMowCEcwQl4cAFVuIEa1IFBH57hFd4c4bw4787HrHXJyWcO4A+czx/01o2R</latexit><latexit sha1_base64="SEQ3KyBYMOJ0WzNLIO0tp2ioeTQ=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSKIh5KIoMeiF48V7Qe0sWy2k3bpZhN3N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O0vLK6tr64WN4ubW9s5uaW+/oeNUMayzWMSqFVCNgkusG24EthKFNAoENoPh9cRvPqHSPJb3ZpSgH9G+5CFn1Fjp7vHhtFsquxV3CrJIvJyUIUetW/rq9GKWRigNE1Trtucmxs+oMpwJHBc7qcaEsiHtY9tSSSPUfjY9dUyOrdIjYaxsSUOm6u+JjEZaj6LAdkbUDPS8NxH/89qpCS/9jMskNSjZbFGYCmJiMvmb9LhCZsTIEsoUt7cSNqCKMmPTKdoQvPmXF0njrOK5Fe/2vFy9yuMowCEcwQl4cAFVuIEa1IFBH57hFd4c4bw4787HrHXJyWcO4A+czx/01o2R</latexit><latexit sha1_base64="SEQ3KyBYMOJ0WzNLIO0tp2ioeTQ=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSKIh5KIoMeiF48V7Qe0sWy2k3bpZhN3N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O0vLK6tr64WN4ubW9s5uaW+/oeNUMayzWMSqFVCNgkusG24EthKFNAoENoPh9cRvPqHSPJb3ZpSgH9G+5CFn1Fjp7vHhtFsquxV3CrJIvJyUIUetW/rq9GKWRigNE1Trtucmxs+oMpwJHBc7qcaEsiHtY9tSSSPUfjY9dUyOrdIjYaxsSUOm6u+JjEZaj6LAdkbUDPS8NxH/89qpCS/9jMskNSjZbFGYCmJiMvmb9LhCZsTIEsoUt7cSNqCKMmPTKdoQvPmXF0njrOK5Fe/2vFy9yuMowCEcwQl4cAFVuIEa1IFBH57hFd4c4bw4787HrHXJyWcO4A+czx/01o2R</latexit><latexit sha1_base64="SEQ3KyBYMOJ0WzNLIO0tp2ioeTQ=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSKIh5KIoMeiF48V7Qe0sWy2k3bpZhN3N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O0vLK6tr64WN4ubW9s5uaW+/oeNUMayzWMSqFVCNgkusG24EthKFNAoENoPh9cRvPqHSPJb3ZpSgH9G+5CFn1Fjp7vHhtFsquxV3CrJIvJyUIUetW/rq9GKWRigNE1Trtucmxs+oMpwJHBc7qcaEsiHtY9tSSSPUfjY9dUyOrdIjYaxsSUOm6u+JjEZaj6LAdkbUDPS8NxH/89qpCS/9jMskNSjZbFGYCmJiMvmb9LhCZsTIEsoUt7cSNqCKMmPTKdoQvPmXF0njrOK5Fe/2vFy9yuMowCEcwQl4cAFVuIEa1IFBH57hFd4c4bw4787HrHXJyWcO4A+czx/01o2R</latexit>

p(·|y)
<latexit sha1_base64="ZFD1+cP8HHNhNha/j35y7+s0n5E=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBahXkoigh6LXjxWsB/QhLLZbtqlm82yuxFC7N/w4kERr/4Zb/4bt20O2vpg4PHeDDPzQsmZNq777ZTW1jc2t8rblZ3dvf2D6uFRRyepIrRNEp6oXog15UzQtmGG055UFMchp91wcjvzu49UaZaIB5NJGsR4JFjECDZW8mXdJ8PEoCeUnQ+qNbfhzoFWiVeQGhRoDapf/jAhaUyFIRxr3fdcaYIcK8MIp9OKn2oqMZngEe1bKnBMdZDPb56iM6sMUZQoW8Kgufp7Isex1lkc2s4Ym7Fe9mbif14/NdF1kDMhU0MFWSyKUo5MgmYBoCFTlBieWYKJYvZWRMZYYWJsTBUbgrf88irpXDQ8t+HdX9aaN0UcZTiBU6iDB1fQhDtoQRsISHiGV3hzUufFeXc+Fq0lp5g5hj9wPn8A5+eQ7g==</latexit><latexit sha1_base64="ZFD1+cP8HHNhNha/j35y7+s0n5E=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBahXkoigh6LXjxWsB/QhLLZbtqlm82yuxFC7N/w4kERr/4Zb/4bt20O2vpg4PHeDDPzQsmZNq777ZTW1jc2t8rblZ3dvf2D6uFRRyepIrRNEp6oXog15UzQtmGG055UFMchp91wcjvzu49UaZaIB5NJGsR4JFjECDZW8mXdJ8PEoCeUnQ+qNbfhzoFWiVeQGhRoDapf/jAhaUyFIRxr3fdcaYIcK8MIp9OKn2oqMZngEe1bKnBMdZDPb56iM6sMUZQoW8Kgufp7Isex1lkc2s4Ym7Fe9mbif14/NdF1kDMhU0MFWSyKUo5MgmYBoCFTlBieWYKJYvZWRMZYYWJsTBUbgrf88irpXDQ8t+HdX9aaN0UcZTiBU6iDB1fQhDtoQRsISHiGV3hzUufFeXc+Fq0lp5g5hj9wPn8A5+eQ7g==</latexit><latexit sha1_base64="ZFD1+cP8HHNhNha/j35y7+s0n5E=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBahXkoigh6LXjxWsB/QhLLZbtqlm82yuxFC7N/w4kERr/4Zb/4bt20O2vpg4PHeDDPzQsmZNq777ZTW1jc2t8rblZ3dvf2D6uFRRyepIrRNEp6oXog15UzQtmGG055UFMchp91wcjvzu49UaZaIB5NJGsR4JFjECDZW8mXdJ8PEoCeUnQ+qNbfhzoFWiVeQGhRoDapf/jAhaUyFIRxr3fdcaYIcK8MIp9OKn2oqMZngEe1bKnBMdZDPb56iM6sMUZQoW8Kgufp7Isex1lkc2s4Ym7Fe9mbif14/NdF1kDMhU0MFWSyKUo5MgmYBoCFTlBieWYKJYvZWRMZYYWJsTBUbgrf88irpXDQ8t+HdX9aaN0UcZTiBU6iDB1fQhDtoQRsISHiGV3hzUufFeXc+Fq0lp5g5hj9wPn8A5+eQ7g==</latexit><latexit sha1_base64="ZFD1+cP8HHNhNha/j35y7+s0n5E=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBahXkoigh6LXjxWsB/QhLLZbtqlm82yuxFC7N/w4kERr/4Zb/4bt20O2vpg4PHeDDPzQsmZNq777ZTW1jc2t8rblZ3dvf2D6uFRRyepIrRNEp6oXog15UzQtmGG055UFMchp91wcjvzu49UaZaIB5NJGsR4JFjECDZW8mXdJ8PEoCeUnQ+qNbfhzoFWiVeQGhRoDapf/jAhaUyFIRxr3fdcaYIcK8MIp9OKn2oqMZngEe1bKnBMdZDPb56iM6sMUZQoW8Kgufp7Isex1lkc2s4Ym7Fe9mbif14/NdF1kDMhU0MFWSyKUo5MgmYBoCFTlBieWYKJYvZWRMZYYWJsTBUbgrf88irpXDQ8t+HdX9aaN0UcZTiBU6iDB1fQhDtoQRsISHiGV3hzUufFeXc+Fq0lp5g5hj9wPn8A5+eQ7g==</latexit>

Algorithm

How 
deep is 

the 
issue?

18

Implementation



Optimization 
q⇤ = argminq2Qf(q(·), p(·|y))

Variational Bayes 
q⇤ = argminq2QKL(q(·)||p(·|y))

Mean-field variational Bayes
q⇤ = argminq2QMFVB

KL(q(·)||p(·|y))

Use     to approximate
Approximate Bayesian inference

q⇤
<latexit sha1_base64="SEQ3KyBYMOJ0WzNLIO0tp2ioeTQ=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSKIh5KIoMeiF48V7Qe0sWy2k3bpZhN3N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O0vLK6tr64WN4ubW9s5uaW+/oeNUMayzWMSqFVCNgkusG24EthKFNAoENoPh9cRvPqHSPJb3ZpSgH9G+5CFn1Fjp7vHhtFsquxV3CrJIvJyUIUetW/rq9GKWRigNE1Trtucmxs+oMpwJHBc7qcaEsiHtY9tSSSPUfjY9dUyOrdIjYaxsSUOm6u+JjEZaj6LAdkbUDPS8NxH/89qpCS/9jMskNSjZbFGYCmJiMvmb9LhCZsTIEsoUt7cSNqCKMmPTKdoQvPmXF0njrOK5Fe/2vFy9yuMowCEcwQl4cAFVuIEa1IFBH57hFd4c4bw4787HrHXJyWcO4A+czx/01o2R</latexit><latexit sha1_base64="SEQ3KyBYMOJ0WzNLIO0tp2ioeTQ=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSKIh5KIoMeiF48V7Qe0sWy2k3bpZhN3N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O0vLK6tr64WN4ubW9s5uaW+/oeNUMayzWMSqFVCNgkusG24EthKFNAoENoPh9cRvPqHSPJb3ZpSgH9G+5CFn1Fjp7vHhtFsquxV3CrJIvJyUIUetW/rq9GKWRigNE1Trtucmxs+oMpwJHBc7qcaEsiHtY9tSSSPUfjY9dUyOrdIjYaxsSUOm6u+JjEZaj6LAdkbUDPS8NxH/89qpCS/9jMskNSjZbFGYCmJiMvmb9LhCZsTIEsoUt7cSNqCKMmPTKdoQvPmXF0njrOK5Fe/2vFy9yuMowCEcwQl4cAFVuIEa1IFBH57hFd4c4bw4787HrHXJyWcO4A+czx/01o2R</latexit><latexit sha1_base64="SEQ3KyBYMOJ0WzNLIO0tp2ioeTQ=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSKIh5KIoMeiF48V7Qe0sWy2k3bpZhN3N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O0vLK6tr64WN4ubW9s5uaW+/oeNUMayzWMSqFVCNgkusG24EthKFNAoENoPh9cRvPqHSPJb3ZpSgH9G+5CFn1Fjp7vHhtFsquxV3CrJIvJyUIUetW/rq9GKWRigNE1Trtucmxs+oMpwJHBc7qcaEsiHtY9tSSSPUfjY9dUyOrdIjYaxsSUOm6u+JjEZaj6LAdkbUDPS8NxH/89qpCS/9jMskNSjZbFGYCmJiMvmb9LhCZsTIEsoUt7cSNqCKMmPTKdoQvPmXF0njrOK5Fe/2vFy9yuMowCEcwQl4cAFVuIEa1IFBH57hFd4c4bw4787HrHXJyWcO4A+czx/01o2R</latexit><latexit sha1_base64="SEQ3KyBYMOJ0WzNLIO0tp2ioeTQ=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSKIh5KIoMeiF48V7Qe0sWy2k3bpZhN3N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O0vLK6tr64WN4ubW9s5uaW+/oeNUMayzWMSqFVCNgkusG24EthKFNAoENoPh9cRvPqHSPJb3ZpSgH9G+5CFn1Fjp7vHhtFsquxV3CrJIvJyUIUetW/rq9GKWRigNE1Trtucmxs+oMpwJHBc7qcaEsiHtY9tSSSPUfjY9dUyOrdIjYaxsSUOm6u+JjEZaj6LAdkbUDPS8NxH/89qpCS/9jMskNSjZbFGYCmJiMvmb9LhCZsTIEsoUt7cSNqCKMmPTKdoQvPmXF0njrOK5Fe/2vFy9yuMowCEcwQl4cAFVuIEa1IFBH57hFd4c4bw4787HrHXJyWcO4A+czx/01o2R</latexit>

p(·|y)
<latexit sha1_base64="ZFD1+cP8HHNhNha/j35y7+s0n5E=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBahXkoigh6LXjxWsB/QhLLZbtqlm82yuxFC7N/w4kERr/4Zb/4bt20O2vpg4PHeDDPzQsmZNq777ZTW1jc2t8rblZ3dvf2D6uFRRyepIrRNEp6oXog15UzQtmGG055UFMchp91wcjvzu49UaZaIB5NJGsR4JFjECDZW8mXdJ8PEoCeUnQ+qNbfhzoFWiVeQGhRoDapf/jAhaUyFIRxr3fdcaYIcK8MIp9OKn2oqMZngEe1bKnBMdZDPb56iM6sMUZQoW8Kgufp7Isex1lkc2s4Ym7Fe9mbif14/NdF1kDMhU0MFWSyKUo5MgmYBoCFTlBieWYKJYvZWRMZYYWJsTBUbgrf88irpXDQ8t+HdX9aaN0UcZTiBU6iDB1fQhDtoQRsISHiGV3hzUufFeXc+Fq0lp5g5hj9wPn8A5+eQ7g==</latexit><latexit sha1_base64="ZFD1+cP8HHNhNha/j35y7+s0n5E=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBahXkoigh6LXjxWsB/QhLLZbtqlm82yuxFC7N/w4kERr/4Zb/4bt20O2vpg4PHeDDPzQsmZNq777ZTW1jc2t8rblZ3dvf2D6uFRRyepIrRNEp6oXog15UzQtmGG055UFMchp91wcjvzu49UaZaIB5NJGsR4JFjECDZW8mXdJ8PEoCeUnQ+qNbfhzoFWiVeQGhRoDapf/jAhaUyFIRxr3fdcaYIcK8MIp9OKn2oqMZngEe1bKnBMdZDPb56iM6sMUZQoW8Kgufp7Isex1lkc2s4Ym7Fe9mbif14/NdF1kDMhU0MFWSyKUo5MgmYBoCFTlBieWYKJYvZWRMZYYWJsTBUbgrf88irpXDQ8t+HdX9aaN0UcZTiBU6iDB1fQhDtoQRsISHiGV3hzUufFeXc+Fq0lp5g5hj9wPn8A5+eQ7g==</latexit><latexit sha1_base64="ZFD1+cP8HHNhNha/j35y7+s0n5E=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBahXkoigh6LXjxWsB/QhLLZbtqlm82yuxFC7N/w4kERr/4Zb/4bt20O2vpg4PHeDDPzQsmZNq777ZTW1jc2t8rblZ3dvf2D6uFRRyepIrRNEp6oXog15UzQtmGG055UFMchp91wcjvzu49UaZaIB5NJGsR4JFjECDZW8mXdJ8PEoCeUnQ+qNbfhzoFWiVeQGhRoDapf/jAhaUyFIRxr3fdcaYIcK8MIp9OKn2oqMZngEe1bKnBMdZDPb56iM6sMUZQoW8Kgufp7Isex1lkc2s4Ym7Fe9mbif14/NdF1kDMhU0MFWSyKUo5MgmYBoCFTlBieWYKJYvZWRMZYYWJsTBUbgrf88irpXDQ8t+HdX9aaN0UcZTiBU6iDB1fQhDtoQRsISHiGV3hzUufFeXc+Fq0lp5g5hj9wPn8A5+eQ7g==</latexit><latexit sha1_base64="ZFD1+cP8HHNhNha/j35y7+s0n5E=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBahXkoigh6LXjxWsB/QhLLZbtqlm82yuxFC7N/w4kERr/4Zb/4bt20O2vpg4PHeDDPzQsmZNq777ZTW1jc2t8rblZ3dvf2D6uFRRyepIrRNEp6oXog15UzQtmGG055UFMchp91wcjvzu49UaZaIB5NJGsR4JFjECDZW8mXdJ8PEoCeUnQ+qNbfhzoFWiVeQGhRoDapf/jAhaUyFIRxr3fdcaYIcK8MIp9OKn2oqMZngEe1bKnBMdZDPb56iM6sMUZQoW8Kgufp7Isex1lkc2s4Ym7Fe9mbif14/NdF1kDMhU0MFWSyKUo5MgmYBoCFTlBieWYKJYvZWRMZYYWJsTBUbgrf88irpXDQ8t+HdX9aaN0UcZTiBU6iDB1fQhDtoQRsISHiGV3hzUufFeXc+Fq0lp5g5hj9wPn8A5+eQ7g==</latexit>

Algorithm

Gaussian example 
was exact

How 
deep is 

the 
issue?
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Implementation



Optimization 
q⇤ = argminq2Qf(q(·), p(·|y))

Variational Bayes 
q⇤ = argminq2QKL(q(·)||p(·|y))

Mean-field variational Bayes
q⇤ = argminq2QMFVB

KL(q(·)||p(·|y))

Use     to approximate
Approximate Bayesian inference

q⇤
<latexit sha1_base64="SEQ3KyBYMOJ0WzNLIO0tp2ioeTQ=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSKIh5KIoMeiF48V7Qe0sWy2k3bpZhN3N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O0vLK6tr64WN4ubW9s5uaW+/oeNUMayzWMSqFVCNgkusG24EthKFNAoENoPh9cRvPqHSPJb3ZpSgH9G+5CFn1Fjp7vHhtFsquxV3CrJIvJyUIUetW/rq9GKWRigNE1Trtucmxs+oMpwJHBc7qcaEsiHtY9tSSSPUfjY9dUyOrdIjYaxsSUOm6u+JjEZaj6LAdkbUDPS8NxH/89qpCS/9jMskNSjZbFGYCmJiMvmb9LhCZsTIEsoUt7cSNqCKMmPTKdoQvPmXF0njrOK5Fe/2vFy9yuMowCEcwQl4cAFVuIEa1IFBH57hFd4c4bw4787HrHXJyWcO4A+czx/01o2R</latexit><latexit sha1_base64="SEQ3KyBYMOJ0WzNLIO0tp2ioeTQ=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSKIh5KIoMeiF48V7Qe0sWy2k3bpZhN3N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O0vLK6tr64WN4ubW9s5uaW+/oeNUMayzWMSqFVCNgkusG24EthKFNAoENoPh9cRvPqHSPJb3ZpSgH9G+5CFn1Fjp7vHhtFsquxV3CrJIvJyUIUetW/rq9GKWRigNE1Trtucmxs+oMpwJHBc7qcaEsiHtY9tSSSPUfjY9dUyOrdIjYaxsSUOm6u+JjEZaj6LAdkbUDPS8NxH/89qpCS/9jMskNSjZbFGYCmJiMvmb9LhCZsTIEsoUt7cSNqCKMmPTKdoQvPmXF0njrOK5Fe/2vFy9yuMowCEcwQl4cAFVuIEa1IFBH57hFd4c4bw4787HrHXJyWcO4A+czx/01o2R</latexit><latexit sha1_base64="SEQ3KyBYMOJ0WzNLIO0tp2ioeTQ=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSKIh5KIoMeiF48V7Qe0sWy2k3bpZhN3N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O0vLK6tr64WN4ubW9s5uaW+/oeNUMayzWMSqFVCNgkusG24EthKFNAoENoPh9cRvPqHSPJb3ZpSgH9G+5CFn1Fjp7vHhtFsquxV3CrJIvJyUIUetW/rq9GKWRigNE1Trtucmxs+oMpwJHBc7qcaEsiHtY9tSSSPUfjY9dUyOrdIjYaxsSUOm6u+JjEZaj6LAdkbUDPS8NxH/89qpCS/9jMskNSjZbFGYCmJiMvmb9LhCZsTIEsoUt7cSNqCKMmPTKdoQvPmXF0njrOK5Fe/2vFy9yuMowCEcwQl4cAFVuIEa1IFBH57hFd4c4bw4787HrHXJyWcO4A+czx/01o2R</latexit><latexit sha1_base64="SEQ3KyBYMOJ0WzNLIO0tp2ioeTQ=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSKIh5KIoMeiF48V7Qe0sWy2k3bpZhN3N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O0vLK6tr64WN4ubW9s5uaW+/oeNUMayzWMSqFVCNgkusG24EthKFNAoENoPh9cRvPqHSPJb3ZpSgH9G+5CFn1Fjp7vHhtFsquxV3CrJIvJyUIUetW/rq9GKWRigNE1Trtucmxs+oMpwJHBc7qcaEsiHtY9tSSSPUfjY9dUyOrdIjYaxsSUOm6u+JjEZaj6LAdkbUDPS8NxH/89qpCS/9jMskNSjZbFGYCmJiMvmb9LhCZsTIEsoUt7cSNqCKMmPTKdoQvPmXF0njrOK5Fe/2vFy9yuMowCEcwQl4cAFVuIEa1IFBH57hFd4c4bw4787HrHXJyWcO4A+czx/01o2R</latexit>

p(·|y)
<latexit sha1_base64="ZFD1+cP8HHNhNha/j35y7+s0n5E=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBahXkoigh6LXjxWsB/QhLLZbtqlm82yuxFC7N/w4kERr/4Zb/4bt20O2vpg4PHeDDPzQsmZNq777ZTW1jc2t8rblZ3dvf2D6uFRRyepIrRNEp6oXog15UzQtmGG055UFMchp91wcjvzu49UaZaIB5NJGsR4JFjECDZW8mXdJ8PEoCeUnQ+qNbfhzoFWiVeQGhRoDapf/jAhaUyFIRxr3fdcaYIcK8MIp9OKn2oqMZngEe1bKnBMdZDPb56iM6sMUZQoW8Kgufp7Isex1lkc2s4Ym7Fe9mbif14/NdF1kDMhU0MFWSyKUo5MgmYBoCFTlBieWYKJYvZWRMZYYWJsTBUbgrf88irpXDQ8t+HdX9aaN0UcZTiBU6iDB1fQhDtoQRsISHiGV3hzUufFeXc+Fq0lp5g5hj9wPn8A5+eQ7g==</latexit><latexit sha1_base64="ZFD1+cP8HHNhNha/j35y7+s0n5E=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBahXkoigh6LXjxWsB/QhLLZbtqlm82yuxFC7N/w4kERr/4Zb/4bt20O2vpg4PHeDDPzQsmZNq777ZTW1jc2t8rblZ3dvf2D6uFRRyepIrRNEp6oXog15UzQtmGG055UFMchp91wcjvzu49UaZaIB5NJGsR4JFjECDZW8mXdJ8PEoCeUnQ+qNbfhzoFWiVeQGhRoDapf/jAhaUyFIRxr3fdcaYIcK8MIp9OKn2oqMZngEe1bKnBMdZDPb56iM6sMUZQoW8Kgufp7Isex1lkc2s4Ym7Fe9mbif14/NdF1kDMhU0MFWSyKUo5MgmYBoCFTlBieWYKJYvZWRMZYYWJsTBUbgrf88irpXDQ8t+HdX9aaN0UcZTiBU6iDB1fQhDtoQRsISHiGV3hzUufFeXc+Fq0lp5g5hj9wPn8A5+eQ7g==</latexit><latexit sha1_base64="ZFD1+cP8HHNhNha/j35y7+s0n5E=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBahXkoigh6LXjxWsB/QhLLZbtqlm82yuxFC7N/w4kERr/4Zb/4bt20O2vpg4PHeDDPzQsmZNq777ZTW1jc2t8rblZ3dvf2D6uFRRyepIrRNEp6oXog15UzQtmGG055UFMchp91wcjvzu49UaZaIB5NJGsR4JFjECDZW8mXdJ8PEoCeUnQ+qNbfhzoFWiVeQGhRoDapf/jAhaUyFIRxr3fdcaYIcK8MIp9OKn2oqMZngEe1bKnBMdZDPb56iM6sMUZQoW8Kgufp7Isex1lkc2s4Ym7Fe9mbif14/NdF1kDMhU0MFWSyKUo5MgmYBoCFTlBieWYKJYvZWRMZYYWJsTBUbgrf88irpXDQ8t+HdX9aaN0UcZTiBU6iDB1fQhDtoQRsISHiGV3hzUufFeXc+Fq0lp5g5hj9wPn8A5+eQ7g==</latexit><latexit sha1_base64="ZFD1+cP8HHNhNha/j35y7+s0n5E=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBahXkoigh6LXjxWsB/QhLLZbtqlm82yuxFC7N/w4kERr/4Zb/4bt20O2vpg4PHeDDPzQsmZNq777ZTW1jc2t8rblZ3dvf2D6uFRRyepIrRNEp6oXog15UzQtmGG055UFMchp91wcjvzu49UaZaIB5NJGsR4JFjECDZW8mXdJ8PEoCeUnQ+qNbfhzoFWiVeQGhRoDapf/jAhaUyFIRxr3fdcaYIcK8MIp9OKn2oqMZngEe1bKnBMdZDPb56iM6sMUZQoW8Kgufp7Isex1lkc2s4Ym7Fe9mbif14/NdF1kDMhU0MFWSyKUo5MgmYBoCFTlBieWYKJYvZWRMZYYWJsTBUbgrf88irpXDQ8t+HdX9aaN0UcZTiBU6iDB1fQhDtoQRsISHiGV3hzUufFeXc+Fq0lp5g5hj9wPn8A5+eQ7g==</latexit>

Algorithm
Gaussian example 

was exact

How 
deep is 

the 
issue?
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Implementation



Optimization 
q⇤ = argminq2Qf(q(·), p(·|y))

Variational Bayes 
q⇤ = argminq2QKL(q(·)||p(·|y))

Mean-field variational Bayes
q⇤ = argminq2QMFVB

KL(q(·)||p(·|y))

Use     to approximate
Approximate Bayesian inference

q⇤
<latexit sha1_base64="SEQ3KyBYMOJ0WzNLIO0tp2ioeTQ=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSKIh5KIoMeiF48V7Qe0sWy2k3bpZhN3N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O0vLK6tr64WN4ubW9s5uaW+/oeNUMayzWMSqFVCNgkusG24EthKFNAoENoPh9cRvPqHSPJb3ZpSgH9G+5CFn1Fjp7vHhtFsquxV3CrJIvJyUIUetW/rq9GKWRigNE1Trtucmxs+oMpwJHBc7qcaEsiHtY9tSSSPUfjY9dUyOrdIjYaxsSUOm6u+JjEZaj6LAdkbUDPS8NxH/89qpCS/9jMskNSjZbFGYCmJiMvmb9LhCZsTIEsoUt7cSNqCKMmPTKdoQvPmXF0njrOK5Fe/2vFy9yuMowCEcwQl4cAFVuIEa1IFBH57hFd4c4bw4787HrHXJyWcO4A+czx/01o2R</latexit><latexit sha1_base64="SEQ3KyBYMOJ0WzNLIO0tp2ioeTQ=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSKIh5KIoMeiF48V7Qe0sWy2k3bpZhN3N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O0vLK6tr64WN4ubW9s5uaW+/oeNUMayzWMSqFVCNgkusG24EthKFNAoENoPh9cRvPqHSPJb3ZpSgH9G+5CFn1Fjp7vHhtFsquxV3CrJIvJyUIUetW/rq9GKWRigNE1Trtucmxs+oMpwJHBc7qcaEsiHtY9tSSSPUfjY9dUyOrdIjYaxsSUOm6u+JjEZaj6LAdkbUDPS8NxH/89qpCS/9jMskNSjZbFGYCmJiMvmb9LhCZsTIEsoUt7cSNqCKMmPTKdoQvPmXF0njrOK5Fe/2vFy9yuMowCEcwQl4cAFVuIEa1IFBH57hFd4c4bw4787HrHXJyWcO4A+czx/01o2R</latexit><latexit sha1_base64="SEQ3KyBYMOJ0WzNLIO0tp2ioeTQ=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSKIh5KIoMeiF48V7Qe0sWy2k3bpZhN3N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O0vLK6tr64WN4ubW9s5uaW+/oeNUMayzWMSqFVCNgkusG24EthKFNAoENoPh9cRvPqHSPJb3ZpSgH9G+5CFn1Fjp7vHhtFsquxV3CrJIvJyUIUetW/rq9GKWRigNE1Trtucmxs+oMpwJHBc7qcaEsiHtY9tSSSPUfjY9dUyOrdIjYaxsSUOm6u+JjEZaj6LAdkbUDPS8NxH/89qpCS/9jMskNSjZbFGYCmJiMvmb9LhCZsTIEsoUt7cSNqCKMmPTKdoQvPmXF0njrOK5Fe/2vFy9yuMowCEcwQl4cAFVuIEa1IFBH57hFd4c4bw4787HrHXJyWcO4A+czx/01o2R</latexit><latexit sha1_base64="SEQ3KyBYMOJ0WzNLIO0tp2ioeTQ=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSKIh5KIoMeiF48V7Qe0sWy2k3bpZhN3N0IJ/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAiujet+O0vLK6tr64WN4ubW9s5uaW+/oeNUMayzWMSqFVCNgkusG24EthKFNAoENoPh9cRvPqHSPJb3ZpSgH9G+5CFn1Fjp7vHhtFsquxV3CrJIvJyUIUetW/rq9GKWRigNE1Trtucmxs+oMpwJHBc7qcaEsiHtY9tSSSPUfjY9dUyOrdIjYaxsSUOm6u+JjEZaj6LAdkbUDPS8NxH/89qpCS/9jMskNSjZbFGYCmJiMvmb9LhCZsTIEsoUt7cSNqCKMmPTKdoQvPmXF0njrOK5Fe/2vFy9yuMowCEcwQl4cAFVuIEa1IFBH57hFd4c4bw4787HrHXJyWcO4A+czx/01o2R</latexit>

p(·|y)
<latexit sha1_base64="ZFD1+cP8HHNhNha/j35y7+s0n5E=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBahXkoigh6LXjxWsB/QhLLZbtqlm82yuxFC7N/w4kERr/4Zb/4bt20O2vpg4PHeDDPzQsmZNq777ZTW1jc2t8rblZ3dvf2D6uFRRyepIrRNEp6oXog15UzQtmGG055UFMchp91wcjvzu49UaZaIB5NJGsR4JFjECDZW8mXdJ8PEoCeUnQ+qNbfhzoFWiVeQGhRoDapf/jAhaUyFIRxr3fdcaYIcK8MIp9OKn2oqMZngEe1bKnBMdZDPb56iM6sMUZQoW8Kgufp7Isex1lkc2s4Ym7Fe9mbif14/NdF1kDMhU0MFWSyKUo5MgmYBoCFTlBieWYKJYvZWRMZYYWJsTBUbgrf88irpXDQ8t+HdX9aaN0UcZTiBU6iDB1fQhDtoQRsISHiGV3hzUufFeXc+Fq0lp5g5hj9wPn8A5+eQ7g==</latexit><latexit sha1_base64="ZFD1+cP8HHNhNha/j35y7+s0n5E=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBahXkoigh6LXjxWsB/QhLLZbtqlm82yuxFC7N/w4kERr/4Zb/4bt20O2vpg4PHeDDPzQsmZNq777ZTW1jc2t8rblZ3dvf2D6uFRRyepIrRNEp6oXog15UzQtmGG055UFMchp91wcjvzu49UaZaIB5NJGsR4JFjECDZW8mXdJ8PEoCeUnQ+qNbfhzoFWiVeQGhRoDapf/jAhaUyFIRxr3fdcaYIcK8MIp9OKn2oqMZngEe1bKnBMdZDPb56iM6sMUZQoW8Kgufp7Isex1lkc2s4Ym7Fe9mbif14/NdF1kDMhU0MFWSyKUo5MgmYBoCFTlBieWYKJYvZWRMZYYWJsTBUbgrf88irpXDQ8t+HdX9aaN0UcZTiBU6iDB1fQhDtoQRsISHiGV3hzUufFeXc+Fq0lp5g5hj9wPn8A5+eQ7g==</latexit><latexit sha1_base64="ZFD1+cP8HHNhNha/j35y7+s0n5E=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBahXkoigh6LXjxWsB/QhLLZbtqlm82yuxFC7N/w4kERr/4Zb/4bt20O2vpg4PHeDDPzQsmZNq777ZTW1jc2t8rblZ3dvf2D6uFRRyepIrRNEp6oXog15UzQtmGG055UFMchp91wcjvzu49UaZaIB5NJGsR4JFjECDZW8mXdJ8PEoCeUnQ+qNbfhzoFWiVeQGhRoDapf/jAhaUyFIRxr3fdcaYIcK8MIp9OKn2oqMZngEe1bKnBMdZDPb56iM6sMUZQoW8Kgufp7Isex1lkc2s4Ym7Fe9mbif14/NdF1kDMhU0MFWSyKUo5MgmYBoCFTlBieWYKJYvZWRMZYYWJsTBUbgrf88irpXDQ8t+HdX9aaN0UcZTiBU6iDB1fQhDtoQRsISHiGV3hzUufFeXc+Fq0lp5g5hj9wPn8A5+eQ7g==</latexit><latexit sha1_base64="ZFD1+cP8HHNhNha/j35y7+s0n5E=">AAAB83icbVBNS8NAEJ3Ur1q/qh69LBahXkoigh6LXjxWsB/QhLLZbtqlm82yuxFC7N/w4kERr/4Zb/4bt20O2vpg4PHeDDPzQsmZNq777ZTW1jc2t8rblZ3dvf2D6uFRRyepIrRNEp6oXog15UzQtmGG055UFMchp91wcjvzu49UaZaIB5NJGsR4JFjECDZW8mXdJ8PEoCeUnQ+qNbfhzoFWiVeQGhRoDapf/jAhaUyFIRxr3fdcaYIcK8MIp9OKn2oqMZngEe1bKnBMdZDPb56iM6sMUZQoW8Kgufp7Isex1lkc2s4Ym7Fe9mbif14/NdF1kDMhU0MFWSyKUo5MgmYBoCFTlBieWYKJYvZWRMZYYWJsTBUbgrf88irpXDQ8t+HdX9aaN0UcZTiBU6iDB1fQhDtoQRsISHiGV3hzUufFeXc+Fq0lp5g5hj9wPn8A5+eQ7g==</latexit>

Gaussian example 
was exact

How 
deep is 

the 
issue?
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✓1

✓2 exact

MFVB
[Turner & Sahani 

2011; MacKay 2003; 
Bishop 2006; Wang, 

Titterington 2004]

q(✓) =
JY

j=1

qj(✓j)

<latexit sha1_base64="VSz6oDRqghD6zT7/+ArgGJ+msVk=">AAACFHicbZC7SgNBFIZnvcZ4W7W0GQxCghB2RdAmELQRqwjmAklcZieTZJLZS2bOCmHZh7DxVWwsFLG1sPNtnCRbaOKBgY//P4cz53dDwRVY1rextLyyurae2chubm3v7Jp7+zUVRJKyKg1EIBsuUUxwn1WBg2CNUDLiuYLV3eHVxK8/MKl44N/BOGRtj/R83uWUgJYc82SUb0GfASngEm6FMug48aBkJ/fxTYJHmpPUdwYFx8xZRWtaeBHsFHIorYpjfrU6AY085gMVRKmmbYXQjokETgVLsq1IsZDQIemxpkafeEy14+lRCT7WSgd3A6mfD3iq/p6IiafU2HN1p0egr+a9ifif14yge9GOuR9GwHw6W9SNBIYATxLCHS4ZBTHWQKjk+q+Y9okkFHSOWR2CPX/yItROi7ZVtG/PcuXLNI4MOkRHKI9sdI7K6BpVUBVR9Iie0St6M56MF+Pd+Ji1LhnpzAH6U8bnD2Ldncg=</latexit><latexit sha1_base64="VSz6oDRqghD6zT7/+ArgGJ+msVk=">AAACFHicbZC7SgNBFIZnvcZ4W7W0GQxCghB2RdAmELQRqwjmAklcZieTZJLZS2bOCmHZh7DxVWwsFLG1sPNtnCRbaOKBgY//P4cz53dDwRVY1rextLyyurae2chubm3v7Jp7+zUVRJKyKg1EIBsuUUxwn1WBg2CNUDLiuYLV3eHVxK8/MKl44N/BOGRtj/R83uWUgJYc82SUb0GfASngEm6FMug48aBkJ/fxTYJHmpPUdwYFx8xZRWtaeBHsFHIorYpjfrU6AY085gMVRKmmbYXQjokETgVLsq1IsZDQIemxpkafeEy14+lRCT7WSgd3A6mfD3iq/p6IiafU2HN1p0egr+a9ifif14yge9GOuR9GwHw6W9SNBIYATxLCHS4ZBTHWQKjk+q+Y9okkFHSOWR2CPX/yItROi7ZVtG/PcuXLNI4MOkRHKI9sdI7K6BpVUBVR9Iie0St6M56MF+Pd+Ji1LhnpzAH6U8bnD2Ldncg=</latexit><latexit sha1_base64="VSz6oDRqghD6zT7/+ArgGJ+msVk=">AAACFHicbZC7SgNBFIZnvcZ4W7W0GQxCghB2RdAmELQRqwjmAklcZieTZJLZS2bOCmHZh7DxVWwsFLG1sPNtnCRbaOKBgY//P4cz53dDwRVY1rextLyyurae2chubm3v7Jp7+zUVRJKyKg1EIBsuUUxwn1WBg2CNUDLiuYLV3eHVxK8/MKl44N/BOGRtj/R83uWUgJYc82SUb0GfASngEm6FMug48aBkJ/fxTYJHmpPUdwYFx8xZRWtaeBHsFHIorYpjfrU6AY085gMVRKmmbYXQjokETgVLsq1IsZDQIemxpkafeEy14+lRCT7WSgd3A6mfD3iq/p6IiafU2HN1p0egr+a9ifif14yge9GOuR9GwHw6W9SNBIYATxLCHS4ZBTHWQKjk+q+Y9okkFHSOWR2CPX/yItROi7ZVtG/PcuXLNI4MOkRHKI9sdI7K6BpVUBVR9Iie0St6M56MF+Pd+Ji1LhnpzAH6U8bnD2Ldncg=</latexit><latexit sha1_base64="VSz6oDRqghD6zT7/+ArgGJ+msVk=">AAACFHicbZC7SgNBFIZnvcZ4W7W0GQxCghB2RdAmELQRqwjmAklcZieTZJLZS2bOCmHZh7DxVWwsFLG1sPNtnCRbaOKBgY//P4cz53dDwRVY1rextLyyurae2chubm3v7Jp7+zUVRJKyKg1EIBsuUUxwn1WBg2CNUDLiuYLV3eHVxK8/MKl44N/BOGRtj/R83uWUgJYc82SUb0GfASngEm6FMug48aBkJ/fxTYJHmpPUdwYFx8xZRWtaeBHsFHIorYpjfrU6AY085gMVRKmmbYXQjokETgVLsq1IsZDQIemxpkafeEy14+lRCT7WSgd3A6mfD3iq/p6IiafU2HN1p0egr+a9ifif14yge9GOuR9GwHw6W9SNBIYATxLCHS4ZBTHWQKjk+q+Y9okkFHSOWR2CPX/yItROi7ZVtG/PcuXLNI4MOkRHKI9sdI7K6BpVUBVR9Iie0St6M56MF+Pd+Ji1LhnpzAH6U8bnD2Ldncg=</latexit>

KL(q||p(·|y)) =
Z

✓
q(✓) log

q(✓)

p(✓|y)d✓
<latexit sha1_base64="kKvIKjci/Uv7l7ROZc27bN/ULlQ=">AAACRXicbZDPSxtBFMdntVUbq0Y99vJoEJJL2BVBL4LoRagHC40K2RBmZ2eTwdmZzcxbIWz2n/Pi3Vv/g156UMRrO0mWUn88GPjM970vb+YbZVJY9P2f3sLih49Lyyufaquf19Y36ptbF1bnhvEO01Kbq4haLoXiHRQo+VVmOE0jyS+j65Np//KGGyu0+oHjjPdSOlAiEYyik/r18NtZcwSTCWTNkMUaYQLjVgsOIRQK+0WIQ4 60hFFzTi0IpR5AmBjKin9iWWQVzuwlxPNbv97w2/6s4C0EFTRIVef9+n0Ya5anXCGT1Npu4GfYK6hBwSQva2FueUbZNR3wrkNFU257xSyFEnacEkOijTsKYab+7yhoau04jdxkSnFoX/em4nu9bo7JQa8QKsuRKzZflOQSUMM0UoiF4Qzl2AFlRri3AhtSlxC64GsuhOD1l9/CxW478NvB973G0XEVxwr5Qr6SJgnIPjkip+ScdAgjt+QXeSCP3p3323vynuejC17l2SYvyvvzFzUcsGk=</latexit><latexit sha1_base64="kKvIKjci/Uv7l7ROZc27bN/ULlQ=">AAACRXicbZDPSxtBFMdntVUbq0Y99vJoEJJL2BVBL4LoRagHC40K2RBmZ2eTwdmZzcxbIWz2n/Pi3Vv/g156UMRrO0mWUn88GPjM970vb+YbZVJY9P2f3sLih49Lyyufaquf19Y36ptbF1bnhvEO01Kbq4haLoXiHRQo+VVmOE0jyS+j65Np//KGGyu0+oHjjPdSOlAiEYyik/r18NtZcwSTCWTNkMUaYQLjVgsOIRQK+0WIQ4 60hFFzTi0IpR5AmBjKin9iWWQVzuwlxPNbv97w2/6s4C0EFTRIVef9+n0Ya5anXCGT1Npu4GfYK6hBwSQva2FueUbZNR3wrkNFU257xSyFEnacEkOijTsKYab+7yhoau04jdxkSnFoX/em4nu9bo7JQa8QKsuRKzZflOQSUMM0UoiF4Qzl2AFlRri3AhtSlxC64GsuhOD1l9/CxW478NvB973G0XEVxwr5Qr6SJgnIPjkip+ScdAgjt+QXeSCP3p3323vynuejC17l2SYvyvvzFzUcsGk=</latexit><latexit sha1_base64="kKvIKjci/Uv7l7ROZc27bN/ULlQ=">AAACRXicbZDPSxtBFMdntVUbq0Y99vJoEJJL2BVBL4LoRagHC40K2RBmZ2eTwdmZzcxbIWz2n/Pi3Vv/g156UMRrO0mWUn88GPjM970vb+YbZVJY9P2f3sLih49Lyyufaquf19Y36ptbF1bnhvEO01Kbq4haLoXiHRQo+VVmOE0jyS+j65Np//KGGyu0+oHjjPdSOlAiEYyik/r18NtZcwSTCWTNkMUaYQLjVgsOIRQK+0WIQ4 60hFFzTi0IpR5AmBjKin9iWWQVzuwlxPNbv97w2/6s4C0EFTRIVef9+n0Ya5anXCGT1Npu4GfYK6hBwSQva2FueUbZNR3wrkNFU257xSyFEnacEkOijTsKYab+7yhoau04jdxkSnFoX/em4nu9bo7JQa8QKsuRKzZflOQSUMM0UoiF4Qzl2AFlRri3AhtSlxC64GsuhOD1l9/CxW478NvB973G0XEVxwr5Qr6SJgnIPjkip+ScdAgjt+QXeSCP3p3323vynuejC17l2SYvyvvzFzUcsGk=</latexit><latexit sha1_base64="kKvIKjci/Uv7l7ROZc27bN/ULlQ=">AAACRXicbZDPSxtBFMdntVUbq0Y99vJoEJJL2BVBL4LoRagHC40K2RBmZ2eTwdmZzcxbIWz2n/Pi3Vv/g156UMRrO0mWUn88GPjM970vb+YbZVJY9P2f3sLih49Lyyufaquf19Y36ptbF1bnhvEO01Kbq4haLoXiHRQo+VVmOE0jyS+j65Np//KGGyu0+oHjjPdSOlAiEYyik/r18NtZcwSTCWTNkMUaYQLjVgsOIRQK+0WIQ4 60hFFzTi0IpR5AmBjKin9iWWQVzuwlxPNbv97w2/6s4C0EFTRIVef9+n0Ya5anXCGT1Npu4GfYK6hBwSQva2FueUbZNR3wrkNFU257xSyFEnacEkOijTsKYab+7yhoau04jdxkSnFoX/em4nu9bo7JQa8QKsuRKzZflOQSUMM0UoiF4Qzl2AFlRri3AhtSlxC64GsuhOD1l9/CxW478NvB973G0XEVxwr5Qr6SJgnIPjkip+ScdAgjt+QXeSCP3p3323vynuejC17l2SYvyvvzFzUcsGk=</latexit>
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q⇤(✓)

NICE

p(✓|y) • Turner, Sahani (2011) 
showed (empirically) 
can have strictly larger 
NICE set but worse 
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estimates

NICE’
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p(✓|y) • Turner, Sahani (2011) 
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q⇤(✓)

NICE

p(✓|y) • Turner, Sahani (2011) 
showed (empirically) 
can have strictly larger 
NICE set but worse 
mean & variance 
estimates

• Exercise: Show, with a simple example, that a smaller KL 
does not imply better mean and variance estimates

19

NICE’

[Baqué et al 2017; Huggins, Karsprzak, Campbell, Broderick 2020]
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q⇤(✓)

NICE

p(✓|y) • Turner, Sahani (2011) 
showed (empirically) 
can have strictly larger 
NICE set but worse 
mean & variance 
estimates

• Exercise: Show, with a simple example, that a smaller KL 
does not imply better mean and variance estimates

19

NICE’

• But how much worse can the estimates be? And could it 
have just been the implementation?

[Baqué et al 2017; Huggins, Karsprzak, Campbell, Broderick 2020]
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[Huggins, Karsprzak, Campbell, Broderick 2020]20
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• Some KL values seen in practice: 
~1 to ~70, 0.5 to 3 

• Take any constant c

[Huggins, Karsprzak, Campbell, Broderick 2020]

[Baqué et al 2017; 
Huggins et al 2020]



Is it just MFVB?

Proposition. Can have 
small KL (<0.23) & arbitrarily 
bad variance estimate
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Proposition. Can have small 
KL (<0.9) and arbitrarily bad 
mean estimate

(mp �mq)
2 � c�2

p
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• Some KL values seen in practice: 
~1 to ~70, 0.5 to 3 

• Take any constant c

[Huggins, Karsprzak, Campbell, Broderick 2020]

[Baqué et al 2017; 
Huggins et al 2020]
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• Some KL values seen in practice: 
~1 to ~70, 0.5 to 3 

• Take any constant c

[Huggins, Karsprzak, Campbell, Broderick 2020]

[Baqué et al 2017; 
Huggins et al 2020]
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• Some KL values seen in practice: 
~1 to ~70, 0.5 to 3 

• Take any constant c

[Huggins, Karsprzak, Campbell, Broderick 2020]

[Baqué et al 2017; 
Huggins et al 2020]
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Proposition. Can have small 
KL (<0.9) and arbitrarily bad 
mean estimate
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• Some KL values seen in practice: 
~1 to ~70, 0.5 to 3 

• Take any constant c

[Huggins, Karsprzak, Campbell, Broderick 2020]

[Baqué et al 2017; 
Huggins et al 2020]



Is it just MFVB?

Proposition. Can have 
small KL (<0.23) & arbitrarily 
bad variance estimate
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• Some KL values seen in practice: 
~1 to ~70, 0.5 to 3 

• Take any constant c

[Huggins, Karsprzak, Campbell, Broderick 2020]

[Baqué et al 2017; 
Huggins et al 2020]



Is it just MFVB?

Proposition. Can have 
small KL (<0.23) & arbitrarily 
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Proposition. Can have small 
KL (<0.9) and arbitrarily bad 
mean estimate

(mp �mq)
2 � c�2

p
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• Some KL values seen in practice: 
~1 to ~70, 0.5 to 3 

• Take any constant c

[Huggins, Karsprzak, Campbell, Broderick 2020]

[Baqué et al 2017; 
Huggins et al 2020]



Optimization 
q⇤ = argminq2Qf(q(·), p(·|y))

Variational Bayes 
q⇤ = argminq2QKL(q(·)||p(·|y))

q⇤ = argminq2QMFVB
KL(q(·)||p(·|y))

Use     to approximate
Approximate Bayesian inference

q⇤
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Optimization 
q⇤ = argminq2Qf(q(·), p(·|y))

Variational Bayes 
q⇤ = argminq2QKL(q(·)||p(·|y))

q⇤ = argminq2QMFVB
KL(q(·)||p(·|y))

Use     to approximate
Approximate Bayesian inference
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We can fix VB uncertainty

21

• We provide: linear response variational 
Bayes (LRVB) 

• Procedure: VB (e.g. MFVB), then LRVB

[Bishop 2006]

p(✓|x)

q⇤(✓)

[Bishop 2006]⌃̂ = (I � V H)�1
V

• Perturbation ideas, statistical physics 
• Correction to VB:

Exact 
posterior

MFVB

LRVB

[see also Opper, Winther 2003]

computable from 
model with autodiff

[Giordano, Broderick, Jordan 2015, 2018]

• Exact for Gaussians 
• Needs good posterior 

mean approximation 
in practice
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• Theoretical guarantees on quality 
• How to develop coresets for diverse tasks/geometries? 
• Previous heuristics: data squashing, big data GPs 
• Compare to subsampling

• Observe: redundancies can exist even if data isn’t “tall” 
• Coresets: pre-process data to get a smaller, weighted 

data set

Focus on data “core” for guarantees

[Bădoiu, Har-Peled, Indyk 2002; Agarwal et al 2005; 
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Uniform 
subsampling

Importance 
sampling

Bayesian/Hilbert 
coresets

Data summarization alternatives

M = 10 M = 100 M = 1000
[Campbell, Broderick 2018, 2019]24
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Reliable diagnostics

25

• ELBO or KL alone isn’t enough

iteration0

KLELBO

iteration

18,067

• Instead: easy-to-compute bound on Wasserstein 
• Wasserstein bounds error in posterior mean 

and variance 
• Part of a validated workflow for VB 

• Builds on e.g.  
• See also

[Huggins, 
Kasprzak, 
Campbell, 
Broderick, 2020]

[Dieng et al 2017; Yao et al 2018]

[Gorham, Mackey 2015, 2017; 
Chwialkowski, Strathmann, Gretton 2016; 
Jitkrittum et al 2017; Talts et al 2018, etc.]

[Huggins, Kasprzak, Campbell, Broderick, 
2020]



Roadmap

• Bayes & Approximate Bayes review 
• What is: 

• Variational Bayes (VB) 
• Mean-field variational Bayes (MFVB) 

• Why use VB? 
• When can we trust VB? 
• Where do we go from here?



• Goals: good point estimates, uncertainty estimates 
• Challenge: speed (compute, user), reliable inference

[Julian Hertzog 2016]
[Chati, Balakrishnan 

2017]

[Stone et al 2014]

[Baltic Salmon Fund]
[Kuikka et al 2014]

[mc-stan.org]

[Woodard 
et al 2017]

[Abbott et al 2016a,b]

[ESO/ 
L. Calçada/ 
M. Kornmesser 2017]

Bayesian inference

[amcharts.com 2016]
[Meager 2019,2020]

[Nishiura et al 
2020; Flaxman et 
al 2020; Dehning 
et al 2020]

[Gillon et al 2017l 
Grimm et al 2018]



Our Experiments 
• R Giordano, T Broderick, and MI Jordan. 

Linear response methods for accurate 
covariance estimates from mean field 
variational Bayes. NeurIPS 2015. 

• R Giordano, T Broderick, R Meager, JH 
Huggins, and MI Jordan. Fast robustness 
quantification with variational Bayes. ICML 
Data4Good Workshop 2016. 

• R Giordano, T Broderick, and MI Jordan. 
Covariances, robustness, and variational 
Bayes. JMLR 2018. 

• J Huggins, M Kasprzak, T Campbell, T 
Broderick. Validated Variational Inference 
via Practical Posterior Error Bounds. ArXiv:
1910.04102. AISTATS 2020, to appear. 

• T Campbell and T Broderick. Automated 
scalable Bayesian inference via Hilbert 
coresets. JMLR 2019. 

• T Campbell and T Broderick. Bayesian 
Coreset Construction via Greedy Iterative 
Geodesic Ascent. ICML 2018.

What to read next
Textbooks and Reviews 
• Bishop. Pattern Recognition and 

Machine Learning, Ch 10. 2006. 
• Blei, Kucukelbir, McAuliffe. Variational 

inference: A review for statisticians, 
JASA 2016. 

• MacKay. Information Theory, 
Inference, and Learning Algorithms, 
Ch 33. 2003. 

• Murphy. Machine Learning: A 
Probabilistic Perspective, Ch 21. 2012. 

• Ormerod, Wand. Explaining variational 
approximations. Amer Stat 2010. 

• Turner, Sahani. Two problems with 
variational expectation maximisation 
for time-series models. In Bayesian 
Time Series Models, 2011. 

• Wainwright, Jordan. Graphical models, 
exponential families, and variational 
inference. Foundations and Trends in 
Machine Learning, 2008.
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