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Exp✓(v)

Approximate inference
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I. Fit a neural network using SGD:

II. Approximate the posterior distribution by

III. Compute the predictive distribution as

Several choices for
approximating the Hessian
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2 How can differential geometry help us?
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Logistic Regression

Regression

Classification

Using the Riemannian metric to solve exponential maps
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Our Riemannian Laplace
approximation

Parametrization of the loss surface

Assumption: the loss 
surface changes
smoothly wrt to                                

Immersion function
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Parameter space is the
intrinsic coordinates of our manifold

Riemannian metric
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This gives us a notion of a local inner product in the intrinsic 
coordinates of the manifold

Exponential map tend to stay in region of the parameter space 
that has low loss

With our metric above, this simplifies to Can be easily compute via automatic 
differentiation and using a IVP solver 

from scipy
.

Directions that open up from this work:

Other Riemannian metrics with different properties can be considered;
The proposed metric can be computed efficiently thanks to auto-differentiation techniques. Additional approximations 
e.g. KFAC or diagonal Hessian, can make it even faster to compute;
 Tailored-made solvers that exploit the structure and behaviour of our ODE system, i.e. geodesics start from low and 
move towards higher loss, can be beneficial for scaling this method to bigger datasets and networks.

Future directions5Given a metric, we can compute a curve in the intrinsic space by solving the following ODE system

I.  Fit classic Laplace approximation

II.  Sample 

3

IVP: result is a 
geodesic

exponential 
map

and compute initial velocities

III. Compute predictive distribution as
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<latexit sha1_base64="BnYbOIxCQYcX2dWjSc3U5tLw5Ko=">AAACD3icbVDJSgNBEO2JW4xb1KOXxqB4McyI20WIevEiRDALZIahp9OTNOlZ6K4JhGH+wIu/4sWDIl69evNv7CyCJj5oeP1eFVX1vFhwBab5ZeTm5hcWl/LLhZXVtfWN4uZWXUWJpKxGIxHJpkcUEzxkNeAgWDOWjASeYA2vdz30G30mFY/CexjEzAlIJ+Q+pwS05Bb37YBA1/PTfuYqfIFt6DIgbnp7Wc3w4c9XucWSWTZHwLPEmpASmqDqFj/tdkSTgIVABVGqZZkxOCmRwKlgWcFOFIsJ7ZEOa2kakoApJx3dk+E9rbSxH0n9QsAj9XdHSgKlBoGnK4fbq2lvKP7ntRLwz52Uh3ECLKTjQX4iMER4GA5uc8koiIEmhEqud8W0SyShoCMs6BCs6ZNnSf2obJ2WT+6OS5WrSRx5tIN20QGy0BmqoBtURTVE0QN6Qi/o1Xg0no03431cmjMmPdvoD4yPbxywnBQ=</latexit>

vs = ✓MAP � ✓s

<latexit sha1_base64="sizAu3HoOjj1xEUN0oKtPQwDC94=">AAAB9HicbVBNS8NAEJ3Ur1q/qh69LBbBU0nEr2PVixehgv2ANpTNdtMu3Wzi7qRQQn+HFw+KePXHePPfmLQ5aPXBwOO9GWbmeZEUBm37yyosLa+srhXXSxubW9s75d29pgljzXiDhTLUbY8aLoXiDRQoeTvSnAae5C1vdJP5rTHXRoTqAScRdwM6UMIXjGIquV0ccqS95O6qPi31yhW7as9A/hInJxXIUe+VP7v9kMUBV8gkNabj2BG6CdUomOTTUjc2PKJsRAe8k1JFA27cZHb0lBylSp/4oU5LIZmpPycSGhgzCby0M6A4NIteJv7ndWL0L91EqChGrth8kR9LgiHJEiB9oTlDOUkJZVqktxI2pJoyTHPKQnAWX/5LmidV57x6dn9aqV3ncRThAA7hGBy4gBrcQh0awOARnuAFXq2x9Wy9We/z1oKVz+zDL1gf3yp9kbc=</latexit>

✓MAP

<latexit sha1_base64="yGlBhdICWYeh8U+1BhGTqj21qn0=">AAAB8nicbVDLSgNBEJyNrxhfUY9eBoPgKeyKr2PUiwcPEcwDNiHMTnqTIbM7y0yvEJZ8hhcPinj1a7z5N06SPWi0oKGo6qa7K0ikMOi6X05haXllda24XtrY3NreKe/uNY1KNYcGV1LpdsAMSBFDAwVKaCcaWBRIaAWjm6nfegRthIofcJxAN2KDWISCM7SS38EhIOtld1eTXrniVt0Z6F/i5aRCctR75c9OX/E0ghi5ZMb4nptgN2MaBZcwKXVSAwnjIzYA39KYRWC62ezkCT2ySp+GStuKkc7UnxMZi4wZR4HtjBgOzaI3Ff/z/BTDy24m4iRFiPl8UZhKiopO/6d9oYGjHFvCuBb2VsqHTDOONqWSDcFbfPkvaZ5UvfPq2f1ppXadx1EkB+SQHBOPXJAauSV10iCcKPJEXsirg86z8+a8z1sLTj6zT37B+fgGTb2RSA==</latexit>

✓LA

<latexit sha1_base64="BgX8lvojadpcJvEgjL2JzBlk3pU=">AAAB83icbVDLSgNBEJyNrxhfUY9eBoPgKeyKr2PQizejuEkgu4TZSW8yZPbBTK8QlvyGFw+KePVnvPk3TpI9aLSgoajqprsrSKXQaNtfVmlpeWV1rbxe2djc2t6p7u61dJIpDi5PZKI6AdMgRQwuCpTQSRWwKJDQDkbXU7/9CEqLJH7AcQp+xAaxCAVnaCTPwyEg6+W37v2kV63ZdXsG+pc4BamRAs1e9dPrJzyLIEYumdZdx07Rz5lCwSVMKl6mIWV8xAbQNTRmEWg/n908oUdG6dMwUaZipDP150TOIq3HUWA6I4ZDvehNxf+8bobhpZ+LOM0QYj5fFGaSYkKnAdC+UMBRjg1hXAlzK+VDphhHE1PFhOAsvvyXtE7qznn97O601rgq4iiTA3JIjolDLkiD3JAmcQknKXkiL+TVyqxn6816n7eWrGJmn/yC9fENFkSRuw==</latexit>

✓OUR

<latexit sha1_base64="RnyzIg4Iy64zhhoBANN9EcBOI5Y=">AAAB7XicbVDLSgNBEJyNrxhfUY9eBoPgKeyKr2PQi8cI5gHJEmYnvcmY2Z1lplcIS/7BiwdFvPo/3vwbJ8keNLGgoajqprsrSKQw6LrfTmFldW19o7hZ2tre2d0r7x80jUo1hwZXUul2wAxIEUMDBUpoJxpYFEhoBaPbqd96Am2Eih9wnIAfsUEsQsEZWqnZxSEg65UrbtWdgS4TLycVkqPeK391+4qnEcTIJTOm47kJ+hnTKLiESambGkgYH7EBdCyNWQTGz2bXTuiJVfo0VNpWjHSm/p7IWGTMOApsZ8RwaBa9qfif10kxvPYzEScpQszni8JUUlR0+jrtCw0c5dgSxrWwt1I+ZJpxtAGVbAje4svLpHlW9S6rF/fnldpNHkeRHJFjcko8ckVq5I7USYNw8kieySt5c5Tz4rw7H/PWgpPPHJI/cD5/AKc3jzI=</latexit>

✓
Neil Lawrence, “Variational Inference in Probabilistic Models”, PhD thesis, 2000

Ritter, Botev, and Barber. A scalable laplace approximation for neural networks. ICLR 2018

We consider a logistic regressor                      on a linearly separable dataset and and the posterior with respect to     fixing the optimal   
<latexit sha1_base64="i2AoWdIgYbD3jOovOkcOOF0ttE0=">AAACB3icbVDJSgNBEO2JW4zbqEdBGoMQEcKMuB2DXjxGyAaZGHo6PUmTnoXuGjEMuXnxV7x4UMSrv+DNv7EnmYMmPih4vFdFVT03ElyBZX0buYXFpeWV/GphbX1jc8vc3mmoMJaU1WkoQtlyiWKCB6wOHARrRZIR3xWs6Q6vU795z6TiYVCDUcQ6PukH3OOUgJa65r6jeN8nJccnMHC95GF8V3NgwIDgY+wedc2iVbYmwPPEzkgRZah2zS+nF9LYZwFQQZRq21YEnYRI4FSwccGJFYsIHZI+a2saEJ+pTjL5Y4wPtdLDXih1BYAn6u+JhPhKjXxXd6bnqlkvFf/z2jF4l52EB1EMLKDTRV4sMIQ4DQX3uGQUxEgTQiXXt2I6IJJQ0NEVdAj27MvzpHFSts/LZ7enxcpVFkce7aEDVEI2ukAVdIOqqI4oekTP6BW9GU/Gi/FufExbc0Y2s4v+wPj8ARfHmM4=</latexit>

�(xT ✓ + b)
<latexit sha1_base64="TCU2Tahe73r27UOteVfCsv8cEdQ=">AAAB7HicbVBNS8NAEJ3Ur1q/qh69LBZBPJRE/DoWvXisYNpCG8pmO22XbjZhdyOU0N/gxYMiXv1B3vw3btsctPXBwOO9GWbmhYng2rjut1NYWV1b3yhulra2d3b3yvsHDR2niqHPYhGrVkg1Ci7RN9wIbCUKaRQKbIaju6nffEKleSwfzTjBIKIDyfucUWMlP+xmZ5NuueJW3RnIMvFyUoEc9W75q9OLWRqhNExQrduem5ggo8pwJnBS6qQaE8pGdIBtSyWNUAfZ7NgJObFKj/RjZUsaMlN/T2Q00nochbYzomaoF72p+J/XTk3/Jsi4TFKDks0X9VNBTEymn5MeV8iMGFtCmeL2VsKGVFFmbD4lG4K3+PIyaZxXvavq5cNFpXabx1GEIziGU/DgGmpwD3XwgQGHZ3iFN0c6L8678zFvLTj5zCH8gfP5A6czjpk=</latexit>

b⇤
<latexit sha1_base64="RnyzIg4Iy64zhhoBANN9EcBOI5Y=">AAAB7XicbVDLSgNBEJyNrxhfUY9eBoPgKeyKr2PQi8cI5gHJEmYnvcmY2Z1lplcIS/7BiwdFvPo/3vwbJ8keNLGgoajqprsrSKQw6LrfTmFldW19o7hZ2tre2d0r7x80jUo1hwZXUul2wAxIEUMDBUpoJxpYFEhoBaPbqd96Am2Eih9wnIAfsUEsQsEZWqnZxSEg65UrbtWdgS4TLycVkqPeK391+4qnEcTIJTOm47kJ+hnTKLiESambGkgYH7EBdCyNWQTGz2bXTuiJVfo0VNpWjHSm/p7IWGTMOApsZ8RwaBa9qfif10kxvPYzEScpQszni8JUUlR0+jrtCw0c5dgSxrWwt1I+ZJpxtAGVbAje4svLpHlW9S6rF/fnldpNHkeRHJFjcko8ckVq5I7USYNw8kieySt5c5Tz4rw7H/PWgpPPHJI/cD5/AKc3jzI=</latexit>

✓

We consider a regression problem with DNN, where classic LA is known to perform poorly even if Hessian is not particularly ill-conditioned.

We consider nonlinear classification problems and our method performs better than linearized LA.

MORE EXPERIMENTS AND TABLES IN THE PAPER…

1-layer NN with 15 hidden units

2-layer NN with 16 hidden units per layer

<latexit sha1_base64="U740TLrYPV6v67w8TgjZxKoVksA=">AAAB+nicbVC7TsNAEDyHVwgvB0qaExESVWQjXmWAhoIiSOQhJVZ0vpyTU85n624diEw+hYYChGj5Ejr+hkviAhJGWmk0s6vdHT8WXIPjfFu5peWV1bX8emFjc2t7xy7u1nWUKMpqNBKRavpEM8ElqwEHwZqxYiT0BWv4g+uJ3xgypXkk72EUMy8kPckDTgkYqWMX28AeIR0SyYUg+PZy3LFLTtmZAi8SNyMllKHasb/a3YgmIZNABdG65ToxeClRwKlg40I70SwmdEB6rGWoJCHTXjo9fYwPjdLFQaRMScBT9fdESkKtR6FvOkMCfT3vTcT/vFYCwYWXchknwCSdLQoSgSHCkxxwlytGQYwMIVRxcyumfaIIBZNWwYTgzr+8SOrHZfesfHp3UqpcZXHk0T46QEfIReeogm5QFdUQRQ/oGb2iN+vJerHerY9Za87KZvbQH1ifP1JLlAw=</latexit>

vanilla LA
<latexit sha1_base64="xxvXPgyvlrJS+HpCsHyoIwb9yLU=">AAAB/XicbVDJSgNBFOyJW4xbXG5eGoPgKcyI2zHqxYOHCGaBZAg9PS9Jk56F7jdiMgR/xYsHRbz6H978GzvLQRMLGoqqV7zX5cVSaLTtbyuzsLi0vJJdza2tb2xu5bd3qjpKFIcKj2Sk6h7TIEUIFRQooR4rYIEnoeb1rkd+7QGUFlF4j/0Y3IB1QtEWnKGRWvm9JsIjpqM4U2IAPr29HLbyBbtoj0HniTMlBTJFuZX/avoRTwIIkUumdcOxY3RTplBwCcNcM9EQM95jHWgYGrIAtJuOrx/SQ6P4tB0p80KkY/V3ImWB1v3AM5MBw66e9Ubif14jwfaFm4owThBCPlnUTiTFiI6qoL5QwFH2DWFcCXMr5V2mGEdTWM6U4Mx+eZ5Uj4vOWfH07qRQuprWkSX75IAcEYeckxK5IWVSIZwMyDN5JW/Wk/VivVsfk9GMNc3skj+wPn8AvYGVag==</latexit>

linearized LA
<latexit sha1_base64="oaepHaY/ekMDyiJSsMfBFnWW8H8=">AAAB/XicbVDJSgNBEO2JW4xbXG5eGoPgKcyI2zHqxYOHKGaBJISeTiVp0tMzdNeIcQj+ihcPinj1P7z5N3aWgyY+KHi8V0VVPT+SwqDrfjupufmFxaX0cmZldW19I7u5VTZhrDmUeChDXfWZASkUlFCghGqkgQW+hIrfuxz6lXvQRoTqDvsRNALWUaItOEMrNbM7dYQHTG4FBEwpwRS9Ph80szk3745AZ4k3ITkyQbGZ/aq3Qh4HoJBLZkzNcyNsJEyj4BIGmXpsIGK8xzpQs1SxAEwjGV0/oPtWadF2qG0ppCP190TCAmP6gW87A4ZdM+0Nxf+8Wozts0YiVBQjKD5e1I4lxZAOo6AtoYGj7FvCuBb2Vsq7TDOONrCMDcGbfnmWlA/z3kn++OYoV7iYxJEmu2SPHBCPnJICuSJFUiKcPJJn8krenCfnxXl3PsatKWcys03+wPn8AYO5lUU=</latexit>

Riemannian LA

CHECK OUT 
THE PAPER!

Laplace samples can be used to generate geodesics that 
stay within the loss generating better samples.

Idea

๏Can we define a flexible 
approximate posterior that 
adapts to the nonlinear structure of 
the true posterior while sampling 
remains efficient?

Computing                 is the biggest challenge for Bayesian deep learning
<latexit sha1_base64="P5U+mehwcin1XMOgehFUnjy3ddo=">AAAB/3icbVDLSsNAFJ3UV62vqODGzWAR6qYk4mtZ1IXLCvYBTSiT6aQdOnkwcyOUtAt/xY0LRdz6G+78GydtFtp6YOBwzr3cM8eLBVdgWd9GYWl5ZXWtuF7a2Nza3jF395oqSiRlDRqJSLY9opjgIWsAB8HasWQk8ARrecObzG89Mql4FD7AKGZuQPoh9zkloKWueRBXHBgwIGPsBAQGlIj0dnLSNctW1ZoCLxI7J2WUo941v5xeRJOAhUAFUapjWzG4KZHAqWCTkpMoFhM6JH3W0TQkAVNuOs0/wcda6WE/kvqFgKfq742UBEqNAk9PZhnVvJeJ/3mdBPwrN+VhnAAL6eyQnwgMEc7KwD0uGQUx0oRQyXVWTAdEEgq6spIuwZ7/8iJpnlbti+r5/Vm5dp3XUUSH6AhVkI0uUQ3doTpqIIrG6Bm9ojfjyXgx3o2P2WjByHf20R8Ynz+O0ZXS</latexit>

p(✓|D)

Problem Research question

Laplace approximation

Bayesian neural network

<latexit sha1_base64="GmZV2dIxbPFAuTNOBdQe1PfFTYA=">AAACN3icbVDJSgNBFOyJW4xb1KOXxiAklzAjbhchqAdPEsEskAmhp9OTNOlZ6H4jhMn8lRd/w5tePCji1T+ws4gmsaChqKpHv1dOKLgC03w2UguLS8sr6dXM2vrG5lZ2e6eqgkhSVqGBCGTdIYoJ7rMKcBCsHkpGPEewmtO7HPq1eyYVD/w76Ies6ZGOz11OCWiplb0J8zZ0GZABtj0CXUpEfJUU8Dm2XUlorO1feTCOFn5mCsm0X0ha2ZxZNEfA88SakByaoNzKPtntgEYe84EKolTDMkNoxkQCp4IlGTtSLCS0RzqsoalPPKaa8ejuBB9opY3dQOrnAx6pfydi4inV9xydHC6pZr2h+J/XiMA9a8bcDyNgPh1/5EYCQ4CHJeI2l4yC6GtCqOR6V0y7RPcFuuqMLsGaPXmeVA+L1knx+PYoV7qY1JFGe2gf5ZGFTlEJXaMyqiCKHtALekPvxqPxanwYn+NoypjM7KIpGF/fdM6s7g==</latexit>

p(✓|D) =
p(D|✓)p(✓)

p(D)

<latexit sha1_base64="uQhjjvALBqSml8qMGRdj3e5kCoA=">AAAB8HicbVDLSgNBEOyNrxhfUY9eFoMQL2FXfB2DXjxGMA9JljA7mSRDZmaXmV4hLPkKLx4U8ernePNvnCR70MSChqKqm+6uMBbcoOd9O7mV1bX1jfxmYWt7Z3evuH/QMFGiKavTSES6FRLDBFesjhwFa8WaERkK1gxHt1O/+cS04ZF6wHHMAkkGivc5JWilx7jcwSFDctotlryKN4O7TPyMlCBDrVv86vQimkimkApiTNv3YgxSopFTwSaFTmJYTOiIDFjbUkUkM0E6O3jinlil5/YjbUuhO1N/T6REGjOWoe2UBIdm0ZuK/3ntBPvXQcpVnCBTdL6onwgXI3f6vdvjmlEUY0sI1dze6tIh0YSizahgQ/AXX14mjbOKf1m5uD8vVW+yOPJwBMdQBh+uoAp3UIM6UJDwDK/w5mjnxXl3PuatOSebOYQ/cD5/AEGzkBE=</latexit>

p(✓)
<latexit sha1_base64="onq3sOgUb22deCLNFDUMJOAmj6c=">AAAB/nicbVDLSsNAFJ34rPUVFVduBotQNyURX8uiLlxWsA9oSplMJ+3QySTM3AglFvwVNy4Ucet3uPNvnLRZaOuBgcM593LPHD8WXIPjfFsLi0vLK6uFteL6xubWtr2z29BRoiir00hEquUTzQSXrA4cBGvFipHQF6zpD68zv/nAlOaRvIdRzDoh6UsecErASF17Py57IYEBJSK9GT96MGBAjrt2yak4E+B54uakhHLUuvaX14toEjIJVBCt264TQyclCjgVbFz0Es1iQoekz9qGShIy3Ukn8cf4yCg9HETKPAl4ov7eSEmo9Sj0zWQWVc96mfif104guOykXMYJMEmnh4JEYIhw1gXuccUoiJEhhCpusmI6IIpQMI0VTQnu7JfnSeOk4p5Xzu5OS9WrvI4COkCHqIxcdIGq6BbVUB1RlKJn9IrerCfrxXq3PqajC1a+s4f+wPr8ATN6lag=</latexit>

p(D|✓)

prior

likelihood
posterior

The Gaussian distribution does 
not take into account the 
nonlinear structure of the 
posterior;
Probability mass spreads in low 
posterior regions leading to 
suboptimal behaviour.

<latexit sha1_base64="y1zIWmDtCAWZENXB15CC970YNFo="></latexit>

p(y|x0,D) ⇡
Z

p(y|x0,D, ✓)q(✓)d✓

=
1

S

SX

s=1

p(y|x0,D, ✓s), ✓s ⇠ q(✓)

<latexit sha1_base64="fMLcpjAlmkiFYaZwwP4j5l3SOuk="></latexit>

p(y|x0,D) ⇡
Z

p(y|x0,D, ✓)q(✓)d✓

=
1

S

SX

s=1

p(y|x0,D,Exp✓MAP
(vs))

Our samples

Laplace samples

<latexit sha1_base64="l4KXz9TDc+W01y3ZQzr64f1+GCE=">AAAB7XicbVDLSgNBEOz1GeMr6tHLYhA8hV3xdQx68RghL0iWMDvpTcbMziwzs0JY8g9ePCji1f/x5t84SfagiQUNRVU33V1hwpk2nvftrKyurW9sFraK2zu7e/ulg8Omlqmi2KCSS9UOiUbOBDYMMxzbiUIShxxb4ehu6reeUGkmRd2MEwxiMhAsYpQYKzW79SEa0iuVvYo3g7tM/JyUIUetV/rq9iVNYxSGcqJ1x/cSE2REGUY5TordVGNC6IgMsGOpIDHqIJtdO3FPrdJ3I6lsCePO1N8TGYm1Hseh7YyJGepFbyr+53VSE90EGRNJalDQ+aIo5a6R7vR1t88UUsPHlhCqmL3VpUOiCDU2oKINwV98eZk0zyv+VeXy4aJcvc3jKMAxnMAZ+HANVbiHGjSAwiM8wyu8OdJ5cd6dj3nripPPHMEfOJ8/djePEg==</latexit>

⇥
<latexit sha1_base64="sizAu3HoOjj1xEUN0oKtPQwDC94=">AAAB9HicbVBNS8NAEJ3Ur1q/qh69LBbBU0nEr2PVixehgv2ANpTNdtMu3Wzi7qRQQn+HFw+KePXHePPfmLQ5aPXBwOO9GWbmeZEUBm37yyosLa+srhXXSxubW9s75d29pgljzXiDhTLUbY8aLoXiDRQoeTvSnAae5C1vdJP5rTHXRoTqAScRdwM6UMIXjGIquV0ccqS95O6qPi31yhW7as9A/hInJxXIUe+VP7v9kMUBV8gkNabj2BG6CdUomOTTUjc2PKJsRAe8k1JFA27cZHb0lBylSp/4oU5LIZmpPycSGhgzCby0M6A4NIteJv7ndWL0L91EqChGrth8kR9LgiHJEiB9oTlDOUkJZVqktxI2pJoyTHPKQnAWX/5LmidV57x6dn9aqV3ncRThAA7hGBy4gBrcQh0awOARnuAFXq2x9Wy9We/z1oKVz+zDL1gf3yp9kbc=</latexit>

✓MAP

<latexit sha1_base64="ihbFqlEsXTYmeQVNcGKcaNqqiec="></latexit>

✓MAP = argmin

L(✓)
z }| {
� log (p(D|✓)p(✓))


