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SETTING & PROBLEM STATEMENT

Uncertainty quantification


‣ A key ingredient to making neural networks reliably safe


‣ Goal: Obtain reliable predictive uncertainty for neural networks
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Uncertainty quantification


‣ A key ingredient to making neural networks reliably safe


‣ Goal: Obtain reliable predictive uncertainty for neural networks

Bayesian deep learning


‣ Infer posterior distribution over neural network parameters


‣ Problem: State-of-the-art methods underperform deterministic models
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KEY IDEAS

Function-Space Empirical Bayes

‣ Goal: Match or outperform predictive accuracy of standard neural 

network training while improving predictive uncertainty estimation.

‣ Define empirical prior that reflects beliefs about desired functions and 

parameters

‣ Use empirical prior to derive inference method that yields function- and 

parameter-space regularization



EMPIRICAL PRIORS VIA DISTRIBUTIONS OVER FUNCTIONS

Empirical Bayes Auxiliary Model


‣ Empirical prior: 


‣ How to specify auxiliary likelihood and how to specify                      ?

<latexit sha1_base64="bJhYZ2ETyWNutkfHOikdJSZ7QDk="></latexit>

p̂(✓ | ŷ, x̂) / p̂(ŷ | x̂, ✓; f)p(✓)
<latexit sha1_base64="o87l6ILO0ra4S9wmxXb42tQQX+g=">AAACEHicbVC7SgNBFJ2NrxhfUUubwSBahLArQW2EoI2NEME8ILsss5PZZMjsg5m7krDsJ9j4KzYWitha2vk3Th6FJh64cDjnXu69x4sFV2Ca30ZuaXlldS2/XtjY3NreKe7uNVWUSMoaNBKRbHtEMcFD1gAOgrVjyUjgCdbyBtdjv/XApOJReA+jmDkB6YXc55SAltzisd0nkA6zS1swH+x06FplbItuBKqMh+6tLXmvD3bmFktmxZwALxJrRkpohrpb/LK7EU0CFgIVRKmOZcbgpEQCp4JlBTtRLCZ0QHqso2lIAqacdPJQho+00sV+JHWFgCfq74mUBEqNAk93BgT6at4bi/95nQT8CyflYZwAC+l0kZ8IDBEep4O7XDIKYqQJoZLrWzHtE0ko6AwLOgRr/uVF0jytWGeV6l21VLuaxZFHB+gQnSALnaMaukF11EAUPaJn9IrejCfjxXg3PqatOWM2s4/+wPj8AaAPnPc=</latexit>

x̂ = {x1, . . . , xM}



EMPIRICAL PRIORS VIA DISTRIBUTIONS OVER FUNCTIONS

Empirical Bayes Auxiliary Model


‣ Empirical prior: 


‣ How to specify auxiliary likelihood and how to specify                      ?

Goal: Match Desired Function Evaluations


‣ Consider the model


‣ Induced distribution over functions:

<latexit sha1_base64="bJhYZ2ETyWNutkfHOikdJSZ7QDk="></latexit>

p̂(✓ | ŷ, x̂) / p̂(ŷ | x̂, ✓; f)p(✓)
<latexit sha1_base64="o87l6ILO0ra4S9wmxXb42tQQX+g=">AAACEHicbVC7SgNBFJ2NrxhfUUubwSBahLArQW2EoI2NEME8ILsss5PZZMjsg5m7krDsJ9j4KzYWitha2vk3Th6FJh64cDjnXu69x4sFV2Ca30ZuaXlldS2/XtjY3NreKe7uNVWUSMoaNBKRbHtEMcFD1gAOgrVjyUjgCdbyBtdjv/XApOJReA+jmDkB6YXc55SAltzisd0nkA6zS1swH+x06FplbItuBKqMh+6tLXmvD3bmFktmxZwALxJrRkpohrpb/LK7EU0CFgIVRKmOZcbgpEQCp4JlBTtRLCZ0QHqso2lIAqacdPJQho+00sV+JHWFgCfq74mUBEqNAk93BgT6at4bi/95nQT8CyflYZwAC+l0kZ8IDBEep4O7XDIKYqQJoZLrWzHtE0ko6AwLOgRr/uVF0jytWGeV6l21VLuaxZFHB+gQnSALnaMaukF11EAUPaJn9IrejCfjxXg3PqatOWM2s4/+wPj8AaAPnPc=</latexit>

x̂ = {x1, . . . , xM}

<latexit sha1_base64="C2Z5qJIGPFZQKhsSB1gG12tUdg0=">AAACInicbVDLSgNBEJyNrxhfUY9eBoMQEcKuiA+8iF48RjAmmA3L7KQ3O2T24UyvJAS/xYu/4sWDop4EP8ZJzEGjBQNFVRc9XX4qhUbb/rByU9Mzs3P5+cLC4tLySnF17UonmeJQ44lMVMNnGqSIoYYCJTRSBSzyJdT97tnQr9+C0iKJL7GfQitinVgEgjM0klc8uva65d42ddsJwg0NXQkBlnv0mLppKDzbVaITovGrWnjdHf eWKUi1kMNsya7YI9C/xBmTEhmj6hXfzBKeRRAjl0zrpmOn2BowhYJLuCu4mYaU8S7rQNPQmEWgW4PRiXd0yyhtGiTKvBjpSP2ZGLBI637km8mIYagnvaH4n9fMMDhsDUScZggx/14UZJJiQod90bZQwFH2DWFcCfNXykOmGEfTasGU4Eye/Jdc7Vac/crexV7p5HRcR55skE1SJg45ICfknFRJjXByTx7JM3mxHqwn69V6/x7NWePMOvkF6/MLmtOjKQ==</latexit>

Zk(x)
.
= h (x;�0) k + "

<latexit sha1_base64="ezuhkvE1UQHTAHDs2W+iS9TosIo="></latexit>

 k ⇠ N ( ;µ, ⌧�1
f I)

<latexit sha1_base64="gxdlP2k9wFhNXdEE2qgzzijeaCc="></latexit>

" ⇠ N (0, ⌧�1
f I)

<latexit sha1_base64="YaVCb/kZKz6MxWvS4H+nEDjUq9U="></latexit>

K (x̂, x̂;�0)
.
= h (x̂;�0)h (x̂;�0)

> + I

with

with

and

<latexit sha1_base64="5LwEFsKfpELXyub56mnOmtxXj58="></latexit>

N (zk(x̂);h (x̂;�0)µk, ⌧
�1
f K (x̂, x̂;�0))



EMPIRICAL PRIORS VIA DISTRIBUTIONS OVER FUNCTIONS

Empirical Bayes Auxiliary Likelihood


‣ Induced distribution over functions


‣ View as likelihood:


‣ With zero-mean:


‣ Factorization across dimensions:

<latexit sha1_base64="xq6H3U2FdthsySY01UJ4vrBec20=">AAACGXicbVDLSgMxFM3UV62vUZdugkVwIWVGirosunFZwT6gU0omzbShmYfJHWEY5jfc+CtuXCjiUlf+jZl2EG09EHI4597k3uNGgiuwrC+jtLS8srpWXq9sbG5t75i7e20VxpKyFg1FKLsuUUzwgLWAg2DdSDLiu4J13MlV7nfumVQ8DG4hiVjfJ6OAe5wS0NLAtJwxgTTJsDMMgd05qeMTGLteamUn2BFaVPr+0ZxsYFatmjUFXiR2QaqoQHNgfuinaeyzAKggSvVsK4J+SiRwKlhWcWLFIkInZMR6mgbEZ6qfTjfL8JFWhtgLpT4B4Kn6uyMlvlKJ7+rKfEY17+Xif14vBu+in/IgioEFdPaRFwsMIc5jwkMuGQWRaEKo5HpWTMdEEgo6zIoOwZ5feZG0T2v2Wa1+U682Los4yugAHaJjZKNz1EDXqIlaiKIH9IRe0KvxaDwbb8b7rLRkFD376A+Mz28D5aDt</latexit>

ŷ
.
= {0, . . . ,0}

<latexit sha1_base64="zdLx9e7Ng65n4/vDmuZtdhGORDI="></latexit>

p̂(ŷ | x̂, ✓; f) .
=

KY

k=1

p̂ (ŷk | x̂, ✓; f)

<latexit sha1_base64="5LwEFsKfpELXyub56mnOmtxXj58="></latexit>

N (zk(x̂);h (x̂;�0)µk, ⌧
�1
f K (x̂, x̂;�0))

<latexit sha1_base64="B5MT8/88MK+Rrty2tqzs8l8vLAA="></latexit>

p̂ (ŷk | x̂, ✓; f) .
= N (ŷk; f(x̂; ✓)k, ⌧

�1
f K (x̂, x̂;�0))



EMPIRICAL PRIORS VIA DISTRIBUTIONS OVER FUNCTIONS

Empirical Bayes Auxiliary Likelihood


‣ Induced distribution over functions


‣ View as likelihood:


‣ With zero-mean:


‣ Factorization across dimensions:

<latexit sha1_base64="xq6H3U2FdthsySY01UJ4vrBec20=">AAACGXicbVDLSgMxFM3UV62vUZdugkVwIWVGirosunFZwT6gU0omzbShmYfJHWEY5jfc+CtuXCjiUlf+jZl2EG09EHI4597k3uNGgiuwrC+jtLS8srpWXq9sbG5t75i7e20VxpKyFg1FKLsuUUzwgLWAg2DdSDLiu4J13MlV7nfumVQ8DG4hiVjfJ6OAe5wS0NLAtJwxgTTJsDMMgd05qeMTGLteamUn2BFaVPr+0ZxsYFatmjUFXiR2QaqoQHNgfuinaeyzAKggSvVsK4J+SiRwKlhWcWLFIkInZMR6mgbEZ6qfTjfL8JFWhtgLpT4B4Kn6uyMlvlKJ7+rKfEY17+Xif14vBu+in/IgioEFdPaRFwsMIc5jwkMuGQWRaEKo5HpWTMdEEgo6zIoOwZ5feZG0T2v2Wa1+U682Los4yugAHaJjZKNz1EDXqIlaiKIH9IRe0KvxaDwbb8b7rLRkFD376A+Mz28D5aDt</latexit>

ŷ
.
= {0, . . . ,0}

<latexit sha1_base64="zdLx9e7Ng65n4/vDmuZtdhGORDI="></latexit>

p̂(ŷ | x̂, ✓; f) .
=

KY

k=1

p̂ (ŷk | x̂, ✓; f)

Empirical Bayes Auxiliary Prior


‣ Standard prior over parameters, e.g.:
<latexit sha1_base64="1e7M2WPKq6daD1Ac2J12llPUB0U=">AAACJXicbZBNS8NAEIY3flu/qh69LBahBS2JiAoqFL14EgVbhaaWyXZjFzcf7E6EEvJnvPhXvHiwiODJv+K2zUGtAwsvzzvDzrxeLIVG2/60Jianpmdm5+YLC4tLyyvF1bWGjhLFeJ1FMlK3HmguRcjrKFDy21hxCDzJb7yHs4F/88iVFlF4jb2YtwK4D4UvGKBB7eJxXHaxyxEqJ24A2GUg04ssZ/SIDqHnp3a2TV2EpD1y7tIdJ6u0iyW7ag+LjgsnFyWS12W72Hc7EUsCHiKToHXTsWNspaBQMMmzgptoHgN7gHveNDKEgOtWOrwyo1uGdKgfKfNCpEP6cyKFQOte4JnOwdL6rzeA/3nNBP3DVirCOEEestFHfiIpRnQQGe0IxRnKnhHAlDC7UtYFBQxNsAUTgvP35HHR2K06+9W9q71S7TSPY45skE1SJg45IDVyTi5JnTDyRF7IG+lbz9ar9W59jFonrHxmnfwq6+sbfB6kow==</latexit>

p(✓) = N (✓;0, ⌧�1
✓ )

<latexit sha1_base64="5LwEFsKfpELXyub56mnOmtxXj58="></latexit>

N (zk(x̂);h (x̂;�0)µk, ⌧
�1
f K (x̂, x̂;�0))

<latexit sha1_base64="B5MT8/88MK+Rrty2tqzs8l8vLAA="></latexit>

p̂ (ŷk | x̂, ✓; f) .
= N (ŷk; f(x̂; ✓)k, ⌧

�1
f K (x̂, x̂;�0))



EMPIRICAL PRIORS VIA DISTRIBUTIONS OVER FUNCTIONS

Unnormalized Empirical Prior Density Function


‣ Analytically tractable unnormalized log joint density:


‣ Distance measure in function and parameter space


where                            is the squared Mahalanobis distance from 0

<latexit sha1_base64="SE7w1XmMJm6NYr07nbv0GE8Nsw0=">AAAC8HicdVJNb9QwEHUClLJ8dAtHLhYrpF3BVsmqAiSEVMEFqZcisW2l9 </latexit>

log p̂(ŷ | x̂, ✓; f) + log p(✓) / �
KX

k=1

⌧f
2
f(x̂; ✓)>k K (x̂, x̂;�0)

�1 f(x̂; ✓)k � ⌧✓
2
k✓k22

<latexit sha1_base64="SUBs2O9yy+Ws8l+5kCPSrf/ZvZ0=">AAACn3icbVFbb9MwFHbCbZRbgUd4MFRIrbRVSTUBEkKatgcQBVQkug3VXeS4J41V54J9Mq3K8rf2Q3jj3+A0ERobR7L86fvOxedzmCtp0PN+O+6Nm7du39m627l3/8HDR93HTw5NVmgBU5GpTB+H3ICSKUxRooLjXANPQg VH4eqg1o9OQRuZpd9xncM84ctURlJwtFTQvWAJx1hwVX6q+gxjQL5NWcyxPKsGlC0yhJ87zBRJUK7e+9XJmLJIc1Ey5EUQVeWooouTUfCFKYiwH/XbUvqONs0GwWqbjhu11f72r5PyWAYe03IZ46C9di5NaJrUY9h5g9l5MLIDuz1v6G2CXgd+C3qkjUnQ/WV3EUUCKQrFjZn5Xo7zkmuUQkHVYYWBnIsVX8LMwpQnYOblxt+KvrLMgkaZtidFumEvV5Q8MWadhDazdtNc1Wryf9qswOjtvJRpXiCkohkUFYpiRuvPogupQaBaW8CFlvatVMTcuoP2SzvWBP/qytfB4Wjovx7uftvt7e23dmyRZ+Ql6ROfvCF75COZkCkRznNn3xk7n90X7gf3qztpUl2nrXlK/gn3xx871s3W</latexit>

J (✓, x̂)
.
= �

KX

k=1

⌧f
2
d2M (f(x̂; ✓)k,K (x̂, x̂;�0))�

⌧✓
2
k✓k22

<latexit sha1_base64="sXluA2Pr8UANrRtgbGpskbEzhOE=">AAACDXicbVDLSgMxFM3UV62vqks3wSpU0DJTirosuhGKUME+oC8yadqGZh4mdwplmB9w46+4caGIW/fu/BvTdhbaeuDC4Zx7k3uP7QuuwDS/jcTS8srqWnI9tbG5tb2T3t2rKi+QlFWoJzxZt4ligrusAhwEq/uSEccWrGYPryd+bcSk4p57D2OftRzSd3mPUwJa6qSPuu185zY7OsWlE9zsesAe8KgdNsHzI1xqh2dWhEeddMbMmVPgRWLFJINilDvpL/0UDRzmAhVEqYZl+tAKiQROBYtSzUAxn9Ah6bOGpi5xmGqF02sifKyVLu55UpcLeKr+ngiJo9TYsXWnQ2Cg5r2J+J/XCKB32Qq56wfAXDr7qBcIDB6eRIO7XDIKYqwJoZLrXTEdEEko6ABTOgRr/uRFUs3nrPNc4a6QKV7FcSTRATpEWWShC1REN6iMKoiiR/SMXtGb8WS8GO/Gx6w1YcQz++gPjM8fkWqaAw==</latexit>

d2M (v,K)
.
= v>K�1v



EMPIRICAL BAYES MAXIMUM A POSTERIORI ESTIMATION

Maximum A Posteriori (MAP) Estimation


‣ Find parameters that maximize the posterior distribution


‣ That is:


‣ Optimization objective:


‣ Gaussian prior: L2 regularization

<latexit sha1_base64="SXWoM7FF9bv0Clh2igxHUZpCMX8="></latexit>

p⇥|Y,X (✓ | yD, xD) / pY |X,⇥ (yD | xD, ✓) p⇥(✓)

<latexit sha1_base64="2F7gA4p8dwvzEiTYOAfzn1cBX5Q="></latexit>

LMAP(✓) =
NX

n=1

log pY |X,⇥(y
(n)
D | x(n)

D , ✓) + log p⇥(✓)

<latexit sha1_base64="hIeb0ePXSeXt70vMMXR2LAd6AW8="></latexit>

max
✓

log p⇥|Y,X (✓ | yD, xD) , max
✓

log pY |X,⇥ (yD | xD, ✓) + log p⇥(✓)



EMPIRICAL BAYES MAXIMUM A POSTERIORI ESTIMATION

Function-Space Empirical Bayes Regularizer


‣ Empirical Bayes log joint distribution:
<latexit sha1_base64="es4snA/KVAK1w6jZZxyfkHPRQRw=">AAACsHicbVFNb9QwEHXCV1m+tnDkYrFCagWskqoCjhVw4FgE2660jqKJ19m4dWLLnlSNovw+7tz4N3izW6nNMpKlpzczb2aeM6Okwyj6G4T37j94+Gjv8ejJ02fPX4z3X545XVsuZlwrbecZOKFkJWYoUYm5sQLKTInz7PLrOn9+JayTuvqFjRFJCatK5pIDeiod/2ZKr6hhSuR4wLAQCJSVckmbtGUlYMFBtd+67j29HhKsAG ybG3DdUWblqsBDyozVBjW9LT2Q28zYlewXuNF5t1Ho5U13Z7vh7MN0PImmUR90F8RbMCHbOE3Hf9hS87oUFXIFzi3iyGDSgkXJlehGrHbCAL+ElVh4WEEpXNL2hnf0rWeWNNfWvwppz97uaKF0rikzX7m+zw1za/J/uUWN+eeklZWpUVR8MyivFfVurn+PLqUVHFXjAXAr/a6UF2CBo//jkTchHp68C86OpvHH6fGP48nJl60de+Q1eUMOSEw+kRPynZySGeHBh+BnwIIkPArnYRrCpjQMtj2vyJ0IL/4BRf7V3g==</latexit>

log p (✓ | yD, xD, ŷ, x̂) / log p (yD | xD, ✓) + log p̂(✓ | ŷ, x̂)
where

<latexit sha1_base64="w6KxncB1XeVFlNZ0Zl4V6KPI3iQ=">AAACznicbVJda9swFJW9j3bZV7Y97kUsDBJogx3KOiiFsr2MhUEGS1uIUiMrciwi26p0XZapZq/7fXvbD9j/mByb0aW7IHR0z7n3SvcqVlIYCIJfnn/n7r37O7sPOg8fPX7ytPvs+akpSs34lBWy0OcxNVyKnE9BgOTnSn OaxZKfxav3NX92xbURRf4F1orPM7rMRSIYBeeKur+JLJaYpBSsqvoEUg50rzmvqxZ8rQaYKF0oKDDJKKSMSvtxS70RLQrgl/vElFlkV8dhdTHGJNGUWQK0jJLKjiq8uBhFn4jkCfSTfhuKj3CTbBCt9vC4YVvub/5apFIRBUSLZQqDdtu/UaFJUpch1w0m19HIFez2gmGwMXwbhC3oodYmUfenewsrM54Dk9SYWRgomFuqQTDJqw4pDVeUreiSzxzMacbN3G7GUeHXzrPASaHdygFvvDcjLM2MWWexU9bdNNtc7fwfNysheTu3Ilcl8Jw1hZJSYjeXerZ4ITRnINcOUKaFuytmKXXdAfcDOq4J4faTb4PT0TB8Mzz4fNA7ede2Yxe9RK9QH4XoEJ2gD2iCpoh5Y+/S++ZZf+Jf+ZX/vZH6XhvzAv1j/o8/tLnhGQ==</latexit>

log p̂(✓, ŷ, x̂) / J (✓, x̂)
.
= �

KX

k=1

⌧f
2
d2M (f(x̂; ✓)k,K (x̂, x̂;�0))�

⌧✓
2
k✓k22



EMPIRICAL BAYES MAXIMUM A POSTERIORI ESTIMATION

Function-Space Empirical Bayes Regularizer


‣ Empirical Bayes log joint distribution:
<latexit sha1_base64="es4snA/KVAK1w6jZZxyfkHPRQRw=">AAACsHicbVFNb9QwEHXCV1m+tnDkYrFCagWskqoCjhVw4FgE2660jqKJ19m4dWLLnlSNovw+7tz4N3izW6nNMpKlpzczb2aeM6Okwyj6G4T37j94+Gjv8ejJ02fPX4z3X545XVsuZlwrbecZOKFkJWYoUYm5sQLKTInz7PLrOn9+JayTuvqFjRFJCatK5pIDeiod/2ZKr6hhSuR4wLAQCJSVckmbtGUlYMFBtd+67j29HhKsAG ybG3DdUWblqsBDyozVBjW9LT2Q28zYlewXuNF5t1Ho5U13Z7vh7MN0PImmUR90F8RbMCHbOE3Hf9hS87oUFXIFzi3iyGDSgkXJlehGrHbCAL+ElVh4WEEpXNL2hnf0rWeWNNfWvwppz97uaKF0rikzX7m+zw1za/J/uUWN+eeklZWpUVR8MyivFfVurn+PLqUVHFXjAXAr/a6UF2CBo//jkTchHp68C86OpvHH6fGP48nJl60de+Q1eUMOSEw+kRPynZySGeHBh+BnwIIkPArnYRrCpjQMtj2vyJ0IL/4BRf7V3g==</latexit>

log p (✓ | yD, xD, ŷ, x̂) / log p (yD | xD, ✓) + log p̂(✓ | ŷ, x̂)

Empirical Bayes Maximum A Posteriori


‣ Optimization objective:
<latexit sha1_base64="7dNYlKxI+aUwMaXnXHTAhotYScc="></latexit>

LEB�MAP(✓)
.
=

NX

n=1

log p(y(n)D | x(n)
D , ✓) + J (✓, x̂)

where
<latexit sha1_base64="w6KxncB1XeVFlNZ0Zl4V6KPI3iQ=">AAACznicbVJda9swFJW9j3bZV7Y97kUsDBJogx3KOiiFsr2MhUEGS1uIUiMrciwi26p0XZapZq/7fXvbD9j/mByb0aW7IHR0z7n3SvcqVlIYCIJfnn/n7r37O7sPOg8fPX7ytPvs+akpSs34lBWy0OcxNVyKnE9BgOTnSn OaxZKfxav3NX92xbURRf4F1orPM7rMRSIYBeeKur+JLJaYpBSsqvoEUg50rzmvqxZ8rQaYKF0oKDDJKKSMSvtxS70RLQrgl/vElFlkV8dhdTHGJNGUWQK0jJLKjiq8uBhFn4jkCfSTfhuKj3CTbBCt9vC4YVvub/5apFIRBUSLZQqDdtu/UaFJUpch1w0m19HIFez2gmGwMXwbhC3oodYmUfenewsrM54Dk9SYWRgomFuqQTDJqw4pDVeUreiSzxzMacbN3G7GUeHXzrPASaHdygFvvDcjLM2MWWexU9bdNNtc7fwfNysheTu3Ilcl8Jw1hZJSYjeXerZ4ITRnINcOUKaFuytmKXXdAfcDOq4J4faTb4PT0TB8Mzz4fNA7ede2Yxe9RK9QH4XoEJ2gD2iCpoh5Y+/S++ZZf+Jf+ZX/vZH6XhvzAv1j/o8/tLnhGQ==</latexit>

log p̂(✓, ŷ, x̂) / J (✓, x̂)
.
= �

KX

k=1

⌧f
2
d2M (f(x̂; ✓)k,K (x̂, x̂;�0))�

⌧✓
2
k✓k22



EMPIRICAL BAYES VARIATIONAL INFERENCE

Making Auxiliary Inputs Stochastic


‣ Extended model:
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EMPIRICAL BAYES VARIATIONAL INFERENCE

Variational Problem


‣ Variational distribution:


‣ Inference problem:
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EMPIRICAL BAYES VARIATIONAL INFERENCE

Making Auxiliary Inputs Stochastic


‣ Extended model:

Variational Problem (simplified)


‣ Variational distribution:


‣ Inference problem:
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EMPIRICAL BAYES VARIATIONAL INFERENCE

Making Auxiliary Inputs Stochastic


‣ Extended model:

Variational Problem (simplified)


‣ Variational distribution:


‣ Inference problem:
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EMPIRICAL BAYES VARIATIONAL INFERENCE

Making Auxiliary Inputs Stochastic


‣ Extended model:

Variational Problem (simplified)


‣ Variational distribution:


‣ Inference problem:
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0) p̂ (✓0 | ŷ, x̂) p(x̂)

<latexit sha1_base64="oKI3x+C4J92fdd6a8jf80hHOvuE="></latexit>
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FUNCTION-SPACE REGULARIZATION VIA EMPIRICAL PRIORS

Function-Space Empirical Bayes Regularization Estimator


‣ KL estimator:
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FUNCTION-SPACE REGULARIZATION VIA EMPIRICAL PRIORS

Function-Space Empirical Bayes Regularization Estimator


‣ KL estimator:

Empirical Bayes Variational Inference


‣ Variational objective
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EMPIRICAL EVALUATION

Improved Uncertainty-Aware Image Classification


‣ Setup: Training with Function-Space Empirical Regularizer


‣ Result 1: Match or outperforms predictive accuracy of standard training


‣ Result 2: Consistently improved uncertainty quantification



EMPIRICAL EVALUATION

Highly-Accurate Semantic Shift Detection


‣ Setup: Train on FMNIST/CIFAR-10 & OOD Detection on MNIST/SVHN


‣ Result 1: Near-perfect semantic shift detection (best-in-class)


‣ Alternative context distribution: corrupted/augmented training data



EMPIRICAL EVALUATION

Improved Transfer Learning with Pretrained Models


‣ Setup: Fine-tune model pertained on ImageNet 1K on CIFAR-10


‣ Result: Consistently improved uncertainty quantification



Function-Space Empirical Bayes


‣ is probabilistically principled and transparent;


‣ yields both parameter- and function-space regularization;


‣ is computationally cheap;


‣ performs on par with or better than standard training;


‣ leads to significantly improved predictive uncertainty quantification.
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