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TWO APPROXIMATE SAMPLING METHODS FOR BAYESIAN DEEP LEARNING

STRUCTURE

▸ Based off of: 

▸ “A Simple Baseline for Bayesian Uncertainty in Deep Learning,” 
Maddox, Garipov, Izmailov, Vetrov, Wilson. https://arxiv.org/
abs/1902.02476. 2019 

▸ Code: https://github.com/wjmaddox/swa_gaussian 

▸ “Subspace Inference for Bayesian Deep Learning,” Izmailov, 
Maddox, Kirichenko, Garipov, Vetrov, Wilson. https://arxiv.org/
abs/1907.07504. UAI, 2019 

▸ Code: https://github.com/wjmaddox/drbayes
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TWO APPROXIMATE SAMPLING METHODS FOR BAYESIAN DEEP LEARNING

STRUCTURE

▸ Introduction 

▸ Stochastic Weight Averaging, Gaussian 

▸ Subspace Inference
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TWO APPROXIMATE SAMPLING METHODS FOR BAYESIAN DEEP LEARNING

MOTIVATION

‣ Machine learning (ML) models are 
used for decision making, but 
accuracy isn’t enough. 

‣ Also should incorporate 
uncertainty quantification and 
calibration.
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TWO APPROXIMATE SAMPLING METHODS FOR BAYESIAN DEEP LEARNING

WHY BAYESIAN METHODS?

‣ Allows combining models for uncertainty quantification. 

‣ Should give both better predictions and allow incorporation of 
prior knowledge. 

‣ But…. 

‣ Very high dimensional problems (complicated models). 

‣ Very large datasets.
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TWO APPROXIMATE SAMPLING METHODS FOR BAYESIAN DEEP LEARNING

BAYESIAN MODELING

‣ Likelihood:  

‣ Prior:  

‣ Possibly implicit to the training method 

‣ Posterior:  

‣ Inference (Bayesian model averaging)
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⇡ q(✓)
<latexit sha1_base64="fQ2dJrAFlmr+1Wc8QwX5gMPAin0=">AAAB+nicbZDLSsNAFIYn9VbrLdWlm8Ei1E1JRNBl0Y3LCvYCTSiT6aQdOknGmRO1xD6KGxeKuPVJ3Pk2TtsstPWHgY//nMM58wdScA2O820VVlbX1jeKm6Wt7Z3dPbu839JJqihr0kQkqhMQzQSPWRM4CNaRipEoEKwdjK6m9fY9U5on8S2MJfMjMoh5yCkBY/XsskekVMkjvqt6MGRATnp2xak5M+FlcHOooFyNnv3l9ROaRiwGKojWXdeR4GdEAaeCTUpeqpkkdEQGrGswJhHTfjY7fYKPjdPHYaLMiwHP3N8TGYm0HkeB6YwIDPVibWr+V+umEF74GY9lCiym80VhKjAkeJoD7nPFKIixAUIVN7diOiSKUDBplUwI7uKXl6F1WnMN35xV6pd5HEV0iI5QFbnoHNXRNWqgJqLoAT2jV/RmPVkv1rv1MW8tWPnMAfoj6/MHtKqTnw==</latexit><latexit sha1_base64="fQ2dJrAFlmr+1Wc8QwX5gMPAin0=">AAAB+nicbZDLSsNAFIYn9VbrLdWlm8Ei1E1JRNBl0Y3LCvYCTSiT6aQdOknGmRO1xD6KGxeKuPVJ3Pk2TtsstPWHgY//nMM58wdScA2O820VVlbX1jeKm6Wt7Z3dPbu839JJqihr0kQkqhMQzQSPWRM4CNaRipEoEKwdjK6m9fY9U5on8S2MJfMjMoh5yCkBY/XsskekVMkjvqt6MGRATnp2xak5M+FlcHOooFyNnv3l9ROaRiwGKojWXdeR4GdEAaeCTUpeqpkkdEQGrGswJhHTfjY7fYKPjdPHYaLMiwHP3N8TGYm0HkeB6YwIDPVibWr+V+umEF74GY9lCiym80VhKjAkeJoD7nPFKIixAUIVN7diOiSKUDBplUwI7uKXl6F1WnMN35xV6pd5HEV0iI5QFbnoHNXRNWqgJqLoAT2jV/RmPVkv1rv1MW8tWPnMAfoj6/MHtKqTnw==</latexit><latexit sha1_base64="fQ2dJrAFlmr+1Wc8QwX5gMPAin0=">AAAB+nicbZDLSsNAFIYn9VbrLdWlm8Ei1E1JRNBl0Y3LCvYCTSiT6aQdOknGmRO1xD6KGxeKuPVJ3Pk2TtsstPWHgY//nMM58wdScA2O820VVlbX1jeKm6Wt7Z3dPbu839JJqihr0kQkqhMQzQSPWRM4CNaRipEoEKwdjK6m9fY9U5on8S2MJfMjMoh5yCkBY/XsskekVMkjvqt6MGRATnp2xak5M+FlcHOooFyNnv3l9ROaRiwGKojWXdeR4GdEAaeCTUpeqpkkdEQGrGswJhHTfjY7fYKPjdPHYaLMiwHP3N8TGYm0HkeB6YwIDPVibWr+V+umEF74GY9lCiym80VhKjAkeJoD7nPFKIixAUIVN7diOiSKUDBplUwI7uKXl6F1WnMN35xV6pd5HEV0iI5QFbnoHNXRNWqgJqLoAT2jV/RmPVkv1rv1MW8tWPnMAfoj6/MHtKqTnw==</latexit><latexit sha1_base64="fQ2dJrAFlmr+1Wc8QwX5gMPAin0=">AAAB+nicbZDLSsNAFIYn9VbrLdWlm8Ei1E1JRNBl0Y3LCvYCTSiT6aQdOknGmRO1xD6KGxeKuPVJ3Pk2TtsstPWHgY//nMM58wdScA2O820VVlbX1jeKm6Wt7Z3dPbu839JJqihr0kQkqhMQzQSPWRM4CNaRipEoEKwdjK6m9fY9U5on8S2MJfMjMoh5yCkBY/XsskekVMkjvqt6MGRATnp2xak5M+FlcHOooFyNnv3l9ROaRiwGKojWXdeR4GdEAaeCTUpeqpkkdEQGrGswJhHTfjY7fYKPjdPHYaLMiwHP3N8TGYm0HkeB6YwIDPVibWr+V+umEF74GY9lCiym80VhKjAkeJoD7nPFKIixAUIVN7diOiSKUDBplUwI7uKXl6F1WnMN35xV6pd5HEV0iI5QFbnoHNXRNWqgJqLoAT2jV/RmPVkv1rv1MW8tWPnMAfoj6/MHtKqTnw==</latexit>

⇡ 1

K

X

k=1

p(y⇤|✓k), ✓k ⇠ q(✓)
<latexit sha1_base64="d7sY83PaBWh+zvR6me4GxSMRPcg="></latexit><latexit sha1_base64="d7sY83PaBWh+zvR6me4GxSMRPcg="></latexit><latexit sha1_base64="d7sY83PaBWh+zvR6me4GxSMRPcg="></latexit><latexit sha1_base64="d7sY83PaBWh+zvR6me4GxSMRPcg="></latexit>

Form approximate posterior

DNN, parameters ✓
<latexit sha1_base64="+2a+YdAkK5gXAKPWKNIZ/6djIOk=">AAAB7XicbZBNSwMxEIZn61etX1WPXoJF8FR2RdBj0YvHCvYD2qVk07SNzSZLMiuUpf/BiwdFvPp/vPlvTNs9aOsLgYd3ZsjMGyVSWPT9b6+wtr6xuVXcLu3s7u0flA+PmlanhvEG01KbdkQtl0LxBgqUvJ0YTuNI8lY0vp3VW0/cWKHVA04SHsZ0qMRAMIrOanZxxJH2yhW/6s9FViHIoQK56r3yV7evWRpzhUxSazuBn2CYUYOCST4tdVPLE8rGdMg7DhWNuQ2z+bZTcuacPhlo455CMnd/T2Q0tnYSR64zpjiyy7WZ+V+tk+LgOsyESlLkii0+GqSSoCaz00lfGM5QThxQZoTblbARNZShC6jkQgiWT16F5kU1cHx/Wand5HEU4QRO4RwCuIIa3EEdGsDgEZ7hFd487b14797HorXg5TPH8Efe5w+j+Y8o</latexit><latexit sha1_base64="+2a+YdAkK5gXAKPWKNIZ/6djIOk=">AAAB7XicbZBNSwMxEIZn61etX1WPXoJF8FR2RdBj0YvHCvYD2qVk07SNzSZLMiuUpf/BiwdFvPp/vPlvTNs9aOsLgYd3ZsjMGyVSWPT9b6+wtr6xuVXcLu3s7u0flA+PmlanhvEG01KbdkQtl0LxBgqUvJ0YTuNI8lY0vp3VW0/cWKHVA04SHsZ0qMRAMIrOanZxxJH2yhW/6s9FViHIoQK56r3yV7evWRpzhUxSazuBn2CYUYOCST4tdVPLE8rGdMg7DhWNuQ2z+bZTcuacPhlo455CMnd/T2Q0tnYSR64zpjiyy7WZ+V+tk+LgOsyESlLkii0+GqSSoCaz00lfGM5QThxQZoTblbARNZShC6jkQgiWT16F5kU1cHx/Wand5HEU4QRO4RwCuIIa3EEdGsDgEZ7hFd487b14797HorXg5TPH8Efe5w+j+Y8o</latexit><latexit sha1_base64="+2a+YdAkK5gXAKPWKNIZ/6djIOk=">AAAB7XicbZBNSwMxEIZn61etX1WPXoJF8FR2RdBj0YvHCvYD2qVk07SNzSZLMiuUpf/BiwdFvPp/vPlvTNs9aOsLgYd3ZsjMGyVSWPT9b6+wtr6xuVXcLu3s7u0flA+PmlanhvEG01KbdkQtl0LxBgqUvJ0YTuNI8lY0vp3VW0/cWKHVA04SHsZ0qMRAMIrOanZxxJH2yhW/6s9FViHIoQK56r3yV7evWRpzhUxSazuBn2CYUYOCST4tdVPLE8rGdMg7DhWNuQ2z+bZTcuacPhlo455CMnd/T2Q0tnYSR64zpjiyy7WZ+V+tk+LgOsyESlLkii0+GqSSoCaz00lfGM5QThxQZoTblbARNZShC6jkQgiWT16F5kU1cHx/Wand5HEU4QRO4RwCuIIa3EEdGsDgEZ7hFd487b14797HorXg5TPH8Efe5w+j+Y8o</latexit><latexit sha1_base64="+2a+YdAkK5gXAKPWKNIZ/6djIOk=">AAAB7XicbZBNSwMxEIZn61etX1WPXoJF8FR2RdBj0YvHCvYD2qVk07SNzSZLMiuUpf/BiwdFvPp/vPlvTNs9aOsLgYd3ZsjMGyVSWPT9b6+wtr6xuVXcLu3s7u0flA+PmlanhvEG01KbdkQtl0LxBgqUvJ0YTuNI8lY0vp3VW0/cWKHVA04SHsZ0qMRAMIrOanZxxJH2yhW/6s9FViHIoQK56r3yV7evWRpzhUxSazuBn2CYUYOCST4tdVPLE8rGdMg7DhWNuQ2z+bZTcuacPhlo455CMnd/T2Q0tnYSR64zpjiyy7WZ+V+tk+LgOsyESlLkii0+GqSSoCaz00lfGM5QThxQZoTblbARNZShC6jkQgiWT16F5kU1cHx/Wand5HEU4QRO4RwCuIIa3EEdGsDgEZ7hFd487b14797HorXg5TPH8Efe5w+j+Y8o</latexit>

p(y⇤|Data) = Ep(✓|Data)p(y
⇤|✓)

<latexit sha1_base64="b5Tg0CFmAE+ze5KG3T8HNvGphXA="></latexit>



TWO APPROXIMATE SAMPLING METHODS FOR BAYESIAN DEEP LEARNING

APPROXIMATE BAYESIAN INFERENCE
‣ How? 

‣ Laplace:  

‣ Variational Bayes:  

‣ Markov Chain Monte Carlo

�8

p(✓|y) ⇡ N(✓MAP , (H(✓MAP ) + �I)�1)
<latexit sha1_base64="Mf9KAZJ8VrK1OBmaJH2llqNu3TI="></latexit><latexit sha1_base64="Mf9KAZJ8VrK1OBmaJH2llqNu3TI="></latexit><latexit sha1_base64="Mf9KAZJ8VrK1OBmaJH2llqNu3TI="></latexit><latexit sha1_base64="Mf9KAZJ8VrK1OBmaJH2llqNu3TI="></latexit>

p(✓|y) ⇡ N(µ, S)
<latexit sha1_base64="uGLxWtCmfm/tnJsHfMg2JigS3sc=">AAACBnicbVDLSgNBEJyNrxhfqx5FGAxCAhJ2RdBj0IsniWgekF3C7GSSDJndHWZ6xSXm5MVf8eJBEa9+gzf/xsnjoIkFDUVVN91dgRRcg+N8W5mFxaXllexqbm19Y3PL3t6p6ThRlFVpLGLVCIhmgkesChwEa0jFSBgIVg/6FyO/fseU5nF0C6lkfki6Ee9wSsBILXtfFjzoMSAPaRF7REoV3+OrghcmR/im2LLzTskZA88Td0ryaIpKy/7y2jFNQhYBFUTrputI8AdEAaeCDXNeopkktE+6rGloREKm/cH4jSE+NEobd2JlKgI8Vn9PDEiodRoGpjMk0NOz3kj8z2sm0DnzBzySCbCIThZ1EoEhxqNMcJsrRkGkhhCquLkV0x5RhIJJLmdCcGdfnie145LrlNzrk3z5fBpHFu2hA1RALjpFZXSJKqiKKHpEz+gVvVlP1ov1bn1MWjPWdGYX/YH1+QM4sZen</latexit><latexit sha1_base64="uGLxWtCmfm/tnJsHfMg2JigS3sc=">AAACBnicbVDLSgNBEJyNrxhfqx5FGAxCAhJ2RdBj0IsniWgekF3C7GSSDJndHWZ6xSXm5MVf8eJBEa9+gzf/xsnjoIkFDUVVN91dgRRcg+N8W5mFxaXllexqbm19Y3PL3t6p6ThRlFVpLGLVCIhmgkesChwEa0jFSBgIVg/6FyO/fseU5nF0C6lkfki6Ee9wSsBILXtfFjzoMSAPaRF7REoV3+OrghcmR/im2LLzTskZA88Td0ryaIpKy/7y2jFNQhYBFUTrputI8AdEAaeCDXNeopkktE+6rGloREKm/cH4jSE+NEobd2JlKgI8Vn9PDEiodRoGpjMk0NOz3kj8z2sm0DnzBzySCbCIThZ1EoEhxqNMcJsrRkGkhhCquLkV0x5RhIJJLmdCcGdfnie145LrlNzrk3z5fBpHFu2hA1RALjpFZXSJKqiKKHpEz+gVvVlP1ov1bn1MWjPWdGYX/YH1+QM4sZen</latexit><latexit sha1_base64="uGLxWtCmfm/tnJsHfMg2JigS3sc=">AAACBnicbVDLSgNBEJyNrxhfqx5FGAxCAhJ2RdBj0IsniWgekF3C7GSSDJndHWZ6xSXm5MVf8eJBEa9+gzf/xsnjoIkFDUVVN91dgRRcg+N8W5mFxaXllexqbm19Y3PL3t6p6ThRlFVpLGLVCIhmgkesChwEa0jFSBgIVg/6FyO/fseU5nF0C6lkfki6Ee9wSsBILXtfFjzoMSAPaRF7REoV3+OrghcmR/im2LLzTskZA88Td0ryaIpKy/7y2jFNQhYBFUTrputI8AdEAaeCDXNeopkktE+6rGloREKm/cH4jSE+NEobd2JlKgI8Vn9PDEiodRoGpjMk0NOz3kj8z2sm0DnzBzySCbCIThZ1EoEhxqNMcJsrRkGkhhCquLkV0x5RhIJJLmdCcGdfnie145LrlNzrk3z5fBpHFu2hA1RALjpFZXSJKqiKKHpEz+gVvVlP1ov1bn1MWjPWdGYX/YH1+QM4sZen</latexit><latexit sha1_base64="uGLxWtCmfm/tnJsHfMg2JigS3sc=">AAACBnicbVDLSgNBEJyNrxhfqx5FGAxCAhJ2RdBj0IsniWgekF3C7GSSDJndHWZ6xSXm5MVf8eJBEa9+gzf/xsnjoIkFDUVVN91dgRRcg+N8W5mFxaXllexqbm19Y3PL3t6p6ThRlFVpLGLVCIhmgkesChwEa0jFSBgIVg/6FyO/fseU5nF0C6lkfki6Ee9wSsBILXtfFjzoMSAPaRF7REoV3+OrghcmR/im2LLzTskZA88Td0ryaIpKy/7y2jFNQhYBFUTrputI8AdEAaeCDXNeopkktE+6rGloREKm/cH4jSE+NEobd2JlKgI8Vn9PDEiodRoGpjMk0NOz3kj8z2sm0DnzBzySCbCIThZ1EoEhxqNMcJsrRkGkhhCquLkV0x5RhIJJLmdCcGdfnie145LrlNzrk3z5fBpHFu2hA1RALjpFZXSJKqiKKHpEz+gVvVlP1ov1bn1MWjPWdGYX/YH1+QM4sZen</latexit>

Deep Learning Version

KFAC Laplace, Ritter et al, 2018

Bayes by Backprop, Blundell et al, 2015

Stochastic Gradient HMC, Chen et al, 2014

MC Dropout, Gal & Ghahramani, 2016
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A SIMPLE BASELINE FOR BAYESIAN 
UNCERTAINTY IN DEEP LEARNING



A SIMPLE BASELINE FOR BAYESIAN UNCERTAINTY IN DEEP LEARNING

SUMMARY

▸ Stochastic Weight Averaging (Izmailov et al, UAI, 2018) 
computes first moment of weights given from SGD iterates with a 
modified learning rate schedule. 

▸ We propose to keep the variance as well to form a Gaussian 
approximation in weight space. 

▸ Sample from Gaussian to compute Bayesian model averages and 
estimate uncertainty. 

▸ Theoretically motivated from results on SGD & relation of iterates 
to Gaussian distribution (Ruppert, 1992 and Mandt et al, 2017).
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THEORETICAL MOTIVATION

�11A SIMPLE BASELINE FOR BAYESIAN UNCERTAINTY IN DEEP LEARNING



A SIMPLE BASELINE FOR BAYESIAN UNCERTAINTY IN DEEP LEARNING

THEORETICAL MOTIVATION: SGD AS APPROXIMATE BAYESIAN INFERENCE (MANDT ET AL. 2017)

�12

ĝ(✓) = r✓L̂S(✓)
<latexit sha1_base64="u6C6ur5TB3hoLn+8CtMrMPGcnGI=">AAACGnicbVC7SgNBFJ31GeMramkzGARtwq4I2ghBGwuLiOYB2bDcnUySIbOzy8xdISz5Dht/xcZCETux8W+cPASNHhg4nHMud+4JEykMuu6nMze/sLi0nFvJr66tb2wWtrZrJk4141UWy1g3QjBcCsWrKFDyRqI5RKHk9bB/MfLrd1wbEatbHCS8FUFXiY5ggFYKCp7fA8y6wwMfexzhkJ5RX0EoIZgIdOxfDYOb70RQKLoldwz6l3hTUiRTVILCu9+OWRpxhUyCMU3PTbCVgUbBJB/m/dTwBFgfurxpqYKIm1Y2Pm1I963Spp1Y26eQjtWfExlExgyi0CYjwJ6Z9Ubif14zxc5pKxMqSZErNlnUSSXFmI56om2hOUM5sASYFvavlPVAA0PbZt6W4M2e/JfUjkqe5dfHxfL5tI4c2SV75IB45ISUySWpkCph5J48kmfy4jw4T86r8zaJzjnTmR3yC87HF1croGo=</latexit><latexit sha1_base64="u6C6ur5TB3hoLn+8CtMrMPGcnGI=">AAACGnicbVC7SgNBFJ31GeMramkzGARtwq4I2ghBGwuLiOYB2bDcnUySIbOzy8xdISz5Dht/xcZCETux8W+cPASNHhg4nHMud+4JEykMuu6nMze/sLi0nFvJr66tb2wWtrZrJk4141UWy1g3QjBcCsWrKFDyRqI5RKHk9bB/MfLrd1wbEatbHCS8FUFXiY5ggFYKCp7fA8y6wwMfexzhkJ5RX0EoIZgIdOxfDYOb70RQKLoldwz6l3hTUiRTVILCu9+OWRpxhUyCMU3PTbCVgUbBJB/m/dTwBFgfurxpqYKIm1Y2Pm1I963Spp1Y26eQjtWfExlExgyi0CYjwJ6Z9Ubif14zxc5pKxMqSZErNlnUSSXFmI56om2hOUM5sASYFvavlPVAA0PbZt6W4M2e/JfUjkqe5dfHxfL5tI4c2SV75IB45ISUySWpkCph5J48kmfy4jw4T86r8zaJzjnTmR3yC87HF1croGo=</latexit><latexit sha1_base64="u6C6ur5TB3hoLn+8CtMrMPGcnGI=">AAACGnicbVC7SgNBFJ31GeMramkzGARtwq4I2ghBGwuLiOYB2bDcnUySIbOzy8xdISz5Dht/xcZCETux8W+cPASNHhg4nHMud+4JEykMuu6nMze/sLi0nFvJr66tb2wWtrZrJk4141UWy1g3QjBcCsWrKFDyRqI5RKHk9bB/MfLrd1wbEatbHCS8FUFXiY5ggFYKCp7fA8y6wwMfexzhkJ5RX0EoIZgIdOxfDYOb70RQKLoldwz6l3hTUiRTVILCu9+OWRpxhUyCMU3PTbCVgUbBJB/m/dTwBFgfurxpqYKIm1Y2Pm1I963Spp1Y26eQjtWfExlExgyi0CYjwJ6Z9Ubif14zxc5pKxMqSZErNlnUSSXFmI56om2hOUM5sASYFvavlPVAA0PbZt6W4M2e/JfUjkqe5dfHxfL5tI4c2SV75IB45ISUySWpkCph5J48kmfy4jw4T86r8zaJzjnTmR3yC87HF1croGo=</latexit><latexit sha1_base64="u6C6ur5TB3hoLn+8CtMrMPGcnGI=">AAACGnicbVC7SgNBFJ31GeMramkzGARtwq4I2ghBGwuLiOYB2bDcnUySIbOzy8xdISz5Dht/xcZCETux8W+cPASNHhg4nHMud+4JEykMuu6nMze/sLi0nFvJr66tb2wWtrZrJk4141UWy1g3QjBcCsWrKFDyRqI5RKHk9bB/MfLrd1wbEatbHCS8FUFXiY5ggFYKCp7fA8y6wwMfexzhkJ5RX0EoIZgIdOxfDYOb70RQKLoldwz6l3hTUiRTVILCu9+OWRpxhUyCMU3PTbCVgUbBJB/m/dTwBFgfurxpqYKIm1Y2Pm1I963Spp1Y26eQjtWfExlExgyi0CYjwJ6Z9Ubif14zxc5pKxMqSZErNlnUSSXFmI56om2hOUM5sASYFvavlPVAA0PbZt6W4M2e/JfUjkqe5dfHxfL5tI4c2SV75IB45ISUySWpkCph5J48kmfy4jw4T86r8zaJzjnTmR3yC87HF1croGo=</latexit>

S << N
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A SIMPLE BASELINE FOR BAYESIAN UNCERTAINTY IN DEEP LEARNING

SGD AS APPROXIMATE BAYESIAN INFERENCE (MANDT ET AL. 2017)

‣ Assumptions 

‣ 1) Gradient noise is Gaussian 

‣ 2) Gradient covariance is approximately constant & full rank
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A SIMPLE BASELINE FOR BAYESIAN UNCERTAINTY IN DEEP LEARNING

SGD AS APPROXIMATE BAYESIAN INFERENCE (MANDT ET AL. 2017)

‣ Assumptions 

‣ 3) We can approximate the finite difference equation with a 
stochastic differential equation. 

‣ 4) SGD iterates are in a region well approximated by a 
quadratic.
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A SIMPLE BASELINE FOR BAYESIAN UNCERTAINTY IN DEEP LEARNING

SGD AS APPROXIMATE BAYESIAN INFERENCE (MANDT ET AL 2017)

‣ Assumptions 1 -> 4 yield a multivariate Ornstein-Uhlenbeck process 

‣ With a Gaussian stationary distribution 

‣ Covariance satisfies
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A SIMPLE BASELINE FOR BAYESIAN UNCERTAINTY IN DEEP LEARNING

SGD AS APPROXIMATE BAYESIAN INFERENCE (MANDT ET AL 2017)

‣ Theorem: Under assumptions 1-4,  the optimal constant learning rate 
that minimizes the KL divergence from the stationary distribution of 
SGD to the posterior is: 

‣ D: dimensionality of parameters  

‣ But…. Do Assumptions 1-4 actually hold for DNNs?
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Note that KL(q|f) is 
minimized but isn’t zero :( 

But iterate averaging 
samples from the true 
posterior



A SIMPLE BASELINE FOR BAYESIAN UNCERTAINTY IN DEEP LEARNING

DO THE ASSUMPTIONS HOLD?

‣ Assumption 2:  

‣ Constant near end of training but 10-20x too large.
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A SIMPLE BASELINE FOR BAYESIAN UNCERTAINTY IN DEEP LEARNING

DO THE ASSUMPTIONS HOLD?

‣ Assumption 4 

‣ Max: 3580, Min: -272.        Using Lanczos (GPyTorch)
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A SIMPLE BASELINE FOR BAYESIAN UNCERTAINTY IN DEEP LEARNING

DO THE ASSUMPTIONS HOLD?

‣ Assumption 4 

‣ Max:14, Min: -1       Using Lanczos (GPyTorch)
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A SIMPLE BASELINE FOR BAYESIAN UNCERTAINTY IN DEEP LEARNING

EMPIRICAL FINDINGS
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A SIMPLE BASELINE FOR BAYESIAN UNCERTAINTY IN DEEP LEARNING

EMPIRICAL FINDINGS
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2D surface along eigenvectors of approx. 
posterior

From fitting a Gaussian
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A SIMPLE BASELINE FOR BAYESIAN UNCERTAINTY IN DEEP LEARNING

STOCHASTIC WEIGHT AVERAGING (IZMAILOV ET AL 2018)

�23

✓1
<latexit sha1_base64="zw++W+WFFXmKl2onW11SbJCIbXA=">AAAB8XicdVBNSwMxEM3Wr1q/qh69BIvgaclKpfZW9OKxgv3AdinZNNuGZrNLMiuU0n/hxYMiXv033vw3ptsVVPTBwOO9GWbmBYkUBgj5cAorq2vrG8XN0tb2zu5eef+gbeJUM95isYx1N6CGS6F4CwRI3k00p1EgeSeYXC38zj3XRsTqFqYJ9yM6UiIUjIKV7vow5kAHHsaDcoW49TrxSBVnhNTOc1L3sOeSDBWUozkov/eHMUsjroBJakzPIwn4M6pBMMnnpX5qeELZhI54z1JFI278WXbxHJ9YZYjDWNtSgDP1+8SMRsZMo8B2RhTG5re3EP/yeimEF/5MqCQFrthyUZhKDDFevI+HQnMGcmoJZVrYWzEbU00Z2JBKNoSvT/H/pH3mesT1bqqVxmUeRxEdoWN0ijxUQw10jZqohRhS6AE9oWfHOI/Oi/O6bC04+cwh+gHn7RPzyJBx</latexit><latexit sha1_base64="zw++W+WFFXmKl2onW11SbJCIbXA=">AAAB8XicdVBNSwMxEM3Wr1q/qh69BIvgaclKpfZW9OKxgv3AdinZNNuGZrNLMiuU0n/hxYMiXv033vw3ptsVVPTBwOO9GWbmBYkUBgj5cAorq2vrG8XN0tb2zu5eef+gbeJUM95isYx1N6CGS6F4CwRI3k00p1EgeSeYXC38zj3XRsTqFqYJ9yM6UiIUjIKV7vow5kAHHsaDcoW49TrxSBVnhNTOc1L3sOeSDBWUozkov/eHMUsjroBJakzPIwn4M6pBMMnnpX5qeELZhI54z1JFI278WXbxHJ9YZYjDWNtSgDP1+8SMRsZMo8B2RhTG5re3EP/yeimEF/5MqCQFrthyUZhKDDFevI+HQnMGcmoJZVrYWzEbU00Z2JBKNoSvT/H/pH3mesT1bqqVxmUeRxEdoWN0ijxUQw10jZqohRhS6AE9oWfHOI/Oi/O6bC04+cwh+gHn7RPzyJBx</latexit><latexit sha1_base64="zw++W+WFFXmKl2onW11SbJCIbXA=">AAAB8XicdVBNSwMxEM3Wr1q/qh69BIvgaclKpfZW9OKxgv3AdinZNNuGZrNLMiuU0n/hxYMiXv033vw3ptsVVPTBwOO9GWbmBYkUBgj5cAorq2vrG8XN0tb2zu5eef+gbeJUM95isYx1N6CGS6F4CwRI3k00p1EgeSeYXC38zj3XRsTqFqYJ9yM6UiIUjIKV7vow5kAHHsaDcoW49TrxSBVnhNTOc1L3sOeSDBWUozkov/eHMUsjroBJakzPIwn4M6pBMMnnpX5qeELZhI54z1JFI278WXbxHJ9YZYjDWNtSgDP1+8SMRsZMo8B2RhTG5re3EP/yeimEF/5MqCQFrthyUZhKDDFevI+HQnMGcmoJZVrYWzEbU00Z2JBKNoSvT/H/pH3mesT1bqqVxmUeRxEdoWN0ijxUQw10jZqohRhS6AE9oWfHOI/Oi/O6bC04+cwh+gHn7RPzyJBx</latexit><latexit sha1_base64="zw++W+WFFXmKl2onW11SbJCIbXA=">AAAB8XicdVBNSwMxEM3Wr1q/qh69BIvgaclKpfZW9OKxgv3AdinZNNuGZrNLMiuU0n/hxYMiXv033vw3ptsVVPTBwOO9GWbmBYkUBgj5cAorq2vrG8XN0tb2zu5eef+gbeJUM95isYx1N6CGS6F4CwRI3k00p1EgeSeYXC38zj3XRsTqFqYJ9yM6UiIUjIKV7vow5kAHHsaDcoW49TrxSBVnhNTOc1L3sOeSDBWUozkov/eHMUsjroBJakzPIwn4M6pBMMnnpX5qeELZhI54z1JFI278WXbxHJ9YZYjDWNtSgDP1+8SMRsZMo8B2RhTG5re3EP/yeimEF/5MqCQFrthyUZhKDDFevI+HQnMGcmoJZVrYWzEbU00Z2JBKNoSvT/H/pH3mesT1bqqVxmUeRxEdoWN0ijxUQw10jZqohRhS6AE9oWfHOI/Oi/O6bC04+cwh+gHn7RPzyJBx</latexit>

✓2
<latexit sha1_base64="hHhYIh+EK7pKduJSoxvXPATbyMg=">AAAB8XicdVBNSwMxEM36WetX1aOXYBE8LdlSqb0VvXisYD+wXUo2zbah2eySzAql9F948aCIV/+NN/+N6XYFFX0w8Hhvhpl5QSKFAUI+nJXVtfWNzcJWcXtnd2+/dHDYNnGqGW+xWMa6G1DDpVC8BQIk7yaa0yiQvBNMrhZ+555rI2J1C9OE+xEdKREKRsFKd30Yc6CDCsaDUpm49TrxSBVnhNTOc1L3sOeSDGWUozkovfeHMUsjroBJakzPIwn4M6pBMMnnxX5qeELZhI54z1JFI278WXbxHJ9aZYjDWNtSgDP1+8SMRsZMo8B2RhTG5re3EP/yeimEF/5MqCQFrthyUZhKDDFevI+HQnMGcmoJZVrYWzEbU00Z2JCKNoSvT/H/pF1xPeJ6N9Vy4zKPo4CO0Qk6Qx6qoQa6Rk3UQgwp9ICe0LNjnEfnxXldtq44+cwR+gHn7RP1TpBy</latexit><latexit sha1_base64="hHhYIh+EK7pKduJSoxvXPATbyMg=">AAAB8XicdVBNSwMxEM36WetX1aOXYBE8LdlSqb0VvXisYD+wXUo2zbah2eySzAql9F948aCIV/+NN/+N6XYFFX0w8Hhvhpl5QSKFAUI+nJXVtfWNzcJWcXtnd2+/dHDYNnGqGW+xWMa6G1DDpVC8BQIk7yaa0yiQvBNMrhZ+555rI2J1C9OE+xEdKREKRsFKd30Yc6CDCsaDUpm49TrxSBVnhNTOc1L3sOeSDGWUozkovfeHMUsjroBJakzPIwn4M6pBMMnnxX5qeELZhI54z1JFI278WXbxHJ9aZYjDWNtSgDP1+8SMRsZMo8B2RhTG5re3EP/yeimEF/5MqCQFrthyUZhKDDFevI+HQnMGcmoJZVrYWzEbU00Z2JCKNoSvT/H/pF1xPeJ6N9Vy4zKPo4CO0Qk6Qx6qoQa6Rk3UQgwp9ICe0LNjnEfnxXldtq44+cwR+gHn7RP1TpBy</latexit><latexit sha1_base64="hHhYIh+EK7pKduJSoxvXPATbyMg=">AAAB8XicdVBNSwMxEM36WetX1aOXYBE8LdlSqb0VvXisYD+wXUo2zbah2eySzAql9F948aCIV/+NN/+N6XYFFX0w8Hhvhpl5QSKFAUI+nJXVtfWNzcJWcXtnd2+/dHDYNnGqGW+xWMa6G1DDpVC8BQIk7yaa0yiQvBNMrhZ+555rI2J1C9OE+xEdKREKRsFKd30Yc6CDCsaDUpm49TrxSBVnhNTOc1L3sOeSDGWUozkovfeHMUsjroBJakzPIwn4M6pBMMnnxX5qeELZhI54z1JFI278WXbxHJ9aZYjDWNtSgDP1+8SMRsZMo8B2RhTG5re3EP/yeimEF/5MqCQFrthyUZhKDDFevI+HQnMGcmoJZVrYWzEbU00Z2JCKNoSvT/H/pF1xPeJ6N9Vy4zKPo4CO0Qk6Qx6qoQa6Rk3UQgwp9ICe0LNjnEfnxXldtq44+cwR+gHn7RP1TpBy</latexit><latexit sha1_base64="hHhYIh+EK7pKduJSoxvXPATbyMg=">AAAB8XicdVBNSwMxEM36WetX1aOXYBE8LdlSqb0VvXisYD+wXUo2zbah2eySzAql9F948aCIV/+NN/+N6XYFFX0w8Hhvhpl5QSKFAUI+nJXVtfWNzcJWcXtnd2+/dHDYNnGqGW+xWMa6G1DDpVC8BQIk7yaa0yiQvBNMrhZ+555rI2J1C9OE+xEdKREKRsFKd30Yc6CDCsaDUpm49TrxSBVnhNTOc1L3sOeSDGWUozkovfeHMUsjroBJakzPIwn4M6pBMMnnxX5qeELZhI54z1JFI278WXbxHJ9aZYjDWNtSgDP1+8SMRsZMo8B2RhTG5re3EP/yeimEF/5MqCQFrthyUZhKDDFevI+HQnMGcmoJZVrYWzEbU00Z2JCKNoSvT/H/pF1xPeJ6N9Vy4zKPo4CO0Qk6Qx6qoQa6Rk3UQgwp9ICe0LNjnEfnxXldtq44+cwR+gHn7RP1TpBy</latexit>

✓3
<latexit sha1_base64="yy6UzEciob+ejIkAE1tl9er8rvA=">AAAB8XicdVBNSwMxEM36WetX1aOXYBE8LVmt1N6KXjxWsB/YLiWbZtvQbHZJZoVS+i+8eFDEq//Gm//GdLuCij4YeLw3w8y8IJHCACEfztLyyuraemGjuLm1vbNb2ttvmTjVjDdZLGPdCajhUijeBAGSdxLNaRRI3g7GV3O/fc+1EbG6hUnC/YgOlQgFo2Clux6MOND+Gcb9Upm4tRrxSAVnhFTPc1LzsOeSDGWUo9EvvfcGMUsjroBJakzXIwn4U6pBMMlnxV5qeELZmA5511JFI278aXbxDB9bZYDDWNtSgDP1+8SURsZMosB2RhRG5rc3F//yuimEF/5UqCQFrthiUZhKDDGev48HQnMGcmIJZVrYWzEbUU0Z2JCKNoSvT/H/pHXqesT1birl+mUeRwEdoiN0gjxURXV0jRqoiRhS6AE9oWfHOI/Oi/O6aF1y8pkD9APO2yf21JBz</latexit><latexit sha1_base64="yy6UzEciob+ejIkAE1tl9er8rvA=">AAAB8XicdVBNSwMxEM36WetX1aOXYBE8LVmt1N6KXjxWsB/YLiWbZtvQbHZJZoVS+i+8eFDEq//Gm//GdLuCij4YeLw3w8y8IJHCACEfztLyyuraemGjuLm1vbNb2ttvmTjVjDdZLGPdCajhUijeBAGSdxLNaRRI3g7GV3O/fc+1EbG6hUnC/YgOlQgFo2Clux6MOND+Gcb9Upm4tRrxSAVnhFTPc1LzsOeSDGWUo9EvvfcGMUsjroBJakzXIwn4U6pBMMlnxV5qeELZmA5511JFI278aXbxDB9bZYDDWNtSgDP1+8SURsZMosB2RhRG5rc3F//yuimEF/5UqCQFrthiUZhKDDGev48HQnMGcmIJZVrYWzEbUU0Z2JCKNoSvT/H/pHXqesT1birl+mUeRwEdoiN0gjxURXV0jRqoiRhS6AE9oWfHOI/Oi/O6aF1y8pkD9APO2yf21JBz</latexit><latexit sha1_base64="yy6UzEciob+ejIkAE1tl9er8rvA=">AAAB8XicdVBNSwMxEM36WetX1aOXYBE8LVmt1N6KXjxWsB/YLiWbZtvQbHZJZoVS+i+8eFDEq//Gm//GdLuCij4YeLw3w8y8IJHCACEfztLyyuraemGjuLm1vbNb2ttvmTjVjDdZLGPdCajhUijeBAGSdxLNaRRI3g7GV3O/fc+1EbG6hUnC/YgOlQgFo2Clux6MOND+Gcb9Upm4tRrxSAVnhFTPc1LzsOeSDGWUo9EvvfcGMUsjroBJakzXIwn4U6pBMMlnxV5qeELZmA5511JFI278aXbxDB9bZYDDWNtSgDP1+8SURsZMosB2RhRG5rc3F//yuimEF/5UqCQFrthiUZhKDDGev48HQnMGcmIJZVrYWzEbUU0Z2JCKNoSvT/H/pHXqesT1birl+mUeRwEdoiN0gjxURXV0jRqoiRhS6AE9oWfHOI/Oi/O6aF1y8pkD9APO2yf21JBz</latexit><latexit sha1_base64="yy6UzEciob+ejIkAE1tl9er8rvA=">AAAB8XicdVBNSwMxEM36WetX1aOXYBE8LVmt1N6KXjxWsB/YLiWbZtvQbHZJZoVS+i+8eFDEq//Gm//GdLuCij4YeLw3w8y8IJHCACEfztLyyuraemGjuLm1vbNb2ttvmTjVjDdZLGPdCajhUijeBAGSdxLNaRRI3g7GV3O/fc+1EbG6hUnC/YgOlQgFo2Clux6MOND+Gcb9Upm4tRrxSAVnhFTPc1LzsOeSDGWUo9EvvfcGMUsjroBJakzXIwn4U6pBMMlnxV5qeELZmA5511JFI278aXbxDB9bZYDDWNtSgDP1+8SURsZMosB2RhRG5rc3F//yuimEF/5UqCQFrthiUZhKDDGev48HQnMGcmIJZVrYWzEbUU0Z2JCKNoSvT/H/pHXqesT1birl+mUeRwEdoiN0gjxURXV0jRqoiRhS6AE9oWfHOI/Oi/O6aF1y8pkD9APO2yf21JBz</latexit>

✓4
<latexit sha1_base64="ZJWMqr9mpBruyYLQFS+dO1s2dHc=">AAAB8XicdVBNSwMxEM3Wr1q/qh69BIvgaclKpfZW9OKxgv3AdinZNNuGZrNLMiuU0n/hxYMiXv033vw3ptsVVPTBwOO9GWbmBYkUBgj5cAorq2vrG8XN0tb2zu5eef+gbeJUM95isYx1N6CGS6F4CwRI3k00p1EgeSeYXC38zj3XRsTqFqYJ9yM6UiIUjIKV7vow5kAHVYwH5Qpx63XikSrOCKmd56TuYc8lGSooR3NQfu8PY5ZGXAGT1JieRxLwZ1SDYJLPS/3U8ISyCR3xnqWKRtz4s+ziOT6xyhCHsbalAGfq94kZjYyZRoHtjCiMzW9vIf7l9VIIL/yZUEkKXLHlojCVGGK8eB8PheYM5NQSyrSwt2I2ppoysCGVbAhfn+L/SfvM9Yjr3VQrjcs8jiI6QsfoFHmohhroGjVRCzGk0AN6Qs+OcR6dF+d12Vpw8plD9APO2yf4WpB0</latexit><latexit sha1_base64="ZJWMqr9mpBruyYLQFS+dO1s2dHc=">AAAB8XicdVBNSwMxEM3Wr1q/qh69BIvgaclKpfZW9OKxgv3AdinZNNuGZrNLMiuU0n/hxYMiXv033vw3ptsVVPTBwOO9GWbmBYkUBgj5cAorq2vrG8XN0tb2zu5eef+gbeJUM95isYx1N6CGS6F4CwRI3k00p1EgeSeYXC38zj3XRsTqFqYJ9yM6UiIUjIKV7vow5kAHVYwH5Qpx63XikSrOCKmd56TuYc8lGSooR3NQfu8PY5ZGXAGT1JieRxLwZ1SDYJLPS/3U8ISyCR3xnqWKRtz4s+ziOT6xyhCHsbalAGfq94kZjYyZRoHtjCiMzW9vIf7l9VIIL/yZUEkKXLHlojCVGGK8eB8PheYM5NQSyrSwt2I2ppoysCGVbAhfn+L/SfvM9Yjr3VQrjcs8jiI6QsfoFHmohhroGjVRCzGk0AN6Qs+OcR6dF+d12Vpw8plD9APO2yf4WpB0</latexit><latexit sha1_base64="ZJWMqr9mpBruyYLQFS+dO1s2dHc=">AAAB8XicdVBNSwMxEM3Wr1q/qh69BIvgaclKpfZW9OKxgv3AdinZNNuGZrNLMiuU0n/hxYMiXv033vw3ptsVVPTBwOO9GWbmBYkUBgj5cAorq2vrG8XN0tb2zu5eef+gbeJUM95isYx1N6CGS6F4CwRI3k00p1EgeSeYXC38zj3XRsTqFqYJ9yM6UiIUjIKV7vow5kAHVYwH5Qpx63XikSrOCKmd56TuYc8lGSooR3NQfu8PY5ZGXAGT1JieRxLwZ1SDYJLPS/3U8ISyCR3xnqWKRtz4s+ziOT6xyhCHsbalAGfq94kZjYyZRoHtjCiMzW9vIf7l9VIIL/yZUEkKXLHlojCVGGK8eB8PheYM5NQSyrSwt2I2ppoysCGVbAhfn+L/SfvM9Yjr3VQrjcs8jiI6QsfoFHmohhroGjVRCzGk0AN6Qs+OcR6dF+d12Vpw8plD9APO2yf4WpB0</latexit><latexit sha1_base64="ZJWMqr9mpBruyYLQFS+dO1s2dHc=">AAAB8XicdVBNSwMxEM3Wr1q/qh69BIvgaclKpfZW9OKxgv3AdinZNNuGZrNLMiuU0n/hxYMiXv033vw3ptsVVPTBwOO9GWbmBYkUBgj5cAorq2vrG8XN0tb2zu5eef+gbeJUM95isYx1N6CGS6F4CwRI3k00p1EgeSeYXC38zj3XRsTqFqYJ9yM6UiIUjIKV7vow5kAHVYwH5Qpx63XikSrOCKmd56TuYc8lGSooR3NQfu8PY5ZGXAGT1JieRxLwZ1SDYJLPS/3U8ISyCR3xnqWKRtz4s+ziOT6xyhCHsbalAGfq94kZjYyZRoHtjCiMzW9vIf7l9VIIL/yZUEkKXLHlojCVGGK8eB8PheYM5NQSyrSwt2I2ppoysCGVbAhfn+L/SfvM9Yjr3VQrjcs8jiI6QsfoFHmohhroGjVRCzGk0AN6Qs+OcR6dF+d12Vpw8plD9APO2yf4WpB0</latexit>

High constant learning rate



A SIMPLE BASELINE FOR BAYESIAN UNCERTAINTY IN DEEP LEARNING

STOCHASTIC WEIGHT AVERAGING (IZMAILOV ET AL 2018)

�24

High constant learning rate

Average models at end of epochs.
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Average models at ends of epochs.
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See also Liu et al, 2018, UDL Workshop
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SWAG

‣ Low rank + diagonal covariance approximation with last K SGD 
iterates 

‣ Sampling + likelihoods (incl. marginal) straightforward
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EXPERIMENTS
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TEST NEGATIVE LOG LIKELIHOOD
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CALIBRATION
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OUT OF SAMPLE IMAGE DETECTION
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ACCURACY (BAYESIAN MODEL AVERAGING)
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TWO APPROXIMATE SAMPLING METHODS FOR BAYESIAN DEEP LEARNING

ACCURACY (BAYESIAN MODEL AVERAGING): NLP TASKS
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TWO APPROXIMATE SAMPLING METHODS FOR BAYESIAN DEEP LEARNING

FUTURE WORK

▸ Downstream tasks: 

▸ Bayesian optimization 

▸ Image segmentation 

▸ Theoretical work still to be done: 

▸ Quantify the shape of the posterior + its approximation 
error 

▸ Connection to frequentist methods (Chen et al, JASA, 2019)
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SUBSPACE INFERENCE FOR BAYESIAN DEEP LEARNING
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SUBSPACE INFERENCE FOR BAYESIAN DEEP LEARNING

EMPIRICAL MOTIVATION

�38

2D surface along eigenvectors of approx. 
posterior



SUBSPACE INFERENCE FOR BAYESIAN DEEP LEARNING

EMPIRICAL MOTIVATION: EIGENVALUES OF THE HESSIAN

‣ Max: 3580, Min: -272.        Using Lanczos (GPyTorch)
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SUBSPACE INFERENCE FOR BAYESIAN DEEP LEARNING

EMPIRICAL MOTIVATION: EIGENVALUES OF THE FISHER

‣ Max:14, Min: -1 😬 

‣ Using Lanczos (GPyTorch)
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SUBSPACE INFERENCE FOR BAYESIAN DEEP LEARNING

EMPIRICAL MOTIVATION: SGD TRAJECTORY

‣ The eigenvalues of the SGD 
trajectory decays very rapidly 

‣ Can summarize the trajectory 
with very low rank matrices 
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SUBSPACE INFERENCE FOR BAYESIAN DEEP LEARNING

SUBSPACE INFERENCE
A modular approach: 

‣ Design subspace   

‣ Approximate posterior over parameters in the subspace 

‣ Sample from approximate posterior for Bayesian model averaging 
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SUBSPACE INFERENCE FOR BAYESIAN DEEP LEARNING

SUBSPACE INFERENCE
A modular approach: 

‣ Design subspace   

‣ Approximate posterior over parameters in the subspace 

‣ Sample from approximate posterior for Bayesian model averaging 

We can approximate posterior of 36 million dimensional WideResNet 
in 5D subspace and get state-of-the-art results!
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SUBSPACE INFERENCE FOR BAYESIAN DEEP LEARNING

SUBSPACE
‣ Choose shift      and basis vectors  

‣ Define subspace  

‣ Likelihood

�44

ŵ {d1, . . . , dK}

S = {w|w = ŵ + d1z1 + · · ·+ dKzk}
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SUBSPACE INFERENCE FOR BAYESIAN DEEP LEARNING

INFERENCE
‣ Approximate inference over parameters 

‣ MCMC, Variational Inference, Normalizing Flows, … 

‣ Bayesian model averaging at test time:

�45

t

p(D⇤|D) =
1

J

JX

j=1

pM(D|w̃ = ŵ + P z̃j), z̃j ⇠ q(z̃|D)
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SUBSPACE INFERENCE FOR BAYESIAN DEEP LEARNING

TEMPERING POSTERIOR
‣ In the subspace model # parameters << # data points 

‣ ~5-10 parameters, ~50K data points 

‣ Posterior over     is extremely concentrated 

‣ To address this issue, we utilize the tempered posterior: 

‣ T can be learned by cross-validation 

‣ Heuristic:
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pT(z |D) ∝ p(D |z)1/T

likelihood

p(t)⏟
prior

t

T =
# data points
# parameters



SUBSPACE INFERENCE FOR BAYESIAN DEEP LEARNING

RANDOM SUBSPACE
‣     Directions  

‣     Use pre-trained solution as shift 

‣     Subspace
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SUBSPACE INFERENCE FOR BAYESIAN DEEP LEARNING

PCA OF THE SGD TRAJECTORY
‣ Run SGD with high constant learning rate from a pre-trained solution 

‣ Collect snapshots of weights 

‣ Use SWA solution as shift  

‣                     — first       PCA components of vectors                
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SUBSPACE INFERENCE FOR BAYESIAN DEEP LEARNING

CURVE SUBSPACE
‣ Garipov et al. 2018 proposed a method to find 2D subspaces 

containing a path of low loss between weights of two independently 
trained neural networks
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SUBSPACE INFERENCE FOR BAYESIAN DEEP LEARNING

CURVE SUBSPACE
‣ Garipov et al. 2018 proposed a method to find 2D subspaces 

containing a path of low loss between weights of two independently 
trained neural networks
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SUBSPACE INFERENCE FOR BAYESIAN DEEP LEARNING

SUBSPACE COMPARISON
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QUALITATIVE COMPARISONS: REGRESSION
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QUANTITATIVE COMPARISONS: REGRESSION 
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SUBSPACE INFERENCE FOR BAYESIAN DEEP LEARNING

SUBSPACE COMPARISON ON PRERESNET-164, CIFAR-100
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SUBSPACE INFERENCE FOR BAYESIAN DEEP LEARNING

CALIBRATION STUDY: REGRESSION
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SUBSPACE INFERENCE FOR BAYESIAN DEEP LEARNING

TAKEAWAYS
‣ We can apply standard approximate inference methods in subspaces of 

parameter space 

‣ More diverse subspaces => better performance:  
Curve Subspace > PCA Subspace > Random Subspace 

‣ Subspace Inference in the PCA subspace is competitive with SWAG 
(Maddox et al., 2019), MC-Dropout (Gal & Ghahramani, 2016) and 
Temperature Scaling (Guo et al., 2017) on image classification and UCI 
regression
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TWO APPROXIMATE SAMPLING METHODS FOR BAYESIAN DEEP LEARNING

FUTURE WORK

▸ Relate to kernels and kernel approximation? 

▸ Theoretical work still to be done: 

▸ Quantify the amount of tempering necessary 

▸ Choose dimensionality of subspace 

▸ Interpret PCA subspace as empirical bayes?

�57



QUESTIONS?

Thanks
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TWO APPROXIMATE SAMPLING METHODS FOR BAYESIAN DEEP LEARNING

STRUCTURE

▸ Based off of: 

▸ “A Simple Baseline for Bayesian Uncertainty in Deep Learning,” 
Maddox, Garipov, Izmailov, Vetrov, Wilson. https://arxiv.org/
abs/1902.02476. 2019 

▸ Code: https://github.com/wjmaddox/swa_gaussian 

▸ “Subspace Inference for Bayesian Deep Learning,” Izmailov, 
Maddox, Kirichenko, Garipov, Vetrov, Wilson. https://arxiv.org/
abs/1907.07504. UAI, 2019 

▸ Code: https://github.com/wjmaddox/drbayes
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From Naeini et al 2015, also Guo et al ICML 2017 “On Calibration of Modern Neural Networks”



ASYMPTOTIC MOTIVATION OF SWAG
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‣ Polyak-Ruppert Averaging (Ruppert 1988; Polyak & Juditsky, 1992) 

‣ Average the iterates of SGD 

‣ Asymptotic distribution (around stationary point): 

‣ Laplace approximation uses Gaussian around MAP with 
covariance H(\theta) 

1
T

T

∑
i=1

θi ≈ N(θ, H(θ)−1SH(θ)−1)



SI ABLATION STUDY: TEMPERATURE
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