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Given: dataset       with many examples of:
- Features
- Label

Motivation

Goals:
• Most important:
– Predict labels from features well at test time

• Also important:
– Predict even when missing features

– Train even if  only some examples are labeled

– Offer interpretable structure
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x
<latexit sha1_base64="hL+FaLtOT9luwfLW3Ut08xl3Pcw=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHbRRI9ELx4hkUcCGzI79MLI7OxmZtZICF/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR7cxvPaLSPJb3ZpygH9GB5CFn1Fip/tQrltyyOwdZJV5GSpCh1it+dfsxSyOUhgmqdcdzE+NPqDKcCZwWuqnGhLIRHWDHUkkj1P5kfuiUnFmlT8JY2ZKGzNXfExMaaT2OAtsZUTPUy95M/M/rpCa89idcJqlByRaLwlQQE5PZ16TPFTIjxpZQpri9lbAhVZQZm03BhuAtv7xKmpWyd1Gu1C9L1ZssjjycwCmcgwdXUIU7qEEDGCA8wyu8OQ/Oi/PufCxac042cwx/4Hz+AOeHjQA=</latexit>

y
<latexit sha1_base64="mEcz1FLhuG1BpP6c5hi50qAIJ0g=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOl5qRfrrhVdw6ySrycVCBHo1/+6g1ilkYoDRNU667nJsbPqDKcCZyWeqnGhLIxHWLXUkkj1H42P3RKzqwyIGGsbElD5urviYxGWk+iwHZG1Iz0sjcT//O6qQmv/YzLJDUo2WJRmApiYjL7mgy4QmbExBLKFLe3EjaiijJjsynZELzll1dJu1b1Lqq15mWlfpPHUYQTOIVz8OAK6nAHDWgBA4RneIU359F5cd6dj0VrwclnjuEPnM8f6QuNAQ==</latexit>

D
<latexit sha1_base64="vhcSZKB5REty1fMyhkxMk/A5FwM=">AAAB8nicbVDLSgMxFL1TX7W+qi7dBIvgqsxUQZdFXbisYB8wHUomzbShmWRIMkIZ+hluXCji1q9x59+YaWehrQcCh3PuJeeeMOFMG9f9dkpr6xubW+Xtys7u3v5B9fCoo2WqCG0TyaXqhVhTzgRtG2Y47SWK4jjktBtObnO/+0SVZlI8mmlCgxiPBIsYwcZKfj/GZkwwz+5mg2rNrbtzoFXiFaQGBVqD6ld/KEkaU2EIx1r7npuYIMPKMMLprNJPNU0wmeAR9S0VOKY6yOaRZ+jMKkMUSWWfMGiu/t7IcKz1NA7tZB5RL3u5+J/npya6DjImktRQQRYfRSlHRqL8fjRkihLDp5ZgopjNisgYK0yMbaliS/CWT14lnUbdu6g3Hi5rzZuijjKcwCmcgwdX0IR7aEEbCEh4hld4c4zz4rw7H4vRklPsHMMfOJ8/diuRXg==</latexit>

Psychiatry application
x : patient’s health records
y : successful medication 

Intensive Care application
x : time-series of  vitals
y : need for ventilator 

p(y|x)
<latexit sha1_base64="WWZWcUY1QQ2y1fTidpfMOVzg7oY=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CRahXspuFfRY9OKxgv2QdinZNNuGJtklyYpl7a/w4kERr/4cb/4b03YP2vpg4PHeDDPzgpgzbVz328mtrK6tb+Q3C1vbO7t7xf2Dpo4SRWiDRDxS7QBrypmkDcMMp+1YUSwCTlvB6Hrqtx6o0iySd2YcU1/ggWQhI9hY6T4uozF6Qo+nvWLJrbgzoGXiZaQEGeq94le3H5FEUGkIx1p3PDc2foqVYYTTSaGbaBpjMsID2rFUYkG1n84OnqATq/RRGClb0qCZ+nsixULrsQhsp8BmqBe9qfif10lMeOmnTMaJoZLMF4UJRyZC0+9RnylKDB9bgoli9lZEhlhhYmxGBRuCt/jyMmlWK95ZpXp7XqpdZXHk4QiOoQweXEANbqAODSAg4Ble4c1Rzovz7nzMW3NONnMIf+B8/gBC449m</latexit>

p(x, y)
<latexit sha1_base64="wMNRuVSe+BXayyTF/peFcfb3kf8=">AAAB7XicbVBNSwMxEJ2tX7V+VT16CRahgpTdKuix6MVjBfsB7VKyabaNzSZLkhXL0v/gxYMiXv0/3vw3pu0etPXBwOO9GWbmBTFn2rjut5NbWV1b38hvFra2d3b3ivsHTS0TRWiDSC5VO8CaciZowzDDaTtWFEcBp61gdDP1W49UaSbFvRnH1I/wQLCQEWys1IzLT2fj016x5FbcGdAy8TJSggz1XvGr25ckiagwhGOtO54bGz/FyjDC6aTQTTSNMRnhAe1YKnBEtZ/Orp2gE6v0USiVLWHQTP09keJI63EU2M4Im6Fe9Kbif14nMeGVnzIRJ4YKMl8UJhwZiaavoz5TlBg+tgQTxeytiAyxwsTYgAo2BG/x5WXSrFa880r17qJUu87iyMMRHEMZPLiEGtxCHRpA4AGe4RXeHOm8OO/Ox7w152Qzh/AHzucPw92OmA==</latexit>



Latent variable models (LVMs) with supervision
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z
<latexit sha1_base64="VLEo6VgUnu2TnOxoOkqsMPXvyTo=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHbRRI9ELx4hkUcCGzI79MLI7OxmZtYECV/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR7cxvPaLSPJb3ZpygH9GB5CFn1Fip/tQrltyyOwdZJV5GSpCh1it+dfsxSyOUhgmqdcdzE+NPqDKcCZwWuqnGhLIRHWDHUkkj1P5kfuiUnFmlT8JY2ZKGzNXfExMaaT2OAtsZUTPUy95M/M/rpCa89idcJqlByRaLwlQQE5PZ16TPFTIjxpZQpri9lbAhVZQZm03BhuAtv7xKmpWyd1Gu1C9L1ZssjjycwCmcgwdXUIU7qEEDGCA8wyu8OQ/Oi/PufCxac042cwx/4Hz+AOqPjQI=</latexit>

x
<latexit sha1_base64="hL+FaLtOT9luwfLW3Ut08xl3Pcw=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHbRRI9ELx4hkUcCGzI79MLI7OxmZtZICF/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR7cxvPaLSPJb3ZpygH9GB5CFn1Fip/tQrltyyOwdZJV5GSpCh1it+dfsxSyOUhgmqdcdzE+NPqDKcCZwWuqnGhLIRHWDHUkkj1P5kfuiUnFmlT8JY2ZKGzNXfExMaaT2OAtsZUTPUy95M/M/rpCa89idcJqlByRaLwlQQE5PZ16TPFTIjxpZQpri9lbAhVZQZm03BhuAtv7xKmpWyd1Gu1C9L1ZssjjycwCmcgwdXUIU7qEEDGCA8wyu8OQ/Oi/PufCxac042cwx/4Hz+AOeHjQA=</latexit>

✓
<latexit sha1_base64="VRbFNfU2yJrhxTioHNG9u2eQ22g=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48V7Ae0oWy2m3btZhN2J0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6wEnC/YgOlQgFo2ilVg9HHGm/XHGr7hxklXg5qUCORr/81RvELI24QiapMV3PTdDPqEbBJJ+WeqnhCWVjOuRdSxWNuPGz+bVTcmaVAQljbUshmau/JzIaGTOJAtsZURyZZW8m/ud1Uwyv/UyoJEWu2GJRmEqCMZm9TgZCc4ZyYgllWthbCRtRTRnagEo2BG/55VXSqlW9i2rt/rJSv8njKMIJnMI5eHAFdbiDBjSBwSM8wyu8ObHz4rw7H4vWgpPPHMMfOJ8/pUWPLA==</latexit>

y
<latexit sha1_base64="mEcz1FLhuG1BpP6c5hi50qAIJ0g=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOl5qRfrrhVdw6ySrycVCBHo1/+6g1ilkYoDRNU667nJsbPqDKcCZyWeqnGhLIxHWLXUkkj1H42P3RKzqwyIGGsbElD5urviYxGWk+iwHZG1Iz0sjcT//O6qQmv/YzLJDUo2WJRmApiYjL7mgy4QmbExBLKFLe3EjaiijJjsynZELzll1dJu1b1Lqq15mWlfpPHUYQTOIVz8OAK6nAHDWgBA4RneIU359F5cd6dj0VrwclnjuEPnM8f6QuNAQ==</latexit>

w
<latexit sha1_base64="K+iivrhdeUPnWoxmB5CJQNdKl6I=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHbRRI9ELx4hkUcCGzI79MLI7OxmZlZDCF/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR7cxvPaLSPJb3ZpygH9GB5CFn1Fip/tQrltyyOwdZJV5GSpCh1it+dfsxSyOUhgmqdcdzE+NPqDKcCZwWuqnGhLIRHWDHUkkj1P5kfuiUnFmlT8JY2ZKGzNXfExMaaT2OAtsZUTPUy95M/M/rpCa89idcJqlByRaLwlQQE5PZ16TPFTIjxpZQpri9lbAhVZQZm03BhuAtv7xKmpWyd1Gu1C9L1ZssjjycwCmcgwdXUIU7qEEDGCA8wyu8OQ/Oi/PufCxac042cwx/4Hz+AOYDjP8=</latexit>

Hidden
“code”

LabelFeatures

p(z)
<latexit sha1_base64="RTGjzdJJWL41tIGo7m23y9Kwreg=">AAAB63icbVBNSwMxEJ2tX7V+VT16CRahXspuFfRY9OKxgv2AdinZNNuGJtklyQp16V/w4kERr/4hb/4bs+0etPXBwOO9GWbmBTFn2rjut1NYW9/Y3Cpul3Z29/YPyodHbR0litAWiXikugHWlDNJW4YZTruxolgEnHaCyW3mdx6p0iySD2YaU1/gkWQhI9hkUlx9Oh+UK27NnQOtEi8nFcjRHJS/+sOIJIJKQzjWuue5sfFTrAwjnM5K/UTTGJMJHtGepRILqv10fusMnVlliMJI2ZIGzdXfEykWWk9FYDsFNmO97GXif14vMeG1nzIZJ4ZKslgUJhyZCGWPoyFTlBg+tQQTxeytiIyxwsTYeEo2BG/55VXSrte8i1r9/rLSuMnjKMIJnEIVPLiCBtxBE1pAYAzP8ApvjnBenHfnY9FacPKZY/gD5/MHf/2N4Q==</latexit>

p✓(x|z)
<latexit sha1_base64="MCOmL9gHcjGCKm6FN0QccqsPdvA=">AAAB+HicbVDLSsNAFJ3UV62PRl26GSxC3ZSkCrosunFZwT6gDWEynbRDJ5MwcyO2sV/ixoUibv0Ud/6N08dCWw9cOJxzL/feEySCa3Ccbyu3tr6xuZXfLuzs7u0X7YPDpo5TRVmDxiJW7YBoJrhkDeAgWDtRjESBYK1geDP1Ww9MaR7LexglzItIX/KQUwJG8u1i4mddGDAgk/Lj0/jMt0tOxZkBrxJ3QUpogbpvf3V7MU0jJoEKonXHdRLwMqKAU8EmhW6qWULokPRZx1BJIqa9bHb4BJ8apYfDWJmSgGfq74mMRFqPosB0RgQGetmbiv95nRTCKy/jMkmBSTpfFKYCQ4ynKeAeV4yCGBlCqOLmVkwHRBEKJquCCcFdfnmVNKsV97xSvbso1a4XceTRMTpBZeSiS1RDt6iOGoiiFD2jV/Rmja0X6936mLfmrMXMEfoD6/MH5m+TPQ==</latexit>

pw(y|z)
<latexit sha1_base64="uFy4tXiCpsbvO/moegg/XAU60BY=">AAAB8XicbVBNT8JAEJ3iF+IX6tHLRmKCF9KCiR6JXjxiIh8RGrJdtrBhu212t5pa+RdePGiMV/+NN/+NC/Sg4EsmeXlvJjPzvIgzpW3728qtrK6tb+Q3C1vbO7t7xf2DlgpjSWiThDyUHQ8rypmgTc00p51IUhx4nLa98dXUb99TqVgobnUSUTfAQ8F8RrA20l3UTx8m5eTp8bRfLNkVewa0TJyMlCBDo1/86g1CEgdUaMKxUl3HjrSbYqkZ4XRS6MWKRpiM8ZB2DRU4oMpNZxdP0IlRBsgPpSmh0Uz9PZHiQKkk8ExngPVILXpT8T+vG2v/wk2ZiGJNBZkv8mOOdIim76MBk5RonhiCiWTmVkRGWGKiTUgFE4Kz+PIyaVUrTq1SvTkr1S+zOPJwBMdQBgfOoQ7X0IAmEBDwDK/wZinrxXq3PuatOSubOYQ/sD5/AJ5RkOA=</latexit>

Prior

Feature
likelihood

Label
likelihood

“Shallow” LVMs
• Probabilistic PCA
• Mixture models
• Topic models
• Hidden markov models
• Linear dynamical systems

“Deep” LVMs
• Variational Autoencoders
• Deep GMMs
• Deep topic models
• Recurrent SLDS
• … and many more

Vast literature of
unsupervised LVMs.
Could add supervision 
to any of  them.
(Many have.)



I want to believe …

Why use Supervised LVMs? (deep or shallow) 

4

Goals:
• Most important:
– [  ] Predict labels from features well at test time

• Also important:
– [   ] Predict even when missing features

– [   ] Train even if  only some examples are labeled

– [   ] Offer interpretable structure

p(y|x)
<latexit sha1_base64="WWZWcUY1QQ2y1fTidpfMOVzg7oY=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CRahXspuFfRY9OKxgv2QdinZNNuGJtklyYpl7a/w4kERr/4cb/4b03YP2vpg4PHeDDPzgpgzbVz328mtrK6tb+Q3C1vbO7t7xf2Dpo4SRWiDRDxS7QBrypmkDcMMp+1YUSwCTlvB6Hrqtx6o0iySd2YcU1/ggWQhI9hY6T4uozF6Qo+nvWLJrbgzoGXiZaQEGeq94le3H5FEUGkIx1p3PDc2foqVYYTTSaGbaBpjMsID2rFUYkG1n84OnqATq/RRGClb0qCZ+nsixULrsQhsp8BmqBe9qfif10lMeOmnTMaJoZLMF4UJRyZC0+9RnylKDB9bgoli9lZEhlhhYmxGBRuCt/jyMmlWK95ZpXp7XqpdZXHk4QiOoQweXEANbqAODSAg4Ble4c1Rzovz7nzMW3NONnMIf+B8/gBC449m</latexit>

p(x, y)
<latexit sha1_base64="wMNRuVSe+BXayyTF/peFcfb3kf8=">AAAB7XicbVBNSwMxEJ2tX7V+VT16CRahgpTdKuix6MVjBfsB7VKyabaNzSZLkhXL0v/gxYMiXv0/3vw3pu0etPXBwOO9GWbmBTFn2rjut5NbWV1b38hvFra2d3b3ivsHTS0TRWiDSC5VO8CaciZowzDDaTtWFEcBp61gdDP1W49UaSbFvRnH1I/wQLCQEWys1IzLT2fj016x5FbcGdAy8TJSggz1XvGr25ckiagwhGOtO54bGz/FyjDC6aTQTTSNMRnhAe1YKnBEtZ/Orp2gE6v0USiVLWHQTP09keJI63EU2M4Im6Fe9Kbif14nMeGVnzIRJ4YKMl8UJhwZiaavoz5TlBg+tgQTxeytiAyxwsTYgAo2BG/x5WXSrFa880r17qJUu87iyMMRHEMZPLiEGtxCHRpA4AGe4RXeHOm8OO/Ox7w152Qzh/AHzucPw92OmA==</latexit>



I want to believe …

Why use Supervised LVMs? (deep or shallow) 

5

Goals:
• Most important:
– [  ] Predict labels from features well at test time

• Also important:
– [   ] Predict even when missing features

– [   ] Train even if  only some examples are labeled

– [   ] Offer interpretable structure

p(y|x)
<latexit sha1_base64="WWZWcUY1QQ2y1fTidpfMOVzg7oY=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CRahXspuFfRY9OKxgv2QdinZNNuGJtklyYpl7a/w4kERr/4cb/4b03YP2vpg4PHeDDPzgpgzbVz328mtrK6tb+Q3C1vbO7t7xf2Dpo4SRWiDRDxS7QBrypmkDcMMp+1YUSwCTlvB6Hrqtx6o0iySd2YcU1/ggWQhI9hY6T4uozF6Qo+nvWLJrbgzoGXiZaQEGeq94le3H5FEUGkIx1p3PDc2foqVYYTTSaGbaBpjMsID2rFUYkG1n84OnqATq/RRGClb0qCZ+nsixULrsQhsp8BmqBe9qfif10lMeOmnTMaJoZLMF4UJRyZC0+9RnylKDB9bgoli9lZEhlhhYmxGBRuCt/jyMmlWK95ZpXp7XqpdZXHk4QiOoQweXEANbqAODSAg4Ble4c1Rzovz7nzMW3NONnMIf+B8/gBC449m</latexit>

p(x, y)
<latexit sha1_base64="wMNRuVSe+BXayyTF/peFcfb3kf8=">AAAB7XicbVBNSwMxEJ2tX7V+VT16CRahgpTdKuix6MVjBfsB7VKyabaNzSZLkhXL0v/gxYMiXv0/3vw3pu0etPXBwOO9GWbmBTFn2rjut5NbWV1b38hvFra2d3b3ivsHTS0TRWiDSC5VO8CaciZowzDDaTtWFEcBp61gdDP1W49UaSbFvRnH1I/wQLCQEWys1IzLT2fj016x5FbcGdAy8TJSggz1XvGr25ckiagwhGOtO54bGz/FyjDC6aTQTTSNMRnhAe1YKnBEtZ/Orp2gE6v0USiVLWHQTP09keJI63EU2M4Im6Fe9Kbif14nMeGVnzIRJ4YKMl8UJhwZiaavoz5TlBg+tgQTxeytiAyxwsTYgAo2BG/x5WXSrFa880r17qJUu87iyMMRHEMZPLiEGtxCHRpA4AGe4RXeHOm8OO/Ox7w152Qzh/AHzucPw92OmA==</latexit>

?

Key question: are predictions good enough?



… but I can’t believe it is not better

Claim: Standard ways of  supervising LVMs 
deliver little added value when predicting labels 
given features, especially on real data.

6

Typically, when all methods have similar capacity,
supervised LVMs are:
- No better than unsupervised baselines.
- Inferior to discriminative methods (if  labeled data is abundant)



Latent variable models with supervision

7

p✓,w(x, y) =

Z
pw(y|z)p✓(x|z)p(z)dz

<latexit sha1_base64="ymzTnd4yV8dBAC5mR4tRqJWu29o=">AAACJXicbVDLSgMxFM34rPU16tJNsAgtlDJTBV0oFN24rGAf0JaSSdM2NPMguaNOp/0ZN/6KGxcWEVz5K6YPRFsvJBzOOZd773ECwRVY1qextLyyurae2Ehubm3v7Jp7+2Xlh5KyEvWFL6sOUUxwj5WAg2DVQDLiOoJVnN71WK/cM6m4791BFLCGSzoeb3NKQFNN8yJoxnXoMiDZh2H6MRtl8CWucw+wFjQTDfoZ/OPRjgEeE2n9tfpNM2XlrEnhRWDPQArNqtg0R/WWT0OXeUAFUapmWwE0YiKBU8GGyXqoWEBoj3RYTUOPuEw14smVQ3ysmRZu+1I/vd+E/d0RE1epyHW00yXQVfPamPxPq4XQPm/E3AtCYB6dDmqHAoOPx5HhFpeMgog0IFRyvSumXSIJBR1sUodgz5+8CMr5nH2Sy9+epgpXszgS6BAdoTSy0RkqoBtURCVE0RN6QW9oZDwbr8a78TG1LhmzngP0p4yvb7zZpCQ=</latexit>

z
<latexit sha1_base64="VLEo6VgUnu2TnOxoOkqsMPXvyTo=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHbRRI9ELx4hkUcCGzI79MLI7OxmZtYECV/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR7cxvPaLSPJb3ZpygH9GB5CFn1Fip/tQrltyyOwdZJV5GSpCh1it+dfsxSyOUhgmqdcdzE+NPqDKcCZwWuqnGhLIRHWDHUkkj1P5kfuiUnFmlT8JY2ZKGzNXfExMaaT2OAtsZUTPUy95M/M/rpCa89idcJqlByRaLwlQQE5PZ16TPFTIjxpZQpri9lbAhVZQZm03BhuAtv7xKmpWyd1Gu1C9L1ZssjjycwCmcgwdXUIU7qEEDGCA8wyu8OQ/Oi/PufCxac042cwx/4Hz+AOqPjQI=</latexit>

x
<latexit sha1_base64="hL+FaLtOT9luwfLW3Ut08xl3Pcw=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHbRRI9ELx4hkUcCGzI79MLI7OxmZtZICF/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR7cxvPaLSPJb3ZpygH9GB5CFn1Fip/tQrltyyOwdZJV5GSpCh1it+dfsxSyOUhgmqdcdzE+NPqDKcCZwWuqnGhLIRHWDHUkkj1P5kfuiUnFmlT8JY2ZKGzNXfExMaaT2OAtsZUTPUy95M/M/rpCa89idcJqlByRaLwlQQE5PZ16TPFTIjxpZQpri9lbAhVZQZm03BhuAtv7xKmpWyd1Gu1C9L1ZssjjycwCmcgwdXUIU7qEEDGCA8wyu8OQ/Oi/PufCxac042cwx/4Hz+AOeHjQA=</latexit>

✓
<latexit sha1_base64="VRbFNfU2yJrhxTioHNG9u2eQ22g=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48V7Ae0oWy2m3btZhN2J0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6wEnC/YgOlQgFo2ilVg9HHGm/XHGr7hxklXg5qUCORr/81RvELI24QiapMV3PTdDPqEbBJJ+WeqnhCWVjOuRdSxWNuPGz+bVTcmaVAQljbUshmau/JzIaGTOJAtsZURyZZW8m/ud1Uwyv/UyoJEWu2GJRmEqCMZm9TgZCc4ZyYgllWthbCRtRTRnagEo2BG/55VXSqlW9i2rt/rJSv8njKMIJnMI5eHAFdbiDBjSBwSM8wyu8ObHz4rw7H4vWgpPPHMMfOJ8/pUWPLA==</latexit>

y
<latexit sha1_base64="mEcz1FLhuG1BpP6c5hi50qAIJ0g=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOl5qRfrrhVdw6ySrycVCBHo1/+6g1ilkYoDRNU667nJsbPqDKcCZyWeqnGhLIxHWLXUkkj1H42P3RKzqwyIGGsbElD5urviYxGWk+iwHZG1Iz0sjcT//O6qQmv/YzLJDUo2WJRmApiYjL7mgy4QmbExBLKFLe3EjaiijJjsynZELzll1dJu1b1Lqq15mWlfpPHUYQTOIVz8OAK6nAHDWgBA4RneIU359F5cd6dj0VrwclnjuEPnM8f6QuNAQ==</latexit>

w
<latexit sha1_base64="K+iivrhdeUPnWoxmB5CJQNdKl6I=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHbRRI9ELx4hkUcCGzI79MLI7OxmZlZDCF/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR7cxvPaLSPJb3ZpygH9GB5CFn1Fip/tQrltyyOwdZJV5GSpCh1it+dfsxSyOUhgmqdcdzE+NPqDKcCZwWuqnGhLIRHWDHUkkj1P5kfuiUnFmlT8JY2ZKGzNXfExMaaT2OAtsZUTPUy95M/M/rpCa89idcJqlByRaLwlQQE5PZ16TPFTIjxpZQpri9lbAhVZQZm03BhuAtv7xKmpWyd1Gu1C9L1ZssjjycwCmcgwdXUIU7qEEDGCA8wyu8OQ/Oi/PufCxac042cwx/4Hz+AOYDjP8=</latexit>

Hidden
“code”

LabelFeatures

p(z)
<latexit sha1_base64="RTGjzdJJWL41tIGo7m23y9Kwreg=">AAAB63icbVBNSwMxEJ2tX7V+VT16CRahXspuFfRY9OKxgv2AdinZNNuGJtklyQp16V/w4kERr/4hb/4bs+0etPXBwOO9GWbmBTFn2rjut1NYW9/Y3Cpul3Z29/YPyodHbR0litAWiXikugHWlDNJW4YZTruxolgEnHaCyW3mdx6p0iySD2YaU1/gkWQhI9hkUlx9Oh+UK27NnQOtEi8nFcjRHJS/+sOIJIJKQzjWuue5sfFTrAwjnM5K/UTTGJMJHtGepRILqv10fusMnVlliMJI2ZIGzdXfEykWWk9FYDsFNmO97GXif14vMeG1nzIZJ4ZKslgUJhyZCGWPoyFTlBg+tQQTxeytiIyxwsTYeEo2BG/55VXSrte8i1r9/rLSuMnjKMIJnEIVPLiCBtxBE1pAYAzP8ApvjnBenHfnY9FacPKZY/gD5/MHf/2N4Q==</latexit>

p✓(x|z)
<latexit sha1_base64="MCOmL9gHcjGCKm6FN0QccqsPdvA=">AAAB+HicbVDLSsNAFJ3UV62PRl26GSxC3ZSkCrosunFZwT6gDWEynbRDJ5MwcyO2sV/ixoUibv0Ud/6N08dCWw9cOJxzL/feEySCa3Ccbyu3tr6xuZXfLuzs7u0X7YPDpo5TRVmDxiJW7YBoJrhkDeAgWDtRjESBYK1geDP1Ww9MaR7LexglzItIX/KQUwJG8u1i4mddGDAgk/Lj0/jMt0tOxZkBrxJ3QUpogbpvf3V7MU0jJoEKonXHdRLwMqKAU8EmhW6qWULokPRZx1BJIqa9bHb4BJ8apYfDWJmSgGfq74mMRFqPosB0RgQGetmbiv95nRTCKy/jMkmBSTpfFKYCQ4ynKeAeV4yCGBlCqOLmVkwHRBEKJquCCcFdfnmVNKsV97xSvbso1a4XceTRMTpBZeSiS1RDt6iOGoiiFD2jV/Rmja0X6936mLfmrMXMEfoD6/MH5m+TPQ==</latexit>

pw(y|z)
<latexit sha1_base64="uFy4tXiCpsbvO/moegg/XAU60BY=">AAAB8XicbVBNT8JAEJ3iF+IX6tHLRmKCF9KCiR6JXjxiIh8RGrJdtrBhu212t5pa+RdePGiMV/+NN/+NC/Sg4EsmeXlvJjPzvIgzpW3728qtrK6tb+Q3C1vbO7t7xf2DlgpjSWiThDyUHQ8rypmgTc00p51IUhx4nLa98dXUb99TqVgobnUSUTfAQ8F8RrA20l3UTx8m5eTp8bRfLNkVewa0TJyMlCBDo1/86g1CEgdUaMKxUl3HjrSbYqkZ4XRS6MWKRpiM8ZB2DRU4oMpNZxdP0IlRBsgPpSmh0Uz9PZHiQKkk8ExngPVILXpT8T+vG2v/wk2ZiGJNBZkv8mOOdIim76MBk5RonhiCiWTmVkRGWGKiTUgFE4Kz+PIyaVUrTq1SvTkr1S+zOPJwBMdQBgfOoQ7X0IAmEBDwDK/wZinrxXq3PuatOSubOYQ/sD5/AJ5RkOA=</latexit>

Prior

Feature
marginal likelihood:

Label
likelihood

Joint (Feature+Label)
marginal likelihood:

Feature
likelihood

p✓(x) =

Z
p✓(x|z)p(z)dz

<latexit sha1_base64="T2D5UHt+75P3URdkbSGLmPaT/aY=">AAACF3icbVC7TgJBFJ3FF+Jr1dJmIjGBhuyiiTYmRBtLTOSRANnMzg4wYfaRmbtGWPkLG3/FxkJjbLXzb5wFCgRPMpOTc+7Nvfe4keAKLOvHyKysrq1vZDdzW9s7u3vm/kFdhbGkrEZDEcqmSxQTPGA14CBYM5KM+K5gDXdwnfqNeyYVD4M7GEas45NewLucEtCSY5YiJ2lDnwEZFx6K+BK3eQB4XnzEoyKOCvrzRjnHzFslawK8TOwZyaMZqo753fZCGvssACqIUi3biqCTEAmcCjbOtWPFIkIHpMdamgbEZ6qTTO4a4xOteLgbSv30VhN1viMhvlJD39WVPoG+WvRS8T+vFUP3opPwIIqBBXQ6qBsLDCFOQ8Iel4yCGGpCqOR6V0z7RBIKOso0BHvx5GVSL5fs01L59ixfuZrFkUVH6BgVkI3OUQXdoCqqIYqe0At6Q+/Gs/FqfBif09KMMes5RH9gfP0CidGePA==</latexit>

How to train? Maximize (lower bound of) marginal likelihood



How to train a supervised LVM?
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(A) Maximize joint likelihood

max
✓,w

X

x,y2D
log p✓,w(x, y)

<latexit sha1_base64="Nq1cjeE9UbL06m8Awnr31Hbrwsw="></latexit>



How to train a predictor based on 
unsupervised LVM?

9

(B) Unsupervised-then-predict (2 stage)

1. Train to maximize feature likelihood.

2. Fit label-from-hidden predictor.

max
✓

X

x2D
log p✓(x)

<latexit sha1_base64="4OSkBdqBjH6TeRXw1FFceOecuvA="></latexit>

max
w

X

x,y2D
log pw(y | Ep✓(z|x)[z])

<latexit sha1_base64="0EXVbzhJ7EBytTQhen9GnTEK3Fw="></latexit>



Example 1:
Supervised topic models for count data

10

z
<latexit sha1_base64="VLEo6VgUnu2TnOxoOkqsMPXvyTo=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHbRRI9ELx4hkUcCGzI79MLI7OxmZtYECV/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR7cxvPaLSPJb3ZpygH9GB5CFn1Fip/tQrltyyOwdZJV5GSpCh1it+dfsxSyOUhgmqdcdzE+NPqDKcCZwWuqnGhLIRHWDHUkkj1P5kfuiUnFmlT8JY2ZKGzNXfExMaaT2OAtsZUTPUy95M/M/rpCa89idcJqlByRaLwlQQE5PZ16TPFTIjxpZQpri9lbAhVZQZm03BhuAtv7xKmpWyd1Gu1C9L1ZssjjycwCmcgwdXUIU7qEEDGCA8wyu8OQ/Oi/PufCxac042cwx/4Hz+AOqPjQI=</latexit>

x
<latexit sha1_base64="hL+FaLtOT9luwfLW3Ut08xl3Pcw=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHbRRI9ELx4hkUcCGzI79MLI7OxmZtZICF/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR7cxvPaLSPJb3ZpygH9GB5CFn1Fip/tQrltyyOwdZJV5GSpCh1it+dfsxSyOUhgmqdcdzE+NPqDKcCZwWuqnGhLIRHWDHUkkj1P5kfuiUnFmlT8JY2ZKGzNXfExMaaT2OAtsZUTPUy95M/M/rpCa89idcJqlByRaLwlQQE5PZ16TPFTIjxpZQpri9lbAhVZQZm03BhuAtv7xKmpWyd1Gu1C9L1ZssjjycwCmcgwdXUIU7qEEDGCA8wyu8OQ/Oi/PufCxac042cwx/4Hz+AOeHjQA=</latexit>

✓
<latexit sha1_base64="VRbFNfU2yJrhxTioHNG9u2eQ22g=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48V7Ae0oWy2m3btZhN2J0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6wEnC/YgOlQgFo2ilVg9HHGm/XHGr7hxklXg5qUCORr/81RvELI24QiapMV3PTdDPqEbBJJ+WeqnhCWVjOuRdSxWNuPGz+bVTcmaVAQljbUshmau/JzIaGTOJAtsZURyZZW8m/ud1Uwyv/UyoJEWu2GJRmEqCMZm9TgZCc4ZyYgllWthbCRtRTRnagEo2BG/55VXSqlW9i2rt/rJSv8njKMIJnMI5eHAFdbiDBjSBwSM8wyu8ObHz4rw7H4vWgpPPHMMfOJ8/pUWPLA==</latexit>

y
<latexit sha1_base64="mEcz1FLhuG1BpP6c5hi50qAIJ0g=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOl5qRfrrhVdw6ySrycVCBHo1/+6g1ilkYoDRNU667nJsbPqDKcCZyWeqnGhLIxHWLXUkkj1H42P3RKzqwyIGGsbElD5urviYxGWk+iwHZG1Iz0sjcT//O6qQmv/YzLJDUo2WJRmApiYjL7mgy4QmbExBLKFLe3EjaiijJjsynZELzll1dJu1b1Lqq15mWlfpPHUYQTOIVz8OAK6nAHDWgBA4RneIU359F5cd6dj0VrwclnjuEPnM8f6QuNAQ==</latexit>

w
<latexit sha1_base64="K+iivrhdeUPnWoxmB5CJQNdKl6I=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHbRRI9ELx4hkUcCGzI79MLI7OxmZlZDCF/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR7cxvPaLSPJb3ZpygH9GB5CFn1Fip/tQrltyyOwdZJV5GSpCh1it+dfsxSyOUhgmqdcdzE+NPqDKcCZwWuqnGhLIRHWDHUkkj1P5kfuiUnFmlT8JY2ZKGzNXfExMaaT2OAtsZUTPUy95M/M/rpCa89idcJqlByRaLwlQQE5PZ16TPFTIjxpZQpri9lbAhVZQZm03BhuAtv7xKmpWyd1Gu1C9L1ZssjjycwCmcgwdXUIU7qEEDGCA8wyu8OQ/Oi/PufCxac042cwx/4Hz+AOYDjP8=</latexit>

Hidden
“code”

LabelFeatures

p(z) = Dir(0.1, . . . , 0.1)

p✓(x|z) = Mult(
P

k zk✓k)

pw(y|z) = Bern(�(
P

k zkwk))
<latexit sha1_base64="HKhtjGi2Yjr0JEAZijW5hfckvRc="></latexit>

⇡⇡≈ ≈anxiety

asthma

cancer

tobacco	use

pregnancy

anxiety

asthma

cancer

tobacco	use

pregnancy

z
<latexit sha1_base64="VLEo6VgUnu2TnOxoOkqsMPXvyTo=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHbRRI9ELx4hkUcCGzI79MLI7OxmZtYECV/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR7cxvPaLSPJb3ZpygH9GB5CFn1Fip/tQrltyyOwdZJV5GSpCh1it+dfsxSyOUhgmqdcdzE+NPqDKcCZwWuqnGhLIRHWDHUkkj1P5kfuiUnFmlT8JY2ZKGzNXfExMaaT2OAtsZUTPUy95M/M/rpCa89idcJqlByRaLwlQQE5PZ16TPFTIjxpZQpri9lbAhVZQZm03BhuAtv7xKmpWyd1Gu1C9L1ZssjjycwCmcgwdXUIU7qEEDGCA8wyu8OQ/Oi/PufCxac042cwx/4Hz+AOqPjQI=</latexit>

z
<latexit sha1_base64="VLEo6VgUnu2TnOxoOkqsMPXvyTo=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHbRRI9ELx4hkUcCGzI79MLI7OxmZtYECV/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR7cxvPaLSPJb3ZpygH9GB5CFn1Fip/tQrltyyOwdZJV5GSpCh1it+dfsxSyOUhgmqdcdzE+NPqDKcCZwWuqnGhLIRHWDHUkkj1P5kfuiUnFmlT8JY2ZKGzNXfExMaaT2OAtsZUTPUy95M/M/rpCa89idcJqlByRaLwlQQE5PZ16TPFTIjxpZQpri9lbAhVZQZm03BhuAtv7xKmpWyd1Gu1C9L1ZssjjycwCmcgwdXUIU7qEEDGCA8wyu8OQ/Oi/PufCxac042cwx/4Hz+AOqPjQI=</latexit>x

<latexit sha1_base64="hL+FaLtOT9luwfLW3Ut08xl3Pcw=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHbRRI9ELx4hkUcCGzI79MLI7OxmZtZICF/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR7cxvPaLSPJb3ZpygH9GB5CFn1Fip/tQrltyyOwdZJV5GSpCh1it+dfsxSyOUhgmqdcdzE+NPqDKcCZwWuqnGhLIRHWDHUkkj1P5kfuiUnFmlT8JY2ZKGzNXfExMaaT2OAtsZUTPUy95M/M/rpCa89idcJqlByRaLwlQQE5PZ16TPFTIjxpZQpri9lbAhVZQZm03BhuAtv7xKmpWyd1Gu1C9L1ZssjjycwCmcgwdXUIU7qEEDGCA8wyu8OQ/Oi/PufCxac042cwx/4Hz+AOeHjQA=</latexit>

y
<latexit sha1_base64="mEcz1FLhuG1BpP6c5hi50qAIJ0g=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOl5qRfrrhVdw6ySrycVCBHo1/+6g1ilkYoDRNU667nJsbPqDKcCZyWeqnGhLIxHWLXUkkj1H42P3RKzqwyIGGsbElD5urviYxGWk+iwHZG1Iz0sjcT//O6qQmv/YzLJDUo2WJRmApiYjL7mgy4QmbExBLKFLe3EjaiijJjsynZELzll1dJu1b1Lqq15mWlfpPHUYQTOIVz8OAK6nAHDWgBA4RneIU359F5cd6dj0VrwclnjuEPnM8f6QuNAQ==</latexit>

✓
<latexit sha1_base64="VRbFNfU2yJrhxTioHNG9u2eQ22g=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48V7Ae0oWy2m3btZhN2J0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6wEnC/YgOlQgFo2ilVg9HHGm/XHGr7hxklXg5qUCORr/81RvELI24QiapMV3PTdDPqEbBJJ+WeqnhCWVjOuRdSxWNuPGz+bVTcmaVAQljbUshmau/JzIaGTOJAtsZURyZZW8m/ud1Uwyv/UyoJEWu2GJRmEqCMZm9TgZCc4ZyYgllWthbCRtRTRnagEo2BG/55VXSqlW9i2rt/rJSv8njKMIJnMI5eHAFdbiDBjSBwSM8wyu8ObHz4rw7H4vWgpPPHMMfOJ8/pUWPLA==</latexit>

w
<latexit sha1_base64="K+iivrhdeUPnWoxmB5CJQNdKl6I=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHbRRI9ELx4hkUcCGzI79MLI7OxmZlZDCF/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR7cxvPaLSPJb3ZpygH9GB5CFn1Fip/tQrltyyOwdZJV5GSpCh1it+dfsxSyOUhgmqdcdzE+NPqDKcCZwWuqnGhLIRHWDHUkkj1P5kfuiUnFmlT8JY2ZKGzNXfExMaaT2OAtsZUTPUy95M/M/rpCa89idcJqlByRaLwlQQE5PZ16TPFTIjxpZQpri9lbAhVZQZm03BhuAtv7xKmpWyd1Gu1C9L1ZssjjycwCmcgwdXUIU7qEEDGCA8wyu8OQ/Oi/PufCxac042cwx/4Hz+AOYDjP8=</latexit>

Blei & McAuliffe (2010)



Supervised topic models predict poorly

11

Number of Topics
Compared to methods with similar capacity, supervised LDA is:
- No better than unsupervised-LDA-then-predict
- Inferior to linear classifier of  labels given word features

Linear
Classifier
(SVM) on words

Supervised 
LDA

Unsupervised
LDA-then-SVM

Unsupervised
SVD-then-SVM

Task: Predict ICU Admission from Clinical Notes (Halpern et al ’12)



12

Example 2:
Supervised Hidden Markov Models

Sticky HMM with autoregressive likelihood

y
<latexit sha1_base64="mEcz1FLhuG1BpP6c5hi50qAIJ0g=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOl5qRfrrhVdw6ySrycVCBHo1/+6g1ilkYoDRNU667nJsbPqDKcCZyWeqnGhLIxHWLXUkkj1H42P3RKzqwyIGGsbElD5urviYxGWk+iwHZG1Iz0sjcT//O6qQmv/YzLJDUo2WJRmApiYjL7mgy4QmbExBLKFLe3EjaiijJjsynZELzll1dJu1b1Lqq15mWlfpPHUYQTOIVz8OAK6nAHDWgBA4RneIU359F5cd6dj0VrwclnjuEPnM8f6QuNAQ==</latexit>

w
<latexit sha1_base64="K+iivrhdeUPnWoxmB5CJQNdKl6I=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHbRRI9ELx4hkUcCGzI79MLI7OxmZlZDCF/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR7cxvPaLSPJb3ZpygH9GB5CFn1Fip/tQrltyyOwdZJV5GSpCh1it+dfsxSyOUhgmqdcdzE+NPqDKcCZwWuqnGhLIRHWDHUkkj1P5kfuiUnFmlT8JY2ZKGzNXfExMaaT2OAtsZUTPUy95M/M/rpCa89idcJqlByRaLwlQQE5PZ16TPFTIjxpZQpri9lbAhVZQZm03BhuAtv7xKmpWyd1Gu1C9L1ZssjjycwCmcgwdXUIU7qEEDGCA8wyu8OQ/Oi/PufCxac042cwx/4Hz+AOYDjP8=</latexit>

x1
<latexit sha1_base64="MWSDWkw1NdOauHNwPQkLknLX4o4=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGi/YA2lM120y7dbMLuRCyhP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEikMuu63s7K6tr6xWdgqbu/s7u2XDg6bJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LRzdRvPXJtRKwecJxwP6IDJULBKFrp/qnn9Uplt+LOQJaJl5My5Kj3Sl/dfszSiCtkkhrT8dwE/YxqFEzySbGbGp5QNqID3rFU0YgbP5udOiGnVumTMNa2FJKZ+nsio5Ex4yiwnRHFoVn0puJ/XifF8MrPhEpS5IrNF4WpJBiT6d+kLzRnKMeWUKaFvZWwIdWUoU2naEPwFl9eJs1qxTuvVO8uyrXrPI4CHMMJnIEHl1CDW6hDAxgM4Ble4c2Rzovz7nzMW1ecfOYI/sD5/AEM/o2k</latexit>

x2
<latexit sha1_base64="NlIcit+rwZ4x2ZmuIjuDgd5Gzn8=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48V7Ae0oWy2m3bp7ibsTsRS+he8eFDEq3/Im//GpM1BWx8MPN6bYWZeEEth0XW/ncLa+sbmVnG7tLO7t39QPjxq2SgxjDdZJCPTCajlUmjeRIGSd2LDqQokbwfj28xvP3JjRaQfcBJzX9GhFqFgFDPpqV8r9csVt+rOQVaJl5MK5Gj0y1+9QcQSxTUySa3tem6M/pQaFEzyWamXWB5TNqZD3k2ppopbfzq/dUbOUmVAwsikpZHM1d8TU6qsnagg7VQUR3bZy8T/vG6C4bU/FTpOkGu2WBQmkmBEssfJQBjOUE5SQpkR6a2EjaihDNN4shC85ZdXSatW9S6qtfvLSv0mj6MIJ3AK5+DBFdThDhrQBAYjeIZXeHOU8+K8Ox+L1oKTzxzDHzifP0Objbk=</latexit>

xT
<latexit sha1_base64="QcfcXaPzNSVpa5MpZbWPRc+h+Ck=">AAAB63icbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rFCv6ANZbOdtEt3N2F3I5bSv+DFgyJe/UPe/DcmbQ7a+mDg8d4MM/OCWHBjXffbWVvf2NzaLuwUd/f2Dw5LR8ctEyWaYZNFItKdgBoUXGHTciuwE2ukMhDYDsZ3md9+RG14pBp2EqMv6VDxkDNqM+mp3yj2S2W34s5BVomXkzLkqPdLX71BxBKJyjJBjel6bmz9KdWWM4GzYi8xGFM2pkPsplRRicafzm+dkfNUGZAw0mkpS+bq74kplcZMZJB2SmpHZtnLxP+8bmLDG3/KVZxYVGyxKEwEsRHJHicDrpFZMUkJZZqntxI2opoym8aTheAtv7xKWtWKd1mpPlyVa7d5HAU4hTO4AA+uoQb3UIcmMBjBM7zCmyOdF+fd+Vi0rjn5zAn8gfP5A3dFjds=</latexit>

zT
<latexit sha1_base64="SNXKXlRuTP5BXGGjF4bpb4fEkD4=">AAAB63icbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rFCv6ANZbOdtEt3N2F3I9TSv+DFgyJe/UPe/DcmbQ7a+mDg8d4MM/OCWHBjXffbWVvf2NzaLuwUd/f2Dw5LR8ctEyWaYZNFItKdgBoUXGHTciuwE2ukMhDYDsZ3md9+RG14pBp2EqMv6VDxkDNqM+mp3yj2S2W34s5BVomXkzLkqPdLX71BxBKJyjJBjel6bmz9KdWWM4GzYi8xGFM2pkPsplRRicafzm+dkfNUGZAw0mkpS+bq74kplcZMZJB2SmpHZtnLxP+8bmLDG3/KVZxYVGyxKEwEsRHJHicDrpFZMUkJZZqntxI2opoym8aTheAtv7xKWtWKd1mpPlyVa7d5HAU4hTO4AA+uoQb3UIcmMBjBM7zCmyOdF+fd+Vi0rjn5zAn8gfP5A3pTjd0=</latexit>

z2
<latexit sha1_base64="iWGXTn00ipE76L1KtCgEyUlxlkE=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48V7Ae0oWy2m3bp7ibsToRa+he8eFDEq3/Im//GpM1BWx8MPN6bYWZeEEth0XW/ncLa+sbmVnG7tLO7t39QPjxq2SgxjDdZJCPTCajlUmjeRIGSd2LDqQokbwfj28xvP3JjRaQfcBJzX9GhFqFgFDPpqV8r9csVt+rOQVaJl5MK5Gj0y1+9QcQSxTUySa3tem6M/pQaFEzyWamXWB5TNqZD3k2ppopbfzq/dUbOUmVAwsikpZHM1d8TU6qsnagg7VQUR3bZy8T/vG6C4bU/FTpOkGu2WBQmkmBEssfJQBjOUE5SQpkR6a2EjaihDNN4shC85ZdXSatW9S6qtfvLSv0mj6MIJ3AK5+DBFdThDhrQBAYjeIZXeHOU8+K8Ox+L1oKTzxzDHzifP0apjbs=</latexit>

z1
<latexit sha1_base64="oIL5F9tuABEibiLWqED1bp+lYDo=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48V7Ae0oWy2m3bp7ibsToRa+he8eFDEq3/Im//GpM1BWx8MPN6bYWZeEEth0XW/ncLa+sbmVnG7tLO7t39QPjxq2SgxjDdZJCPTCajlUmjeRIGSd2LDqQokbwfj28xvP3JjRaQfcBJzX9GhFqFgFDPpqe+V+uWKW3XnIKvEy0kFcjT65a/eIGKJ4hqZpNZ2PTdGf0oNCib5rNRLLI8pG9Mh76ZUU8WtP53fOiNnqTIgYWTS0kjm6u+JKVXWTlSQdiqKI7vsZeJ/XjfB8NqfCh0nyDVbLAoTSTAi2eNkIAxnKCcpocyI9FbCRtRQhmk8WQje8surpFWrehfV2v1lpX6Tx1GEEziFc/DgCupwBw1oAoMRPMMrvDnKeXHenY9Fa8HJZ47hD5zPH0Ukjbo=</latexit>

…

…

✓
<latexit sha1_base64="VRbFNfU2yJrhxTioHNG9u2eQ22g=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48V7Ae0oWy2m3btZhN2J0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6wEnC/YgOlQgFo2ilVg9HHGm/XHGr7hxklXg5qUCORr/81RvELI24QiapMV3PTdDPqEbBJJ+WeqnhCWVjOuRdSxWNuPGz+bVTcmaVAQljbUshmau/JzIaGTOJAtsZURyZZW8m/ud1Uwyv/UyoJEWu2GJRmEqCMZm9TgZCc4ZyYgllWthbCRtRTRnagEo2BG/55VXSqlW9i2rt/rJSv8njKMIJnMI5eHAFdbiDBjSBwSM8wyu8ObHz4rw7H4vWgpPPHMMfOJ8/pUWPLA==</latexit>

p(z1:T ) = p(z1)
QT

t=2 p(zt|zt�1)

p✓(x1:T |z1:T ) =
QT

t=1 N (xt|A✓
ztxt�1,⌃✓

zt)

pw(y|z1:T ) = Bern(y|�(wzT ))
<latexit sha1_base64="tAtZgj1mGn9cld0yF8oOVaNiXT8="></latexit>

Task: Predicting need for short-term intervention in ICU from vital sign time series

Will patient need 
ventilator in one hour?

Features x: Time series of  7 vitals and 11 labs
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Supervised HMMs predict poorly

Supervised HMM

Recurrent Neural Net

Unsupervised HMM-
then-predict

When labels are abundant, compared to methods with similar capacity, 
supervised HMMs tend to be:
- No better than unsupervised-then-predict
- Inferior to discriminators 

Task: Predicting need for short-term intervention from vital time series
16492 sequences from Boston-area ICU (MIMIC III dataset)
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Unsupervised HMM-
then-predict

Labeled set + Unlabeled set
Supervised HMM

Labeled set only
Recurrent Neural Net

When labels are rare, compared to methods with similar capacity,
supervised HMMs tend to be:
- No better than unsupervised-then-predict
- Superior to labeled-set-only discriminators

Semi-supervised HMMs predict poorly
Task: Predicting need for short-term intervention from vital time series
Labeled set: 5%, 10% , 20%, and 50% of  16492 sequences.



Goals of  this Talk

Show that existing supervised LVM training 
objectives add little predictive value when 
model is misspecified.

Propose new training objective – prediction-
constrained (PC) training – that can deliver 
better label-from-feature predictions despite 
misspecification.

15
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Toy Data Experiment

Goal: How do supervised LVM training 
objectives balance two goals in tension:

generative vs. discriminative



Supervised Gaussian Mixture Model
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zn ⇠ Discrete(⇡1, . . .⇡K)
<latexit sha1_base64="rz0f6QE8lgAlyYoCfD9/ZIXTb5c=">AAACF3icbVDLSgNBEJz1bXxFPXoZDIKChN0o6FHUg+BFwaiQDcvspKOD81hmesW45C+8+CtePCjiVW/+jZOYg6+Chpqqbqa70kwKh2H4EQwNj4yOjU9MlqamZ2bnyvMLp87klkOdG2nsecocSKGhjgIlnGcWmEolnKVXez3/7BqsE0afYCeDpmIXWrQFZ+ilpFy9TTSNnVA0Vqm5KfaF4xYQuqs0zkQSrdNYtgy6/utwLSlXwmrYB/1LogGpkAGOkvJ73DI8V6CRS+ZcIwozbBbMouASuqU4d5AxfsUuoOGpZgpcs+jf1aUrXmnRtrG+NNK++n2iYMq5jkp9p2J46X57PfE/r5Fje7tZCJ3lCJp/fdTOJUVDeyHRlrDAUXY8YdwKvyvll8wyjj7Kkg8h+n3yX3Jaq0Yb1drxZmVndxDHBFkiy2SVRGSL7JADckTqhJM78kCeyHNwHzwGL8HrV+tQMJhZJD8QvH0ClASe5w==</latexit>

xn|zn=k ⇠ Normal(µk,�
2
k)

<latexit sha1_base64="EmPdyI/FheJTvph+qqIxTKcNGak="></latexit>

yn|zn=k ⇠ Bern(wk)
<latexit sha1_base64="k55T/KE8PGJDK3tV8SY1Kh/nad8=">AAACDnicbVC7SgNBFJ2Nrxhfq5Y2gyEQm7AbBW2EEBvLCOYB2bDMTmaTITOzy8ysGtd8gY2/YmOhiK21nX/j5FFo4oELh3Pu5d57gphRpR3n28osLa+srmXXcxubW9s79u5eQ0WJxKSOIxbJVoAUYVSQuqaakVYsCeIBI81gcDH2mzdEKhqJaz2MSYejnqAhxUgbybcLQ1/AB3jvi/R8NICeohx6PIju0iqRYlSEt/4AHvl23ik5E8BF4s5IHsxQ8+0vrxvhhBOhMUNKtV0n1p0USU0xI6OclygSIzxAPdI2VCBOVCedvDOCBaN0YRhJU0LDifp7IkVcqSEPTCdHuq/mvbH4n9dOdHjWSamIE00Eni4KEwZ1BMfZwC6VBGs2NARhSc2tEPeRRFibBHMmBHf+5UXSKJfc41L56iRfqc7iyIIDcAiKwAWnoAIuQQ3UAQaP4Bm8gjfryXqx3q2PaWvGms3sgz+wPn8A1eabUg==</latexit>

Assume K possible clusters
z

<latexit sha1_base64="VLEo6VgUnu2TnOxoOkqsMPXvyTo=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHbRRI9ELx4hkUcCGzI79MLI7OxmZtYECV/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR7cxvPaLSPJb3ZpygH9GB5CFn1Fip/tQrltyyOwdZJV5GSpCh1it+dfsxSyOUhgmqdcdzE+NPqDKcCZwWuqnGhLIRHWDHUkkj1P5kfuiUnFmlT8JY2ZKGzNXfExMaaT2OAtsZUTPUy95M/M/rpCa89idcJqlByRaLwlQQE5PZ16TPFTIjxpZQpri9lbAhVZQZm03BhuAtv7xKmpWyd1Gu1C9L1ZssjjycwCmcgwdXUIU7qEEDGCA8wyu8OQ/Oi/PufCxac042cwx/4Hz+AOqPjQI=</latexit>

x
<latexit sha1_base64="hL+FaLtOT9luwfLW3Ut08xl3Pcw=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHbRRI9ELx4hkUcCGzI79MLI7OxmZtZICF/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR7cxvPaLSPJb3ZpygH9GB5CFn1Fip/tQrltyyOwdZJV5GSpCh1it+dfsxSyOUhgmqdcdzE+NPqDKcCZwWuqnGhLIRHWDHUkkj1P5kfuiUnFmlT8JY2ZKGzNXfExMaaT2OAtsZUTPUy95M/M/rpCa89idcJqlByRaLwlQQE5PZ16TPFTIjxpZQpri9lbAhVZQZm03BhuAtv7xKmpWyd1Gu1C9L1ZssjjycwCmcgwdXUIU7qEEDGCA8wyu8OQ/Oi/PufCxac042cwx/4Hz+AOeHjQA=</latexit>

✓
<latexit sha1_base64="VRbFNfU2yJrhxTioHNG9u2eQ22g=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48V7Ae0oWy2m3btZhN2J0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6wEnC/YgOlQgFo2ilVg9HHGm/XHGr7hxklXg5qUCORr/81RvELI24QiapMV3PTdDPqEbBJJ+WeqnhCWVjOuRdSxWNuPGz+bVTcmaVAQljbUshmau/JzIaGTOJAtsZURyZZW8m/ud1Uwyv/UyoJEWu2GJRmEqCMZm9TgZCc4ZyYgllWthbCRtRTRnagEo2BG/55VXSqlW9i2rt/rJSv8njKMIJnMI5eHAFdbiDBjSBwSM8wyu8ObHz4rw7H4vWgpPPHMMfOJ8/pUWPLA==</latexit>

y
<latexit sha1_base64="mEcz1FLhuG1BpP6c5hi50qAIJ0g=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOl5qRfrrhVdw6ySrycVCBHo1/+6g1ilkYoDRNU667nJsbPqDKcCZyWeqnGhLIxHWLXUkkj1H42P3RKzqwyIGGsbElD5urviYxGWk+iwHZG1Iz0sjcT//O6qQmv/YzLJDUo2WJRmApiYjL7mgy4QmbExBLKFLe3EjaiijJjsynZELzll1dJu1b1Lqq15mWlfpPHUYQTOIVz8OAK6nAHDWgBA4RneIU359F5cd6dj0VrwclnjuEPnM8f6QuNAQ==</latexit>

w
<latexit sha1_base64="K+iivrhdeUPnWoxmB5CJQNdKl6I=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHbRRI9ELx4hkUcCGzI79MLI7OxmZlZDCF/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR7cxvPaLSPJb3ZpygH9GB5CFn1Fip/tQrltyyOwdZJV5GSpCh1it+dfsxSyOUhgmqdcdzE+NPqDKcCZwWuqnGhLIRHWDHUkkj1P5kfuiUnFmlT8JY2ZKGzNXfExMaaT2OAtsZUTPUy95M/M/rpCa89idcJqlByRaLwlQQE5PZ16TPFTIjxpZQpri9lbAhVZQZm03BhuAtv7xKmpWyd1Gu1C9L1ZssjjycwCmcgwdXUIU7qEEDGCA8wyu8OQ/Oi/PufCxac042cwx/4Hz+AOYDjP8=</latexit>

Hidden
“code”

LabelFeatures
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z
<latexit sha1_base64="VLEo6VgUnu2TnOxoOkqsMPXvyTo=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHbRRI9ELx4hkUcCGzI79MLI7OxmZtYECV/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR7cxvPaLSPJb3ZpygH9GB5CFn1Fip/tQrltyyOwdZJV5GSpCh1it+dfsxSyOUhgmqdcdzE+NPqDKcCZwWuqnGhLIRHWDHUkkj1P5kfuiUnFmlT8JY2ZKGzNXfExMaaT2OAtsZUTPUy95M/M/rpCa89idcJqlByRaLwlQQE5PZ16TPFTIjxpZQpri9lbAhVZQZm03BhuAtv7xKmpWyd1Gu1C9L1ZssjjycwCmcgwdXUIU7qEEDGCA8wyu8OQ/Oi/PufCxac042cwx/4Hz+AOqPjQI=</latexit>

x
<latexit sha1_base64="hL+FaLtOT9luwfLW3Ut08xl3Pcw=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHbRRI9ELx4hkUcCGzI79MLI7OxmZtZICF/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR7cxvPaLSPJb3ZpygH9GB5CFn1Fip/tQrltyyOwdZJV5GSpCh1it+dfsxSyOUhgmqdcdzE+NPqDKcCZwWuqnGhLIRHWDHUkkj1P5kfuiUnFmlT8JY2ZKGzNXfExMaaT2OAtsZUTPUy95M/M/rpCa89idcJqlByRaLwlQQE5PZ16TPFTIjxpZQpri9lbAhVZQZm03BhuAtv7xKmpWyd1Gu1C9L1ZssjjycwCmcgwdXUIU7qEEDGCA8wyu8OQ/Oi/PufCxac042cwx/4Hz+AOeHjQA=</latexit>

✓
<latexit sha1_base64="VRbFNfU2yJrhxTioHNG9u2eQ22g=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48V7Ae0oWy2m3btZhN2J0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6wEnC/YgOlQgFo2ilVg9HHGm/XHGr7hxklXg5qUCORr/81RvELI24QiapMV3PTdDPqEbBJJ+WeqnhCWVjOuRdSxWNuPGz+bVTcmaVAQljbUshmau/JzIaGTOJAtsZURyZZW8m/ud1Uwyv/UyoJEWu2GJRmEqCMZm9TgZCc4ZyYgllWthbCRtRTRnagEo2BG/55VXSqlW9i2rt/rJSv8njKMIJnMI5eHAFdbiDBjSBwSM8wyu8ObHz4rw7H4vWgpPPHMMfOJ8/pUWPLA==</latexit>

y
<latexit sha1_base64="mEcz1FLhuG1BpP6c5hi50qAIJ0g=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOl5qRfrrhVdw6ySrycVCBHo1/+6g1ilkYoDRNU667nJsbPqDKcCZyWeqnGhLIxHWLXUkkj1H42P3RKzqwyIGGsbElD5urviYxGWk+iwHZG1Iz0sjcT//O6qQmv/YzLJDUo2WJRmApiYjL7mgy4QmbExBLKFLe3EjaiijJjsynZELzll1dJu1b1Lqq15mWlfpPHUYQTOIVz8OAK6nAHDWgBA4RneIU359F5cd6dj0VrwclnjuEPnM8f6QuNAQ==</latexit>

w
<latexit sha1_base64="K+iivrhdeUPnWoxmB5CJQNdKl6I=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHbRRI9ELx4hkUcCGzI79MLI7OxmZlZDCF/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR7cxvPaLSPJb3ZpygH9GB5CFn1Fip/tQrltyyOwdZJV5GSpCh1it+dfsxSyOUhgmqdcdzE+NPqDKcCZwWuqnGhLIRHWDHUkkj1P5kfuiUnFmlT8JY2ZKGzNXfExMaaT2OAtsZUTPUy95M/M/rpCa89idcJqlByRaLwlQQE5PZ16TPFTIjxpZQpri9lbAhVZQZm03BhuAtv7xKmpWyd1Gu1C9L1ZssjjycwCmcgwdXUIU7qEEDGCA8wyu8OQ/Oi/PufCxac042cwx/4Hz+AOYDjP8=</latexit>

Hidden
“code”

LabelFeatures

Manual GMM K=2
“good label prediction”

zn ⇠ Discrete(⇡1, . . .⇡K)
<latexit sha1_base64="rz0f6QE8lgAlyYoCfD9/ZIXTb5c=">AAACF3icbVDLSgNBEJz1bXxFPXoZDIKChN0o6FHUg+BFwaiQDcvspKOD81hmesW45C+8+CtePCjiVW/+jZOYg6+Chpqqbqa70kwKh2H4EQwNj4yOjU9MlqamZ2bnyvMLp87klkOdG2nsecocSKGhjgIlnGcWmEolnKVXez3/7BqsE0afYCeDpmIXWrQFZ+ilpFy9TTSNnVA0Vqm5KfaF4xYQuqs0zkQSrdNYtgy6/utwLSlXwmrYB/1LogGpkAGOkvJ73DI8V6CRS+ZcIwozbBbMouASuqU4d5AxfsUuoOGpZgpcs+jf1aUrXmnRtrG+NNK++n2iYMq5jkp9p2J46X57PfE/r5Fje7tZCJ3lCJp/fdTOJUVDeyHRlrDAUXY8YdwKvyvll8wyjj7Kkg8h+n3yX3Jaq0Yb1drxZmVndxDHBFkiy2SVRGSL7JADckTqhJM78kCeyHNwHzwGL8HrV+tQMJhZJD8QvH0ClASe5w==</latexit>

xn|zn=k ⇠ Normal(µk,�
2
k)

<latexit sha1_base64="EmPdyI/FheJTvph+qqIxTKcNGak="></latexit>

yn|zn=k ⇠ Bern(wk)
<latexit sha1_base64="k55T/KE8PGJDK3tV8SY1Kh/nad8=">AAACDnicbVC7SgNBFJ2Nrxhfq5Y2gyEQm7AbBW2EEBvLCOYB2bDMTmaTITOzy8ysGtd8gY2/YmOhiK21nX/j5FFo4oELh3Pu5d57gphRpR3n28osLa+srmXXcxubW9s79u5eQ0WJxKSOIxbJVoAUYVSQuqaakVYsCeIBI81gcDH2mzdEKhqJaz2MSYejnqAhxUgbybcLQ1/AB3jvi/R8NICeohx6PIju0iqRYlSEt/4AHvl23ik5E8BF4s5IHsxQ8+0vrxvhhBOhMUNKtV0n1p0USU0xI6OclygSIzxAPdI2VCBOVCedvDOCBaN0YRhJU0LDifp7IkVcqSEPTCdHuq/mvbH4n9dOdHjWSamIE00Eni4KEwZ1BMfZwC6VBGs2NARhSc2tEPeRRFibBHMmBHf+5UXSKJfc41L56iRfqc7iyIIDcAiKwAWnoAIuQQ3UAQaP4Bm8gjfryXqx3q2PaWvGms3sgz+wPn8A1eabUg==</latexit>

Assume K possible clusters

Manual GMM K=4
“good label prediction”

Manual GMM K=2
“good feature likelihood”
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Why doesn’t supervision help? Misspecification.
Forced to compromise p(y|x) to make p(x) look good.

Unsupervised-then-predict
Best GMM with K=2

If  my goal prioritizes prediction using p(y|x),
maximizing joint likelihood p(x,y) may yield poor results

Supervised training
Best GMM with K=2

Supervision via joint likelihood fails

0.70
0.49
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Explaining failure of  joint likelihood

Supervised training objective treats x and y as interchangeable.
Claim: the likelihood of x dominates (due to its larger size).

z
<latexit sha1_base64="VLEo6VgUnu2TnOxoOkqsMPXvyTo=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHbRRI9ELx4hkUcCGzI79MLI7OxmZtYECV/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR7cxvPaLSPJb3ZpygH9GB5CFn1Fip/tQrltyyOwdZJV5GSpCh1it+dfsxSyOUhgmqdcdzE+NPqDKcCZwWuqnGhLIRHWDHUkkj1P5kfuiUnFmlT8JY2ZKGzNXfExMaaT2OAtsZUTPUy95M/M/rpCa89idcJqlByRaLwlQQE5PZ16TPFTIjxpZQpri9lbAhVZQZm03BhuAtv7xKmpWyd1Gu1C9L1ZssjjycwCmcgwdXUIU7qEEDGCA8wyu8OQ/Oi/PufCxac042cwx/4Hz+AOqPjQI=</latexit>

x
<latexit sha1_base64="hL+FaLtOT9luwfLW3Ut08xl3Pcw=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHbRRI9ELx4hkUcCGzI79MLI7OxmZtZICF/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR7cxvPaLSPJb3ZpygH9GB5CFn1Fip/tQrltyyOwdZJV5GSpCh1it+dfsxSyOUhgmqdcdzE+NPqDKcCZwWuqnGhLIRHWDHUkkj1P5kfuiUnFmlT8JY2ZKGzNXfExMaaT2OAtsZUTPUy95M/M/rpCa89idcJqlByRaLwlQQE5PZ16TPFTIjxpZQpri9lbAhVZQZm03BhuAtv7xKmpWyd1Gu1C9L1ZssjjycwCmcgwdXUIU7qEEDGCA8wyu8OQ/Oi/PufCxac042cwx/4Hz+AOeHjQA=</latexit>

y
<latexit sha1_base64="mEcz1FLhuG1BpP6c5hi50qAIJ0g=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOl5qRfrrhVdw6ySrycVCBHo1/+6g1ilkYoDRNU667nJsbPqDKcCZyWeqnGhLIxHWLXUkkj1H42P3RKzqwyIGGsbElD5urviYxGWk+iwHZG1Iz0sjcT//O6qQmv/YzLJDUo2WJRmApiYjL7mgy4QmbExBLKFLe3EjaiijJjsynZELzll1dJu1b1Lqq15mWlfpPHUYQTOIVz8OAK6nAHDWgBA4RneIU359F5cd6dj0VrwclnjuEPnM8f6QuNAQ==</latexit>

z
<latexit sha1_base64="VLEo6VgUnu2TnOxoOkqsMPXvyTo=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHbRRI9ELx4hkUcCGzI79MLI7OxmZtYECV/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR7cxvPaLSPJb3ZpygH9GB5CFn1Fip/tQrltyyOwdZJV5GSpCh1it+dfsxSyOUhgmqdcdzE+NPqDKcCZwWuqnGhLIRHWDHUkkj1P5kfuiUnFmlT8JY2ZKGzNXfExMaaT2OAtsZUTPUy95M/M/rpCa89idcJqlByRaLwlQQE5PZ16TPFTIjxpZQpri9lbAhVZQZm03BhuAtv7xKmpWyd1Gu1C9L1ZssjjycwCmcgwdXUIU7qEEDGCA8wyu8OQ/Oi/PufCxac042cwx/4Hz+AOqPjQI=</latexit>

x
<latexit sha1_base64="hL+FaLtOT9luwfLW3Ut08xl3Pcw=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHbRRI9ELx4hkUcCGzI79MLI7OxmZtZICF/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR7cxvPaLSPJb3ZpygH9GB5CFn1Fip/tQrltyyOwdZJV5GSpCh1it+dfsxSyOUhgmqdcdzE+NPqDKcCZwWuqnGhLIRHWDHUkkj1P5kfuiUnFmlT8JY2ZKGzNXfExMaaT2OAtsZUTPUy95M/M/rpCa89idcJqlByRaLwlQQE5PZ16TPFTIjxpZQpri9lbAhVZQZm03BhuAtv7xKmpWyd1Gu1C9L1ZssjjycwCmcgwdXUIU7qEEDGCA8wyu8OQ/Oi/PufCxac042cwx/4Hz+AOeHjQA=</latexit>

Supervised LVMUnsupervised LVM

100s of  words
or 100s of  vitals

1 binary label

max
✓,w

log p✓,w(x, y)
<latexit sha1_base64="+jfLBgJR0r9EDja26XSW2Yu3ezQ=">AAACE3icbVDJSgNBEO2JW4xb1KOXxiBECWEmCnoMevEYwSyQGYaeTidp0rPQXWMShvgNXvwVLx4U8erFm39jZ0E08UHB470qqup5keAKTPPLSC0tr6yupdczG5tb2zvZ3b2aCmNJWZWGIpQNjygmeMCqwEGwRiQZ8T3B6l7vauzX75hUPAxuYRgxxyedgLc5JaAlN3ti+2TgJjZ0GZAC7o/wPbZF2MHRj9gf5QcFPDx2szmzaE6AF4k1Izk0Q8XNftqtkMY+C4AKolTTMiNwEiKBU8FGGTtWLCK0RzqsqWlAfKacZPLTCB9ppYXbodQVAJ6ovycS4is19D3d6RPoqnlvLP7nNWNoXzgJD6IYWECni9qxwBDicUC4xSWjIIaaECq5vhXTLpGEgo4xo0Ow5l9eJLVS0Totlm7OcuXLWRxpdIAOUR5Z6ByV0TWqoCqi6AE9oRf0ajwaz8ab8T5tTRmzmX30B8bHN7lsnWc=</latexit>

Not too surprising learned models are indistinguishable.

100s of  words
or 100s of  vitals



Attempted fix from past work:

Label Replication

Proposed separately in several past studies:
• Vendatam, …, & Murphy (ICLR 2018) : “Joint VAEs” for images + attributes
• Zhang & Kjellstrom (2014) : “Power sLDA” for supervised topic models

21

| {z }
R copies

We can show other objectives are equivalent (once framed as point estimation)
• Med-LDA by Zhu et al. (2012)

z
<latexit sha1_base64="VLEo6VgUnu2TnOxoOkqsMPXvyTo=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHbRRI9ELx4hkUcCGzI79MLI7OxmZtYECV/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR7cxvPaLSPJb3ZpygH9GB5CFn1Fip/tQrltyyOwdZJV5GSpCh1it+dfsxSyOUhgmqdcdzE+NPqDKcCZwWuqnGhLIRHWDHUkkj1P5kfuiUnFmlT8JY2ZKGzNXfExMaaT2OAtsZUTPUy95M/M/rpCa89idcJqlByRaLwlQQE5PZ16TPFTIjxpZQpri9lbAhVZQZm03BhuAtv7xKmpWyd1Gu1C9L1ZssjjycwCmcgwdXUIU7qEEDGCA8wyu8OQ/Oi/PufCxac042cwx/4Hz+AOqPjQI=</latexit>

x
<latexit sha1_base64="hL+FaLtOT9luwfLW3Ut08xl3Pcw=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHbRRI9ELx4hkUcCGzI79MLI7OxmZtZICF/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR7cxvPaLSPJb3ZpygH9GB5CFn1Fip/tQrltyyOwdZJV5GSpCh1it+dfsxSyOUhgmqdcdzE+NPqDKcCZwWuqnGhLIRHWDHUkkj1P5kfuiUnFmlT8JY2ZKGzNXfExMaaT2OAtsZUTPUy95M/M/rpCa89idcJqlByRaLwlQQE5PZ16TPFTIjxpZQpri9lbAhVZQZm03BhuAtv7xKmpWyd1Gu1C9L1ZssjjycwCmcgwdXUIU7qEEDGCA8wyu8OQ/Oi/PufCxac042cwx/4Hz+AOeHjQA=</latexit>

✓
<latexit sha1_base64="VRbFNfU2yJrhxTioHNG9u2eQ22g=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48V7Ae0oWy2m3btZhN2J0IJ/Q9ePCji1f/jzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6wEnC/YgOlQgFo2ilVg9HHGm/XHGr7hxklXg5qUCORr/81RvELI24QiapMV3PTdDPqEbBJJ+WeqnhCWVjOuRdSxWNuPGz+bVTcmaVAQljbUshmau/JzIaGTOJAtsZURyZZW8m/ud1Uwyv/UyoJEWu2GJRmEqCMZm9TgZCc4ZyYgllWthbCRtRTRnagEo2BG/55VXSqlW9i2rt/rJSv8njKMIJnMI5eHAFdbiDBjSBwSM8wyu8ObHz4rw7H4vWgpPPHMMfOJ8/pUWPLA==</latexit>

y
<latexit sha1_base64="mEcz1FLhuG1BpP6c5hi50qAIJ0g=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOl5qRfrrhVdw6ySrycVCBHo1/+6g1ilkYoDRNU667nJsbPqDKcCZyWeqnGhLIxHWLXUkkj1H42P3RKzqwyIGGsbElD5urviYxGWk+iwHZG1Iz0sjcT//O6qQmv/YzLJDUo2WJRmApiYjL7mgy4QmbExBLKFLe3EjaiijJjsynZELzll1dJu1b1Lqq15mWlfpPHUYQTOIVz8OAK6nAHDWgBA4RneIU359F5cd6dj0VrwclnjuEPnM8f6QuNAQ==</latexit>

w
<latexit sha1_base64="K+iivrhdeUPnWoxmB5CJQNdKl6I=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHbRRI9ELx4hkUcCGzI79MLI7OxmZlZDCF/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR7cxvPaLSPJb3ZpygH9GB5CFn1Fip/tQrltyyOwdZJV5GSpCh1it+dfsxSyOUhgmqdcdzE+NPqDKcCZwWuqnGhLIRHWDHUkkj1P5kfuiUnFmlT8JY2ZKGzNXfExMaaT2OAtsZUTPUy95M/M/rpCa89idcJqlByRaLwlQQE5PZ16TPFTIjxpZQpri9lbAhVZQZm03BhuAtv7xKmpWyd1Gu1C9L1ZssjjycwCmcgwdXUIU7qEEDGCA8wyu8OQ/Oi/PufCxac042cwx/4Hz+AOYDjP8=</latexit>

R copies 
of  Label

Features

max
✓,w

log p✓,w(x, y, y, . . . y)
<latexit sha1_base64="W5iwSy8MX8IpM2zknQd+zr0esR0=">AAACIHicbVDLSgMxFM3UV62vqks3wSIoSJmpQl0W3bisYB/QKSWTpm1oZjIkd2yHof6JG3/FjQtFdKdfY/pAtPVwLxzOuZfkHi8UXINtf1qppeWV1bX0emZjc2t7J7u7V9UyUpRVqBRS1T2imeABqwAHweqhYsT3BKt5/auxX7tjSnMZ3EIcsqZPugHvcErASK1s0fXJsJW40GNATvFghO+xK2QXhz/iYHQ8PMXxpFzRlqBxfNLK5uy8PQFeJM6M5NAM5Vb2w21LGvksACqI1g3HDqGZEAWcCjbKuJFmIaF90mUNQwPiM91MJgeO8JFR2rgjlekA8ET9vZEQX+vY98ykT6Cn572x+J/XiKBz0Ux4EEbAAjp9qBMJDBKP08JtrhgFERtCqOLmr5j2iCIUTKYZE4Izf/IiqRbyzlm+cHOeK13O4kijA3SIjpGDiqiErlEZVRBFD+gJvaBX69F6tt6s9+loyprt7KM/sL6+Ac5/ohU=</latexit>



Label Replication fails
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R=4 copies of  each label R=16 copies of  each label

Why?
- During training, driven by the many observed copies of  y
- But at test time, unable to perform label from feature prediction 

Supervised GMM with Label Replication

R=2 copies of  each label



Why does Label Replication fail?

No. Rewriting via chain rule suggests no specific emphasis.

Recall:

Does Label Replication objective prioritize y from x?

p(x, y, y) = p(y, y|x)p(x)
= p(x|y, y)p(y, y)

y from x
is one interpretation

x from y
is equally valid
interpretation

23

Replication does not emphasize our top priority: y from x



Goal:“Find the best model for x that
predicts y from x at desired quality”

is a threshold chosen by stakeholder✏

24

max
P

x2D log p✓(x)

subject to:
P

x,y2D log p✓,w(y|x) � ✏
<latexit sha1_base64="v21JCDJWgER5CLT5L5/pJ5dDXHk="></latexit>

Proposed solution:

Prediction Constrained (“PC”) training
Ideal version: Constrained optimization problem



Prediction Constrained (“PC”) training

� = 1

� > 1

equivalent to standard supervision
(maximizing joint likelihood)

good generative
model of  features

good predictions
of  labels from features

25

emphasize models that predict y from x

Proposed solution:

Prediction Constrained (“PC”) training
Practical version: Unconstrained optimization (via Lagrange multiplier theory)

max
✓,w

P
x,y2D log p✓(x) + � log p✓,w(y|x)

<latexit sha1_base64="ND4NqXTqeQbepYBTc3D1mdhbmjw="></latexit>



PC can overcome misspecification

26

Stronger 
constraint

Equivalent
to max joint likelihood

Related work on learning that overcomes misspecification

Generalized Bayes : Bissiri, Holmes, & Walker (2016)
Power posteriors : Miller and Dunson (JASA 2019)

“Safe Bayesian” : P. Grünwald (2012) 



PC can overcome misspecification

27

Stronger 
constraint

Equivalent
to max joint likelihood

PC shows benefits even as capacity grows (more clusters) 



PC is distinct from Replication

PC upweights entire y from x marginal likelihood

Replication upweights only y from z term

28

p(x)p(y|x)�
<latexit sha1_base64="+5VjFjHaPk5T1JGpaIJQUMT5WII=">AAAB/nicbVDLSgMxFM3UV62vUXHlJliEdlNmqqDLohuXFewD2rFkMmkbmsmEJCMdxoK/4saFIm79Dnf+jWk7C209EDiccw/35viCUaUd59vKrayurW/kNwtb2zu7e/b+QVNFscSkgSMWybaPFGGUk4ammpG2kASFPiMtf3Q99VsPRCoa8TudCOKFaMBpn2KkjdSzj0RpXIailDyOy/dpl5lkgCY9u+hUnBngMnEzUgQZ6j37qxtEOA4J15ghpTquI7SXIqkpZmRS6MaKCIRHaEA6hnIUEuWls/Mn8NQoAexH0jyu4Uz9nUhRqFQS+mYyRHqoFr2p+J/XiXX/0kspF7EmHM8X9WMGdQSnXcCASoI1SwxBWFJzK8RDJBHWprGCKcFd/PIyaVYr7lmlenterF1ldeTBMTgBJeCCC1ADN6AOGgCDFDyDV/BmPVkv1rv1MR/NWVnmEPyB9fkDWh2VGw==</latexit>

= p(x)

✓Z

z
pw(y|z)p✓(z|x)dz

◆�

<latexit sha1_base64="Rw1WbQ6UE8BnsueCK7YcGX0zraI="></latexit>

p(x, y . . . y| {z }
R

)

<latexit sha1_base64="Csz9xOmuk8jWK02wWx7HqtYuLzs=">AAACDHicbVDLSgMxFM3UV62vqks3wSJUkDJTBV0W3bisYh/QlpLJ3LahmcyQZMRhmA9w46+4caGIWz/AnX9j2s5CWw8EDuecy809bsiZ0rb9beWWlldW1/LrhY3Nre2d4u5eUwWRpNCgAQ9k2yUKOBPQ0ExzaIcSiO9yaLnjq4nfugepWCDudBxCzydDwQaMEm2kfrEUlh9OcDcSHkhXEgpJjLvcC7TCcdpPblN8XDApu2JPgReJk5ESylDvF7+6XkAjH4SmnCjVcexQ9xIiNaMc0kI3UhASOiZD6BgqiA+ql0yPSfGRUTw8CKR5QuOp+nsiIb5Sse+apE/0SM17E/E/rxPpwUUvYSKMNAg6WzSIONYBnjSDPSaBah4bQqhk5q+YjojpRJv+JiU48ycvkma14pxWqjdnpdplVkceHaBDVEYOOkc1dI3qqIEoekTP6BW9WU/Wi/VufcyiOSub2Ud/YH3+AFubmog=</latexit>

=

Z

z
pw(y|z)Rp✓(x|z)p(z)dz

<latexit sha1_base64="nOWCypIXkqPYocjxJjSWq6hvdpE=">AAACHXicbVC7TsMwFHV4lvIKMLJYVEhlqRKoBAtSBQtjQRSQ2hI5rttadZzIvgHSkB9h4VdYGECIgQXxN7ilA7QcydbxOffq+h4/ElyD43xZU9Mzs3PzuYX84tLyyqq9tn6hw1hRVqOhCNWVTzQTXLIacBDsKlKMBL5gl37veOBf3jCleSjPIYlYMyAdyducEjCSZ5cPcYNL8NJ+hnHk3RYTfI/7O9fpWWaeaQO6DEhWvBuqOCqaq9X37IJTcobAk8QdkQIaoerZH41WSOOASaCCaF13nQiaKVHAqWBZvhFrFhHaIx1WN1SSgOlmOtwuw9tGaeF2qMyRgIfq746UBFongW8qAwJdPe4NxP+8egztg2bKZRQDk/RnUDsWGEI8iAq3uGIURGIIoYqbv2LaJYpQMIHmTQju+MqT5GK35O6Vdk/LhcrRKI4c2kRbqIhctI8q6ARVUQ1R9ICe0At6tR6tZ+vNev8pnbJGPRvoD6zPb7QgoGs=</latexit>



PC HMMs deliver better predictions
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- Better than unsupervised-then-predict
- Superior to labeled-set-only discriminators when labels are rare
- Competitive with labeled-set-only discriminators when labels abundant

Unsupervised HMM-
then-predict

Labeled set only
Recurrent Neural Net

Task: Predicting need for short-term intervention from vital time series
16492 sequences from Boston-area ICU (MIMIC III dataset)

Supervised HMM

PC HMM
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Semi-Supervised VAEs

Task: Predict 10-class
digit label given 
MNIST image
via VAE

Code size: |z| = 2 

100 labeled
49900 unlabeled

accuracy

Kingma & Welling ‘14

z
<latexit sha1_base64="VLEo6VgUnu2TnOxoOkqsMPXvyTo=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHbRRI9ELx4hkUcCGzI79MLI7OxmZtYECV/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR7cxvPaLSPJb3ZpygH9GB5CFn1Fip/tQrltyyOwdZJV5GSpCh1it+dfsxSyOUhgmqdcdzE+NPqDKcCZwWuqnGhLIRHWDHUkkj1P5kfuiUnFmlT8JY2ZKGzNXfExMaaT2OAtsZUTPUy95M/M/rpCa89idcJqlByRaLwlQQE5PZ16TPFTIjxpZQpri9lbAhVZQZm03BhuAtv7xKmpWyd1Gu1C9L1ZssjjycwCmcgwdXUIU7qEEDGCA8wyu8OQ/Oi/PufCxac042cwx/4Hz+AOqPjQI=</latexit>

x
<latexit sha1_base64="hL+FaLtOT9luwfLW3Ut08xl3Pcw=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHbRRI9ELx4hkUcCGzI79MLI7OxmZtZICF/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR7cxvPaLSPJb3ZpygH9GB5CFn1Fip/tQrltyyOwdZJV5GSpCh1it+dfsxSyOUhgmqdcdzE+NPqDKcCZwWuqnGhLIRHWDHUkkj1P5kfuiUnFmlT8JY2ZKGzNXfExMaaT2OAtsZUTPUy95M/M/rpCa89idcJqlByRaLwlQQE5PZ16TPFTIjxpZQpri9lbAhVZQZm03BhuAtv7xKmpWyd1Gu1C9L1ZssjjycwCmcgwdXUIU7qEEDGCA8wyu8OQ/Oi/PufCxac042cwx/4Hz+AOeHjQA=</latexit>

y
<latexit sha1_base64="mEcz1FLhuG1BpP6c5hi50qAIJ0g=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOl5qRfrrhVdw6ySrycVCBHo1/+6g1ilkYoDRNU667nJsbPqDKcCZyWeqnGhLIxHWLXUkkj1H42P3RKzqwyIGGsbElD5urviYxGWk+iwHZG1Iz0sjcT//O6qQmv/YzLJDUo2WJRmApiYjL7mgy4QmbExBLKFLe3EjaiijJjsynZELzll1dJu1b1Lqq15mWlfpPHUYQTOIVz8OAK6nAHDWgBA4RneIU359F5cd6dj0VrwclnjuEPnM8f6QuNAQ==</latexit>

z
<latexit sha1_base64="VLEo6VgUnu2TnOxoOkqsMPXvyTo=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHbRRI9ELx4hkUcCGzI79MLI7OxmZtYECV/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR7cxvPaLSPJb3ZpygH9GB5CFn1Fip/tQrltyyOwdZJV5GSpCh1it+dfsxSyOUhgmqdcdzE+NPqDKcCZwWuqnGhLIRHWDHUkkj1P5kfuiUnFmlT8JY2ZKGzNXfExMaaT2OAtsZUTPUy95M/M/rpCa89idcJqlByRaLwlQQE5PZ16TPFTIjxpZQpri9lbAhVZQZm03BhuAtv7xKmpWyd1Gu1C9L1ZssjjycwCmcgwdXUIU7qEEDGCA8wyu8OQ/Oi/PufCxac042cwx/4Hz+AOqPjQI=</latexit>

x
<latexit sha1_base64="hL+FaLtOT9luwfLW3Ut08xl3Pcw=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHbRRI9ELx4hkUcCGzI79MLI7OxmZtZICF/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR7cxvPaLSPJb3ZpygH9GB5CFn1Fip/tQrltyyOwdZJV5GSpCh1it+dfsxSyOUhgmqdcdzE+NPqDKcCZwWuqnGhLIRHWDHUkkj1P5kfuiUnFmlT8JY2ZKGzNXfExMaaT2OAtsZUTPUy95M/M/rpCa89idcJqlByRaLwlQQE5PZ16TPFTIjxpZQpri9lbAhVZQZm03BhuAtv7xKmpWyd1Gu1C9L1ZssjjycwCmcgwdXUIU7qEEDGCA8wyu8OQ/Oi/PufCxac042cwx/4Hz+AOeHjQA=</latexit>

y
<latexit sha1_base64="mEcz1FLhuG1BpP6c5hi50qAIJ0g=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOl5qRfrrhVdw6ySrycVCBHo1/+6g1ilkYoDRNU667nJsbPqDKcCZyWeqnGhLIxHWLXUkkj1H42P3RKzqwyIGGsbElD5urviYxGWk+iwHZG1Iz0sjcT//O6qQmv/YzLJDUo2WJRmApiYjL7mgy4QmbExBLKFLe3EjaiijJjsynZELzll1dJu1b1Lqq15mWlfpPHUYQTOIVz8OAK6nAHDWgBA4RneIU359F5cd6dj0VrwclnjuEPnM8f6QuNAQ==</latexit>
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Hope, Abdrakhmanova, Chen, Hughes, Sudderth (in preparation)

PC improves Semi-Supervised VAEs

accuracy

Kingma & Welling ‘14

z
<latexit sha1_base64="VLEo6VgUnu2TnOxoOkqsMPXvyTo=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHbRRI9ELx4hkUcCGzI79MLI7OxmZtYECV/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR7cxvPaLSPJb3ZpygH9GB5CFn1Fip/tQrltyyOwdZJV5GSpCh1it+dfsxSyOUhgmqdcdzE+NPqDKcCZwWuqnGhLIRHWDHUkkj1P5kfuiUnFmlT8JY2ZKGzNXfExMaaT2OAtsZUTPUy95M/M/rpCa89idcJqlByRaLwlQQE5PZ16TPFTIjxpZQpri9lbAhVZQZm03BhuAtv7xKmpWyd1Gu1C9L1ZssjjycwCmcgwdXUIU7qEEDGCA8wyu8OQ/Oi/PufCxac042cwx/4Hz+AOqPjQI=</latexit>

x
<latexit sha1_base64="hL+FaLtOT9luwfLW3Ut08xl3Pcw=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHbRRI9ELx4hkUcCGzI79MLI7OxmZtZICF/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR7cxvPaLSPJb3ZpygH9GB5CFn1Fip/tQrltyyOwdZJV5GSpCh1it+dfsxSyOUhgmqdcdzE+NPqDKcCZwWuqnGhLIRHWDHUkkj1P5kfuiUnFmlT8JY2ZKGzNXfExMaaT2OAtsZUTPUy95M/M/rpCa89idcJqlByRaLwlQQE5PZ16TPFTIjxpZQpri9lbAhVZQZm03BhuAtv7xKmpWyd1Gu1C9L1ZssjjycwCmcgwdXUIU7qEEDGCA8wyu8OQ/Oi/PufCxac042cwx/4Hz+AOeHjQA=</latexit>

y
<latexit sha1_base64="mEcz1FLhuG1BpP6c5hi50qAIJ0g=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOl5qRfrrhVdw6ySrycVCBHo1/+6g1ilkYoDRNU667nJsbPqDKcCZyWeqnGhLIxHWLXUkkj1H42P3RKzqwyIGGsbElD5urviYxGWk+iwHZG1Iz0sjcT//O6qQmv/YzLJDUo2WJRmApiYjL7mgy4QmbExBLKFLe3EjaiijJjsynZELzll1dJu1b1Lqq15mWlfpPHUYQTOIVz8OAK6nAHDWgBA4RneIU359F5cd6dj0VrwclnjuEPnM8f6QuNAQ==</latexit>

z
<latexit sha1_base64="VLEo6VgUnu2TnOxoOkqsMPXvyTo=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHbRRI9ELx4hkUcCGzI79MLI7OxmZtYECV/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR7cxvPaLSPJb3ZpygH9GB5CFn1Fip/tQrltyyOwdZJV5GSpCh1it+dfsxSyOUhgmqdcdzE+NPqDKcCZwWuqnGhLIRHWDHUkkj1P5kfuiUnFmlT8JY2ZKGzNXfExMaaT2OAtsZUTPUy95M/M/rpCa89idcJqlByRaLwlQQE5PZ16TPFTIjxpZQpri9lbAhVZQZm03BhuAtv7xKmpWyd1Gu1C9L1ZssjjycwCmcgwdXUIU7qEEDGCA8wyu8OQ/Oi/PufCxac042cwx/4Hz+AOqPjQI=</latexit>

x
<latexit sha1_base64="hL+FaLtOT9luwfLW3Ut08xl3Pcw=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHbRRI9ELx4hkUcCGzI79MLI7OxmZtZICF/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR7cxvPaLSPJb3ZpygH9GB5CFn1Fip/tQrltyyOwdZJV5GSpCh1it+dfsxSyOUhgmqdcdzE+NPqDKcCZwWuqnGhLIRHWDHUkkj1P5kfuiUnFmlT8JY2ZKGzNXfExMaaT2OAtsZUTPUy95M/M/rpCa89idcJqlByRaLwlQQE5PZ16TPFTIjxpZQpri9lbAhVZQZm03BhuAtv7xKmpWyd1Gu1C9L1ZssjjycwCmcgwdXUIU7qEEDGCA8wyu8OQ/Oi/PufCxac042cwx/4Hz+AOeHjQA=</latexit>

y
<latexit sha1_base64="mEcz1FLhuG1BpP6c5hi50qAIJ0g=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOl5qRfrrhVdw6ySrycVCBHo1/+6g1ilkYoDRNU667nJsbPqDKcCZyWeqnGhLIxHWLXUkkj1H42P3RKzqwyIGGsbElD5urviYxGWk+iwHZG1Iz0sjcT//O6qQmv/YzLJDUo2WJRmApiYjL7mgy4QmbExBLKFLe3EjaiijJjsynZELzll1dJu1b1Lqq15mWlfpPHUYQTOIVz8OAK6nAHDWgBA4RneIU359F5cd6dj0VrwclnjuEPnM8f6QuNAQ==</latexit>

z
<latexit sha1_base64="VLEo6VgUnu2TnOxoOkqsMPXvyTo=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHbRRI9ELx4hkUcCGzI79MLI7OxmZtYECV/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR7cxvPaLSPJb3ZpygH9GB5CFn1Fip/tQrltyyOwdZJV5GSpCh1it+dfsxSyOUhgmqdcdzE+NPqDKcCZwWuqnGhLIRHWDHUkkj1P5kfuiUnFmlT8JY2ZKGzNXfExMaaT2OAtsZUTPUy95M/M/rpCa89idcJqlByRaLwlQQE5PZ16TPFTIjxpZQpri9lbAhVZQZm03BhuAtv7xKmpWyd1Gu1C9L1ZssjjycwCmcgwdXUIU7qEEDGCA8wyu8OQ/Oi/PufCxac042cwx/4Hz+AOqPjQI=</latexit>

x
<latexit sha1_base64="hL+FaLtOT9luwfLW3Ut08xl3Pcw=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHbRRI9ELx4hkUcCGzI79MLI7OxmZtZICF/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR7cxvPaLSPJb3ZpygH9GB5CFn1Fip/tQrltyyOwdZJV5GSpCh1it+dfsxSyOUhgmqdcdzE+NPqDKcCZwWuqnGhLIRHWDHUkkj1P5kfuiUnFmlT8JY2ZKGzNXfExMaaT2OAtsZUTPUy95M/M/rpCa89idcJqlByRaLwlQQE5PZ16TPFTIjxpZQpri9lbAhVZQZm03BhuAtv7xKmpWyd1Gu1C9L1ZssjjycwCmcgwdXUIU7qEEDGCA8wyu8OQ/Oi/PufCxac042cwx/4Hz+AOeHjQA=</latexit>

y
<latexit sha1_base64="mEcz1FLhuG1BpP6c5hi50qAIJ0g=">AAAB6HicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48t2FpoQ9lsJ+3azSbsboQS+gu8eFDEqz/Jm//GbZuDtj4YeLw3w8y8IBFcG9f9dgpr6xubW8Xt0s7u3v5B+fCoreNUMWyxWMSqE1CNgktsGW4EdhKFNAoEPgTj25n/8IRK81jem0mCfkSHkoecUWOl5qRfrrhVdw6ySrycVCBHo1/+6g1ilkYoDRNU667nJsbPqDKcCZyWeqnGhLIxHWLXUkkj1H42P3RKzqwyIGGsbElD5urviYxGWk+iwHZG1Iz0sjcT//O6qQmv/YzLJDUo2WJRmApiYjL7mgy4QmbExBLKFLe3EjaiijJjsynZELzll1dJu1b1Lqq15mWlfpPHUYQTOIVz8OAK6nAHDWgBA4RneIU359F5cd6dj0VrwclnjuEPnM8f6QuNAQ==</latexit>

Task: Predict 10-class
digit label given 
MNIST image
via VAE

Code size: |z| = 2 

100 labeled
49900 unlabeled



Labeled-set only
Discriminative CNN

Semi-supervised
Discriminative CNN

Semi-supervised
LVM Methods
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Hope, Abdrakhmanova, Chen, Hughes, Sudderth (in preparation)

PC improves Supervised VAEs
Task: Predict class label given image. 
1000 labeled. 20,000+ unlabeled

PC-VAEs are
- Superior to labeled-set-only discriminators
- Competitive with state-of-the-art SSL deep learning (discrim. only)

VAE encoding size 50 (bigger than last slide)

Kingma & Welling ‘14

Maaløe et al ‘16

Maaløe et al ‘16

Miyato et al ‘19
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Futoma, Hughes, and Doshi-Velez (AISTATS 2020)
PC training for Model-based RL

o0 o1 o2 · · ·

· · ·

· · ·

· · ·

a1 aT�1at�1

ot oT

sTsts2s1s0

a0

r0 rT�1rt�1r1

Value of  inferred policy
under the generative model

Generative likelihood of  
the observed features

max
✓

log p✓(x) + �V (⇡✓)
<latexit sha1_base64="NgZ8o8wyQMPvTbkawZ8EhCNkgJY=">AAACJXicbZDLSgMxFIYzXmu9VV26CRahRSgzVdCFi6IblxVsFTrDcCZN29DMheSMtAz1Ydz4Km5cWERw5auY1iLeDgR+vv+cJOcPEik02vabNTe/sLi0nFvJr66tb2wWtrabOk4V4w0Wy1jdBKC5FBFvoEDJbxLFIQwkvw765xP/+pYrLeLoCocJ90LoRqIjGKBBfuHUDWHgZy72OMKI3lFXxl2afJHSoEwPDDQ3toE2S24ivryyXyjaFXta9K9wZqJIZlX3C2O3HbM05BEyCVq3HDtBLwOFgkk+yrup5gmwPnR5y8gIQq69bLrliO4b0qadWJkTIZ3S7xMZhFoPw8B0hoA9/dubwP+8VoqdEy8TUZIij9jnQ51UUozpJDLaFoozlEMjgClh/kpZDxQwNMHmTQjO75X/ima14hxWqpdHxdrZLI4c2SV7pEQcckxq5ILUSYMwck8eyTMZWw/Wk/VivX62zlmzmR3yo6z3D+hspN0=</latexit>
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HySRtHnViRn 5HVuOtV

9aOuH tHrP RnOy ((66: 79±5)
323C251 λ .316 ((66: 87±4)
323C251 λ .031 ((66: 78±3)
323C251 λ .003 ((66: 77±3)
2-VtagH ((0 thHn 3B9I) ((66: 52±2)
BHhaviRr SROicy vaOuH

Result: Improved policy value on ICU data Result: Useful forecasts from model

Learning to treat high blood pressure LVM: POMDP as Input-output HMM



Lessons Learned

34

Need to spend more time choosing our objectives

Always debug on simple examples

+ Separate bad algorithm from bad objective

+ Need to work very hard to avoid poor local optima

We show best of  20 runs even for K=2 GMM

Tuning hyperparameters so important

+ Limitation of  PC approach: Grid search for lambda



Summary: The Case for Prediction Constrained Training

Publications

PC for semi-supervised topic models

Hughes et al. AISTATS 2018

Application to recommending antidepressants
Hughes et al. JAMA Network Open 2020

35

Existing training objectives add little predictive value when the model is misspecified.

New training objective – prediction-constrained (PC) training – can deliver better 
label-from-feature predictions despite misspecification.

PC training delivers all goals
• Most important:

– [   ] Predict labels from features well at test time

• Also important:
– [   ] Predict even when missing features

– [   ] Train even if  only some examples are labeled

– [   ] Offer interpretable structure

PC for semi-supervised VAEs
Hope et al. in preparation

PC for POMDPs
Futoma et al. AISTATS 2018

p(y|x)
<latexit sha1_base64="WWZWcUY1QQ2y1fTidpfMOVzg7oY=">AAAB8HicbVBNSwMxEJ2tX7V+VT16CRahXspuFfRY9OKxgv2QdinZNNuGJtklyYpl7a/w4kERr/4cb/4b03YP2vpg4PHeDDPzgpgzbVz328mtrK6tb+Q3C1vbO7t7xf2Dpo4SRWiDRDxS7QBrypmkDcMMp+1YUSwCTlvB6Hrqtx6o0iySd2YcU1/ggWQhI9hY6T4uozF6Qo+nvWLJrbgzoGXiZaQEGeq94le3H5FEUGkIx1p3PDc2foqVYYTTSaGbaBpjMsID2rFUYkG1n84OnqATq/RRGClb0qCZ+nsixULrsQhsp8BmqBe9qfif10lMeOmnTMaJoZLMF4UJRyZC0+9RnylKDB9bgoli9lZEhlhhYmxGBRuCt/jyMmlWK95ZpXp7XqpdZXHk4QiOoQweXEANbqAODSAg4Ble4c1Rzovz7nzMW3NONnMIf+B8/gBC449m</latexit>

p(x, y)
<latexit sha1_base64="wMNRuVSe+BXayyTF/peFcfb3kf8=">AAAB7XicbVBNSwMxEJ2tX7V+VT16CRahgpTdKuix6MVjBfsB7VKyabaNzSZLkhXL0v/gxYMiXv0/3vw3pu0etPXBwOO9GWbmBTFn2rjut5NbWV1b38hvFra2d3b3ivsHTS0TRWiDSC5VO8CaciZowzDDaTtWFEcBp61gdDP1W49UaSbFvRnH1I/wQLCQEWys1IzLT2fj016x5FbcGdAy8TJSggz1XvGr25ckiagwhGOtO54bGz/FyjDC6aTQTTSNMRnhAe1YKnBEtZ/Orp2gE6v0USiVLWHQTP09keJI63EU2M4Im6Fe9Kbif14nMeGVnzIRJ4YKMl8UJhwZiaavoz5TlBg+tgQTxeytiAyxwsTYgAo2BG/x5WXSrFa880r17qJUu87iyMMRHEMZPLiEGtxCHRpA4AGe4RXeHOm8OO/Ox7w152Qzh/AHzucPw92OmA==</latexit>


