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Hughes Lab @ Tufts CS
Area: statistical machine learning; clinical informatics
Lab goal: Reliable training of  interpretable models for real-world decisions

• Semi-supervised topic models
• End-to-end training of  POMDPs 

for reinforcement learning

Hughes et al. AISTATS 2018
Futoma, Hughes, et al. AISTATS 2020

• Find diverse explanations
• Find tree-like neural nets

yt-1 yt yt+1

• Add clusters during training
• Topic models for news articles
• HMMs for mocap and genomics             
• Image composition models
• Speed-up model comparison

L = -1.9

L = -1.2

L = -1.1

Hughes & Sudderth NeurIPS 2013
Hughes, Kim & Sudderth AISTATS 2015
Hughes et al., NeurIPS 2015
Ji, Hughes, & Sudderth ICML 2017
Zhang & Hughes, AABI 2019

BNP Statistical Models : github.com/bnpy/bnpy
Time-series Prediction: github.com/tufts-ml/time_series_predict

New Training Objectives for Deep Neural Nets 

Adapt Model Size to Data (Bayesian Nonparametrics)

Ross,, Hughes, Doshi-Velez IJCAI 2017
Wu, Hughes, Parbhoo, et al. AAAI 2018
Wu, Parbhoo, Hughes et al. AAAI 2020

Avoids Model Misspecification for Decision Task via (Rare) Labels
New Training Goal: “Prediction-Constrained”

New Variational Algorithm: Scalable yet Reliable

Optimize for interpretability, don’t just interpret afterwards



Hughes Lab @ Tufts CS
Area: statistical machine learning; clinical informatics
Lab goal: Reliable training of  interpretable models for real-world decisions

• Suggest interventions
• Address non-stationarity features

Siddiqui et al. Amer. Soc. Hematology 2019

Personalize treatments in the Intensive Care Unit

• Balance costs to decide who 
gets high-risk treatment

ICU Time-series Benchmarks:     github.com/MLforHealth/MIMIC_Extract

Personalize treatments for major depression
• Discover subtypes and best 

treatments with topic models
Hughes et al. AISTATS 2018
Hughes et al. in submission to JAMA Open

Ghassemi et al. AMIA CRI 2017
Nestor et al. MLHC 2019

Predict mortality from chemotherapy for leukemia

Detect heart disease from few labeled images

Predict individual treatment effects from drug trials

In progress, Dr. Ben Wessler (Tufts Med.)

In progress, Dr. David Kent (Tufts Med.)

Drs. McCoy and R. Perlis (MGH/Harvard)

Drs. R. Kindle and L. Celi (Beth Israel)

Drs. N. Siddiqui, A. Klein, et al. (Tufts Med.)



Roadmap

• Motivation: Improve interventions in ICU

• Models for Clustering Structured Data

• Method: Prediction-Constrained Training

• Prediction-Constrained HMMs

• Prediction-Constrained POMDPs
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Futoma, Hughes, Doshi-Velez AISTATS 2020

Hope, Hughes, Sudderth, et al. In Progress

Hughes et al. AISTATS 2018



Problem: When will ICU patient 
need intervention?

Interventions:

• Ventilators to 
assist breathing

• Drugs to manage 
blood pressure

Early prediction helps:
prepare patient
plan staffing
try less aggressive options early

Ghassemi, Wu, Hughes, et al. AMIA CRI 2017



Data: ~30,000 ICU patients

6

Nurse-validated vital signs (irregular, hourly)
heart rate, blood pressure, temp., SpO2, …

Lab measurements (irregular, every few hours)
hematocrit, lactate, …

mimic.physionet.org
(Johnson et al.  Sci. Data 2016)



Key Goals for our Model
• How should we deal with missing data values?

– We cannot draw blood every hour

• How to deal with missing labels?

– Most patients never get some treatments of  interest 

• Punchline:
Model is always wrong... Is it sometimes useful?

Can we adjust fitting procedure to make more useful?

7



Approach:
Model data and labels with

a joint probabilistic graphical model

8

p(x, y) = p(y|x)p(x)
<latexit sha1_base64="9I17KJLQS/pD5685rTgTytxOMuk=">AAACAXicbZDLSgMxFIYz9VbrbdSN4CZYhBakzFRBN0LRjcsK9gLtUDJppg3NZEKSkQ5j3fgqblwo4ta3cOfbmF4W2vpD4OM/53Byfl8wqrTjfFuZpeWV1bXsem5jc2t7x97dq6solpjUcMQi2fSRIoxyUtNUM9IUkqDQZ6ThD67H9cY9kYpG/E4ngngh6nEaUIy0sTr2gSgMT2BShPASikICH+CwaGBY7Nh5p+RMBBfBnUEezFTt2F/tboTjkHCNGVKq5TpCeymSmmJGRrl2rIhAeIB6pGWQo5AoL51cMILHxunCIJLmcQ0n7u+JFIVKJaFvOkOk+2q+Njb/q7ViHVx4KeUi1oTj6aIgZlBHcBwH7FJJsGaJAYQlNX+FuI8kwtqEljMhuPMnL0K9XHJPS+Xbs3zlahZHFhyCI1AALjgHFXADqqAGMHgEz+AVvFlP1ov1bn1MWzPWbGYf/JH1+QPzNJQB</latexit>

Why a joint model?
• p(x) can help us reason about missing data
• p(y | x) can help us predict labels from data

• even if  some labels are missing from training set
• Tying these together makes

• All parts work in unison
• Simplifies training: solve one problem, not several disconnected pieces

data labels



Structured Clustering Models

9



Simple case: Gaussian Mixture

10

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>

�k = {µk,�
2
k}

<latexit sha1_base64="w7YrVnN9mYABwkcFqHSZx6WUeTQ=">AAACCXicbVDLSsNAFJ3UV62vqEs3g0VwISWpgm6EohuXFewDmhgm00k7ZGYSZiZCCd268VfcuFDErX/gzr9x2mahrQcuHM65l3vvCVNGlXacb6u0tLyyulZer2xsbm3v2Lt7bZVkEpMWTlgiuyFShFFBWppqRrqpJIiHjHTC+Hridx6IVDQRd3qUEp+jgaARxUgbKbChlw5pEMNL6OXQ41kQn0BP0QFHQXxfh944sKtOzZkCLhK3IFVQoBnYX14/wRknQmOGlOq5Tqr9HElNMSPjipcpkiIcowHpGSoQJ8rPp5+M4ZFR+jBKpCmh4VT9PZEjrtSIh6aTIz1U895E/M/rZTq68HMq0kwTgWeLooxBncBJLLBPJcGajQxBWFJzK8RDJBHWJryKCcGdf3mRtOs197RWvz2rNq6KOMrgAByCY+CCc9AAN6AJWgCDR/AMXsGb9WS9WO/Wx6y1ZBUz++APrM8fY1WY3g==</latexit>

⇡cluster frequency

cluster shape �

obs.-to-cluster assignment

observed data



Z: Per-Example Membership
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Phi: Cluster Emission Parameters



Pi: Cluster Appearance Frequency

13



How should we add supervision?

14

+ Label for sequence
+ Label per timestep

+ Label per group+ Label per example



Supervised clustering models

15

Directly modeling a label likelihood p(y | z) makes it easy when y is missing
Class conditional models like p(z | y) would require expensive marginalization



Simple Challenge:
Model this Data!

16



Supervised Gaussian Mixture Model

17

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



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

K = 2                           w_b = 0.4                        w_r = 0.5



Haven’t we known how to fit these 
models for >30 years?

max
⇡,�,w

NX

n=1

log p(xn, yn|⇡,�, w)
<latexit sha1_base64="uUFZP7caiabnOQVj5lQFoNGP1SM="></latexit>
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Result:

Terrible label prediction!

Forced to compromise p(y|x) 
to make p(x) look good

If  my application need prioritizes p(y|x), maximizing 
joint likelihood may not yield useful results



Past Work Attempted Fix:
Label Replication

Proposed by
• Zhang & Kjellstrom (2014) as “Power sLDA”
• Zhu et al. (2012) as “Med-LDA”
• Ganchev et al. (2010) as ”Posterior Regularization”

20

Hughes et al. AISTATS 2018 contribution:
Show many previous efforts equivalent to this basic idea.

Supervise +  Replicate

yd
| {z }
R copies

xd
|{z}

zn
<latexit sha1_base64="ZB9AiC4jlyvQOjJlCBgBDm+9YWs=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGi/YA2lM120y7dbMLuRKihP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEikMuu63s7K6tr6xWdgqbu/s7u2XDg6bJk414w0Wy1i3A2q4FIo3UKDk7URzGgWSt4LRzdRvPXJtRKwecJxwP6IDJULBKFrp/qmneqWyW3FnIMvEy0kZctR7pa9uP2ZpxBUySY3peG6CfkY1Cib5pNhNDU8oG9EB71iqaMSNn81OnZBTq/RJGGtbCslM/T2R0ciYcRTYzoji0Cx6U/E/r5NieOVnQiUpcsXmi8JUEozJ9G/SF5ozlGNLKNPC3krYkGrK0KZTtCF4iy8vk2a14p1XqncX5dp1HkcBjuEEzsCDS6jBLdShAQwG8Ayv8OZI58V5dz7mrStOPnMEf+B8/gBsfo3j</latexit>

xn
<latexit sha1_base64="2OdGja3qMfiDRv55VfkfpL6vXD8=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KkkV9Fj04rGi/YA2lM120i7dbMLuRiyhP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEsG1cd1vZ2V1bX1js7BV3N7Z3dsvHRw2dZwqhg0Wi1i1A6pRcIkNw43AdqKQRoHAVjC6mfqtR1Sax/LBjBP0IzqQPOSMGivdP/Vkr1R2K+4MZJl4OSlDjnqv9NXtxyyNUBomqNYdz02Mn1FlOBM4KXZTjQllIzrAjqWSRqj9bHbqhJxapU/CWNmShszU3xMZjbQeR4HtjKgZ6kVvKv7ndVITXvkZl0lqULL5ojAVxMRk+jfpc4XMiLEllClubyVsSBVlxqZTtCF4iy8vk2a14p1XqncX5dp1HkcBjuEEzsCDS6jBLdShAQwG8Ayv8OYI58V5dz7mrStOPnMEf+B8/gBpco3h</latexit>

yn
<latexit sha1_base64="S6oOg/Lrz/8e4q56oeR+xSboCJk=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mqoMeiF48V7Qe0oWy2m3bpZhN2J0Io/QlePCji1V/kzX/jts1BWx8MPN6bYWZekEhh0HW/ncLa+sbmVnG7tLO7t39QPjxqmTjVjDdZLGPdCajhUijeRIGSdxLNaRRI3g7GtzO//cS1EbF6xCzhfkSHSoSCUbTSQ9ZX/XLFrbpzkFXi5aQCORr98ldvELM04gqZpMZ0PTdBf0I1Cib5tNRLDU8oG9Mh71qqaMSNP5mfOiVnVhmQMNa2FJK5+ntiQiNjsiiwnRHFkVn2ZuJ/XjfF8NqfCJWkyBVbLApTSTAms7/JQGjOUGaWUKaFvZWwEdWUoU2nZEPwll9eJa1a1buo1u4vK/WbPI4inMApnIMHV1CHO2hAExgM4Rle4c2Rzovz7nwsWgtOPnMMf+B8/gBq+I3i</latexit>

max
�,w

log p(x, y, y, . . . y|�, w)
<latexit sha1_base64="eiycFBh6a/0AovT/13UbsjJ4fpk=">AAACIXicbVDLSgMxFM34rPU16tJNsAgVSpmpgl0W3bisYB/QGUomTdvQzGRIMtphrJ/ixl9x40KR7sSfMdPOQltPcuFw7rkk93gho1JZ1pexsrq2vrGZ28pv7+zu7ZsHh03JI4FJA3PGRdtDkjAakIaiipF2KAjyPUZa3ug67bfuiZCUB3cqDonro0FA+xQjpaWuWXV8NO4mTjikJfgwgU/6OIwPYFiE4xKMZ9dhPa4kjOEjzIxn+a5ZsMrWDHCZ2BkpgAz1rjl1ehxHPgkUZkjKjm2Fyk2QUBQzMsk7kSQhwiM0IB1NA+QT6SazDSfwVCs92OdCV6DgTP09kSBfytj3tNNHaigXe6n4X68TqX7VTWgQRooEeP5QP2JQcZjGBXtUEKxYrAnCguq/QjxEAmGlQ01DsBdXXibNStk+L1duLwq1qyyOHDgGJ6AIbHAJauAG1EEDYPAMXsE7+DBejDfj05jOrStGNnME/sD4/gHM2aDC</latexit>



No known alternatives work well

21



Prediction-Constrained Training

22

p(yn|xn,⇡,�, w) =
KX

k=1

p(yn, zn = k|xn,⇡,�, w)
<latexit sha1_base64="GeetSNaBi7TInBfq9oTwPdWz5mw="></latexit>

How to compute?



23

Use Lagrange multiplier to form unconstrained objective

Optimize via stochastic gradient descent

• Write objective as Python code
• Automatic gradients from Tensorflow/Pytorch

max
�,⌘

� log p(y|x,�, ⌘) + log p(x|�)

How to optimize?



PC can overcome misspecification

24

Prediction
Constrained
with Lagrange 
multiplier λ
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Weak 
constraint

Stronger 
constraint



Roadmap

25

• Motivation: Improve interventions in ICU

• Model Family for Clustering Structured Data

• Method: Prediction-Constrained Training

• Prediction-Constrained HMMs

• Prediction-Constrained POMDPs
Hope, Hughes, Sudderth (in progress)
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Prediction Constrained
Hidden Markov Models



Probabilistic time-series model

27

xt

….        hour t hour t+1   …

Observed Feature Vector



Probabilistic time-series model

28

Hidden Patient State
one of K possible values

xt

zt

….        hour t hour t+1   …

Observed Feature Vector



Goal: Health States Trajectories

ICU signals from many patients

Fit the model

Health state trajectories

Improving kidney 
function

Steady-state
kidney function

Dropping lung 
function

Steady-state
lung function

Ghassemi, Wu, Hughes, et al AMIA CRI ’17

29

Subj. 1

Subj. 2

Subj. 3

Subj. 4
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Hidden
Patient State

Observed Vitals

xt

zt

p(x,z) : Autoregressive HMM

xt|zt = k ⇠ N (Akxt�1 + µk,⌃k)

zt|zt�1 = j ⇠ Discrete(⇡j1, . . .⇡jK)
<latexit sha1_base64="AQ6BoH1u1ydbIwvIvOdDr9m2SYU="></latexit>
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p(y|z,x) : Binary Label Prediction

zt

xt

Use data <= hour t Predict 
binary need
g hours ahead

yt+g
<latexit sha1_base64="hCpwxlAjEBRreuGoXlmpC5LWYn0=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBZBEEpSBT0WvXisYD+gDWWz3bZLN5uwOxFC6I/w4kERr/4eb/4bt20O2vpg4PHeDDPzglgKg6777RTW1jc2t4rbpZ3dvf2D8uFRy0SJZrzJIhnpTkANl0LxJgqUvBNrTsNA8nYwuZv57SeujYjUI6Yx90M6UmIoGEUrtdN+hhejab9ccavuHGSVeDmpQI5Gv/zVG0QsCblCJqkxXc+N0c+oRsEkn5Z6ieExZRM64l1LFQ258bP5uVNyZpUBGUbalkIyV39PZDQ0Jg0D2xlSHJtlbyb+53UTHN74mVBxglyxxaJhIglGZPY7GQjNGcrUEsq0sLcSNqaaMrQJlWwI3vLLq6RVq3qX1drDVaV+m8dRhBM4hXPw4BrqcA8NaAKDCTzDK7w5sfPivDsfi9aCk88cwx84nz9kdo+a</latexit>

p(yt+g|z1:t, x1:t)
<latexit sha1_base64="TPp7yHsQL+oDRzk3igLh/kWZWZc=">AAACCHicbZC7SgNBFIZn4y3G26qlhYNBiChhNwqKVdDGMoK5QBKW2ckkGTJ7YeasGNctbXwVGwtFbH0EO9/GSbKFJv4w8PGfczhzfjcUXIFlfRuZufmFxaXscm5ldW19w9zcqqkgkpRVaSAC2XCJYoL7rAocBGuEkhHPFazuDi5H9fotk4oH/g0MQ9b2SM/nXU4JaMsxd8MCHjoxHPYS/IDvndg+h+QI300AHzhm3ipaY+FZsFPIo1QVx/xqdQIaecwHKohSTdsKoR0TCZwKluRakWIhoQPSY02NPvGYasfjQxK8r50O7gZSPx/w2P09ERNPqaHn6k6PQF9N10bmf7VmBN2zdsz9MALm08mibiQwBHiUCu5wySiIoQZCJdd/xbRPJKGgs8vpEOzpk2ehVirax8XS9Um+fJHGkUU7aA8VkI1OURldoQqqIooe0TN6RW/Gk/FivBsfk9aMkc5soz8yPn8AJI2YIg==</latexit>

?
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p(y|z,x) : Binary Label Prediction
Predict 
binary need
g hours ahead

zt

xt

Use data <= hour t

btk , E[zt=k|x1:t]
<latexit sha1_base64="aWG/7vOHA2D92J8m3ynpsnuBG5Q=">AAACGnicbVDLSgNBEJyNrxhfUY9eBoPgKexGQRGEoAgeI5gHJMsyO5kkQ2Zn15leMa77HV78FS8eFPEmXvwbJ4+DJhY0FFXddHf5keAabPvbyszNLywuZZdzK6tr6xv5za2aDmNFWZWGIlQNn2gmuGRV4CBYI1KMBL5gdb9/PvTrt0xpHsprGETMDUhX8g6nBIzk5R3fS6Cf4hYoTmRXsBvcCgj0fD+5SJv43oPkNO3jB3znJc4JpNj18gW7aI+AZ4kzIQU0QcXLf7baIY0DJoEKonXTsSNwE6KAU8HSXCvWLCK0T7qsaagkAdNuMnotxXtGaeNOqExJwCP190RCAq0HgW86h2fraW8o/uc1Y+gcuwmXUQxM0vGiTiwwhHiYE25zxSiIgSGEKm5uxbRHFKFg0syZEJzpl2dJrVR0Doqlq8NC+WwSRxbtoF20jxx0hMroElVQFVH0iJ7RK3qznqwX6936GLdmrMnMNvoD6+sHLJ6g6g==</latexit>

yt+g
<latexit sha1_base64="hCpwxlAjEBRreuGoXlmpC5LWYn0=">AAAB7nicbVBNS8NAEJ3Ur1q/qh69LBZBEEpSBT0WvXisYD+gDWWz3bZLN5uwOxFC6I/w4kERr/4eb/4bt20O2vpg4PHeDDPzglgKg6777RTW1jc2t4rbpZ3dvf2D8uFRy0SJZrzJIhnpTkANl0LxJgqUvBNrTsNA8nYwuZv57SeujYjUI6Yx90M6UmIoGEUrtdN+hhejab9ccavuHGSVeDmpQI5Gv/zVG0QsCblCJqkxXc+N0c+oRsEkn5Z6ieExZRM64l1LFQ258bP5uVNyZpUBGUbalkIyV39PZDQ0Jg0D2xlSHJtlbyb+53UTHN74mVBxglyxxaJhIglGZPY7GQjNGcrUEsq0sLcSNqaaMrQJlWwI3vLLq6RVq3qX1drDVaV+m8dRhBM4hXPw4BrqcA8NaAKDCTzDK7w5sfPivDsfi9aCk88cwx84nz9kdo+a</latexit>

Summary statistic:
“belief  up to time t”

bt = [bt1, bt2, . . . btK ]
<latexit sha1_base64="F9DouCDncbBPJD0hUnUqqba9XM0=">AAACEHicbVDLSgMxFM34rPVVdekmWEQXUmaqoBuh6EZwU8E+oB2GTCbThmYyQ3JHKEM/wY2/4saFIm5duvNvTKddaOuBcE/OuZfkHj8RXINtf1sLi0vLK6uFteL6xubWdmlnt6njVFHWoLGIVdsnmgkuWQM4CNZOFCORL1jLH1yP/dYDU5rH8h6GCXMj0pM85JSAkbzSke8BvsQd7HsZOKOTvFZN7YogBp1fb0fY9Uplu2LnwPPEmZIymqLulb66QUzTiEmggmjdcewE3Iwo4FSwUbGbapYQOiA91jFUkohpN8sXGuFDowQ4jJU5EnCu/p7ISKT1MPJNZ0Sgr2e9sfif10khvHAzLpMUmKSTh8JUYIjxOB0ccMUoiKEhhCpu/oppnyhCwWRYNCE4syvPk2a14pxWqndn5drVNI4C2kcH6Bg56BzV0A2qowai6BE9o1f0Zj1ZL9a79TFpXbCmM3voD6zPH/cZm04=</latexit>



Example HMM
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Each sequence gets 
binary label

1 if above x-axis
0 if below x-axis



Fit with 100% sequences labeled
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ICU Need for Ventilator Prediction

35

• PC is strictly better than maximum likelihood training
• When labels are rare, PC > deep learning on labels only

Using autoregressive HMM with 10 states
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Futoma, Hughes, Doshi-Velez AISTATS 2020

Roadmap

• Motivation: Improve interventions in ICU

• Model Family for Clustering Structured Data

• Method: Prediction-Constrained Training

• Prediction-Constrained HMMs

• Prediction-Constrained POMDPs
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What is needed for Clinical RL
• Learn from retrospective histories only

– Called “batch” setting of  RL

• Use model-based RL
– Can deal with little data and missing data 

– Can do forecasting and simulation

• Handle unknown state space
– “POMDP”: partially observed Markov decision process

40

Need: to avoid misspecification and get high reward



Actions: fluid & vaso at each hour
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POMDP as structured clustering model:
Input/Output-HMM
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o0 o1 o2 · · ·

· · ·

· · ·

· · ·

a1 aT�1at�1

ot oT
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a0
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Estimating Value 
from Off  Policy Data
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Consistency Weighted Per-decision Importance Sampling 
(CWPDIS, Thomas 2015)
Lower bias but high variance



Prediction Constrained POMDPs
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max✓ Lgen(✓) + �V (⇡✓)
Value of  policy
Given the model

Generative likelihood of  the 
observations given the model

We call our method “POPCORN”:  
Partially Observed Prediction Constrained
ReiNforcment Learning



Results: PC-POMDP best for reaching
sweet spot of  value and likelihood
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Can use model for forecasting!
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Future: PC training for rich family of  
deep generative models

• Disease progression 
over time

• Models of  many data sources

examples
d = 1, 2, . . . D

ydxd
observed

data

hidden
variable

target
outcome

hd

⇠x ⇠y⇠h
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• Mixture models • PCA or factor analysis

• Topic models • Non-negative matrix factorization

• Hidden Markov models • Probabilistic encoder/decoder (VAE)

• Network models (MMSB)


