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Motivations

Likelihood not available analytically

• Physical model too complex or unknown

• Theory not fully understood

• Strong dependency in data

• Observational limitations
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ABC in astronomy and cosmology

Galaxy MorphologyWeak Lensing Peak Counts
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Conditional density estimation

• New parametri approach to LFI

• Bayesian conditional density estimation

• Learn a parametric approx to the exact posterior

• Preliminary fits to the posterior to guide future simulations



DELFI: Density-Estimation-Likelihood-Free Inference

• INFERENCE     DENSITY ESTIMATION TASK on sim.

• rigorous Bayesian inference

1

1st day Kyle Cramer (NYU)
Overview LFI

p(x|✓) = intp(x, z|✓)dz = bin(nz)✓x(1� ✓)n�x
✓ p(x, z|✓, ⌫)x = observed dataz = latent variable (1)

ABC METHODS
intractable likelihoods Paper: Paul Marjoram MCMC without likelihoods
generate par from prior simulate data from stochastic model M with par theta and compute summary

statistic S’ Calculate distance ⇢(S, S0) Accept ✓ if ⇢ < ✏ (if ✏=0 I can treat S as the data)
Discriminative or Generative?Max Weiling

Two approaches

1) Simulator

2) Deep Learning

Generative model for images Learning the simulator

Parameters� > Program>Output

Probabilistic Programming Universal PPLS

Random number generators use NN to perform importance sampling

Deep Learning

Learning the likelihood function Simulation-Machine Learning-Approximate Likelihood ratio-Inference
Carl Software Binary Classification (blue dots, red dots) Likelihood ratio ’trick’ Parametrized classifier

Calibration Likelihood ratio
p(x|✓0)
p(x|✓1)

(2)

Amortized Likelihood Free Inference

Recurrent Inference Machine A.Pesah

Automatic Physical Inference with (B. Wandelt)

Forward model, Inverse model Rim for Lensing 1901.01359

Slide (71 schema ABC and ABC Likelihood)Generative models- GAN use NN to perfomr a complicated
change of variables

Why are NN more e�cient tha density ratio?

George Papamakarios : Density Estimation for Likelihood Free In-
ference

Density Estimation data sampled - Goal:estimate the density function p(x) Why Neural Networks?
Neural Density Estimation: training data x1, ...xn neural density estimation is a FUNCTION x(INPUT)

{✓, d} (3)

Alsing, Charnock, Feeney, Wandelt 2019 Papamakarios 2016
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t0

d ! t (4)

N data �! p summaries (5)

dim(p) = # parameters



Learning the likelihood function

• complete freedom as to how the simulations are acquired

• no need to re-weight the target density

• to explore different priors a posteriori (without relying on similar importance re-weighting issues)

• small number summaries will often tend to be asymptotically Gaussian

• Gaussian mixture with a modest number of  component
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DELFI: Density-Estimation-Likelihood-Free Inference

• Run simulations to obtain

• Fit a parametric conditional density estimator                    to the sim.

• Evaluate at to get the learned likelihood
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1) How to parametrize in a sensible way

2) How to run sim in the most relevant part of  parameter space

3) How to compress the data to informative summaries:   
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• Trained on                                 
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- Mixture Density Networks (MDN)

- Masked Autoregressive flows (MAF)
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<latexit sha1_base64="x5WIEP8vZ92RtMHgRbOMjTcQWGg=">AAAB83icdVDLSgMxFM3UV62vqks3wSK4GjJ1auuu6MZlBfuAzlAyaaYNzWSGJKOUob/hxoUibv0Zd/6NmbaCih4IHM65l3tygoQzpRH6sAorq2vrG8XN0tb2zu5eef+go+JUEtomMY9lL8CKciZoWzPNaS+RFEcBp91gcpX73TsqFYvFrZ4m1I/wSLCQEayN5HkR1uMgzO5nAzQoV5BdO2s4qA5z4p7XLnLiOm7VhY6N5qiAJVqD8rs3jEkaUaEJx0r1HZRoP8NSM8LprOSliiaYTPCI9g0VOKLKz+aZZ/DEKEMYxtI8oeFc/b6R4UipaRSYyTyj+u3l4l9eP9Vhw8+YSFJNBVkcClMOdQzzAuCQSUo0nxqCiWQmKyRjLDHRpqaSKeHrp/B/0qnaDrKdG7fSvFzWUQRH4BicAgfUQRNcgxZoAwIS8ACewLOVWo/Wi/W6GC1Yy51D8APW2yeVcJIK</latexit><latexit sha1_base64="x5WIEP8vZ92RtMHgRbOMjTcQWGg=">AAAB83icdVDLSgMxFM3UV62vqks3wSK4GjJ1auuu6MZlBfuAzlAyaaYNzWSGJKOUob/hxoUibv0Zd/6NmbaCih4IHM65l3tygoQzpRH6sAorq2vrG8XN0tb2zu5eef+go+JUEtomMY9lL8CKciZoWzPNaS+RFEcBp91gcpX73TsqFYvFrZ4m1I/wSLCQEayN5HkR1uMgzO5nAzQoV5BdO2s4qA5z4p7XLnLiOm7VhY6N5qiAJVqD8rs3jEkaUaEJx0r1HZRoP8NSM8LprOSliiaYTPCI9g0VOKLKz+aZZ/DEKEMYxtI8oeFc/b6R4UipaRSYyTyj+u3l4l9eP9Vhw8+YSFJNBVkcClMOdQzzAuCQSUo0nxqCiWQmKyRjLDHRpqaSKeHrp/B/0qnaDrKdG7fSvFzWUQRH4BicAgfUQRNcgxZoAwIS8ACewLOVWo/Wi/W6GC1Yy51D8APW2yeVcJIK</latexit><latexit sha1_base64="x5WIEP8vZ92RtMHgRbOMjTcQWGg=">AAAB83icdVDLSgMxFM3UV62vqks3wSK4GjJ1auuu6MZlBfuAzlAyaaYNzWSGJKOUob/hxoUibv0Zd/6NmbaCih4IHM65l3tygoQzpRH6sAorq2vrG8XN0tb2zu5eef+go+JUEtomMY9lL8CKciZoWzPNaS+RFEcBp91gcpX73TsqFYvFrZ4m1I/wSLCQEayN5HkR1uMgzO5nAzQoV5BdO2s4qA5z4p7XLnLiOm7VhY6N5qiAJVqD8rs3jEkaUaEJx0r1HZRoP8NSM8LprOSliiaYTPCI9g0VOKLKz+aZZ/DEKEMYxtI8oeFc/b6R4UipaRSYyTyj+u3l4l9eP9Vhw8+YSFJNBVkcClMOdQzzAuCQSUo0nxqCiWQmKyRjLDHRpqaSKeHrp/B/0qnaDrKdG7fSvFzWUQRH4BicAgfUQRNcgxZoAwIS8ACewLOVWo/Wi/W6GC1Yy51D8APW2yeVcJIK</latexit><latexit sha1_base64="x5WIEP8vZ92RtMHgRbOMjTcQWGg=">AAAB83icdVDLSgMxFM3UV62vqks3wSK4GjJ1auuu6MZlBfuAzlAyaaYNzWSGJKOUob/hxoUibv0Zd/6NmbaCih4IHM65l3tygoQzpRH6sAorq2vrG8XN0tb2zu5eef+go+JUEtomMY9lL8CKciZoWzPNaS+RFEcBp91gcpX73TsqFYvFrZ4m1I/wSLCQEayN5HkR1uMgzO5nAzQoV5BdO2s4qA5z4p7XLnLiOm7VhY6N5qiAJVqD8rs3jEkaUaEJx0r1HZRoP8NSM8LprOSliiaYTPCI9g0VOKLKz+aZZ/DEKEMYxtI8oeFc/b6R4UipaRSYyTyj+u3l4l9eP9Vhw8+YSFJNBVkcClMOdQzzAuCQSUo0nxqCiWQmKyRjLDHRpqaSKeHrp/B/0qnaDrKdG7fSvFzWUQRH4BicAgfUQRNcgxZoAwIS8ACewLOVWo/Wi/W6GC1Yy51D8APW2yeVcJIK</latexit>

w1
<latexit sha1_base64="C43dsdriQRTA6wejHv/AfhItRss=">AAAB83icdVDLSgMxFM3UV62vqks3wSK4GiZ1auuu6MZlBfuAzlAyaaYNzWSGJKOUob/hxoUibv0Zd/6NmbaCih4IHM65l3tygoQzpR3nwyqsrK6tbxQ3S1vbO7t75f2DjopTSWibxDyWvQArypmgbc00p71EUhwFnHaDyVXud++oVCwWt3qaUD/CI8FCRrA2kudFWI+DMLufDdCgXHHs2lkDOXWYE/e8dpETF7lVFyLbmaMClmgNyu/eMCZpRIUmHCvVR06i/QxLzQins5KXKppgMsEj2jdU4IgqP5tnnsETowxhGEvzhIZz9ftGhiOlplFgJvOM6reXi395/VSHDT9jIkk1FWRxKEw51DHMC4BDJinRfGoIJpKZrJCMscREm5pKpoSvn8L/SadqI8dGN26lebmsowiOwDE4BQjUQRNcgxZoAwIS8ACewLOVWo/Wi/W6GC1Yy51D8APW2yeW9JIL</latexit><latexit sha1_base64="C43dsdriQRTA6wejHv/AfhItRss=">AAAB83icdVDLSgMxFM3UV62vqks3wSK4GiZ1auuu6MZlBfuAzlAyaaYNzWSGJKOUob/hxoUibv0Zd/6NmbaCih4IHM65l3tygoQzpR3nwyqsrK6tbxQ3S1vbO7t75f2DjopTSWibxDyWvQArypmgbc00p71EUhwFnHaDyVXud++oVCwWt3qaUD/CI8FCRrA2kudFWI+DMLufDdCgXHHs2lkDOXWYE/e8dpETF7lVFyLbmaMClmgNyu/eMCZpRIUmHCvVR06i/QxLzQins5KXKppgMsEj2jdU4IgqP5tnnsETowxhGEvzhIZz9ftGhiOlplFgJvOM6reXi395/VSHDT9jIkk1FWRxKEw51DHMC4BDJinRfGoIJpKZrJCMscREm5pKpoSvn8L/SadqI8dGN26lebmsowiOwDE4BQjUQRNcgxZoAwIS8ACewLOVWo/Wi/W6GC1Yy51D8APW2yeW9JIL</latexit><latexit sha1_base64="C43dsdriQRTA6wejHv/AfhItRss=">AAAB83icdVDLSgMxFM3UV62vqks3wSK4GiZ1auuu6MZlBfuAzlAyaaYNzWSGJKOUob/hxoUibv0Zd/6NmbaCih4IHM65l3tygoQzpR3nwyqsrK6tbxQ3S1vbO7t75f2DjopTSWibxDyWvQArypmgbc00p71EUhwFnHaDyVXud++oVCwWt3qaUD/CI8FCRrA2kudFWI+DMLufDdCgXHHs2lkDOXWYE/e8dpETF7lVFyLbmaMClmgNyu/eMCZpRIUmHCvVR06i/QxLzQins5KXKppgMsEj2jdU4IgqP5tnnsETowxhGEvzhIZz9ftGhiOlplFgJvOM6reXi395/VSHDT9jIkk1FWRxKEw51DHMC4BDJinRfGoIJpKZrJCMscREm5pKpoSvn8L/SadqI8dGN26lebmsowiOwDE4BQjUQRNcgxZoAwIS8ACewLOVWo/Wi/W6GC1Yy51D8APW2yeW9JIL</latexit><latexit sha1_base64="C43dsdriQRTA6wejHv/AfhItRss=">AAAB83icdVDLSgMxFM3UV62vqks3wSK4GiZ1auuu6MZlBfuAzlAyaaYNzWSGJKOUob/hxoUibv0Zd/6NmbaCih4IHM65l3tygoQzpR3nwyqsrK6tbxQ3S1vbO7t75f2DjopTSWibxDyWvQArypmgbc00p71EUhwFnHaDyVXud++oVCwWt3qaUD/CI8FCRrA2kudFWI+DMLufDdCgXHHs2lkDOXWYE/e8dpETF7lVFyLbmaMClmgNyu/eMCZpRIUmHCvVR06i/QxLzQins5KXKppgMsEj2jdU4IgqP5tnnsETowxhGEvzhIZz9ftGhiOlplFgJvOM6reXi395/VSHDT9jIkk1FWRxKEw51DHMC4BDJinRfGoIJpKZrJCMscREm5pKpoSvn8L/SadqI8dGN26lebmsowiOwDE4BQjUQRNcgxZoAwIS8ACewLOVWo/Wi/W6GC1Yy51D8APW2yeW9JIL</latexit>

wn�1
<latexit sha1_base64="RkVZiDF4c0sYFKRlscR/Did7O2M=">AAAB+XicdVDLSsNAFJ3UV62vqEs3g0VwY0lqauuu6MZlBfuANoTJdNIOnUzCzKRSQv7EjQtF3Pon7vwbJ20FFT0wcDjnXu6Z48eMSmVZH0ZhZXVtfaO4Wdra3tndM/cPOjJKBCZtHLFI9HwkCaOctBVVjPRiQVDoM9L1J9e5350SIWnE79QsJm6IRpwGFCOlJc80ByFSYz9I7zMv5Wd25pllq1I7b9hWHebEuahd5sSxnaoD7Yo1Rxks0fLM98EwwklIuMIMSdm3rVi5KRKKYkay0iCRJEZ4gkakrylHIZFuOk+ewROtDGEQCf24gnP1+0aKQilnoa8n85zyt5eLf3n9RAUNN6U8ThTheHEoSBhUEcxrgEMqCFZspgnCguqsEI+RQFjpskq6hK+fwv9Jp1qxrYp965SbV8s6iuAIHINTYIM6aIIb0AJtgMEUPIAn8GykxqPxYrwuRgvGcucQ/IDx9gkb9ZP3</latexit><latexit sha1_base64="RkVZiDF4c0sYFKRlscR/Did7O2M=">AAAB+XicdVDLSsNAFJ3UV62vqEs3g0VwY0lqauuu6MZlBfuANoTJdNIOnUzCzKRSQv7EjQtF3Pon7vwbJ20FFT0wcDjnXu6Z48eMSmVZH0ZhZXVtfaO4Wdra3tndM/cPOjJKBCZtHLFI9HwkCaOctBVVjPRiQVDoM9L1J9e5350SIWnE79QsJm6IRpwGFCOlJc80ByFSYz9I7zMv5Wd25pllq1I7b9hWHebEuahd5sSxnaoD7Yo1Rxks0fLM98EwwklIuMIMSdm3rVi5KRKKYkay0iCRJEZ4gkakrylHIZFuOk+ewROtDGEQCf24gnP1+0aKQilnoa8n85zyt5eLf3n9RAUNN6U8ThTheHEoSBhUEcxrgEMqCFZspgnCguqsEI+RQFjpskq6hK+fwv9Jp1qxrYp965SbV8s6iuAIHINTYIM6aIIb0AJtgMEUPIAn8GykxqPxYrwuRgvGcucQ/IDx9gkb9ZP3</latexit><latexit sha1_base64="RkVZiDF4c0sYFKRlscR/Did7O2M=">AAAB+XicdVDLSsNAFJ3UV62vqEs3g0VwY0lqauuu6MZlBfuANoTJdNIOnUzCzKRSQv7EjQtF3Pon7vwbJ20FFT0wcDjnXu6Z48eMSmVZH0ZhZXVtfaO4Wdra3tndM/cPOjJKBCZtHLFI9HwkCaOctBVVjPRiQVDoM9L1J9e5350SIWnE79QsJm6IRpwGFCOlJc80ByFSYz9I7zMv5Wd25pllq1I7b9hWHebEuahd5sSxnaoD7Yo1Rxks0fLM98EwwklIuMIMSdm3rVi5KRKKYkay0iCRJEZ4gkakrylHIZFuOk+ewROtDGEQCf24gnP1+0aKQilnoa8n85zyt5eLf3n9RAUNN6U8ThTheHEoSBhUEcxrgEMqCFZspgnCguqsEI+RQFjpskq6hK+fwv9Jp1qxrYp965SbV8s6iuAIHINTYIM6aIIb0AJtgMEUPIAn8GykxqPxYrwuRgvGcucQ/IDx9gkb9ZP3</latexit><latexit sha1_base64="RkVZiDF4c0sYFKRlscR/Did7O2M=">AAAB+XicdVDLSsNAFJ3UV62vqEs3g0VwY0lqauuu6MZlBfuANoTJdNIOnUzCzKRSQv7EjQtF3Pon7vwbJ20FFT0wcDjnXu6Z48eMSmVZH0ZhZXVtfaO4Wdra3tndM/cPOjJKBCZtHLFI9HwkCaOctBVVjPRiQVDoM9L1J9e5350SIWnE79QsJm6IRpwGFCOlJc80ByFSYz9I7zMv5Wd25pllq1I7b9hWHebEuahd5sSxnaoD7Yo1Rxks0fLM98EwwklIuMIMSdm3rVi5KRKKYkay0iCRJEZ4gkakrylHIZFuOk+ewROtDGEQCf24gnP1+0aKQilnoa8n85zyt5eLf3n9RAUNN6U8ThTheHEoSBhUEcxrgEMqCFZspgnCguqsEI+RQFjpskq6hK+fwv9Jp1qxrYp965SbV8s6iuAIHINTYIM6aIIb0AJtgMEUPIAn8GykxqPxYrwuRgvGcucQ/IDx9gkb9ZP3</latexit>

wn
<latexit sha1_base64="jBGPCwlklOhV33/N3g8DHG+Yk7w=">AAAB9XicdVDLSgMxFL1TX7W+qi7dBIvgqszUqa27ohuXFewD2loyaaYNzWSGJGMpQ//DjQtF3Pov7vwbM20FFT0QOJxzL/fkeBFnStv2h5VZWV1b38hu5ra2d3b38vsHTRXGktAGCXko2x5WlDNBG5ppTtuRpDjwOG1546vUb91TqVgobvU0or0ADwXzGcHaSHfdAOuR5yeTWT8Rs36+YBfLZ1XHrqCUuOfli5S4jltykVO05yjAEvV+/r07CEkcUKEJx0p1HDvSvQRLzQins1w3VjTCZIyHtGOowAFVvWSeeoZOjDJAfijNExrN1e8bCQ6UmgaemUxTqt9eKv7ldWLtV3sJE1GsqSCLQ37MkQ5RWgEaMEmJ5lNDMJHMZEVkhCUm2hSVMyV8/RT9T5qlomMXnRu3ULtc1pGFIziGU3CgAjW4hjo0gICEB3iCZ2tiPVov1utiNGMtdw7hB6y3T7/4k1Q=</latexit><latexit sha1_base64="jBGPCwlklOhV33/N3g8DHG+Yk7w=">AAAB9XicdVDLSgMxFL1TX7W+qi7dBIvgqszUqa27ohuXFewD2loyaaYNzWSGJGMpQ//DjQtF3Pov7vwbM20FFT0QOJxzL/fkeBFnStv2h5VZWV1b38hu5ra2d3b38vsHTRXGktAGCXko2x5WlDNBG5ppTtuRpDjwOG1546vUb91TqVgobvU0or0ADwXzGcHaSHfdAOuR5yeTWT8Rs36+YBfLZ1XHrqCUuOfli5S4jltykVO05yjAEvV+/r07CEkcUKEJx0p1HDvSvQRLzQins1w3VjTCZIyHtGOowAFVvWSeeoZOjDJAfijNExrN1e8bCQ6UmgaemUxTqt9eKv7ldWLtV3sJE1GsqSCLQ37MkQ5RWgEaMEmJ5lNDMJHMZEVkhCUm2hSVMyV8/RT9T5qlomMXnRu3ULtc1pGFIziGU3CgAjW4hjo0gICEB3iCZ2tiPVov1utiNGMtdw7hB6y3T7/4k1Q=</latexit><latexit sha1_base64="jBGPCwlklOhV33/N3g8DHG+Yk7w=">AAAB9XicdVDLSgMxFL1TX7W+qi7dBIvgqszUqa27ohuXFewD2loyaaYNzWSGJGMpQ//DjQtF3Pov7vwbM20FFT0QOJxzL/fkeBFnStv2h5VZWV1b38hu5ra2d3b38vsHTRXGktAGCXko2x5WlDNBG5ppTtuRpDjwOG1546vUb91TqVgobvU0or0ADwXzGcHaSHfdAOuR5yeTWT8Rs36+YBfLZ1XHrqCUuOfli5S4jltykVO05yjAEvV+/r07CEkcUKEJx0p1HDvSvQRLzQins1w3VjTCZIyHtGOowAFVvWSeeoZOjDJAfijNExrN1e8bCQ6UmgaemUxTqt9eKv7ldWLtV3sJE1GsqSCLQ37MkQ5RWgEaMEmJ5lNDMJHMZEVkhCUm2hSVMyV8/RT9T5qlomMXnRu3ULtc1pGFIziGU3CgAjW4hjo0gICEB3iCZ2tiPVov1utiNGMtdw7hB6y3T7/4k1Q=</latexit><latexit sha1_base64="jBGPCwlklOhV33/N3g8DHG+Yk7w=">AAAB9XicdVDLSgMxFL1TX7W+qi7dBIvgqszUqa27ohuXFewD2loyaaYNzWSGJGMpQ//DjQtF3Pov7vwbM20FFT0QOJxzL/fkeBFnStv2h5VZWV1b38hu5ra2d3b38vsHTRXGktAGCXko2x5WlDNBG5ppTtuRpDjwOG1546vUb91TqVgobvU0or0ADwXzGcHaSHfdAOuR5yeTWT8Rs36+YBfLZ1XHrqCUuOfli5S4jltykVO05yjAEvV+/r07CEkcUKEJx0p1HDvSvQRLzQins1w3VjTCZIyHtGOowAFVvWSeeoZOjDJAfijNExrN1e8bCQ6UmgaemUxTqt9eKv7ldWLtV3sJE1GsqSCLQ37MkQ5RWgEaMEmJ5lNDMJHMZEVkhCUm2hSVMyV8/RT9T5qlomMXnRu3ULtc1pGFIziGU3CgAjW4hjo0gICEB3iCZ2tiPVov1utiNGMtdw7hB6y3T7/4k1Q=</latexit>

w = (w0,w1, . . . ,wn)
<latexit sha1_base64="elhZP1/NOHWw+4U31K+Hor4kEwc="></latexit><latexit sha1_base64="elhZP1/NOHWw+4U31K+Hor4kEwc="></latexit><latexit sha1_base64="elhZP1/NOHWw+4U31K+Hor4kEwc="></latexit><latexit sha1_base64="elhZP1/NOHWw+4U31K+Hor4kEwc="></latexit>

. . .
<latexit sha1_base64="byjPsyhtMxJUail5iiggp/j5F50=">AAAB7HicdVBNS8NAFNz4WetX1aOXxSJ4CklNbb0VvXisYNpCG8pmu2mXbjZh90Uopb/BiwdFvPqDvPlv3LQVVHRgYZh5w743YSq4Bsf5sFZW19Y3Ngtbxe2d3b390sFhSyeZosyniUhUJySaCS6ZDxwE66SKkTgUrB2Or3O/fc+U5om8g0nKgpgMJY84JWAkvzdIQPdLZceuntddp4Zz4l1UL3PiuV7Fw67tzFFGSzT7pXeTo1nMJFBBtO66TgrBlCjgVLBZsZdplhI6JkPWNVSSmOlgOl92hk+NMsBRosyTgOfq98SUxFpP4tBMxgRG+reXi3953QyiejDlMs2ASbr4KMoEhgTnl+MBV4yCmBhCqOJmV0xHRBEKpp+iKeHrUvw/aVVs17HdW6/cuFrWUUDH6ASdIRfVUAPdoCbyEUUcPaAn9GxJ69F6sV4XoyvWMnOEfsB6+wRfko8O</latexit><latexit sha1_base64="byjPsyhtMxJUail5iiggp/j5F50=">AAAB7HicdVBNS8NAFNz4WetX1aOXxSJ4CklNbb0VvXisYNpCG8pmu2mXbjZh90Uopb/BiwdFvPqDvPlv3LQVVHRgYZh5w743YSq4Bsf5sFZW19Y3Ngtbxe2d3b390sFhSyeZosyniUhUJySaCS6ZDxwE66SKkTgUrB2Or3O/fc+U5om8g0nKgpgMJY84JWAkvzdIQPdLZceuntddp4Zz4l1UL3PiuV7Fw67tzFFGSzT7pXeTo1nMJFBBtO66TgrBlCjgVLBZsZdplhI6JkPWNVSSmOlgOl92hk+NMsBRosyTgOfq98SUxFpP4tBMxgRG+reXi3953QyiejDlMs2ASbr4KMoEhgTnl+MBV4yCmBhCqOJmV0xHRBEKpp+iKeHrUvw/aVVs17HdW6/cuFrWUUDH6ASdIRfVUAPdoCbyEUUcPaAn9GxJ69F6sV4XoyvWMnOEfsB6+wRfko8O</latexit><latexit sha1_base64="byjPsyhtMxJUail5iiggp/j5F50=">AAAB7HicdVBNS8NAFNz4WetX1aOXxSJ4CklNbb0VvXisYNpCG8pmu2mXbjZh90Uopb/BiwdFvPqDvPlv3LQVVHRgYZh5w743YSq4Bsf5sFZW19Y3Ngtbxe2d3b390sFhSyeZosyniUhUJySaCS6ZDxwE66SKkTgUrB2Or3O/fc+U5om8g0nKgpgMJY84JWAkvzdIQPdLZceuntddp4Zz4l1UL3PiuV7Fw67tzFFGSzT7pXeTo1nMJFBBtO66TgrBlCjgVLBZsZdplhI6JkPWNVSSmOlgOl92hk+NMsBRosyTgOfq98SUxFpP4tBMxgRG+reXi3953QyiejDlMs2ASbr4KMoEhgTnl+MBV4yCmBhCqOJmV0xHRBEKpp+iKeHrUvw/aVVs17HdW6/cuFrWUUDH6ASdIRfVUAPdoCbyEUUcPaAn9GxJ69F6sV4XoyvWMnOEfsB6+wRfko8O</latexit><latexit sha1_base64="byjPsyhtMxJUail5iiggp/j5F50=">AAAB7HicdVBNS8NAFNz4WetX1aOXxSJ4CklNbb0VvXisYNpCG8pmu2mXbjZh90Uopb/BiwdFvPqDvPlv3LQVVHRgYZh5w743YSq4Bsf5sFZW19Y3Ngtbxe2d3b390sFhSyeZosyniUhUJySaCS6ZDxwE66SKkTgUrB2Or3O/fc+U5om8g0nKgpgMJY84JWAkvzdIQPdLZceuntddp4Zz4l1UL3PiuV7Fw67tzFFGSzT7pXeTo1nMJFBBtO66TgrBlCjgVLBZsZdplhI6JkPWNVSSmOlgOl92hk+NMsBRosyTgOfq98SUxFpP4tBMxgRG+reXi3953QyiejDlMs2ASbr4KMoEhgTnl+MBV4yCmBhCqOJmV0xHRBEKpp+iKeHrUvw/aVVs17HdW6/cuFrWUUDH6ASdIRfVUAPdoCbyEUUcPaAn9GxJ69F6sV4XoyvWMnOEfsB6+wRfko8O</latexit>

Mixture Density Network (MDN)

�ln U = �
�

i

ln p(ti|�i;w)
<latexit sha1_base64="PfGzHOVt5HtQ5j0ZbbOehHPqa5M="></latexit>

Figure 2. Schematic of the mixture density network parameterization of the conditional density p(t |✓). The means, weights and co-
variances of a Gaussian mixture model for p(t |✓) are free functions of the parameters ✓, parameterized by the weights, w, of the neural
network. The neural network takes ✓ as input and outputs the parameters of the mixture model for those parameters.
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, t <latexit sha1_base64="5stcGrXqsoASK8xcqONY8G/32M8=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+8A2lMl00g6dTMLMjVBC/8KNC0Xc+jfu/BsnbRbaemDgcM69zLknSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHFtRKwecJpwP6IjJULBKFrpsR9RHAdhhrNBtebW3TnIKvEKUoMCzUH1qz+MWRpxhUxSY3qem6CfUY2CST6r9FPDE8omdMR7lioaceNn88QzcmaVIQljbZ9CMld/b2Q0MmYaBXYyT2iWvVz8z+ulGF77mVBJilyxxUdhKgnGJD+fDIXmDOXUEsq0sFkJG1NNGdqSKrYEb/nkVdK+qHtu3bu/rDVuijrKcAKncA4eXEED7qAJLWCg4Ble4c0xzovz7nwsRktOsXMMf+B8/gD3JZEY</latexit><latexit sha1_base64="5stcGrXqsoASK8xcqONY8G/32M8=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+8A2lMl00g6dTMLMjVBC/8KNC0Xc+jfu/BsnbRbaemDgcM69zLknSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHFtRKwecJpwP6IjJULBKFrpsR9RHAdhhrNBtebW3TnIKvEKUoMCzUH1qz+MWRpxhUxSY3qem6CfUY2CST6r9FPDE8omdMR7lioaceNn88QzcmaVIQljbZ9CMld/b2Q0MmYaBXYyT2iWvVz8z+ulGF77mVBJilyxxUdhKgnGJD+fDIXmDOXUEsq0sFkJG1NNGdqSKrYEb/nkVdK+qHtu3bu/rDVuijrKcAKncA4eXEED7qAJLWCg4Ble4c0xzovz7nwsRktOsXMMf+B8/gD3JZEY</latexit><latexit sha1_base64="5stcGrXqsoASK8xcqONY8G/32M8=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+8A2lMl00g6dTMLMjVBC/8KNC0Xc+jfu/BsnbRbaemDgcM69zLknSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHFtRKwecJpwP6IjJULBKFrpsR9RHAdhhrNBtebW3TnIKvEKUoMCzUH1qz+MWRpxhUxSY3qem6CfUY2CST6r9FPDE8omdMR7lioaceNn88QzcmaVIQljbZ9CMld/b2Q0MmYaBXYyT2iWvVz8z+ulGF77mVBJilyxxUdhKgnGJD+fDIXmDOXUEsq0sFkJG1NNGdqSKrYEb/nkVdK+qHtu3bu/rDVuijrKcAKncA4eXEED7qAJLWCg4Ble4c0xzovz7nwsRktOsXMMf+B8/gD3JZEY</latexit><latexit sha1_base64="5stcGrXqsoASK8xcqONY8G/32M8=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+8A2lMl00g6dTMLMjVBC/8KNC0Xc+jfu/BsnbRbaemDgcM69zLknSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHFtRKwecJpwP6IjJULBKFrpsR9RHAdhhrNBtebW3TnIKvEKUoMCzUH1qz+MWRpxhUxSY3qem6CfUY2CST6r9FPDE8omdMR7lioaceNn88QzcmaVIQljbZ9CMld/b2Q0MmYaBXYyT2iWvVz8z+ulGF77mVBJilyxxUdhKgnGJD+fDIXmDOXUEsq0sFkJG1NNGdqSKrYEb/nkVdK+qHtu3bu/rDVuijrKcAKncA4eXEED7qAJLWCg4Ble4c0xzovz7nwsRktOsXMMf+B8/gD3JZEY</latexit>

…
…

µ1(�;w)
<latexit sha1_base64="YmIFU8mckwtPdVJ9705m9T0lMxE=">AAACDHicbVDLSsNAFJ34rPVVdelmsAp1UxIRFNwU3LisYB/QhDKZTNqhk0mYuVFK6Ae48VfcuFDErR/gzr9x0mahrQeGOZx7Lvfe4yeCa7Dtb2tpeWV1bb20Ud7c2t7Zreztt3WcKspaNBax6vpEM8ElawEHwbqJYiTyBev4o+u83rlnSvNY3sE4YV5EBpKHnBIwUr9SdaO079RcPxaBHkfmc2HIgFy5EYGhH2YPk1Pjsuv2FHiROAWpogLNfuXLDWKaRkwCFUTrnmMn4GVEAaeCTcpuqllC6IgMWM9QSSKmvWx6zASfGCXAYazMk4Cn6u+OjEQ639Q48xX1fC0X/6v1UggvvYzLJAUm6WxQmAoMMc6TwQFXjIIYG0Ko4mZXTIdEEQomv7IJwZk/eZG0z+qOXXduz6uN4yKOEjpER6iGHHSBGugGNVELUfSIntErerOerBfr3fqYWZesoucA/YH1+QMR8puH</latexit><latexit sha1_base64="YmIFU8mckwtPdVJ9705m9T0lMxE=">AAACDHicbVDLSsNAFJ34rPVVdelmsAp1UxIRFNwU3LisYB/QhDKZTNqhk0mYuVFK6Ae48VfcuFDErR/gzr9x0mahrQeGOZx7Lvfe4yeCa7Dtb2tpeWV1bb20Ud7c2t7Zreztt3WcKspaNBax6vpEM8ElawEHwbqJYiTyBev4o+u83rlnSvNY3sE4YV5EBpKHnBIwUr9SdaO079RcPxaBHkfmc2HIgFy5EYGhH2YPk1Pjsuv2FHiROAWpogLNfuXLDWKaRkwCFUTrnmMn4GVEAaeCTcpuqllC6IgMWM9QSSKmvWx6zASfGCXAYazMk4Cn6u+OjEQ639Q48xX1fC0X/6v1UggvvYzLJAUm6WxQmAoMMc6TwQFXjIIYG0Ko4mZXTIdEEQomv7IJwZk/eZG0z+qOXXduz6uN4yKOEjpER6iGHHSBGugGNVELUfSIntErerOerBfr3fqYWZesoucA/YH1+QMR8puH</latexit><latexit sha1_base64="YmIFU8mckwtPdVJ9705m9T0lMxE=">AAACDHicbVDLSsNAFJ34rPVVdelmsAp1UxIRFNwU3LisYB/QhDKZTNqhk0mYuVFK6Ae48VfcuFDErR/gzr9x0mahrQeGOZx7Lvfe4yeCa7Dtb2tpeWV1bb20Ud7c2t7Zreztt3WcKspaNBax6vpEM8ElawEHwbqJYiTyBev4o+u83rlnSvNY3sE4YV5EBpKHnBIwUr9SdaO079RcPxaBHkfmc2HIgFy5EYGhH2YPk1Pjsuv2FHiROAWpogLNfuXLDWKaRkwCFUTrnmMn4GVEAaeCTcpuqllC6IgMWM9QSSKmvWx6zASfGCXAYazMk4Cn6u+OjEQ639Q48xX1fC0X/6v1UggvvYzLJAUm6WxQmAoMMc6TwQFXjIIYG0Ko4mZXTIdEEQomv7IJwZk/eZG0z+qOXXduz6uN4yKOEjpER6iGHHSBGugGNVELUfSIntErerOerBfr3fqYWZesoucA/YH1+QMR8puH</latexit><latexit sha1_base64="YmIFU8mckwtPdVJ9705m9T0lMxE=">AAACDHicbVDLSsNAFJ34rPVVdelmsAp1UxIRFNwU3LisYB/QhDKZTNqhk0mYuVFK6Ae48VfcuFDErR/gzr9x0mahrQeGOZx7Lvfe4yeCa7Dtb2tpeWV1bb20Ud7c2t7Zreztt3WcKspaNBax6vpEM8ElawEHwbqJYiTyBev4o+u83rlnSvNY3sE4YV5EBpKHnBIwUr9SdaO079RcPxaBHkfmc2HIgFy5EYGhH2YPk1Pjsuv2FHiROAWpogLNfuXLDWKaRkwCFUTrnmMn4GVEAaeCTcpuqllC6IgMWM9QSSKmvWx6zASfGCXAYazMk4Cn6u+OjEQ639Q48xX1fC0X/6v1UggvvYzLJAUm6WxQmAoMMc6TwQFXjIIYG0Ko4mZXTIdEEQomv7IJwZk/eZG0z+qOXXduz6uN4yKOEjpER6iGHHSBGugGNVELUfSIntErerOerBfr3fqYWZesoucA/YH1+QMR8puH</latexit>

�1(�;w)
<latexit sha1_base64="fcOTBVReEoppjjWrR6SLK305yHA=">AAACD3icbVDLSsNAFJ3UV62vqEs3warUTUlEUHBTcOOygn1AE8JkOmmHTjJh5kYpoX/gxl9x40IRt27d+TdO2iy09cIwh3Pu5Z57goQzBbb9bZSWlldW18rrlY3Nre0dc3evrUQqCW0RwYXsBlhRzmLaAgacdhNJcRRw2glG17neuadSMRHfwTihXoQHMQsZwaAp3zxxFRtE2HdqbiB4X40j/bkwpICv3AjDMAizh8mpb1btuj0taxE4Baiiopq++eX2BUkjGgPhWKmeYyfgZVgCI5xOKm6qaILJCA9oT8MYR1R52fSeiXWsmb4VCqlfDNaU/T2R4UjlTnVnblHNazn5n9ZLIbz0MhYnKdCYzBaFKbdAWHk4Vp9JSoCPNcBEMu3VIkMsMQEdYUWH4MyfvAjaZ3XHrju359XGURFHGR2gQ1RDDrpADXSDmqiFCHpEz+gVvRlPxovxbnzMWktGMbOP/pTx+QN38JzU</latexit><latexit sha1_base64="fcOTBVReEoppjjWrR6SLK305yHA=">AAACD3icbVDLSsNAFJ3UV62vqEs3warUTUlEUHBTcOOygn1AE8JkOmmHTjJh5kYpoX/gxl9x40IRt27d+TdO2iy09cIwh3Pu5Z57goQzBbb9bZSWlldW18rrlY3Nre0dc3evrUQqCW0RwYXsBlhRzmLaAgacdhNJcRRw2glG17neuadSMRHfwTihXoQHMQsZwaAp3zxxFRtE2HdqbiB4X40j/bkwpICv3AjDMAizh8mpb1btuj0taxE4Baiiopq++eX2BUkjGgPhWKmeYyfgZVgCI5xOKm6qaILJCA9oT8MYR1R52fSeiXWsmb4VCqlfDNaU/T2R4UjlTnVnblHNazn5n9ZLIbz0MhYnKdCYzBaFKbdAWHk4Vp9JSoCPNcBEMu3VIkMsMQEdYUWH4MyfvAjaZ3XHrju359XGURFHGR2gQ1RDDrpADXSDmqiFCHpEz+gVvRlPxovxbnzMWktGMbOP/pTx+QN38JzU</latexit><latexit sha1_base64="fcOTBVReEoppjjWrR6SLK305yHA=">AAACD3icbVDLSsNAFJ3UV62vqEs3warUTUlEUHBTcOOygn1AE8JkOmmHTjJh5kYpoX/gxl9x40IRt27d+TdO2iy09cIwh3Pu5Z57goQzBbb9bZSWlldW18rrlY3Nre0dc3evrUQqCW0RwYXsBlhRzmLaAgacdhNJcRRw2glG17neuadSMRHfwTihXoQHMQsZwaAp3zxxFRtE2HdqbiB4X40j/bkwpICv3AjDMAizh8mpb1btuj0taxE4Baiiopq++eX2BUkjGgPhWKmeYyfgZVgCI5xOKm6qaILJCA9oT8MYR1R52fSeiXWsmb4VCqlfDNaU/T2R4UjlTnVnblHNazn5n9ZLIbz0MhYnKdCYzBaFKbdAWHk4Vp9JSoCPNcBEMu3VIkMsMQEdYUWH4MyfvAjaZ3XHrju359XGURFHGR2gQ1RDDrpADXSDmqiFCHpEz+gVvRlPxovxbnzMWktGMbOP/pTx+QN38JzU</latexit><latexit sha1_base64="fcOTBVReEoppjjWrR6SLK305yHA=">AAACD3icbVDLSsNAFJ3UV62vqEs3warUTUlEUHBTcOOygn1AE8JkOmmHTjJh5kYpoX/gxl9x40IRt27d+TdO2iy09cIwh3Pu5Z57goQzBbb9bZSWlldW18rrlY3Nre0dc3evrUQqCW0RwYXsBlhRzmLaAgacdhNJcRRw2glG17neuadSMRHfwTihXoQHMQsZwaAp3zxxFRtE2HdqbiB4X40j/bkwpICv3AjDMAizh8mpb1btuj0taxE4Baiiopq++eX2BUkjGgPhWKmeYyfgZVgCI5xOKm6qaILJCA9oT8MYR1R52fSeiXWsmb4VCqlfDNaU/T2R4UjlTnVnblHNazn5n9ZLIbz0MhYnKdCYzBaFKbdAWHk4Vp9JSoCPNcBEMu3VIkMsMQEdYUWH4MyfvAjaZ3XHrju359XGURFHGR2gQ1RDDrpADXSDmqiFCHpEz+gVvRlPxovxbnzMWktGMbOP/pTx+QN38JzU</latexit>

�2(t1, �;w)
<latexit sha1_base64="JkDwSAhTn4RhGk47ricbTgZ4704=">AAACFHicbVDLSsNAFJ3UV62vqEs3g1WoKCUpgoKbghuXFewDmhAm00k7dPJg5kYpoR/hxl9x40IRty7c+TdO2i609cIwh3Pu5Z57/ERwBZb1bRSWlldW14rrpY3Nre0dc3evpeJUUtaksYhlxyeKCR6xJnAQrJNIRkJfsLY/vM719j2TisfRHYwS5oakH/GAUwKa8sxTR/F+SLxaBTz7DDt+LHpqFOrPgQEDcuWEBAZ+kD2MTzyzbFWtSeFFYM9AGc2q4ZlfTi+macgioIIo1bWtBNyMSOBUsHHJSRVLCB2SPutqGJGQKTebHDXGx5rp4SCW+kWAJ+zviYyEKneqO3OLal7Lyf+0bgrBpZvxKEmBRXS6KEgFhhjnCeEel4yCGGlAqOTaK6YDIgkFnWNJh2DPn7wIWrWqbVXt2/Ny/WgWRxEdoENUQTa6QHV0gxqoiSh6RM/oFb0ZT8aL8W58TFsLxmxmH/0p4/MHat2eVw==</latexit><latexit sha1_base64="JkDwSAhTn4RhGk47ricbTgZ4704=">AAACFHicbVDLSsNAFJ3UV62vqEs3g1WoKCUpgoKbghuXFewDmhAm00k7dPJg5kYpoR/hxl9x40IRty7c+TdO2i609cIwh3Pu5Z57/ERwBZb1bRSWlldW14rrpY3Nre0dc3evpeJUUtaksYhlxyeKCR6xJnAQrJNIRkJfsLY/vM719j2TisfRHYwS5oakH/GAUwKa8sxTR/F+SLxaBTz7DDt+LHpqFOrPgQEDcuWEBAZ+kD2MTzyzbFWtSeFFYM9AGc2q4ZlfTi+macgioIIo1bWtBNyMSOBUsHHJSRVLCB2SPutqGJGQKTebHDXGx5rp4SCW+kWAJ+zviYyEKneqO3OLal7Lyf+0bgrBpZvxKEmBRXS6KEgFhhjnCeEel4yCGGlAqOTaK6YDIgkFnWNJh2DPn7wIWrWqbVXt2/Ny/WgWRxEdoENUQTa6QHV0gxqoiSh6RM/oFb0ZT8aL8W58TFsLxmxmH/0p4/MHat2eVw==</latexit><latexit sha1_base64="JkDwSAhTn4RhGk47ricbTgZ4704=">AAACFHicbVDLSsNAFJ3UV62vqEs3g1WoKCUpgoKbghuXFewDmhAm00k7dPJg5kYpoR/hxl9x40IRty7c+TdO2i609cIwh3Pu5Z57/ERwBZb1bRSWlldW14rrpY3Nre0dc3evpeJUUtaksYhlxyeKCR6xJnAQrJNIRkJfsLY/vM719j2TisfRHYwS5oakH/GAUwKa8sxTR/F+SLxaBTz7DDt+LHpqFOrPgQEDcuWEBAZ+kD2MTzyzbFWtSeFFYM9AGc2q4ZlfTi+macgioIIo1bWtBNyMSOBUsHHJSRVLCB2SPutqGJGQKTebHDXGx5rp4SCW+kWAJ+zviYyEKneqO3OLal7Lyf+0bgrBpZvxKEmBRXS6KEgFhhjnCeEel4yCGGlAqOTaK6YDIgkFnWNJh2DPn7wIWrWqbVXt2/Ny/WgWRxEdoENUQTa6QHV0gxqoiSh6RM/oFb0ZT8aL8W58TFsLxmxmH/0p4/MHat2eVw==</latexit><latexit sha1_base64="JkDwSAhTn4RhGk47ricbTgZ4704=">AAACFHicbVDLSsNAFJ3UV62vqEs3g1WoKCUpgoKbghuXFewDmhAm00k7dPJg5kYpoR/hxl9x40IRty7c+TdO2i609cIwh3Pu5Z57/ERwBZb1bRSWlldW14rrpY3Nre0dc3evpeJUUtaksYhlxyeKCR6xJnAQrJNIRkJfsLY/vM719j2TisfRHYwS5oakH/GAUwKa8sxTR/F+SLxaBTz7DDt+LHpqFOrPgQEDcuWEBAZ+kD2MTzyzbFWtSeFFYM9AGc2q4ZlfTi+macgioIIo1bWtBNyMSOBUsHHJSRVLCB2SPutqGJGQKTebHDXGx5rp4SCW+kWAJ+zviYyEKneqO3OLal7Lyf+0bgrBpZvxKEmBRXS6KEgFhhjnCeEel4yCGGlAqOTaK6YDIgkFnWNJh2DPn7wIWrWqbVXt2/Ny/WgWRxEdoENUQTa6QHV0gxqoiSh6RM/oFb0ZT8aL8W58TFsLxmxmH/0p4/MHat2eVw==</latexit>

µ2(t1, �;w)
<latexit sha1_base64="0UjyJV7dAGm5UItc2etJkKh6gjc=">AAACEXicbVDLSsNAFJ34rPUVdelmsAoVpCRFUHBTcOOygn1AE8JkOmmHTh7M3Cgl9Bfc+CtuXCji1p07/8ZJm4W2XhjmcM693HOPnwiuwLK+jaXlldW19dJGeXNre2fX3NtvqziVlLVoLGLZ9YligkesBRwE6yaSkdAXrOOPrnO9c8+k4nF0B+OEuSEZRDzglICmPLPqhKlXr4Jnn2HHj0VfjUP9OTBkQK6ckMDQD7KHyalnVqyaNS28COwCVFBRTc/8cvoxTUMWARVEqZ5tJeBmRAKngk3KTqpYQuiIDFhPw4iETLnZ9KIJPtFMHwex1C8CPGV/T2QkVLlT3ZlbVPNaTv6n9VIILt2MR0kKLKKzRUEqMMQ4jwf3uWQUxFgDQiXXXjEdEkko6BDLOgR7/uRF0K7XbKtm355XGsdFHCV0iI5QFdnoAjXQDWqiFqLoET2jV/RmPBkvxrvxMWtdMoqZA/SnjM8f/sedCg==</latexit><latexit sha1_base64="0UjyJV7dAGm5UItc2etJkKh6gjc=">AAACEXicbVDLSsNAFJ34rPUVdelmsAoVpCRFUHBTcOOygn1AE8JkOmmHTh7M3Cgl9Bfc+CtuXCji1p07/8ZJm4W2XhjmcM693HOPnwiuwLK+jaXlldW19dJGeXNre2fX3NtvqziVlLVoLGLZ9YligkesBRwE6yaSkdAXrOOPrnO9c8+k4nF0B+OEuSEZRDzglICmPLPqhKlXr4Jnn2HHj0VfjUP9OTBkQK6ckMDQD7KHyalnVqyaNS28COwCVFBRTc/8cvoxTUMWARVEqZ5tJeBmRAKngk3KTqpYQuiIDFhPw4iETLnZ9KIJPtFMHwex1C8CPGV/T2QkVLlT3ZlbVPNaTv6n9VIILt2MR0kKLKKzRUEqMMQ4jwf3uWQUxFgDQiXXXjEdEkko6BDLOgR7/uRF0K7XbKtm355XGsdFHCV0iI5QFdnoAjXQDWqiFqLoET2jV/RmPBkvxrvxMWtdMoqZA/SnjM8f/sedCg==</latexit><latexit sha1_base64="0UjyJV7dAGm5UItc2etJkKh6gjc=">AAACEXicbVDLSsNAFJ34rPUVdelmsAoVpCRFUHBTcOOygn1AE8JkOmmHTh7M3Cgl9Bfc+CtuXCji1p07/8ZJm4W2XhjmcM693HOPnwiuwLK+jaXlldW19dJGeXNre2fX3NtvqziVlLVoLGLZ9YligkesBRwE6yaSkdAXrOOPrnO9c8+k4nF0B+OEuSEZRDzglICmPLPqhKlXr4Jnn2HHj0VfjUP9OTBkQK6ckMDQD7KHyalnVqyaNS28COwCVFBRTc/8cvoxTUMWARVEqZ5tJeBmRAKngk3KTqpYQuiIDFhPw4iETLnZ9KIJPtFMHwex1C8CPGV/T2QkVLlT3ZlbVPNaTv6n9VIILt2MR0kKLKKzRUEqMMQ4jwf3uWQUxFgDQiXXXjEdEkko6BDLOgR7/uRF0K7XbKtm355XGsdFHCV0iI5QFdnoAjXQDWqiFqLoET2jV/RmPBkvxrvxMWtdMoqZA/SnjM8f/sedCg==</latexit><latexit sha1_base64="0UjyJV7dAGm5UItc2etJkKh6gjc=">AAACEXicbVDLSsNAFJ34rPUVdelmsAoVpCRFUHBTcOOygn1AE8JkOmmHTh7M3Cgl9Bfc+CtuXCji1p07/8ZJm4W2XhjmcM693HOPnwiuwLK+jaXlldW19dJGeXNre2fX3NtvqziVlLVoLGLZ9YligkesBRwE6yaSkdAXrOOPrnO9c8+k4nF0B+OEuSEZRDzglICmPLPqhKlXr4Jnn2HHj0VfjUP9OTBkQK6ckMDQD7KHyalnVqyaNS28COwCVFBRTc/8cvoxTUMWARVEqZ5tJeBmRAKngk3KTqpYQuiIDFhPw4iETLnZ9KIJPtFMHwex1C8CPGV/T2QkVLlT3ZlbVPNaTv6n9VIILt2MR0kKLKKzRUEqMMQ4jwf3uWQUxFgDQiXXXjEdEkko6BDLOgR7/uRF0K7XbKtm355XGsdFHCV0iI5QFdnoAjXQDWqiFqLoET2jV/RmPBkvxrvxMWtdMoqZA/SnjM8f/sedCg==</latexit>

µi(t1:i�1, �;w)
<latexit sha1_base64="ITN5HuEv6dUrtykxzWG1XJ9/YJ8=">AAACF3icbVDLSsNAFJ3UV62vqks3g1WooCURQdFNwY3LCvYBTQiT6aQdOnkwc6OU0L9w46+4caGIW935N07aLLT1wjCHc+7lnnu8WHAFpvltFBYWl5ZXiqultfWNza3y9k5LRYmkrEkjEcmORxQTPGRN4CBYJ5aMBJ5gbW94nenteyYVj8I7GMXMCUg/5D6nBDTllmt2kLi8Cm5qXfITa3yMbS8SPTUK9GfDgAG5sgMCA89PH8ZHbrli1sxJ4Xlg5aCC8mq45S+7F9EkYCFQQZTqWmYMTkokcCrYuGQnisWEDkmfdTUMScCUk07uGuNDzfSwH0n9QsAT9vdESgKVOdWdmUU1q2Xkf1o3Af/CSXkYJ8BCOl3kJwJDhLOQcI9LRkGMNCBUcu0V0wGRhIKOsqRDsGZPnget05pl1qzbs0r9II+jiPbQPqoiC52jOrpBDdREFD2iZ/SK3own48V4Nz6mrQUjn9lFf8r4/AGNDZ92</latexit><latexit sha1_base64="ITN5HuEv6dUrtykxzWG1XJ9/YJ8=">AAACF3icbVDLSsNAFJ3UV62vqks3g1WooCURQdFNwY3LCvYBTQiT6aQdOnkwc6OU0L9w46+4caGIW935N07aLLT1wjCHc+7lnnu8WHAFpvltFBYWl5ZXiqultfWNza3y9k5LRYmkrEkjEcmORxQTPGRN4CBYJ5aMBJ5gbW94nenteyYVj8I7GMXMCUg/5D6nBDTllmt2kLi8Cm5qXfITa3yMbS8SPTUK9GfDgAG5sgMCA89PH8ZHbrli1sxJ4Xlg5aCC8mq45S+7F9EkYCFQQZTqWmYMTkokcCrYuGQnisWEDkmfdTUMScCUk07uGuNDzfSwH0n9QsAT9vdESgKVOdWdmUU1q2Xkf1o3Af/CSXkYJ8BCOl3kJwJDhLOQcI9LRkGMNCBUcu0V0wGRhIKOsqRDsGZPnget05pl1qzbs0r9II+jiPbQPqoiC52jOrpBDdREFD2iZ/SK3own48V4Nz6mrQUjn9lFf8r4/AGNDZ92</latexit><latexit sha1_base64="ITN5HuEv6dUrtykxzWG1XJ9/YJ8=">AAACF3icbVDLSsNAFJ3UV62vqks3g1WooCURQdFNwY3LCvYBTQiT6aQdOnkwc6OU0L9w46+4caGIW935N07aLLT1wjCHc+7lnnu8WHAFpvltFBYWl5ZXiqultfWNza3y9k5LRYmkrEkjEcmORxQTPGRN4CBYJ5aMBJ5gbW94nenteyYVj8I7GMXMCUg/5D6nBDTllmt2kLi8Cm5qXfITa3yMbS8SPTUK9GfDgAG5sgMCA89PH8ZHbrli1sxJ4Xlg5aCC8mq45S+7F9EkYCFQQZTqWmYMTkokcCrYuGQnisWEDkmfdTUMScCUk07uGuNDzfSwH0n9QsAT9vdESgKVOdWdmUU1q2Xkf1o3Af/CSXkYJ8BCOl3kJwJDhLOQcI9LRkGMNCBUcu0V0wGRhIKOsqRDsGZPnget05pl1qzbs0r9II+jiPbQPqoiC52jOrpBDdREFD2iZ/SK3own48V4Nz6mrQUjn9lFf8r4/AGNDZ92</latexit><latexit sha1_base64="ITN5HuEv6dUrtykxzWG1XJ9/YJ8=">AAACF3icbVDLSsNAFJ3UV62vqks3g1WooCURQdFNwY3LCvYBTQiT6aQdOnkwc6OU0L9w46+4caGIW935N07aLLT1wjCHc+7lnnu8WHAFpvltFBYWl5ZXiqultfWNza3y9k5LRYmkrEkjEcmORxQTPGRN4CBYJ5aMBJ5gbW94nenteyYVj8I7GMXMCUg/5D6nBDTllmt2kLi8Cm5qXfITa3yMbS8SPTUK9GfDgAG5sgMCA89PH8ZHbrli1sxJ4Xlg5aCC8mq45S+7F9EkYCFQQZTqWmYMTkokcCrYuGQnisWEDkmfdTUMScCUk07uGuNDzfSwH0n9QsAT9vdESgKVOdWdmUU1q2Xkf1o3Af/CSXkYJ8BCOl3kJwJDhLOQcI9LRkGMNCBUcu0V0wGRhIKOsqRDsGZPnget05pl1qzbs0r9II+jiPbQPqoiC52jOrpBDdREFD2iZ/SK3own48V4Nz6mrQUjn9lFf8r4/AGNDZ92</latexit>

�i(t1:i�1, �;w)
<latexit sha1_base64="l12EK39fQZi2KTtRhGA6NctEuSc=">AAACGnicbVDLSgMxFM3UV62vqks3wSpU0DIRQdFNwY3LCvYBnTJk0kwbmnmQ3FHK0O9w46+4caGIO3Hj35hpu9DWCyGHc+7lnnu8WAoNtv1t5RYWl5ZX8quFtfWNza3i9k5DR4livM4iGamWRzWXIuR1ECB5K1acBp7kTW9wnenNe660iMI7GMa8E9BeKHzBKBjKLRJHi15AXVEGNyWX4oSMjrHjRbKrh4H5HOhzoFdOQKHv+enD6MgtluyKPS48D8gUlNC0am7x0+lGLAl4CExSrdvEjqGTUgWCST4qOInmMWUD2uNtA0MacN1Jx6eN8KFhutiPlHkh4DH7eyKlgc6cms7Mop7VMvI/rZ2Af9FJRRgnwEM2WeQnEkOEs5xwVyjOQA4NoEwJ4xWzPlWUgUmzYEIgsyfPg8ZphdgVcntWqh5M48ijPbSPyoigc1RFN6iG6oihR/SMXtGb9WS9WO/Wx6Q1Z01ndtGfsr5+AABhoMM=</latexit><latexit sha1_base64="l12EK39fQZi2KTtRhGA6NctEuSc=">AAACGnicbVDLSgMxFM3UV62vqks3wSpU0DIRQdFNwY3LCvYBnTJk0kwbmnmQ3FHK0O9w46+4caGIO3Hj35hpu9DWCyGHc+7lnnu8WAoNtv1t5RYWl5ZX8quFtfWNza3i9k5DR4livM4iGamWRzWXIuR1ECB5K1acBp7kTW9wnenNe660iMI7GMa8E9BeKHzBKBjKLRJHi15AXVEGNyWX4oSMjrHjRbKrh4H5HOhzoFdOQKHv+enD6MgtluyKPS48D8gUlNC0am7x0+lGLAl4CExSrdvEjqGTUgWCST4qOInmMWUD2uNtA0MacN1Jx6eN8KFhutiPlHkh4DH7eyKlgc6cms7Mop7VMvI/rZ2Af9FJRRgnwEM2WeQnEkOEs5xwVyjOQA4NoEwJ4xWzPlWUgUmzYEIgsyfPg8ZphdgVcntWqh5M48ijPbSPyoigc1RFN6iG6oihR/SMXtGb9WS9WO/Wx6Q1Z01ndtGfsr5+AABhoMM=</latexit><latexit sha1_base64="l12EK39fQZi2KTtRhGA6NctEuSc=">AAACGnicbVDLSgMxFM3UV62vqks3wSpU0DIRQdFNwY3LCvYBnTJk0kwbmnmQ3FHK0O9w46+4caGIO3Hj35hpu9DWCyGHc+7lnnu8WAoNtv1t5RYWl5ZX8quFtfWNza3i9k5DR4livM4iGamWRzWXIuR1ECB5K1acBp7kTW9wnenNe660iMI7GMa8E9BeKHzBKBjKLRJHi15AXVEGNyWX4oSMjrHjRbKrh4H5HOhzoFdOQKHv+enD6MgtluyKPS48D8gUlNC0am7x0+lGLAl4CExSrdvEjqGTUgWCST4qOInmMWUD2uNtA0MacN1Jx6eN8KFhutiPlHkh4DH7eyKlgc6cms7Mop7VMvI/rZ2Af9FJRRgnwEM2WeQnEkOEs5xwVyjOQA4NoEwJ4xWzPlWUgUmzYEIgsyfPg8ZphdgVcntWqh5M48ijPbSPyoigc1RFN6iG6oihR/SMXtGb9WS9WO/Wx6Q1Z01ndtGfsr5+AABhoMM=</latexit><latexit sha1_base64="l12EK39fQZi2KTtRhGA6NctEuSc=">AAACGnicbVDLSgMxFM3UV62vqks3wSpU0DIRQdFNwY3LCvYBnTJk0kwbmnmQ3FHK0O9w46+4caGIO3Hj35hpu9DWCyGHc+7lnnu8WAoNtv1t5RYWl5ZX8quFtfWNza3i9k5DR4livM4iGamWRzWXIuR1ECB5K1acBp7kTW9wnenNe660iMI7GMa8E9BeKHzBKBjKLRJHi15AXVEGNyWX4oSMjrHjRbKrh4H5HOhzoFdOQKHv+enD6MgtluyKPS48D8gUlNC0am7x0+lGLAl4CExSrdvEjqGTUgWCST4qOInmMWUD2uNtA0MacN1Jx6eN8KFhutiPlHkh4DH7eyKlgc6cms7Mop7VMvI/rZ2Af9FJRRgnwEM2WeQnEkOEs5xwVyjOQA4NoEwJ4xWzPlWUgUmzYEIgsyfPg8ZphdgVcntWqh5M48ijPbSPyoigc1RFN6iG6oihR/SMXtGb9WS9WO/Wx6Q1Z01ndtGfsr5+AABhoMM=</latexit>

p(t1|�;w) = N [µ1(�;w), �1(�;w)]
<latexit sha1_base64="TQZM6Ov3hMwEbwahuZ7ydi2SuKI="></latexit><latexit sha1_base64="TQZM6Ov3hMwEbwahuZ7ydi2SuKI="></latexit><latexit sha1_base64="TQZM6Ov3hMwEbwahuZ7ydi2SuKI="></latexit><latexit sha1_base64="TQZM6Ov3hMwEbwahuZ7ydi2SuKI="></latexit>

p(t2|t1, �;w) = N [µ2(t1, �;w), �2(t1, �;w)]
<latexit sha1_base64="n8eeVS+59pKLC6h6UaTx16GqNzY="></latexit><latexit sha1_base64="n8eeVS+59pKLC6h6UaTx16GqNzY="></latexit><latexit sha1_base64="n8eeVS+59pKLC6h6UaTx16GqNzY="></latexit><latexit sha1_base64="n8eeVS+59pKLC6h6UaTx16GqNzY="></latexit>

p(ti|t1:i�1, �;w) = N [µi(t1:i�1, �;w), �i(t1:i�1, �;w)]
<latexit sha1_base64="xVbQV355crKglotjMz8HD48eY/M="></latexit><latexit sha1_base64="xVbQV355crKglotjMz8HD48eY/M="></latexit><latexit sha1_base64="xVbQV355crKglotjMz8HD48eY/M="></latexit><latexit sha1_base64="xVbQV355crKglotjMz8HD48eY/M="></latexit>

ui = (ti � µi)/�i
<latexit sha1_base64="1qpFwgyVcTAFLjoFCCrH2de0OPc=">AAACA3icbVDLSsNAFJ3UV62vqDvdDFahLqyJCLoRCm5cVrAPaEKYTCft0JkkzNwIJRTc+CtuXCji1p9w5984fSy0euDCmXPuZe49YSq4Bsf5sgoLi0vLK8XV0tr6xuaWvb3T1EmmKGvQRCSqHRLNBI9ZAzgI1k4VIzIUrBUOrsd+654pzZP4DoYp8yXpxTzilICRAnsvCzi+whUI+IknzeP41NO8J0nAA7vsVJ0J8F/izkgZzVAP7E+vm9BMshioIFp3XCcFPycKOBVsVPIyzVJCB6THOobGRDLt55MbRvjIKF0cJcpUDHii/pzIidR6KEPTKQn09bw3Fv/zOhlEl37O4zQDFtPpR1EmMCR4HAjucsUoiKEhhCpudsW0TxShYGIrmRDc+ZP/kuZZ1XWq7u15uXY4i6OI9tEBqiAXXaAaukF11EAUPaAn9IJerUfr2Xqz3qetBWs2s4t+wfr4BheSlm8=</latexit><latexit sha1_base64="1qpFwgyVcTAFLjoFCCrH2de0OPc=">AAACA3icbVDLSsNAFJ3UV62vqDvdDFahLqyJCLoRCm5cVrAPaEKYTCft0JkkzNwIJRTc+CtuXCji1p9w5984fSy0euDCmXPuZe49YSq4Bsf5sgoLi0vLK8XV0tr6xuaWvb3T1EmmKGvQRCSqHRLNBI9ZAzgI1k4VIzIUrBUOrsd+654pzZP4DoYp8yXpxTzilICRAnsvCzi+whUI+IknzeP41NO8J0nAA7vsVJ0J8F/izkgZzVAP7E+vm9BMshioIFp3XCcFPycKOBVsVPIyzVJCB6THOobGRDLt55MbRvjIKF0cJcpUDHii/pzIidR6KEPTKQn09bw3Fv/zOhlEl37O4zQDFtPpR1EmMCR4HAjucsUoiKEhhCpudsW0TxShYGIrmRDc+ZP/kuZZ1XWq7u15uXY4i6OI9tEBqiAXXaAaukF11EAUPaAn9IJerUfr2Xqz3qetBWs2s4t+wfr4BheSlm8=</latexit><latexit sha1_base64="1qpFwgyVcTAFLjoFCCrH2de0OPc=">AAACA3icbVDLSsNAFJ3UV62vqDvdDFahLqyJCLoRCm5cVrAPaEKYTCft0JkkzNwIJRTc+CtuXCji1p9w5984fSy0euDCmXPuZe49YSq4Bsf5sgoLi0vLK8XV0tr6xuaWvb3T1EmmKGvQRCSqHRLNBI9ZAzgI1k4VIzIUrBUOrsd+654pzZP4DoYp8yXpxTzilICRAnsvCzi+whUI+IknzeP41NO8J0nAA7vsVJ0J8F/izkgZzVAP7E+vm9BMshioIFp3XCcFPycKOBVsVPIyzVJCB6THOobGRDLt55MbRvjIKF0cJcpUDHii/pzIidR6KEPTKQn09bw3Fv/zOhlEl37O4zQDFtPpR1EmMCR4HAjucsUoiKEhhCpudsW0TxShYGIrmRDc+ZP/kuZZ1XWq7u15uXY4i6OI9tEBqiAXXaAaukF11EAUPaAn9IJerUfr2Xqz3qetBWs2s4t+wfr4BheSlm8=</latexit><latexit sha1_base64="1qpFwgyVcTAFLjoFCCrH2de0OPc=">AAACA3icbVDLSsNAFJ3UV62vqDvdDFahLqyJCLoRCm5cVrAPaEKYTCft0JkkzNwIJRTc+CtuXCji1p9w5984fSy0euDCmXPuZe49YSq4Bsf5sgoLi0vLK8XV0tr6xuaWvb3T1EmmKGvQRCSqHRLNBI9ZAzgI1k4VIzIUrBUOrsd+654pzZP4DoYp8yXpxTzilICRAnsvCzi+whUI+IknzeP41NO8J0nAA7vsVJ0J8F/izkgZzVAP7E+vm9BMshioIFp3XCcFPycKOBVsVPIyzVJCB6THOobGRDLt55MbRvjIKF0cJcpUDHii/pzIidR6KEPTKQn09bw3Fv/zOhlEl37O4zQDFtPpR1EmMCR4HAjucsUoiKEhhCpudsW0TxShYGIrmRDc+ZP/kuZZ1XWq7u15uXY4i6OI9tEBqiAXXaAaukF11EAUPaAn9IJerUfr2Xqz3qetBWs2s4t+wfr4BheSlm8=</latexit>

u1 = (t1 � µ1)/�1
<latexit sha1_base64="iWodAPdavBjOWYQRdKAaoZmNgNk=">AAACBXicbVDLSgMxFM3UV62vUZe6CFahLqwTEXQjFNy4rGAf0BmGTJppQ5PMkGSEMnTjxl9x40IRt/6DO//G9LHQ6oGQk3Pu5eaeKOVMG8/7cgoLi0vLK8XV0tr6xuaWu73T1EmmCG2QhCeqHWFNOZO0YZjhtJ0qikXEaSsaXI/91j1VmiXyzgxTGgjckyxmBBsrhe5+FiJ4BSvGXifQF/Z5fOpr1hM4RKFb9qreBPAvQTNSBjPUQ/fT7yYkE1QawrHWHeSlJsixMoxwOir5maYpJgPcox1LJRZUB/lkixE8skoXxomyRxo4UX925FhoPRSRrRTY9PW8Nxb/8zqZiS+DnMk0M1SS6aA449AkcBwJ7DJFieFDSzBRzP4Vkj5WmBgbXMmGgOZX/kuaZ1XkVdHtebl2OIujCPbAAagABC5ADdyAOmgAAh7AE3gBr86j8+y8Oe/T0oIz69kFv+B8fANuQJXj</latexit><latexit sha1_base64="iWodAPdavBjOWYQRdKAaoZmNgNk=">AAACBXicbVDLSgMxFM3UV62vUZe6CFahLqwTEXQjFNy4rGAf0BmGTJppQ5PMkGSEMnTjxl9x40IRt/6DO//G9LHQ6oGQk3Pu5eaeKOVMG8/7cgoLi0vLK8XV0tr6xuaWu73T1EmmCG2QhCeqHWFNOZO0YZjhtJ0qikXEaSsaXI/91j1VmiXyzgxTGgjckyxmBBsrhe5+FiJ4BSvGXifQF/Z5fOpr1hM4RKFb9qreBPAvQTNSBjPUQ/fT7yYkE1QawrHWHeSlJsixMoxwOir5maYpJgPcox1LJRZUB/lkixE8skoXxomyRxo4UX925FhoPRSRrRTY9PW8Nxb/8zqZiS+DnMk0M1SS6aA449AkcBwJ7DJFieFDSzBRzP4Vkj5WmBgbXMmGgOZX/kuaZ1XkVdHtebl2OIujCPbAAagABC5ADdyAOmgAAh7AE3gBr86j8+y8Oe/T0oIz69kFv+B8fANuQJXj</latexit><latexit sha1_base64="iWodAPdavBjOWYQRdKAaoZmNgNk=">AAACBXicbVDLSgMxFM3UV62vUZe6CFahLqwTEXQjFNy4rGAf0BmGTJppQ5PMkGSEMnTjxl9x40IRt/6DO//G9LHQ6oGQk3Pu5eaeKOVMG8/7cgoLi0vLK8XV0tr6xuaWu73T1EmmCG2QhCeqHWFNOZO0YZjhtJ0qikXEaSsaXI/91j1VmiXyzgxTGgjckyxmBBsrhe5+FiJ4BSvGXifQF/Z5fOpr1hM4RKFb9qreBPAvQTNSBjPUQ/fT7yYkE1QawrHWHeSlJsixMoxwOir5maYpJgPcox1LJRZUB/lkixE8skoXxomyRxo4UX925FhoPRSRrRTY9PW8Nxb/8zqZiS+DnMk0M1SS6aA449AkcBwJ7DJFieFDSzBRzP4Vkj5WmBgbXMmGgOZX/kuaZ1XkVdHtebl2OIujCPbAAagABC5ADdyAOmgAAh7AE3gBr86j8+y8Oe/T0oIz69kFv+B8fANuQJXj</latexit><latexit sha1_base64="iWodAPdavBjOWYQRdKAaoZmNgNk=">AAACBXicbVDLSgMxFM3UV62vUZe6CFahLqwTEXQjFNy4rGAf0BmGTJppQ5PMkGSEMnTjxl9x40IRt/6DO//G9LHQ6oGQk3Pu5eaeKOVMG8/7cgoLi0vLK8XV0tr6xuaWu73T1EmmCG2QhCeqHWFNOZO0YZjhtJ0qikXEaSsaXI/91j1VmiXyzgxTGgjckyxmBBsrhe5+FiJ4BSvGXifQF/Z5fOpr1hM4RKFb9qreBPAvQTNSBjPUQ/fT7yYkE1QawrHWHeSlJsixMoxwOir5maYpJgPcox1LJRZUB/lkixE8skoXxomyRxo4UX925FhoPRSRrRTY9PW8Nxb/8zqZiS+DnMk0M1SS6aA449AkcBwJ7DJFieFDSzBRzP4Vkj5WmBgbXMmGgOZX/kuaZ1XkVdHtebl2OIujCPbAAagABC5ADdyAOmgAAh7AE3gBr86j8+y8Oe/T0oIz69kFv+B8fANuQJXj</latexit>

u2 = (t2 � µ2)/�2
<latexit sha1_base64="oxeK91ZwOYUNvAp36oAaYv6pKhM=">AAACA3icbVDLSgMxFM3UV62vUXe6CVahLqwzg6AboeDGZQX7gM4wZNJMG5pkhiQjlKHgxl9x40IRt/6EO//G9LHQ1gMXTs65l9x7opRRpR3n2yosLa+srhXXSxubW9s79u5eUyWZxKSBE5bIdoQUYVSQhqaakXYqCeIRI61ocDP2Ww9EKpqIez1MScBRT9CYYqSNFNoHWejBa1jRoXfmc/M4PfcV7XEUeqFddqrOBHCRuDNSBjPUQ/vL7yY440RozJBSHddJdZAjqSlmZFTyM0VShAeoRzqGCsSJCvLJDSN4YpQujBNpSmg4UX9P5IgrNeSR6eRI99W8Nxb/8zqZjq+CnIo000Tg6UdxxqBO4DgQ2KWSYM2GhiAsqdkV4j6SCGsTW8mE4M6fvEiaXtV1qu7dRbl2PIujCA7BEagAF1yCGrgFddAAGDyCZ/AK3qwn68V6tz6mrQVrNrMP/sD6/AG/fZWT</latexit><latexit sha1_base64="oxeK91ZwOYUNvAp36oAaYv6pKhM=">AAACA3icbVDLSgMxFM3UV62vUXe6CVahLqwzg6AboeDGZQX7gM4wZNJMG5pkhiQjlKHgxl9x40IRt/6EO//G9LHQ1gMXTs65l9x7opRRpR3n2yosLa+srhXXSxubW9s79u5eUyWZxKSBE5bIdoQUYVSQhqaakXYqCeIRI61ocDP2Ww9EKpqIez1MScBRT9CYYqSNFNoHWejBa1jRoXfmc/M4PfcV7XEUeqFddqrOBHCRuDNSBjPUQ/vL7yY440RozJBSHddJdZAjqSlmZFTyM0VShAeoRzqGCsSJCvLJDSN4YpQujBNpSmg4UX9P5IgrNeSR6eRI99W8Nxb/8zqZjq+CnIo000Tg6UdxxqBO4DgQ2KWSYM2GhiAsqdkV4j6SCGsTW8mE4M6fvEiaXtV1qu7dRbl2PIujCA7BEagAF1yCGrgFddAAGDyCZ/AK3qwn68V6tz6mrQVrNrMP/sD6/AG/fZWT</latexit><latexit sha1_base64="oxeK91ZwOYUNvAp36oAaYv6pKhM=">AAACA3icbVDLSgMxFM3UV62vUXe6CVahLqwzg6AboeDGZQX7gM4wZNJMG5pkhiQjlKHgxl9x40IRt/6EO//G9LHQ1gMXTs65l9x7opRRpR3n2yosLa+srhXXSxubW9s79u5eUyWZxKSBE5bIdoQUYVSQhqaakXYqCeIRI61ocDP2Ww9EKpqIez1MScBRT9CYYqSNFNoHWejBa1jRoXfmc/M4PfcV7XEUeqFddqrOBHCRuDNSBjPUQ/vL7yY440RozJBSHddJdZAjqSlmZFTyM0VShAeoRzqGCsSJCvLJDSN4YpQujBNpSmg4UX9P5IgrNeSR6eRI99W8Nxb/8zqZjq+CnIo000Tg6UdxxqBO4DgQ2KWSYM2GhiAsqdkV4j6SCGsTW8mE4M6fvEiaXtV1qu7dRbl2PIujCA7BEagAF1yCGrgFddAAGDyCZ/AK3qwn68V6tz6mrQVrNrMP/sD6/AG/fZWT</latexit><latexit sha1_base64="oxeK91ZwOYUNvAp36oAaYv6pKhM=">AAACA3icbVDLSgMxFM3UV62vUXe6CVahLqwzg6AboeDGZQX7gM4wZNJMG5pkhiQjlKHgxl9x40IRt/6EO//G9LHQ1gMXTs65l9x7opRRpR3n2yosLa+srhXXSxubW9s79u5eUyWZxKSBE5bIdoQUYVSQhqaakXYqCeIRI61ocDP2Ww9EKpqIez1MScBRT9CYYqSNFNoHWejBa1jRoXfmc/M4PfcV7XEUeqFddqrOBHCRuDNSBjPUQ/vL7yY440RozJBSHddJdZAjqSlmZFTyM0VShAeoRzqGCsSJCvLJDSN4YpQujBNpSmg4UX9P5IgrNeSR6eRI99W8Nxb/8zqZjq+CnIo000Tg6UdxxqBO4DgQ2KWSYM2GhiAsqdkV4j6SCGsTW8mE4M6fvEiaXtV1qu7dRbl2PIujCA7BEagAF1yCGrgFddAAGDyCZ/AK3qwn68V6tz6mrQVrNrMP/sD6/AG/fZWT</latexit>

… …

… …

Autoregressive conditionals
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Masked Autoencoder for Density Estimation (MADE)
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Figure 3. Schematic of the conditional masked autoencoder for density estimation (MADE) parameterization of the conditional density
p(t |✓). The means and variances of the autoregressive conditionals are parameterized by the neural network, with the hidden layers
carefully masked to ensure the autoregressive properties are satisfied. A masked autoregressive flow (MAF) is a stack of MADEs, where
the output of each MADE is fed as input to the next, and the order of the autoregressive factorization is changed between MADEs.

given by:

�ln U(w|{✓, t}) = �

’
i

ln
⇥
N

�
u(ti,✓i ; w) | 0, I

�

+

Nmades’
n=1

dim(t)’
m=1

ln�nm(ti, ✓i ; w)
⇤
.

(9)

The neural density estimators are then trained in the usual
way by minimizing the negative log-loss with respect to the
network weights, or inferring a posterior density over the
weights given the training data (and some network weight
prior).

Over-fitting can be mitigated by any of the standard
regularization methods used for neural networks, such as
early-stopping or dropout. Early-stopping splits the train-
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Figure 2. Schematic of the mixture density network parameterization of the conditional density p(t |✓). The means, weights and co-
variances of a Gaussian mixture model for p(t |✓) are free functions of the parameters ✓, parameterized by the weights, w, of the neural
network. The neural network takes ✓ as input and outputs the parameters of the mixture model for those parameters.
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<latexit sha1_base64="RkVZiDF4c0sYFKRlscR/Did7O2M=">AAAB+XicdVDLSsNAFJ3UV62vqEs3g0VwY0lqauuu6MZlBfuANoTJdNIOnUzCzKRSQv7EjQtF3Pon7vwbJ20FFT0wcDjnXu6Z48eMSmVZH0ZhZXVtfaO4Wdra3tndM/cPOjJKBCZtHLFI9HwkCaOctBVVjPRiQVDoM9L1J9e5350SIWnE79QsJm6IRpwGFCOlJc80ByFSYz9I7zMv5Wd25pllq1I7b9hWHebEuahd5sSxnaoD7Yo1Rxks0fLM98EwwklIuMIMSdm3rVi5KRKKYkay0iCRJEZ4gkakrylHIZFuOk+ewROtDGEQCf24gnP1+0aKQilnoa8n85zyt5eLf3n9RAUNN6U8ThTheHEoSBhUEcxrgEMqCFZspgnCguqsEI+RQFjpskq6hK+fwv9Jp1qxrYp965SbV8s6iuAIHINTYIM6aIIb0AJtgMEUPIAn8GykxqPxYrwuRgvGcucQ/IDx9gkb9ZP3</latexit><latexit sha1_base64="RkVZiDF4c0sYFKRlscR/Did7O2M=">AAAB+XicdVDLSsNAFJ3UV62vqEs3g0VwY0lqauuu6MZlBfuANoTJdNIOnUzCzKRSQv7EjQtF3Pon7vwbJ20FFT0wcDjnXu6Z48eMSmVZH0ZhZXVtfaO4Wdra3tndM/cPOjJKBCZtHLFI9HwkCaOctBVVjPRiQVDoM9L1J9e5350SIWnE79QsJm6IRpwGFCOlJc80ByFSYz9I7zMv5Wd25pllq1I7b9hWHebEuahd5sSxnaoD7Yo1Rxks0fLM98EwwklIuMIMSdm3rVi5KRKKYkay0iCRJEZ4gkakrylHIZFuOk+ewROtDGEQCf24gnP1+0aKQilnoa8n85zyt5eLf3n9RAUNN6U8ThTheHEoSBhUEcxrgEMqCFZspgnCguqsEI+RQFjpskq6hK+fwv9Jp1qxrYp965SbV8s6iuAIHINTYIM6aIIb0AJtgMEUPIAn8GykxqPxYrwuRgvGcucQ/IDx9gkb9ZP3</latexit><latexit sha1_base64="RkVZiDF4c0sYFKRlscR/Did7O2M=">AAAB+XicdVDLSsNAFJ3UV62vqEs3g0VwY0lqauuu6MZlBfuANoTJdNIOnUzCzKRSQv7EjQtF3Pon7vwbJ20FFT0wcDjnXu6Z48eMSmVZH0ZhZXVtfaO4Wdra3tndM/cPOjJKBCZtHLFI9HwkCaOctBVVjPRiQVDoM9L1J9e5350SIWnE79QsJm6IRpwGFCOlJc80ByFSYz9I7zMv5Wd25pllq1I7b9hWHebEuahd5sSxnaoD7Yo1Rxks0fLM98EwwklIuMIMSdm3rVi5KRKKYkay0iCRJEZ4gkakrylHIZFuOk+ewROtDGEQCf24gnP1+0aKQilnoa8n85zyt5eLf3n9RAUNN6U8ThTheHEoSBhUEcxrgEMqCFZspgnCguqsEI+RQFjpskq6hK+fwv9Jp1qxrYp965SbV8s6iuAIHINTYIM6aIIb0AJtgMEUPIAn8GykxqPxYrwuRgvGcucQ/IDx9gkb9ZP3</latexit><latexit sha1_base64="RkVZiDF4c0sYFKRlscR/Did7O2M=">AAAB+XicdVDLSsNAFJ3UV62vqEs3g0VwY0lqauuu6MZlBfuANoTJdNIOnUzCzKRSQv7EjQtF3Pon7vwbJ20FFT0wcDjnXu6Z48eMSmVZH0ZhZXVtfaO4Wdra3tndM/cPOjJKBCZtHLFI9HwkCaOctBVVjPRiQVDoM9L1J9e5350SIWnE79QsJm6IRpwGFCOlJc80ByFSYz9I7zMv5Wd25pllq1I7b9hWHebEuahd5sSxnaoD7Yo1Rxks0fLM98EwwklIuMIMSdm3rVi5KRKKYkay0iCRJEZ4gkakrylHIZFuOk+ewROtDGEQCf24gnP1+0aKQilnoa8n85zyt5eLf3n9RAUNN6U8ThTheHEoSBhUEcxrgEMqCFZspgnCguqsEI+RQFjpskq6hK+fwv9Jp1qxrYp965SbV8s6iuAIHINTYIM6aIIb0AJtgMEUPIAn8GykxqPxYrwuRgvGcucQ/IDx9gkb9ZP3</latexit>

wn
<latexit sha1_base64="jBGPCwlklOhV33/N3g8DHG+Yk7w=">AAAB9XicdVDLSgMxFL1TX7W+qi7dBIvgqszUqa27ohuXFewD2loyaaYNzWSGJGMpQ//DjQtF3Pov7vwbM20FFT0QOJxzL/fkeBFnStv2h5VZWV1b38hu5ra2d3b38vsHTRXGktAGCXko2x5WlDNBG5ppTtuRpDjwOG1546vUb91TqVgobvU0or0ADwXzGcHaSHfdAOuR5yeTWT8Rs36+YBfLZ1XHrqCUuOfli5S4jltykVO05yjAEvV+/r07CEkcUKEJx0p1HDvSvQRLzQins1w3VjTCZIyHtGOowAFVvWSeeoZOjDJAfijNExrN1e8bCQ6UmgaemUxTqt9eKv7ldWLtV3sJE1GsqSCLQ37MkQ5RWgEaMEmJ5lNDMJHMZEVkhCUm2hSVMyV8/RT9T5qlomMXnRu3ULtc1pGFIziGU3CgAjW4hjo0gICEB3iCZ2tiPVov1utiNGMtdw7hB6y3T7/4k1Q=</latexit><latexit sha1_base64="jBGPCwlklOhV33/N3g8DHG+Yk7w=">AAAB9XicdVDLSgMxFL1TX7W+qi7dBIvgqszUqa27ohuXFewD2loyaaYNzWSGJGMpQ//DjQtF3Pov7vwbM20FFT0QOJxzL/fkeBFnStv2h5VZWV1b38hu5ra2d3b38vsHTRXGktAGCXko2x5WlDNBG5ppTtuRpDjwOG1546vUb91TqVgobvU0or0ADwXzGcHaSHfdAOuR5yeTWT8Rs36+YBfLZ1XHrqCUuOfli5S4jltykVO05yjAEvV+/r07CEkcUKEJx0p1HDvSvQRLzQins1w3VjTCZIyHtGOowAFVvWSeeoZOjDJAfijNExrN1e8bCQ6UmgaemUxTqt9eKv7ldWLtV3sJE1GsqSCLQ37MkQ5RWgEaMEmJ5lNDMJHMZEVkhCUm2hSVMyV8/RT9T5qlomMXnRu3ULtc1pGFIziGU3CgAjW4hjo0gICEB3iCZ2tiPVov1utiNGMtdw7hB6y3T7/4k1Q=</latexit><latexit sha1_base64="jBGPCwlklOhV33/N3g8DHG+Yk7w=">AAAB9XicdVDLSgMxFL1TX7W+qi7dBIvgqszUqa27ohuXFewD2loyaaYNzWSGJGMpQ//DjQtF3Pov7vwbM20FFT0QOJxzL/fkeBFnStv2h5VZWV1b38hu5ra2d3b38vsHTRXGktAGCXko2x5WlDNBG5ppTtuRpDjwOG1546vUb91TqVgobvU0or0ADwXzGcHaSHfdAOuR5yeTWT8Rs36+YBfLZ1XHrqCUuOfli5S4jltykVO05yjAEvV+/r07CEkcUKEJx0p1HDvSvQRLzQins1w3VjTCZIyHtGOowAFVvWSeeoZOjDJAfijNExrN1e8bCQ6UmgaemUxTqt9eKv7ldWLtV3sJE1GsqSCLQ37MkQ5RWgEaMEmJ5lNDMJHMZEVkhCUm2hSVMyV8/RT9T5qlomMXnRu3ULtc1pGFIziGU3CgAjW4hjo0gICEB3iCZ2tiPVov1utiNGMtdw7hB6y3T7/4k1Q=</latexit><latexit sha1_base64="jBGPCwlklOhV33/N3g8DHG+Yk7w=">AAAB9XicdVDLSgMxFL1TX7W+qi7dBIvgqszUqa27ohuXFewD2loyaaYNzWSGJGMpQ//DjQtF3Pov7vwbM20FFT0QOJxzL/fkeBFnStv2h5VZWV1b38hu5ra2d3b38vsHTRXGktAGCXko2x5WlDNBG5ppTtuRpDjwOG1546vUb91TqVgobvU0or0ADwXzGcHaSHfdAOuR5yeTWT8Rs36+YBfLZ1XHrqCUuOfli5S4jltykVO05yjAEvV+/r07CEkcUKEJx0p1HDvSvQRLzQins1w3VjTCZIyHtGOowAFVvWSeeoZOjDJAfijNExrN1e8bCQ6UmgaemUxTqt9eKv7ldWLtV3sJE1GsqSCLQ37MkQ5RWgEaMEmJ5lNDMJHMZEVkhCUm2hSVMyV8/RT9T5qlomMXnRu3ULtc1pGFIziGU3CgAjW4hjo0gICEB3iCZ2tiPVov1utiNGMtdw7hB6y3T7/4k1Q=</latexit>

w = (w0,w1, . . . ,wn)
<latexit sha1_base64="elhZP1/NOHWw+4U31K+Hor4kEwc="></latexit><latexit sha1_base64="elhZP1/NOHWw+4U31K+Hor4kEwc="></latexit><latexit sha1_base64="elhZP1/NOHWw+4U31K+Hor4kEwc="></latexit><latexit sha1_base64="elhZP1/NOHWw+4U31K+Hor4kEwc="></latexit>

. . .
<latexit sha1_base64="byjPsyhtMxJUail5iiggp/j5F50=">AAAB7HicdVBNS8NAFNz4WetX1aOXxSJ4CklNbb0VvXisYNpCG8pmu2mXbjZh90Uopb/BiwdFvPqDvPlv3LQVVHRgYZh5w743YSq4Bsf5sFZW19Y3Ngtbxe2d3b390sFhSyeZosyniUhUJySaCS6ZDxwE66SKkTgUrB2Or3O/fc+U5om8g0nKgpgMJY84JWAkvzdIQPdLZceuntddp4Zz4l1UL3PiuV7Fw67tzFFGSzT7pXeTo1nMJFBBtO66TgrBlCjgVLBZsZdplhI6JkPWNVSSmOlgOl92hk+NMsBRosyTgOfq98SUxFpP4tBMxgRG+reXi3953QyiejDlMs2ASbr4KMoEhgTnl+MBV4yCmBhCqOJmV0xHRBEKpp+iKeHrUvw/aVVs17HdW6/cuFrWUUDH6ASdIRfVUAPdoCbyEUUcPaAn9GxJ69F6sV4XoyvWMnOEfsB6+wRfko8O</latexit><latexit sha1_base64="byjPsyhtMxJUail5iiggp/j5F50=">AAAB7HicdVBNS8NAFNz4WetX1aOXxSJ4CklNbb0VvXisYNpCG8pmu2mXbjZh90Uopb/BiwdFvPqDvPlv3LQVVHRgYZh5w743YSq4Bsf5sFZW19Y3Ngtbxe2d3b390sFhSyeZosyniUhUJySaCS6ZDxwE66SKkTgUrB2Or3O/fc+U5om8g0nKgpgMJY84JWAkvzdIQPdLZceuntddp4Zz4l1UL3PiuV7Fw67tzFFGSzT7pXeTo1nMJFBBtO66TgrBlCjgVLBZsZdplhI6JkPWNVSSmOlgOl92hk+NMsBRosyTgOfq98SUxFpP4tBMxgRG+reXi3953QyiejDlMs2ASbr4KMoEhgTnl+MBV4yCmBhCqOJmV0xHRBEKpp+iKeHrUvw/aVVs17HdW6/cuFrWUUDH6ASdIRfVUAPdoCbyEUUcPaAn9GxJ69F6sV4XoyvWMnOEfsB6+wRfko8O</latexit><latexit sha1_base64="byjPsyhtMxJUail5iiggp/j5F50=">AAAB7HicdVBNS8NAFNz4WetX1aOXxSJ4CklNbb0VvXisYNpCG8pmu2mXbjZh90Uopb/BiwdFvPqDvPlv3LQVVHRgYZh5w743YSq4Bsf5sFZW19Y3Ngtbxe2d3b390sFhSyeZosyniUhUJySaCS6ZDxwE66SKkTgUrB2Or3O/fc+U5om8g0nKgpgMJY84JWAkvzdIQPdLZceuntddp4Zz4l1UL3PiuV7Fw67tzFFGSzT7pXeTo1nMJFBBtO66TgrBlCjgVLBZsZdplhI6JkPWNVSSmOlgOl92hk+NMsBRosyTgOfq98SUxFpP4tBMxgRG+reXi3953QyiejDlMs2ASbr4KMoEhgTnl+MBV4yCmBhCqOJmV0xHRBEKpp+iKeHrUvw/aVVs17HdW6/cuFrWUUDH6ASdIRfVUAPdoCbyEUUcPaAn9GxJ69F6sV4XoyvWMnOEfsB6+wRfko8O</latexit><latexit sha1_base64="byjPsyhtMxJUail5iiggp/j5F50=">AAAB7HicdVBNS8NAFNz4WetX1aOXxSJ4CklNbb0VvXisYNpCG8pmu2mXbjZh90Uopb/BiwdFvPqDvPlv3LQVVHRgYZh5w743YSq4Bsf5sFZW19Y3Ngtbxe2d3b390sFhSyeZosyniUhUJySaCS6ZDxwE66SKkTgUrB2Or3O/fc+U5om8g0nKgpgMJY84JWAkvzdIQPdLZceuntddp4Zz4l1UL3PiuV7Fw67tzFFGSzT7pXeTo1nMJFBBtO66TgrBlCjgVLBZsZdplhI6JkPWNVSSmOlgOl92hk+NMsBRosyTgOfq98SUxFpP4tBMxgRG+reXi3953QyiejDlMs2ASbr4KMoEhgTnl+MBV4yCmBhCqOJmV0xHRBEKpp+iKeHrUvw/aVVs17HdW6/cuFrWUUDH6ASdIRfVUAPdoCbyEUUcPaAn9GxJ69F6sV4XoyvWMnOEfsB6+wRfko8O</latexit>

…

da
ta

 (s
um

m
ar

ie
s)

, t <latexit sha1_base64="5stcGrXqsoASK8xcqONY8G/32M8=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+8A2lMl00g6dTMLMjVBC/8KNC0Xc+jfu/BsnbRbaemDgcM69zLknSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHFtRKwecJpwP6IjJULBKFrpsR9RHAdhhrNBtebW3TnIKvEKUoMCzUH1qz+MWRpxhUxSY3qem6CfUY2CST6r9FPDE8omdMR7lioaceNn88QzcmaVIQljbZ9CMld/b2Q0MmYaBXYyT2iWvVz8z+ulGF77mVBJilyxxUdhKgnGJD+fDIXmDOXUEsq0sFkJG1NNGdqSKrYEb/nkVdK+qHtu3bu/rDVuijrKcAKncA4eXEED7qAJLWCg4Ble4c0xzovz7nwsRktOsXMMf+B8/gD3JZEY</latexit><latexit sha1_base64="5stcGrXqsoASK8xcqONY8G/32M8=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+8A2lMl00g6dTMLMjVBC/8KNC0Xc+jfu/BsnbRbaemDgcM69zLknSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHFtRKwecJpwP6IjJULBKFrpsR9RHAdhhrNBtebW3TnIKvEKUoMCzUH1qz+MWRpxhUxSY3qem6CfUY2CST6r9FPDE8omdMR7lioaceNn88QzcmaVIQljbZ9CMld/b2Q0MmYaBXYyT2iWvVz8z+ulGF77mVBJilyxxUdhKgnGJD+fDIXmDOXUEsq0sFkJG1NNGdqSKrYEb/nkVdK+qHtu3bu/rDVuijrKcAKncA4eXEED7qAJLWCg4Ble4c0xzovz7nwsRktOsXMMf+B8/gD3JZEY</latexit><latexit sha1_base64="5stcGrXqsoASK8xcqONY8G/32M8=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+8A2lMl00g6dTMLMjVBC/8KNC0Xc+jfu/BsnbRbaemDgcM69zLknSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHFtRKwecJpwP6IjJULBKFrpsR9RHAdhhrNBtebW3TnIKvEKUoMCzUH1qz+MWRpxhUxSY3qem6CfUY2CST6r9FPDE8omdMR7lioaceNn88QzcmaVIQljbZ9CMld/b2Q0MmYaBXYyT2iWvVz8z+ulGF77mVBJilyxxUdhKgnGJD+fDIXmDOXUEsq0sFkJG1NNGdqSKrYEb/nkVdK+qHtu3bu/rDVuijrKcAKncA4eXEED7qAJLWCg4Ble4c0xzovz7nwsRktOsXMMf+B8/gD3JZEY</latexit><latexit sha1_base64="5stcGrXqsoASK8xcqONY8G/32M8=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+8A2lMl00g6dTMLMjVBC/8KNC0Xc+jfu/BsnbRbaemDgcM69zLknSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHFtRKwecJpwP6IjJULBKFrpsR9RHAdhhrNBtebW3TnIKvEKUoMCzUH1qz+MWRpxhUxSY3qem6CfUY2CST6r9FPDE8omdMR7lioaceNn88QzcmaVIQljbZ9CMld/b2Q0MmYaBXYyT2iWvVz8z+ulGF77mVBJilyxxUdhKgnGJD+fDIXmDOXUEsq0sFkJG1NNGdqSKrYEb/nkVdK+qHtu3bu/rDVuijrKcAKncA4eXEED7qAJLWCg4Ble4c0xzovz7nwsRktOsXMMf+B8/gD3JZEY</latexit>

…
…

µ1(�;w)
<latexit sha1_base64="YmIFU8mckwtPdVJ9705m9T0lMxE=">AAACDHicbVDLSsNAFJ34rPVVdelmsAp1UxIRFNwU3LisYB/QhDKZTNqhk0mYuVFK6Ae48VfcuFDErR/gzr9x0mahrQeGOZx7Lvfe4yeCa7Dtb2tpeWV1bb20Ud7c2t7Zreztt3WcKspaNBax6vpEM8ElawEHwbqJYiTyBev4o+u83rlnSvNY3sE4YV5EBpKHnBIwUr9SdaO079RcPxaBHkfmc2HIgFy5EYGhH2YPk1Pjsuv2FHiROAWpogLNfuXLDWKaRkwCFUTrnmMn4GVEAaeCTcpuqllC6IgMWM9QSSKmvWx6zASfGCXAYazMk4Cn6u+OjEQ639Q48xX1fC0X/6v1UggvvYzLJAUm6WxQmAoMMc6TwQFXjIIYG0Ko4mZXTIdEEQomv7IJwZk/eZG0z+qOXXduz6uN4yKOEjpER6iGHHSBGugGNVELUfSIntErerOerBfr3fqYWZesoucA/YH1+QMR8puH</latexit><latexit sha1_base64="YmIFU8mckwtPdVJ9705m9T0lMxE=">AAACDHicbVDLSsNAFJ34rPVVdelmsAp1UxIRFNwU3LisYB/QhDKZTNqhk0mYuVFK6Ae48VfcuFDErR/gzr9x0mahrQeGOZx7Lvfe4yeCa7Dtb2tpeWV1bb20Ud7c2t7Zreztt3WcKspaNBax6vpEM8ElawEHwbqJYiTyBev4o+u83rlnSvNY3sE4YV5EBpKHnBIwUr9SdaO079RcPxaBHkfmc2HIgFy5EYGhH2YPk1Pjsuv2FHiROAWpogLNfuXLDWKaRkwCFUTrnmMn4GVEAaeCTcpuqllC6IgMWM9QSSKmvWx6zASfGCXAYazMk4Cn6u+OjEQ639Q48xX1fC0X/6v1UggvvYzLJAUm6WxQmAoMMc6TwQFXjIIYG0Ko4mZXTIdEEQomv7IJwZk/eZG0z+qOXXduz6uN4yKOEjpER6iGHHSBGugGNVELUfSIntErerOerBfr3fqYWZesoucA/YH1+QMR8puH</latexit><latexit sha1_base64="YmIFU8mckwtPdVJ9705m9T0lMxE=">AAACDHicbVDLSsNAFJ34rPVVdelmsAp1UxIRFNwU3LisYB/QhDKZTNqhk0mYuVFK6Ae48VfcuFDErR/gzr9x0mahrQeGOZx7Lvfe4yeCa7Dtb2tpeWV1bb20Ud7c2t7Zreztt3WcKspaNBax6vpEM8ElawEHwbqJYiTyBev4o+u83rlnSvNY3sE4YV5EBpKHnBIwUr9SdaO079RcPxaBHkfmc2HIgFy5EYGhH2YPk1Pjsuv2FHiROAWpogLNfuXLDWKaRkwCFUTrnmMn4GVEAaeCTcpuqllC6IgMWM9QSSKmvWx6zASfGCXAYazMk4Cn6u+OjEQ639Q48xX1fC0X/6v1UggvvYzLJAUm6WxQmAoMMc6TwQFXjIIYG0Ko4mZXTIdEEQomv7IJwZk/eZG0z+qOXXduz6uN4yKOEjpER6iGHHSBGugGNVELUfSIntErerOerBfr3fqYWZesoucA/YH1+QMR8puH</latexit><latexit sha1_base64="YmIFU8mckwtPdVJ9705m9T0lMxE=">AAACDHicbVDLSsNAFJ34rPVVdelmsAp1UxIRFNwU3LisYB/QhDKZTNqhk0mYuVFK6Ae48VfcuFDErR/gzr9x0mahrQeGOZx7Lvfe4yeCa7Dtb2tpeWV1bb20Ud7c2t7Zreztt3WcKspaNBax6vpEM8ElawEHwbqJYiTyBev4o+u83rlnSvNY3sE4YV5EBpKHnBIwUr9SdaO079RcPxaBHkfmc2HIgFy5EYGhH2YPk1Pjsuv2FHiROAWpogLNfuXLDWKaRkwCFUTrnmMn4GVEAaeCTcpuqllC6IgMWM9QSSKmvWx6zASfGCXAYazMk4Cn6u+OjEQ639Q48xX1fC0X/6v1UggvvYzLJAUm6WxQmAoMMc6TwQFXjIIYG0Ko4mZXTIdEEQomv7IJwZk/eZG0z+qOXXduz6uN4yKOEjpER6iGHHSBGugGNVELUfSIntErerOerBfr3fqYWZesoucA/YH1+QMR8puH</latexit>

�1(�;w)
<latexit sha1_base64="fcOTBVReEoppjjWrR6SLK305yHA=">AAACD3icbVDLSsNAFJ3UV62vqEs3warUTUlEUHBTcOOygn1AE8JkOmmHTjJh5kYpoX/gxl9x40IRt27d+TdO2iy09cIwh3Pu5Z57goQzBbb9bZSWlldW18rrlY3Nre0dc3evrUQqCW0RwYXsBlhRzmLaAgacdhNJcRRw2glG17neuadSMRHfwTihXoQHMQsZwaAp3zxxFRtE2HdqbiB4X40j/bkwpICv3AjDMAizh8mpb1btuj0taxE4Baiiopq++eX2BUkjGgPhWKmeYyfgZVgCI5xOKm6qaILJCA9oT8MYR1R52fSeiXWsmb4VCqlfDNaU/T2R4UjlTnVnblHNazn5n9ZLIbz0MhYnKdCYzBaFKbdAWHk4Vp9JSoCPNcBEMu3VIkMsMQEdYUWH4MyfvAjaZ3XHrju359XGURFHGR2gQ1RDDrpADXSDmqiFCHpEz+gVvRlPxovxbnzMWktGMbOP/pTx+QN38JzU</latexit><latexit sha1_base64="fcOTBVReEoppjjWrR6SLK305yHA=">AAACD3icbVDLSsNAFJ3UV62vqEs3warUTUlEUHBTcOOygn1AE8JkOmmHTjJh5kYpoX/gxl9x40IRt27d+TdO2iy09cIwh3Pu5Z57goQzBbb9bZSWlldW18rrlY3Nre0dc3evrUQqCW0RwYXsBlhRzmLaAgacdhNJcRRw2glG17neuadSMRHfwTihXoQHMQsZwaAp3zxxFRtE2HdqbiB4X40j/bkwpICv3AjDMAizh8mpb1btuj0taxE4Baiiopq++eX2BUkjGgPhWKmeYyfgZVgCI5xOKm6qaILJCA9oT8MYR1R52fSeiXWsmb4VCqlfDNaU/T2R4UjlTnVnblHNazn5n9ZLIbz0MhYnKdCYzBaFKbdAWHk4Vp9JSoCPNcBEMu3VIkMsMQEdYUWH4MyfvAjaZ3XHrju359XGURFHGR2gQ1RDDrpADXSDmqiFCHpEz+gVvRlPxovxbnzMWktGMbOP/pTx+QN38JzU</latexit><latexit sha1_base64="fcOTBVReEoppjjWrR6SLK305yHA=">AAACD3icbVDLSsNAFJ3UV62vqEs3warUTUlEUHBTcOOygn1AE8JkOmmHTjJh5kYpoX/gxl9x40IRt27d+TdO2iy09cIwh3Pu5Z57goQzBbb9bZSWlldW18rrlY3Nre0dc3evrUQqCW0RwYXsBlhRzmLaAgacdhNJcRRw2glG17neuadSMRHfwTihXoQHMQsZwaAp3zxxFRtE2HdqbiB4X40j/bkwpICv3AjDMAizh8mpb1btuj0taxE4Baiiopq++eX2BUkjGgPhWKmeYyfgZVgCI5xOKm6qaILJCA9oT8MYR1R52fSeiXWsmb4VCqlfDNaU/T2R4UjlTnVnblHNazn5n9ZLIbz0MhYnKdCYzBaFKbdAWHk4Vp9JSoCPNcBEMu3VIkMsMQEdYUWH4MyfvAjaZ3XHrju359XGURFHGR2gQ1RDDrpADXSDmqiFCHpEz+gVvRlPxovxbnzMWktGMbOP/pTx+QN38JzU</latexit><latexit sha1_base64="fcOTBVReEoppjjWrR6SLK305yHA=">AAACD3icbVDLSsNAFJ3UV62vqEs3warUTUlEUHBTcOOygn1AE8JkOmmHTjJh5kYpoX/gxl9x40IRt27d+TdO2iy09cIwh3Pu5Z57goQzBbb9bZSWlldW18rrlY3Nre0dc3evrUQqCW0RwYXsBlhRzmLaAgacdhNJcRRw2glG17neuadSMRHfwTihXoQHMQsZwaAp3zxxFRtE2HdqbiB4X40j/bkwpICv3AjDMAizh8mpb1btuj0taxE4Baiiopq++eX2BUkjGgPhWKmeYyfgZVgCI5xOKm6qaILJCA9oT8MYR1R52fSeiXWsmb4VCqlfDNaU/T2R4UjlTnVnblHNazn5n9ZLIbz0MhYnKdCYzBaFKbdAWHk4Vp9JSoCPNcBEMu3VIkMsMQEdYUWH4MyfvAjaZ3XHrju359XGURFHGR2gQ1RDDrpADXSDmqiFCHpEz+gVvRlPxovxbnzMWktGMbOP/pTx+QN38JzU</latexit>

�2(t1, �;w)
<latexit sha1_base64="JkDwSAhTn4RhGk47ricbTgZ4704=">AAACFHicbVDLSsNAFJ3UV62vqEs3g1WoKCUpgoKbghuXFewDmhAm00k7dPJg5kYpoR/hxl9x40IRty7c+TdO2i609cIwh3Pu5Z57/ERwBZb1bRSWlldW14rrpY3Nre0dc3evpeJUUtaksYhlxyeKCR6xJnAQrJNIRkJfsLY/vM719j2TisfRHYwS5oakH/GAUwKa8sxTR/F+SLxaBTz7DDt+LHpqFOrPgQEDcuWEBAZ+kD2MTzyzbFWtSeFFYM9AGc2q4ZlfTi+macgioIIo1bWtBNyMSOBUsHHJSRVLCB2SPutqGJGQKTebHDXGx5rp4SCW+kWAJ+zviYyEKneqO3OLal7Lyf+0bgrBpZvxKEmBRXS6KEgFhhjnCeEel4yCGGlAqOTaK6YDIgkFnWNJh2DPn7wIWrWqbVXt2/Ny/WgWRxEdoENUQTa6QHV0gxqoiSh6RM/oFb0ZT8aL8W58TFsLxmxmH/0p4/MHat2eVw==</latexit><latexit sha1_base64="JkDwSAhTn4RhGk47ricbTgZ4704=">AAACFHicbVDLSsNAFJ3UV62vqEs3g1WoKCUpgoKbghuXFewDmhAm00k7dPJg5kYpoR/hxl9x40IRty7c+TdO2i609cIwh3Pu5Z57/ERwBZb1bRSWlldW14rrpY3Nre0dc3evpeJUUtaksYhlxyeKCR6xJnAQrJNIRkJfsLY/vM719j2TisfRHYwS5oakH/GAUwKa8sxTR/F+SLxaBTz7DDt+LHpqFOrPgQEDcuWEBAZ+kD2MTzyzbFWtSeFFYM9AGc2q4ZlfTi+macgioIIo1bWtBNyMSOBUsHHJSRVLCB2SPutqGJGQKTebHDXGx5rp4SCW+kWAJ+zviYyEKneqO3OLal7Lyf+0bgrBpZvxKEmBRXS6KEgFhhjnCeEel4yCGGlAqOTaK6YDIgkFnWNJh2DPn7wIWrWqbVXt2/Ny/WgWRxEdoENUQTa6QHV0gxqoiSh6RM/oFb0ZT8aL8W58TFsLxmxmH/0p4/MHat2eVw==</latexit><latexit sha1_base64="JkDwSAhTn4RhGk47ricbTgZ4704=">AAACFHicbVDLSsNAFJ3UV62vqEs3g1WoKCUpgoKbghuXFewDmhAm00k7dPJg5kYpoR/hxl9x40IRty7c+TdO2i609cIwh3Pu5Z57/ERwBZb1bRSWlldW14rrpY3Nre0dc3evpeJUUtaksYhlxyeKCR6xJnAQrJNIRkJfsLY/vM719j2TisfRHYwS5oakH/GAUwKa8sxTR/F+SLxaBTz7DDt+LHpqFOrPgQEDcuWEBAZ+kD2MTzyzbFWtSeFFYM9AGc2q4ZlfTi+macgioIIo1bWtBNyMSOBUsHHJSRVLCB2SPutqGJGQKTebHDXGx5rp4SCW+kWAJ+zviYyEKneqO3OLal7Lyf+0bgrBpZvxKEmBRXS6KEgFhhjnCeEel4yCGGlAqOTaK6YDIgkFnWNJh2DPn7wIWrWqbVXt2/Ny/WgWRxEdoENUQTa6QHV0gxqoiSh6RM/oFb0ZT8aL8W58TFsLxmxmH/0p4/MHat2eVw==</latexit><latexit sha1_base64="JkDwSAhTn4RhGk47ricbTgZ4704=">AAACFHicbVDLSsNAFJ3UV62vqEs3g1WoKCUpgoKbghuXFewDmhAm00k7dPJg5kYpoR/hxl9x40IRty7c+TdO2i609cIwh3Pu5Z57/ERwBZb1bRSWlldW14rrpY3Nre0dc3evpeJUUtaksYhlxyeKCR6xJnAQrJNIRkJfsLY/vM719j2TisfRHYwS5oakH/GAUwKa8sxTR/F+SLxaBTz7DDt+LHpqFOrPgQEDcuWEBAZ+kD2MTzyzbFWtSeFFYM9AGc2q4ZlfTi+macgioIIo1bWtBNyMSOBUsHHJSRVLCB2SPutqGJGQKTebHDXGx5rp4SCW+kWAJ+zviYyEKneqO3OLal7Lyf+0bgrBpZvxKEmBRXS6KEgFhhjnCeEel4yCGGlAqOTaK6YDIgkFnWNJh2DPn7wIWrWqbVXt2/Ny/WgWRxEdoENUQTa6QHV0gxqoiSh6RM/oFb0ZT8aL8W58TFsLxmxmH/0p4/MHat2eVw==</latexit>

µ2(t1, �;w)
<latexit sha1_base64="0UjyJV7dAGm5UItc2etJkKh6gjc=">AAACEXicbVDLSsNAFJ34rPUVdelmsAoVpCRFUHBTcOOygn1AE8JkOmmHTh7M3Cgl9Bfc+CtuXCji1p07/8ZJm4W2XhjmcM693HOPnwiuwLK+jaXlldW19dJGeXNre2fX3NtvqziVlLVoLGLZ9YligkesBRwE6yaSkdAXrOOPrnO9c8+k4nF0B+OEuSEZRDzglICmPLPqhKlXr4Jnn2HHj0VfjUP9OTBkQK6ckMDQD7KHyalnVqyaNS28COwCVFBRTc/8cvoxTUMWARVEqZ5tJeBmRAKngk3KTqpYQuiIDFhPw4iETLnZ9KIJPtFMHwex1C8CPGV/T2QkVLlT3ZlbVPNaTv6n9VIILt2MR0kKLKKzRUEqMMQ4jwf3uWQUxFgDQiXXXjEdEkko6BDLOgR7/uRF0K7XbKtm355XGsdFHCV0iI5QFdnoAjXQDWqiFqLoET2jV/RmPBkvxrvxMWtdMoqZA/SnjM8f/sedCg==</latexit><latexit sha1_base64="0UjyJV7dAGm5UItc2etJkKh6gjc=">AAACEXicbVDLSsNAFJ34rPUVdelmsAoVpCRFUHBTcOOygn1AE8JkOmmHTh7M3Cgl9Bfc+CtuXCji1p07/8ZJm4W2XhjmcM693HOPnwiuwLK+jaXlldW19dJGeXNre2fX3NtvqziVlLVoLGLZ9YligkesBRwE6yaSkdAXrOOPrnO9c8+k4nF0B+OEuSEZRDzglICmPLPqhKlXr4Jnn2HHj0VfjUP9OTBkQK6ckMDQD7KHyalnVqyaNS28COwCVFBRTc/8cvoxTUMWARVEqZ5tJeBmRAKngk3KTqpYQuiIDFhPw4iETLnZ9KIJPtFMHwex1C8CPGV/T2QkVLlT3ZlbVPNaTv6n9VIILt2MR0kKLKKzRUEqMMQ4jwf3uWQUxFgDQiXXXjEdEkko6BDLOgR7/uRF0K7XbKtm355XGsdFHCV0iI5QFdnoAjXQDWqiFqLoET2jV/RmPBkvxrvxMWtdMoqZA/SnjM8f/sedCg==</latexit><latexit sha1_base64="0UjyJV7dAGm5UItc2etJkKh6gjc=">AAACEXicbVDLSsNAFJ34rPUVdelmsAoVpCRFUHBTcOOygn1AE8JkOmmHTh7M3Cgl9Bfc+CtuXCji1p07/8ZJm4W2XhjmcM693HOPnwiuwLK+jaXlldW19dJGeXNre2fX3NtvqziVlLVoLGLZ9YligkesBRwE6yaSkdAXrOOPrnO9c8+k4nF0B+OEuSEZRDzglICmPLPqhKlXr4Jnn2HHj0VfjUP9OTBkQK6ckMDQD7KHyalnVqyaNS28COwCVFBRTc/8cvoxTUMWARVEqZ5tJeBmRAKngk3KTqpYQuiIDFhPw4iETLnZ9KIJPtFMHwex1C8CPGV/T2QkVLlT3ZlbVPNaTv6n9VIILt2MR0kKLKKzRUEqMMQ4jwf3uWQUxFgDQiXXXjEdEkko6BDLOgR7/uRF0K7XbKtm355XGsdFHCV0iI5QFdnoAjXQDWqiFqLoET2jV/RmPBkvxrvxMWtdMoqZA/SnjM8f/sedCg==</latexit><latexit sha1_base64="0UjyJV7dAGm5UItc2etJkKh6gjc=">AAACEXicbVDLSsNAFJ34rPUVdelmsAoVpCRFUHBTcOOygn1AE8JkOmmHTh7M3Cgl9Bfc+CtuXCji1p07/8ZJm4W2XhjmcM693HOPnwiuwLK+jaXlldW19dJGeXNre2fX3NtvqziVlLVoLGLZ9YligkesBRwE6yaSkdAXrOOPrnO9c8+k4nF0B+OEuSEZRDzglICmPLPqhKlXr4Jnn2HHj0VfjUP9OTBkQK6ckMDQD7KHyalnVqyaNS28COwCVFBRTc/8cvoxTUMWARVEqZ5tJeBmRAKngk3KTqpYQuiIDFhPw4iETLnZ9KIJPtFMHwex1C8CPGV/T2QkVLlT3ZlbVPNaTv6n9VIILt2MR0kKLKKzRUEqMMQ4jwf3uWQUxFgDQiXXXjEdEkko6BDLOgR7/uRF0K7XbKtm355XGsdFHCV0iI5QFdnoAjXQDWqiFqLoET2jV/RmPBkvxrvxMWtdMoqZA/SnjM8f/sedCg==</latexit>

µi(t1:i�1, �;w)
<latexit sha1_base64="ITN5HuEv6dUrtykxzWG1XJ9/YJ8=">AAACF3icbVDLSsNAFJ3UV62vqks3g1WooCURQdFNwY3LCvYBTQiT6aQdOnkwc6OU0L9w46+4caGIW935N07aLLT1wjCHc+7lnnu8WHAFpvltFBYWl5ZXiqultfWNza3y9k5LRYmkrEkjEcmORxQTPGRN4CBYJ5aMBJ5gbW94nenteyYVj8I7GMXMCUg/5D6nBDTllmt2kLi8Cm5qXfITa3yMbS8SPTUK9GfDgAG5sgMCA89PH8ZHbrli1sxJ4Xlg5aCC8mq45S+7F9EkYCFQQZTqWmYMTkokcCrYuGQnisWEDkmfdTUMScCUk07uGuNDzfSwH0n9QsAT9vdESgKVOdWdmUU1q2Xkf1o3Af/CSXkYJ8BCOl3kJwJDhLOQcI9LRkGMNCBUcu0V0wGRhIKOsqRDsGZPnget05pl1qzbs0r9II+jiPbQPqoiC52jOrpBDdREFD2iZ/SK3own48V4Nz6mrQUjn9lFf8r4/AGNDZ92</latexit><latexit sha1_base64="ITN5HuEv6dUrtykxzWG1XJ9/YJ8=">AAACF3icbVDLSsNAFJ3UV62vqks3g1WooCURQdFNwY3LCvYBTQiT6aQdOnkwc6OU0L9w46+4caGIW935N07aLLT1wjCHc+7lnnu8WHAFpvltFBYWl5ZXiqultfWNza3y9k5LRYmkrEkjEcmORxQTPGRN4CBYJ5aMBJ5gbW94nenteyYVj8I7GMXMCUg/5D6nBDTllmt2kLi8Cm5qXfITa3yMbS8SPTUK9GfDgAG5sgMCA89PH8ZHbrli1sxJ4Xlg5aCC8mq45S+7F9EkYCFQQZTqWmYMTkokcCrYuGQnisWEDkmfdTUMScCUk07uGuNDzfSwH0n9QsAT9vdESgKVOdWdmUU1q2Xkf1o3Af/CSXkYJ8BCOl3kJwJDhLOQcI9LRkGMNCBUcu0V0wGRhIKOsqRDsGZPnget05pl1qzbs0r9II+jiPbQPqoiC52jOrpBDdREFD2iZ/SK3own48V4Nz6mrQUjn9lFf8r4/AGNDZ92</latexit><latexit sha1_base64="ITN5HuEv6dUrtykxzWG1XJ9/YJ8=">AAACF3icbVDLSsNAFJ3UV62vqks3g1WooCURQdFNwY3LCvYBTQiT6aQdOnkwc6OU0L9w46+4caGIW935N07aLLT1wjCHc+7lnnu8WHAFpvltFBYWl5ZXiqultfWNza3y9k5LRYmkrEkjEcmORxQTPGRN4CBYJ5aMBJ5gbW94nenteyYVj8I7GMXMCUg/5D6nBDTllmt2kLi8Cm5qXfITa3yMbS8SPTUK9GfDgAG5sgMCA89PH8ZHbrli1sxJ4Xlg5aCC8mq45S+7F9EkYCFQQZTqWmYMTkokcCrYuGQnisWEDkmfdTUMScCUk07uGuNDzfSwH0n9QsAT9vdESgKVOdWdmUU1q2Xkf1o3Af/CSXkYJ8BCOl3kJwJDhLOQcI9LRkGMNCBUcu0V0wGRhIKOsqRDsGZPnget05pl1qzbs0r9II+jiPbQPqoiC52jOrpBDdREFD2iZ/SK3own48V4Nz6mrQUjn9lFf8r4/AGNDZ92</latexit><latexit sha1_base64="ITN5HuEv6dUrtykxzWG1XJ9/YJ8=">AAACF3icbVDLSsNAFJ3UV62vqks3g1WooCURQdFNwY3LCvYBTQiT6aQdOnkwc6OU0L9w46+4caGIW935N07aLLT1wjCHc+7lnnu8WHAFpvltFBYWl5ZXiqultfWNza3y9k5LRYmkrEkjEcmORxQTPGRN4CBYJ5aMBJ5gbW94nenteyYVj8I7GMXMCUg/5D6nBDTllmt2kLi8Cm5qXfITa3yMbS8SPTUK9GfDgAG5sgMCA89PH8ZHbrli1sxJ4Xlg5aCC8mq45S+7F9EkYCFQQZTqWmYMTkokcCrYuGQnisWEDkmfdTUMScCUk07uGuNDzfSwH0n9QsAT9vdESgKVOdWdmUU1q2Xkf1o3Af/CSXkYJ8BCOl3kJwJDhLOQcI9LRkGMNCBUcu0V0wGRhIKOsqRDsGZPnget05pl1qzbs0r9II+jiPbQPqoiC52jOrpBDdREFD2iZ/SK3own48V4Nz6mrQUjn9lFf8r4/AGNDZ92</latexit>

�i(t1:i�1, �;w)
<latexit sha1_base64="l12EK39fQZi2KTtRhGA6NctEuSc=">AAACGnicbVDLSgMxFM3UV62vqks3wSpU0DIRQdFNwY3LCvYBnTJk0kwbmnmQ3FHK0O9w46+4caGIO3Hj35hpu9DWCyGHc+7lnnu8WAoNtv1t5RYWl5ZX8quFtfWNza3i9k5DR4livM4iGamWRzWXIuR1ECB5K1acBp7kTW9wnenNe660iMI7GMa8E9BeKHzBKBjKLRJHi15AXVEGNyWX4oSMjrHjRbKrh4H5HOhzoFdOQKHv+enD6MgtluyKPS48D8gUlNC0am7x0+lGLAl4CExSrdvEjqGTUgWCST4qOInmMWUD2uNtA0MacN1Jx6eN8KFhutiPlHkh4DH7eyKlgc6cms7Mop7VMvI/rZ2Af9FJRRgnwEM2WeQnEkOEs5xwVyjOQA4NoEwJ4xWzPlWUgUmzYEIgsyfPg8ZphdgVcntWqh5M48ijPbSPyoigc1RFN6iG6oihR/SMXtGb9WS9WO/Wx6Q1Z01ndtGfsr5+AABhoMM=</latexit><latexit sha1_base64="l12EK39fQZi2KTtRhGA6NctEuSc=">AAACGnicbVDLSgMxFM3UV62vqks3wSpU0DIRQdFNwY3LCvYBnTJk0kwbmnmQ3FHK0O9w46+4caGIO3Hj35hpu9DWCyGHc+7lnnu8WAoNtv1t5RYWl5ZX8quFtfWNza3i9k5DR4livM4iGamWRzWXIuR1ECB5K1acBp7kTW9wnenNe660iMI7GMa8E9BeKHzBKBjKLRJHi15AXVEGNyWX4oSMjrHjRbKrh4H5HOhzoFdOQKHv+enD6MgtluyKPS48D8gUlNC0am7x0+lGLAl4CExSrdvEjqGTUgWCST4qOInmMWUD2uNtA0MacN1Jx6eN8KFhutiPlHkh4DH7eyKlgc6cms7Mop7VMvI/rZ2Af9FJRRgnwEM2WeQnEkOEs5xwVyjOQA4NoEwJ4xWzPlWUgUmzYEIgsyfPg8ZphdgVcntWqh5M48ijPbSPyoigc1RFN6iG6oihR/SMXtGb9WS9WO/Wx6Q1Z01ndtGfsr5+AABhoMM=</latexit><latexit sha1_base64="l12EK39fQZi2KTtRhGA6NctEuSc=">AAACGnicbVDLSgMxFM3UV62vqks3wSpU0DIRQdFNwY3LCvYBnTJk0kwbmnmQ3FHK0O9w46+4caGIO3Hj35hpu9DWCyGHc+7lnnu8WAoNtv1t5RYWl5ZX8quFtfWNza3i9k5DR4livM4iGamWRzWXIuR1ECB5K1acBp7kTW9wnenNe660iMI7GMa8E9BeKHzBKBjKLRJHi15AXVEGNyWX4oSMjrHjRbKrh4H5HOhzoFdOQKHv+enD6MgtluyKPS48D8gUlNC0am7x0+lGLAl4CExSrdvEjqGTUgWCST4qOInmMWUD2uNtA0MacN1Jx6eN8KFhutiPlHkh4DH7eyKlgc6cms7Mop7VMvI/rZ2Af9FJRRgnwEM2WeQnEkOEs5xwVyjOQA4NoEwJ4xWzPlWUgUmzYEIgsyfPg8ZphdgVcntWqh5M48ijPbSPyoigc1RFN6iG6oihR/SMXtGb9WS9WO/Wx6Q1Z01ndtGfsr5+AABhoMM=</latexit><latexit sha1_base64="l12EK39fQZi2KTtRhGA6NctEuSc=">AAACGnicbVDLSgMxFM3UV62vqks3wSpU0DIRQdFNwY3LCvYBnTJk0kwbmnmQ3FHK0O9w46+4caGIO3Hj35hpu9DWCyGHc+7lnnu8WAoNtv1t5RYWl5ZX8quFtfWNza3i9k5DR4livM4iGamWRzWXIuR1ECB5K1acBp7kTW9wnenNe660iMI7GMa8E9BeKHzBKBjKLRJHi15AXVEGNyWX4oSMjrHjRbKrh4H5HOhzoFdOQKHv+enD6MgtluyKPS48D8gUlNC0am7x0+lGLAl4CExSrdvEjqGTUgWCST4qOInmMWUD2uNtA0MacN1Jx6eN8KFhutiPlHkh4DH7eyKlgc6cms7Mop7VMvI/rZ2Af9FJRRgnwEM2WeQnEkOEs5xwVyjOQA4NoEwJ4xWzPlWUgUmzYEIgsyfPg8ZphdgVcntWqh5M48ijPbSPyoigc1RFN6iG6oihR/SMXtGb9WS9WO/Wx6Q1Z01ndtGfsr5+AABhoMM=</latexit>

p(t1|�;w) = N [µ1(�;w), �1(�;w)]
<latexit sha1_base64="TQZM6Ov3hMwEbwahuZ7ydi2SuKI="></latexit><latexit sha1_base64="TQZM6Ov3hMwEbwahuZ7ydi2SuKI="></latexit><latexit sha1_base64="TQZM6Ov3hMwEbwahuZ7ydi2SuKI="></latexit><latexit sha1_base64="TQZM6Ov3hMwEbwahuZ7ydi2SuKI="></latexit>

p(t2|t1, �;w) = N [µ2(t1, �;w), �2(t1, �;w)]
<latexit sha1_base64="n8eeVS+59pKLC6h6UaTx16GqNzY="></latexit><latexit sha1_base64="n8eeVS+59pKLC6h6UaTx16GqNzY="></latexit><latexit sha1_base64="n8eeVS+59pKLC6h6UaTx16GqNzY="></latexit><latexit sha1_base64="n8eeVS+59pKLC6h6UaTx16GqNzY="></latexit>

p(ti|t1:i�1, �;w) = N [µi(t1:i�1, �;w), �i(t1:i�1, �;w)]
<latexit sha1_base64="xVbQV355crKglotjMz8HD48eY/M="></latexit><latexit sha1_base64="xVbQV355crKglotjMz8HD48eY/M="></latexit><latexit sha1_base64="xVbQV355crKglotjMz8HD48eY/M="></latexit><latexit sha1_base64="xVbQV355crKglotjMz8HD48eY/M="></latexit>

ui = (ti � µi)/�i
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Autoregressive conditionals

Density estimator
p(t|�;w) = N [u(t, �;w)|0, I] � |�u(t, �;w)
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Training data

Loss function U = �
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Masked Autoencoder for Density Estimation (MADE)

�ln U = �
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ln p(ti|�i;w)
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Figure 3. Schematic of the conditional masked autoencoder for density estimation (MADE) parameterization of the conditional density
p(t |✓). The means and variances of the autoregressive conditionals are parameterized by the neural network, with the hidden layers
carefully masked to ensure the autoregressive properties are satisfied. A masked autoregressive flow (MAF) is a stack of MADEs, where
the output of each MADE is fed as input to the next, and the order of the autoregressive factorization is changed between MADEs.

given by:

�ln U(w|{✓, t}) = �

’
i

ln
⇥
N

�
u(ti,✓i ; w) | 0, I

�

+

Nmades’
n=1

dim(t)’
m=1

ln�nm(ti, ✓i ; w)
⇤
.

(9)

The neural density estimators are then trained in the usual
way by minimizing the negative log-loss with respect to the
network weights, or inferring a posterior density over the
weights given the training data (and some network weight
prior).

Over-fitting can be mitigated by any of the standard
regularization methods used for neural networks, such as
early-stopping or dropout. Early-stopping splits the train-
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The MDN model is shown schematically in Figure 2;
the network takes in parameters ✓ and outputs the means,
weights and covariances of the mixture model for p(t|✓) cor-
responding to that input ✓. The MDN network architecture
typically has a number of intermediate dense hidden layers
with some non-linear activation function (eg., tanh). In the
output layer, the output nodes corresponding to the means
have linear activations, as do the o↵-diagonal elements of the
covariance matrices, whilst the diagonal covariance elements
are passed through an exponential activation to ensure pos-
itive definiteness, and the mixture component weights are
passed through a softmax activation5 to ensure they are pos-
itive and sum to unity.

Note that a mixture density network parameterization
of p(t|✓) with a single Gaussian component defines a Gaus-
sian likelihood where the mean and covariance are functions
of the parameters – a common approximate likelihood used
in many cosmological data analysis problems. Adding ad-
ditional components immediately results in a more flexible
density estimator and hence likelihood assumptions; Gaus-
sian mixtures can represent any smooth probability density
(given enough components).

2.2.2 Masked Autoregressive flows (MAF)

Any probability density can be factorized as a product of
one-dimension conditionals via applications of the chain
rule:

p(t|✓) =
dim(t)÷
i=1

p(ti |t1:i�1, ✓). (2)

Neural autoregressive density estimators construct paramet-
ric densities for this set of one-dimensional conditionals,
where the parameters of each of the conditionals are param-
eterized as a neural network (Uria et al. 2016). For example,
one could model each conditional p(ti |t1:i�1, ✓) as a Gaus-
sian whose mean and variance are free functions of (t1:i�1, ✓),
parameterized by a neural network. Masked Autoencoders
for Density Estimation (MADEs; Germain et al. 2015), de-
picted in Figure 3, do precisely this: the means and variances
of each conditional density are parameterized by the neural
network, where crucially the weights of the neural network
layers are masked in such a way that the output nodes for
p(ti |t1:i�1, ✓) only depend on (t1:i�1, ✓) (ie., the autoregres-
sive property is preserved). See Germain et al. (2015) for
details of how to construct the binary network weight mask.
As with MDNs, the hidden layers of the MADE have some
non-linear activation functions (eg., tanh), whilst the output
nodes associated with the conditional means have linear ac-
tivation, and the output nodes associated with the variances
have exponential activations (ensuring positivity).

By learning the means and variances of the autoregres-
sive conditionals, a MADE can be thought of as learning the
transform of the random variate t back to the unit normal:

t|✓ ! u(t, ✓; w) ⇠ N(0, I),
ti |✓ ! ui = (ti � µi(t1:i�1, ✓; w))/�i(t1:i�1, ✓; w), (3)

izes only the (upper triangular) Cholesky factors of the compo-
nent covariances.
5 Softmax: x ! exp(x)/⌃ exp(xi ).

where w are the (masked) weights of the neural network. The
parametric density estimator for a MADE is hence given by,

p(t|✓; w) =
÷
i

p(ti |t1:i�1, ✓; w)

= N [u(t, ✓; w)|0, I] ⇥
���� @u(t, ✓; w)

@t

����
= N [u(t, ✓; w)|0, I] ⇥

dim(t)÷
i=1

�i(t, ✓; w) (4)

Single MADE density estimators have two key limitations.
Firstly, they are sensitive to the order of the factorization
in Eq. (2); some densities may have simple (eg., unimodal)
conditionals in one factorization-order, but not in another,
and this is typically not known a priori (see Papamakarios
et al. 2017 for an illustration). Secondly, the assumption of
simple (eg., Gaussian) conditionals may be overly restrictive.

Masked Autoregressive Flows (MAF; Papamakarios
et al. 2017) address both of these limitations by construct-
ing a stack of MADEs, where the output u of each MADE is
taken as input for the next, with random re-ordering of the
chain-rule factorization between each MADE. With multi-
ple stacked MADEs and re-ordering, MAFs constitute very
flexible neural autoregressive density estimators suitable for
likelihood-free inference (Papamakarios et al. 2018). MAFs
then define the following conditional density estimator:

p(t|✓; w) =
÷
i

p(ti |t1:i�1, ✓; w)

= N [u(t, ✓; w)|0, I] ⇥
Nmades÷
n=1

dim(t)÷
i=1

�ni (t, ✓; w), (5)

where u is the output from the final MADE.

2.2.3 Training neural density estimators

To fit a neural density estimator to a set of simulated sam-
ples {✓, t}, we want to find the weights of the neural network
that minimize the Kullback-Leibler divergence between the
parametric density estimator p(t|✓; w) and the target p

⇤
(t|✓):

DKL(p
⇤
| p) =

π
p
⇤
(t|✓) ln

✓
p(t|✓; w)

p⇤(t|✓)

◆
dt (6)

Since we do not have access to the target density, only sam-
ples from it {t, ✓}, we take the (negative log) loss function
to be:

�ln U(w|{✓, t}) = �

Nsamples’
i=1

ln p(ti |✓i ; w), (7)

ie., a Monte Carlo estimate of the KL-divergence (up to an
additive w-independent constant), which is equivalent to the
negative log-likelihood of the simulated data {t, ✓} under the
conditional density estimator p(t|✓; w).

For (Gaussian) MDN conditional density estimators,
the loss is hence given by:

�ln U(w|{✓, t}) = �

’
i

nc’
k=1

⇡k (✓i ; w)N
⇥
ti | µk (✓i ; w),⌃k (✓i ; w)

⇤
.

(8)

For MAF conditional density estimators, the loss is
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The MDN model is shown schematically in Figure 2;
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one-dimension conditionals via applications of the chain
rule:
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dim(t)÷
i=1

p(ti |t1:i�1, ✓). (2)
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ti |✓ ! ui = (ti � µi(t1:i�1, ✓; w))/�i(t1:i�1, ✓; w), (3)

izes only the (upper triangular) Cholesky factors of the compo-
nent covariances.
5 Softmax: x ! exp(x)/⌃ exp(xi ).
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÷
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@t

����
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then define the following conditional density estimator:
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where u is the output from the final MADE.

2.2.3 Training neural density estimators

To fit a neural density estimator to a set of simulated sam-
ples {✓, t}, we want to find the weights of the neural network
that minimize the Kullback-Leibler divergence between the
parametric density estimator p(t|✓; w) and the target p

⇤
(t|✓):
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⇤
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ples from it {t, ✓}, we take the (negative log) loss function
to be:
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ie., a Monte Carlo estimate of the KL-divergence (up to an
additive w-independent constant), which is equivalent to the
negative log-likelihood of the simulated data {t, ✓} under the
conditional density estimator p(t|✓; w).
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the loss is hence given by:
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Figure 2. Schematic of the mixture density network parameterization of the conditional density p(t |✓). The means, weights and co-
variances of a Gaussian mixture model for p(t |✓) are free functions of the parameters ✓, parameterized by the weights, w, of the neural
network. The neural network takes ✓ as input and outputs the parameters of the mixture model for those parameters.

…

… …

hidden (masked) layers

pa
ra

m
et

er
s,

�

…

network weights

w0
<latexit sha1_base64="x5WIEP8vZ92RtMHgRbOMjTcQWGg=">AAAB83icdVDLSgMxFM3UV62vqks3wSK4GjJ1auuu6MZlBfuAzlAyaaYNzWSGJKOUob/hxoUibv0Zd/6NmbaCih4IHM65l3tygoQzpRH6sAorq2vrG8XN0tb2zu5eef+go+JUEtomMY9lL8CKciZoWzPNaS+RFEcBp91gcpX73TsqFYvFrZ4m1I/wSLCQEayN5HkR1uMgzO5nAzQoV5BdO2s4qA5z4p7XLnLiOm7VhY6N5qiAJVqD8rs3jEkaUaEJx0r1HZRoP8NSM8LprOSliiaYTPCI9g0VOKLKz+aZZ/DEKEMYxtI8oeFc/b6R4UipaRSYyTyj+u3l4l9eP9Vhw8+YSFJNBVkcClMOdQzzAuCQSUo0nxqCiWQmKyRjLDHRpqaSKeHrp/B/0qnaDrKdG7fSvFzWUQRH4BicAgfUQRNcgxZoAwIS8ACewLOVWo/Wi/W6GC1Yy51D8APW2yeVcJIK</latexit><latexit sha1_base64="x5WIEP8vZ92RtMHgRbOMjTcQWGg=">AAAB83icdVDLSgMxFM3UV62vqks3wSK4GjJ1auuu6MZlBfuAzlAyaaYNzWSGJKOUob/hxoUibv0Zd/6NmbaCih4IHM65l3tygoQzpRH6sAorq2vrG8XN0tb2zu5eef+go+JUEtomMY9lL8CKciZoWzPNaS+RFEcBp91gcpX73TsqFYvFrZ4m1I/wSLCQEayN5HkR1uMgzO5nAzQoV5BdO2s4qA5z4p7XLnLiOm7VhY6N5qiAJVqD8rs3jEkaUaEJx0r1HZRoP8NSM8LprOSliiaYTPCI9g0VOKLKz+aZZ/DEKEMYxtI8oeFc/b6R4UipaRSYyTyj+u3l4l9eP9Vhw8+YSFJNBVkcClMOdQzzAuCQSUo0nxqCiWQmKyRjLDHRpqaSKeHrp/B/0qnaDrKdG7fSvFzWUQRH4BicAgfUQRNcgxZoAwIS8ACewLOVWo/Wi/W6GC1Yy51D8APW2yeVcJIK</latexit><latexit sha1_base64="x5WIEP8vZ92RtMHgRbOMjTcQWGg=">AAAB83icdVDLSgMxFM3UV62vqks3wSK4GjJ1auuu6MZlBfuAzlAyaaYNzWSGJKOUob/hxoUibv0Zd/6NmbaCih4IHM65l3tygoQzpRH6sAorq2vrG8XN0tb2zu5eef+go+JUEtomMY9lL8CKciZoWzPNaS+RFEcBp91gcpX73TsqFYvFrZ4m1I/wSLCQEayN5HkR1uMgzO5nAzQoV5BdO2s4qA5z4p7XLnLiOm7VhY6N5qiAJVqD8rs3jEkaUaEJx0r1HZRoP8NSM8LprOSliiaYTPCI9g0VOKLKz+aZZ/DEKEMYxtI8oeFc/b6R4UipaRSYyTyj+u3l4l9eP9Vhw8+YSFJNBVkcClMOdQzzAuCQSUo0nxqCiWQmKyRjLDHRpqaSKeHrp/B/0qnaDrKdG7fSvFzWUQRH4BicAgfUQRNcgxZoAwIS8ACewLOVWo/Wi/W6GC1Yy51D8APW2yeVcJIK</latexit><latexit sha1_base64="x5WIEP8vZ92RtMHgRbOMjTcQWGg=">AAAB83icdVDLSgMxFM3UV62vqks3wSK4GjJ1auuu6MZlBfuAzlAyaaYNzWSGJKOUob/hxoUibv0Zd/6NmbaCih4IHM65l3tygoQzpRH6sAorq2vrG8XN0tb2zu5eef+go+JUEtomMY9lL8CKciZoWzPNaS+RFEcBp91gcpX73TsqFYvFrZ4m1I/wSLCQEayN5HkR1uMgzO5nAzQoV5BdO2s4qA5z4p7XLnLiOm7VhY6N5qiAJVqD8rs3jEkaUaEJx0r1HZRoP8NSM8LprOSliiaYTPCI9g0VOKLKz+aZZ/DEKEMYxtI8oeFc/b6R4UipaRSYyTyj+u3l4l9eP9Vhw8+YSFJNBVkcClMOdQzzAuCQSUo0nxqCiWQmKyRjLDHRpqaSKeHrp/B/0qnaDrKdG7fSvFzWUQRH4BicAgfUQRNcgxZoAwIS8ACewLOVWo/Wi/W6GC1Yy51D8APW2yeVcJIK</latexit>

w1
<latexit sha1_base64="C43dsdriQRTA6wejHv/AfhItRss=">AAAB83icdVDLSgMxFM3UV62vqks3wSK4GiZ1auuu6MZlBfuAzlAyaaYNzWSGJKOUob/hxoUibv0Zd/6NmbaCih4IHM65l3tygoQzpR3nwyqsrK6tbxQ3S1vbO7t75f2DjopTSWibxDyWvQArypmgbc00p71EUhwFnHaDyVXud++oVCwWt3qaUD/CI8FCRrA2kudFWI+DMLufDdCgXHHs2lkDOXWYE/e8dpETF7lVFyLbmaMClmgNyu/eMCZpRIUmHCvVR06i/QxLzQins5KXKppgMsEj2jdU4IgqP5tnnsETowxhGEvzhIZz9ftGhiOlplFgJvOM6reXi395/VSHDT9jIkk1FWRxKEw51DHMC4BDJinRfGoIJpKZrJCMscREm5pKpoSvn8L/SadqI8dGN26lebmsowiOwDE4BQjUQRNcgxZoAwIS8ACewLOVWo/Wi/W6GC1Yy51D8APW2yeW9JIL</latexit><latexit sha1_base64="C43dsdriQRTA6wejHv/AfhItRss=">AAAB83icdVDLSgMxFM3UV62vqks3wSK4GiZ1auuu6MZlBfuAzlAyaaYNzWSGJKOUob/hxoUibv0Zd/6NmbaCih4IHM65l3tygoQzpR3nwyqsrK6tbxQ3S1vbO7t75f2DjopTSWibxDyWvQArypmgbc00p71EUhwFnHaDyVXud++oVCwWt3qaUD/CI8FCRrA2kudFWI+DMLufDdCgXHHs2lkDOXWYE/e8dpETF7lVFyLbmaMClmgNyu/eMCZpRIUmHCvVR06i/QxLzQins5KXKppgMsEj2jdU4IgqP5tnnsETowxhGEvzhIZz9ftGhiOlplFgJvOM6reXi395/VSHDT9jIkk1FWRxKEw51DHMC4BDJinRfGoIJpKZrJCMscREm5pKpoSvn8L/SadqI8dGN26lebmsowiOwDE4BQjUQRNcgxZoAwIS8ACewLOVWo/Wi/W6GC1Yy51D8APW2yeW9JIL</latexit><latexit sha1_base64="C43dsdriQRTA6wejHv/AfhItRss=">AAAB83icdVDLSgMxFM3UV62vqks3wSK4GiZ1auuu6MZlBfuAzlAyaaYNzWSGJKOUob/hxoUibv0Zd/6NmbaCih4IHM65l3tygoQzpR3nwyqsrK6tbxQ3S1vbO7t75f2DjopTSWibxDyWvQArypmgbc00p71EUhwFnHaDyVXud++oVCwWt3qaUD/CI8FCRrA2kudFWI+DMLufDdCgXHHs2lkDOXWYE/e8dpETF7lVFyLbmaMClmgNyu/eMCZpRIUmHCvVR06i/QxLzQins5KXKppgMsEj2jdU4IgqP5tnnsETowxhGEvzhIZz9ftGhiOlplFgJvOM6reXi395/VSHDT9jIkk1FWRxKEw51DHMC4BDJinRfGoIJpKZrJCMscREm5pKpoSvn8L/SadqI8dGN26lebmsowiOwDE4BQjUQRNcgxZoAwIS8ACewLOVWo/Wi/W6GC1Yy51D8APW2yeW9JIL</latexit><latexit sha1_base64="C43dsdriQRTA6wejHv/AfhItRss=">AAAB83icdVDLSgMxFM3UV62vqks3wSK4GiZ1auuu6MZlBfuAzlAyaaYNzWSGJKOUob/hxoUibv0Zd/6NmbaCih4IHM65l3tygoQzpR3nwyqsrK6tbxQ3S1vbO7t75f2DjopTSWibxDyWvQArypmgbc00p71EUhwFnHaDyVXud++oVCwWt3qaUD/CI8FCRrA2kudFWI+DMLufDdCgXHHs2lkDOXWYE/e8dpETF7lVFyLbmaMClmgNyu/eMCZpRIUmHCvVR06i/QxLzQins5KXKppgMsEj2jdU4IgqP5tnnsETowxhGEvzhIZz9ftGhiOlplFgJvOM6reXi395/VSHDT9jIkk1FWRxKEw51DHMC4BDJinRfGoIJpKZrJCMscREm5pKpoSvn8L/SadqI8dGN26lebmsowiOwDE4BQjUQRNcgxZoAwIS8ACewLOVWo/Wi/W6GC1Yy51D8APW2yeW9JIL</latexit>

wn�1
<latexit sha1_base64="RkVZiDF4c0sYFKRlscR/Did7O2M=">AAAB+XicdVDLSsNAFJ3UV62vqEs3g0VwY0lqauuu6MZlBfuANoTJdNIOnUzCzKRSQv7EjQtF3Pon7vwbJ20FFT0wcDjnXu6Z48eMSmVZH0ZhZXVtfaO4Wdra3tndM/cPOjJKBCZtHLFI9HwkCaOctBVVjPRiQVDoM9L1J9e5350SIWnE79QsJm6IRpwGFCOlJc80ByFSYz9I7zMv5Wd25pllq1I7b9hWHebEuahd5sSxnaoD7Yo1Rxks0fLM98EwwklIuMIMSdm3rVi5KRKKYkay0iCRJEZ4gkakrylHIZFuOk+ewROtDGEQCf24gnP1+0aKQilnoa8n85zyt5eLf3n9RAUNN6U8ThTheHEoSBhUEcxrgEMqCFZspgnCguqsEI+RQFjpskq6hK+fwv9Jp1qxrYp965SbV8s6iuAIHINTYIM6aIIb0AJtgMEUPIAn8GykxqPxYrwuRgvGcucQ/IDx9gkb9ZP3</latexit><latexit sha1_base64="RkVZiDF4c0sYFKRlscR/Did7O2M=">AAAB+XicdVDLSsNAFJ3UV62vqEs3g0VwY0lqauuu6MZlBfuANoTJdNIOnUzCzKRSQv7EjQtF3Pon7vwbJ20FFT0wcDjnXu6Z48eMSmVZH0ZhZXVtfaO4Wdra3tndM/cPOjJKBCZtHLFI9HwkCaOctBVVjPRiQVDoM9L1J9e5350SIWnE79QsJm6IRpwGFCOlJc80ByFSYz9I7zMv5Wd25pllq1I7b9hWHebEuahd5sSxnaoD7Yo1Rxks0fLM98EwwklIuMIMSdm3rVi5KRKKYkay0iCRJEZ4gkakrylHIZFuOk+ewROtDGEQCf24gnP1+0aKQilnoa8n85zyt5eLf3n9RAUNN6U8ThTheHEoSBhUEcxrgEMqCFZspgnCguqsEI+RQFjpskq6hK+fwv9Jp1qxrYp965SbV8s6iuAIHINTYIM6aIIb0AJtgMEUPIAn8GykxqPxYrwuRgvGcucQ/IDx9gkb9ZP3</latexit><latexit sha1_base64="RkVZiDF4c0sYFKRlscR/Did7O2M=">AAAB+XicdVDLSsNAFJ3UV62vqEs3g0VwY0lqauuu6MZlBfuANoTJdNIOnUzCzKRSQv7EjQtF3Pon7vwbJ20FFT0wcDjnXu6Z48eMSmVZH0ZhZXVtfaO4Wdra3tndM/cPOjJKBCZtHLFI9HwkCaOctBVVjPRiQVDoM9L1J9e5350SIWnE79QsJm6IRpwGFCOlJc80ByFSYz9I7zMv5Wd25pllq1I7b9hWHebEuahd5sSxnaoD7Yo1Rxks0fLM98EwwklIuMIMSdm3rVi5KRKKYkay0iCRJEZ4gkakrylHIZFuOk+ewROtDGEQCf24gnP1+0aKQilnoa8n85zyt5eLf3n9RAUNN6U8ThTheHEoSBhUEcxrgEMqCFZspgnCguqsEI+RQFjpskq6hK+fwv9Jp1qxrYp965SbV8s6iuAIHINTYIM6aIIb0AJtgMEUPIAn8GykxqPxYrwuRgvGcucQ/IDx9gkb9ZP3</latexit><latexit sha1_base64="RkVZiDF4c0sYFKRlscR/Did7O2M=">AAAB+XicdVDLSsNAFJ3UV62vqEs3g0VwY0lqauuu6MZlBfuANoTJdNIOnUzCzKRSQv7EjQtF3Pon7vwbJ20FFT0wcDjnXu6Z48eMSmVZH0ZhZXVtfaO4Wdra3tndM/cPOjJKBCZtHLFI9HwkCaOctBVVjPRiQVDoM9L1J9e5350SIWnE79QsJm6IRpwGFCOlJc80ByFSYz9I7zMv5Wd25pllq1I7b9hWHebEuahd5sSxnaoD7Yo1Rxks0fLM98EwwklIuMIMSdm3rVi5KRKKYkay0iCRJEZ4gkakrylHIZFuOk+ewROtDGEQCf24gnP1+0aKQilnoa8n85zyt5eLf3n9RAUNN6U8ThTheHEoSBhUEcxrgEMqCFZspgnCguqsEI+RQFjpskq6hK+fwv9Jp1qxrYp965SbV8s6iuAIHINTYIM6aIIb0AJtgMEUPIAn8GykxqPxYrwuRgvGcucQ/IDx9gkb9ZP3</latexit>

wn
<latexit sha1_base64="jBGPCwlklOhV33/N3g8DHG+Yk7w=">AAAB9XicdVDLSgMxFL1TX7W+qi7dBIvgqszUqa27ohuXFewD2loyaaYNzWSGJGMpQ//DjQtF3Pov7vwbM20FFT0QOJxzL/fkeBFnStv2h5VZWV1b38hu5ra2d3b38vsHTRXGktAGCXko2x5WlDNBG5ppTtuRpDjwOG1546vUb91TqVgobvU0or0ADwXzGcHaSHfdAOuR5yeTWT8Rs36+YBfLZ1XHrqCUuOfli5S4jltykVO05yjAEvV+/r07CEkcUKEJx0p1HDvSvQRLzQins1w3VjTCZIyHtGOowAFVvWSeeoZOjDJAfijNExrN1e8bCQ6UmgaemUxTqt9eKv7ldWLtV3sJE1GsqSCLQ37MkQ5RWgEaMEmJ5lNDMJHMZEVkhCUm2hSVMyV8/RT9T5qlomMXnRu3ULtc1pGFIziGU3CgAjW4hjo0gICEB3iCZ2tiPVov1utiNGMtdw7hB6y3T7/4k1Q=</latexit><latexit sha1_base64="jBGPCwlklOhV33/N3g8DHG+Yk7w=">AAAB9XicdVDLSgMxFL1TX7W+qi7dBIvgqszUqa27ohuXFewD2loyaaYNzWSGJGMpQ//DjQtF3Pov7vwbM20FFT0QOJxzL/fkeBFnStv2h5VZWV1b38hu5ra2d3b38vsHTRXGktAGCXko2x5WlDNBG5ppTtuRpDjwOG1546vUb91TqVgobvU0or0ADwXzGcHaSHfdAOuR5yeTWT8Rs36+YBfLZ1XHrqCUuOfli5S4jltykVO05yjAEvV+/r07CEkcUKEJx0p1HDvSvQRLzQins1w3VjTCZIyHtGOowAFVvWSeeoZOjDJAfijNExrN1e8bCQ6UmgaemUxTqt9eKv7ldWLtV3sJE1GsqSCLQ37MkQ5RWgEaMEmJ5lNDMJHMZEVkhCUm2hSVMyV8/RT9T5qlomMXnRu3ULtc1pGFIziGU3CgAjW4hjo0gICEB3iCZ2tiPVov1utiNGMtdw7hB6y3T7/4k1Q=</latexit><latexit sha1_base64="jBGPCwlklOhV33/N3g8DHG+Yk7w=">AAAB9XicdVDLSgMxFL1TX7W+qi7dBIvgqszUqa27ohuXFewD2loyaaYNzWSGJGMpQ//DjQtF3Pov7vwbM20FFT0QOJxzL/fkeBFnStv2h5VZWV1b38hu5ra2d3b38vsHTRXGktAGCXko2x5WlDNBG5ppTtuRpDjwOG1546vUb91TqVgobvU0or0ADwXzGcHaSHfdAOuR5yeTWT8Rs36+YBfLZ1XHrqCUuOfli5S4jltykVO05yjAEvV+/r07CEkcUKEJx0p1HDvSvQRLzQins1w3VjTCZIyHtGOowAFVvWSeeoZOjDJAfijNExrN1e8bCQ6UmgaemUxTqt9eKv7ldWLtV3sJE1GsqSCLQ37MkQ5RWgEaMEmJ5lNDMJHMZEVkhCUm2hSVMyV8/RT9T5qlomMXnRu3ULtc1pGFIziGU3CgAjW4hjo0gICEB3iCZ2tiPVov1utiNGMtdw7hB6y3T7/4k1Q=</latexit><latexit sha1_base64="jBGPCwlklOhV33/N3g8DHG+Yk7w=">AAAB9XicdVDLSgMxFL1TX7W+qi7dBIvgqszUqa27ohuXFewD2loyaaYNzWSGJGMpQ//DjQtF3Pov7vwbM20FFT0QOJxzL/fkeBFnStv2h5VZWV1b38hu5ra2d3b38vsHTRXGktAGCXko2x5WlDNBG5ppTtuRpDjwOG1546vUb91TqVgobvU0or0ADwXzGcHaSHfdAOuR5yeTWT8Rs36+YBfLZ1XHrqCUuOfli5S4jltykVO05yjAEvV+/r07CEkcUKEJx0p1HDvSvQRLzQins1w3VjTCZIyHtGOowAFVvWSeeoZOjDJAfijNExrN1e8bCQ6UmgaemUxTqt9eKv7ldWLtV3sJE1GsqSCLQ37MkQ5RWgEaMEmJ5lNDMJHMZEVkhCUm2hSVMyV8/RT9T5qlomMXnRu3ULtc1pGFIziGU3CgAjW4hjo0gICEB3iCZ2tiPVov1utiNGMtdw7hB6y3T7/4k1Q=</latexit>

w = (w0,w1, . . . ,wn)
<latexit sha1_base64="elhZP1/NOHWw+4U31K+Hor4kEwc="></latexit><latexit sha1_base64="elhZP1/NOHWw+4U31K+Hor4kEwc="></latexit><latexit sha1_base64="elhZP1/NOHWw+4U31K+Hor4kEwc="></latexit><latexit sha1_base64="elhZP1/NOHWw+4U31K+Hor4kEwc="></latexit>

. . .
<latexit sha1_base64="byjPsyhtMxJUail5iiggp/j5F50=">AAAB7HicdVBNS8NAFNz4WetX1aOXxSJ4CklNbb0VvXisYNpCG8pmu2mXbjZh90Uopb/BiwdFvPqDvPlv3LQVVHRgYZh5w743YSq4Bsf5sFZW19Y3Ngtbxe2d3b390sFhSyeZosyniUhUJySaCS6ZDxwE66SKkTgUrB2Or3O/fc+U5om8g0nKgpgMJY84JWAkvzdIQPdLZceuntddp4Zz4l1UL3PiuV7Fw67tzFFGSzT7pXeTo1nMJFBBtO66TgrBlCjgVLBZsZdplhI6JkPWNVSSmOlgOl92hk+NMsBRosyTgOfq98SUxFpP4tBMxgRG+reXi3953QyiejDlMs2ASbr4KMoEhgTnl+MBV4yCmBhCqOJmV0xHRBEKpp+iKeHrUvw/aVVs17HdW6/cuFrWUUDH6ASdIRfVUAPdoCbyEUUcPaAn9GxJ69F6sV4XoyvWMnOEfsB6+wRfko8O</latexit><latexit sha1_base64="byjPsyhtMxJUail5iiggp/j5F50=">AAAB7HicdVBNS8NAFNz4WetX1aOXxSJ4CklNbb0VvXisYNpCG8pmu2mXbjZh90Uopb/BiwdFvPqDvPlv3LQVVHRgYZh5w743YSq4Bsf5sFZW19Y3Ngtbxe2d3b390sFhSyeZosyniUhUJySaCS6ZDxwE66SKkTgUrB2Or3O/fc+U5om8g0nKgpgMJY84JWAkvzdIQPdLZceuntddp4Zz4l1UL3PiuV7Fw67tzFFGSzT7pXeTo1nMJFBBtO66TgrBlCjgVLBZsZdplhI6JkPWNVSSmOlgOl92hk+NMsBRosyTgOfq98SUxFpP4tBMxgRG+reXi3953QyiejDlMs2ASbr4KMoEhgTnl+MBV4yCmBhCqOJmV0xHRBEKpp+iKeHrUvw/aVVs17HdW6/cuFrWUUDH6ASdIRfVUAPdoCbyEUUcPaAn9GxJ69F6sV4XoyvWMnOEfsB6+wRfko8O</latexit><latexit sha1_base64="byjPsyhtMxJUail5iiggp/j5F50=">AAAB7HicdVBNS8NAFNz4WetX1aOXxSJ4CklNbb0VvXisYNpCG8pmu2mXbjZh90Uopb/BiwdFvPqDvPlv3LQVVHRgYZh5w743YSq4Bsf5sFZW19Y3Ngtbxe2d3b390sFhSyeZosyniUhUJySaCS6ZDxwE66SKkTgUrB2Or3O/fc+U5om8g0nKgpgMJY84JWAkvzdIQPdLZceuntddp4Zz4l1UL3PiuV7Fw67tzFFGSzT7pXeTo1nMJFBBtO66TgrBlCjgVLBZsZdplhI6JkPWNVSSmOlgOl92hk+NMsBRosyTgOfq98SUxFpP4tBMxgRG+reXi3953QyiejDlMs2ASbr4KMoEhgTnl+MBV4yCmBhCqOJmV0xHRBEKpp+iKeHrUvw/aVVs17HdW6/cuFrWUUDH6ASdIRfVUAPdoCbyEUUcPaAn9GxJ69F6sV4XoyvWMnOEfsB6+wRfko8O</latexit><latexit sha1_base64="byjPsyhtMxJUail5iiggp/j5F50=">AAAB7HicdVBNS8NAFNz4WetX1aOXxSJ4CklNbb0VvXisYNpCG8pmu2mXbjZh90Uopb/BiwdFvPqDvPlv3LQVVHRgYZh5w743YSq4Bsf5sFZW19Y3Ngtbxe2d3b390sFhSyeZosyniUhUJySaCS6ZDxwE66SKkTgUrB2Or3O/fc+U5om8g0nKgpgMJY84JWAkvzdIQPdLZceuntddp4Zz4l1UL3PiuV7Fw67tzFFGSzT7pXeTo1nMJFBBtO66TgrBlCjgVLBZsZdplhI6JkPWNVSSmOlgOl92hk+NMsBRosyTgOfq98SUxFpP4tBMxgRG+reXi3953QyiejDlMs2ASbr4KMoEhgTnl+MBV4yCmBhCqOJmV0xHRBEKpp+iKeHrUvw/aVVs17HdW6/cuFrWUUDH6ASdIRfVUAPdoCbyEUUcPaAn9GxJ69F6sV4XoyvWMnOEfsB6+wRfko8O</latexit>

…

da
ta

 (s
um

m
ar

ie
s)

, t <latexit sha1_base64="5stcGrXqsoASK8xcqONY8G/32M8=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+8A2lMl00g6dTMLMjVBC/8KNC0Xc+jfu/BsnbRbaemDgcM69zLknSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHFtRKwecJpwP6IjJULBKFrpsR9RHAdhhrNBtebW3TnIKvEKUoMCzUH1qz+MWRpxhUxSY3qem6CfUY2CST6r9FPDE8omdMR7lioaceNn88QzcmaVIQljbZ9CMld/b2Q0MmYaBXYyT2iWvVz8z+ulGF77mVBJilyxxUdhKgnGJD+fDIXmDOXUEsq0sFkJG1NNGdqSKrYEb/nkVdK+qHtu3bu/rDVuijrKcAKncA4eXEED7qAJLWCg4Ble4c0xzovz7nwsRktOsXMMf+B8/gD3JZEY</latexit><latexit sha1_base64="5stcGrXqsoASK8xcqONY8G/32M8=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+8A2lMl00g6dTMLMjVBC/8KNC0Xc+jfu/BsnbRbaemDgcM69zLknSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHFtRKwecJpwP6IjJULBKFrpsR9RHAdhhrNBtebW3TnIKvEKUoMCzUH1qz+MWRpxhUxSY3qem6CfUY2CST6r9FPDE8omdMR7lioaceNn88QzcmaVIQljbZ9CMld/b2Q0MmYaBXYyT2iWvVz8z+ulGF77mVBJilyxxUdhKgnGJD+fDIXmDOXUEsq0sFkJG1NNGdqSKrYEb/nkVdK+qHtu3bu/rDVuijrKcAKncA4eXEED7qAJLWCg4Ble4c0xzovz7nwsRktOsXMMf+B8/gD3JZEY</latexit><latexit sha1_base64="5stcGrXqsoASK8xcqONY8G/32M8=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+8A2lMl00g6dTMLMjVBC/8KNC0Xc+jfu/BsnbRbaemDgcM69zLknSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHFtRKwecJpwP6IjJULBKFrpsR9RHAdhhrNBtebW3TnIKvEKUoMCzUH1qz+MWRpxhUxSY3qem6CfUY2CST6r9FPDE8omdMR7lioaceNn88QzcmaVIQljbZ9CMld/b2Q0MmYaBXYyT2iWvVz8z+ulGF77mVBJilyxxUdhKgnGJD+fDIXmDOXUEsq0sFkJG1NNGdqSKrYEb/nkVdK+qHtu3bu/rDVuijrKcAKncA4eXEED7qAJLWCg4Ble4c0xzovz7nwsRktOsXMMf+B8/gD3JZEY</latexit><latexit sha1_base64="5stcGrXqsoASK8xcqONY8G/32M8=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+8A2lMl00g6dTMLMjVBC/8KNC0Xc+jfu/BsnbRbaemDgcM69zLknSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHFtRKwecJpwP6IjJULBKFrpsR9RHAdhhrNBtebW3TnIKvEKUoMCzUH1qz+MWRpxhUxSY3qem6CfUY2CST6r9FPDE8omdMR7lioaceNn88QzcmaVIQljbZ9CMld/b2Q0MmYaBXYyT2iWvVz8z+ulGF77mVBJilyxxUdhKgnGJD+fDIXmDOXUEsq0sFkJG1NNGdqSKrYEb/nkVdK+qHtu3bu/rDVuijrKcAKncA4eXEED7qAJLWCg4Ble4c0xzovz7nwsRktOsXMMf+B8/gD3JZEY</latexit>

…
…

µ1(�;w)
<latexit sha1_base64="YmIFU8mckwtPdVJ9705m9T0lMxE=">AAACDHicbVDLSsNAFJ34rPVVdelmsAp1UxIRFNwU3LisYB/QhDKZTNqhk0mYuVFK6Ae48VfcuFDErR/gzr9x0mahrQeGOZx7Lvfe4yeCa7Dtb2tpeWV1bb20Ud7c2t7Zreztt3WcKspaNBax6vpEM8ElawEHwbqJYiTyBev4o+u83rlnSvNY3sE4YV5EBpKHnBIwUr9SdaO079RcPxaBHkfmc2HIgFy5EYGhH2YPk1Pjsuv2FHiROAWpogLNfuXLDWKaRkwCFUTrnmMn4GVEAaeCTcpuqllC6IgMWM9QSSKmvWx6zASfGCXAYazMk4Cn6u+OjEQ639Q48xX1fC0X/6v1UggvvYzLJAUm6WxQmAoMMc6TwQFXjIIYG0Ko4mZXTIdEEQomv7IJwZk/eZG0z+qOXXduz6uN4yKOEjpER6iGHHSBGugGNVELUfSIntErerOerBfr3fqYWZesoucA/YH1+QMR8puH</latexit><latexit sha1_base64="YmIFU8mckwtPdVJ9705m9T0lMxE=">AAACDHicbVDLSsNAFJ34rPVVdelmsAp1UxIRFNwU3LisYB/QhDKZTNqhk0mYuVFK6Ae48VfcuFDErR/gzr9x0mahrQeGOZx7Lvfe4yeCa7Dtb2tpeWV1bb20Ud7c2t7Zreztt3WcKspaNBax6vpEM8ElawEHwbqJYiTyBev4o+u83rlnSvNY3sE4YV5EBpKHnBIwUr9SdaO079RcPxaBHkfmc2HIgFy5EYGhH2YPk1Pjsuv2FHiROAWpogLNfuXLDWKaRkwCFUTrnmMn4GVEAaeCTcpuqllC6IgMWM9QSSKmvWx6zASfGCXAYazMk4Cn6u+OjEQ639Q48xX1fC0X/6v1UggvvYzLJAUm6WxQmAoMMc6TwQFXjIIYG0Ko4mZXTIdEEQomv7IJwZk/eZG0z+qOXXduz6uN4yKOEjpER6iGHHSBGugGNVELUfSIntErerOerBfr3fqYWZesoucA/YH1+QMR8puH</latexit><latexit sha1_base64="YmIFU8mckwtPdVJ9705m9T0lMxE=">AAACDHicbVDLSsNAFJ34rPVVdelmsAp1UxIRFNwU3LisYB/QhDKZTNqhk0mYuVFK6Ae48VfcuFDErR/gzr9x0mahrQeGOZx7Lvfe4yeCa7Dtb2tpeWV1bb20Ud7c2t7Zreztt3WcKspaNBax6vpEM8ElawEHwbqJYiTyBev4o+u83rlnSvNY3sE4YV5EBpKHnBIwUr9SdaO079RcPxaBHkfmc2HIgFy5EYGhH2YPk1Pjsuv2FHiROAWpogLNfuXLDWKaRkwCFUTrnmMn4GVEAaeCTcpuqllC6IgMWM9QSSKmvWx6zASfGCXAYazMk4Cn6u+OjEQ639Q48xX1fC0X/6v1UggvvYzLJAUm6WxQmAoMMc6TwQFXjIIYG0Ko4mZXTIdEEQomv7IJwZk/eZG0z+qOXXduz6uN4yKOEjpER6iGHHSBGugGNVELUfSIntErerOerBfr3fqYWZesoucA/YH1+QMR8puH</latexit><latexit sha1_base64="YmIFU8mckwtPdVJ9705m9T0lMxE=">AAACDHicbVDLSsNAFJ34rPVVdelmsAp1UxIRFNwU3LisYB/QhDKZTNqhk0mYuVFK6Ae48VfcuFDErR/gzr9x0mahrQeGOZx7Lvfe4yeCa7Dtb2tpeWV1bb20Ud7c2t7Zreztt3WcKspaNBax6vpEM8ElawEHwbqJYiTyBev4o+u83rlnSvNY3sE4YV5EBpKHnBIwUr9SdaO079RcPxaBHkfmc2HIgFy5EYGhH2YPk1Pjsuv2FHiROAWpogLNfuXLDWKaRkwCFUTrnmMn4GVEAaeCTcpuqllC6IgMWM9QSSKmvWx6zASfGCXAYazMk4Cn6u+OjEQ639Q48xX1fC0X/6v1UggvvYzLJAUm6WxQmAoMMc6TwQFXjIIYG0Ko4mZXTIdEEQomv7IJwZk/eZG0z+qOXXduz6uN4yKOEjpER6iGHHSBGugGNVELUfSIntErerOerBfr3fqYWZesoucA/YH1+QMR8puH</latexit>

�1(�;w)
<latexit sha1_base64="fcOTBVReEoppjjWrR6SLK305yHA=">AAACD3icbVDLSsNAFJ3UV62vqEs3warUTUlEUHBTcOOygn1AE8JkOmmHTjJh5kYpoX/gxl9x40IRt27d+TdO2iy09cIwh3Pu5Z57goQzBbb9bZSWlldW18rrlY3Nre0dc3evrUQqCW0RwYXsBlhRzmLaAgacdhNJcRRw2glG17neuadSMRHfwTihXoQHMQsZwaAp3zxxFRtE2HdqbiB4X40j/bkwpICv3AjDMAizh8mpb1btuj0taxE4Baiiopq++eX2BUkjGgPhWKmeYyfgZVgCI5xOKm6qaILJCA9oT8MYR1R52fSeiXWsmb4VCqlfDNaU/T2R4UjlTnVnblHNazn5n9ZLIbz0MhYnKdCYzBaFKbdAWHk4Vp9JSoCPNcBEMu3VIkMsMQEdYUWH4MyfvAjaZ3XHrju359XGURFHGR2gQ1RDDrpADXSDmqiFCHpEz+gVvRlPxovxbnzMWktGMbOP/pTx+QN38JzU</latexit><latexit sha1_base64="fcOTBVReEoppjjWrR6SLK305yHA=">AAACD3icbVDLSsNAFJ3UV62vqEs3warUTUlEUHBTcOOygn1AE8JkOmmHTjJh5kYpoX/gxl9x40IRt27d+TdO2iy09cIwh3Pu5Z57goQzBbb9bZSWlldW18rrlY3Nre0dc3evrUQqCW0RwYXsBlhRzmLaAgacdhNJcRRw2glG17neuadSMRHfwTihXoQHMQsZwaAp3zxxFRtE2HdqbiB4X40j/bkwpICv3AjDMAizh8mpb1btuj0taxE4Baiiopq++eX2BUkjGgPhWKmeYyfgZVgCI5xOKm6qaILJCA9oT8MYR1R52fSeiXWsmb4VCqlfDNaU/T2R4UjlTnVnblHNazn5n9ZLIbz0MhYnKdCYzBaFKbdAWHk4Vp9JSoCPNcBEMu3VIkMsMQEdYUWH4MyfvAjaZ3XHrju359XGURFHGR2gQ1RDDrpADXSDmqiFCHpEz+gVvRlPxovxbnzMWktGMbOP/pTx+QN38JzU</latexit><latexit sha1_base64="fcOTBVReEoppjjWrR6SLK305yHA=">AAACD3icbVDLSsNAFJ3UV62vqEs3warUTUlEUHBTcOOygn1AE8JkOmmHTjJh5kYpoX/gxl9x40IRt27d+TdO2iy09cIwh3Pu5Z57goQzBbb9bZSWlldW18rrlY3Nre0dc3evrUQqCW0RwYXsBlhRzmLaAgacdhNJcRRw2glG17neuadSMRHfwTihXoQHMQsZwaAp3zxxFRtE2HdqbiB4X40j/bkwpICv3AjDMAizh8mpb1btuj0taxE4Baiiopq++eX2BUkjGgPhWKmeYyfgZVgCI5xOKm6qaILJCA9oT8MYR1R52fSeiXWsmb4VCqlfDNaU/T2R4UjlTnVnblHNazn5n9ZLIbz0MhYnKdCYzBaFKbdAWHk4Vp9JSoCPNcBEMu3VIkMsMQEdYUWH4MyfvAjaZ3XHrju359XGURFHGR2gQ1RDDrpADXSDmqiFCHpEz+gVvRlPxovxbnzMWktGMbOP/pTx+QN38JzU</latexit><latexit sha1_base64="fcOTBVReEoppjjWrR6SLK305yHA=">AAACD3icbVDLSsNAFJ3UV62vqEs3warUTUlEUHBTcOOygn1AE8JkOmmHTjJh5kYpoX/gxl9x40IRt27d+TdO2iy09cIwh3Pu5Z57goQzBbb9bZSWlldW18rrlY3Nre0dc3evrUQqCW0RwYXsBlhRzmLaAgacdhNJcRRw2glG17neuadSMRHfwTihXoQHMQsZwaAp3zxxFRtE2HdqbiB4X40j/bkwpICv3AjDMAizh8mpb1btuj0taxE4Baiiopq++eX2BUkjGgPhWKmeYyfgZVgCI5xOKm6qaILJCA9oT8MYR1R52fSeiXWsmb4VCqlfDNaU/T2R4UjlTnVnblHNazn5n9ZLIbz0MhYnKdCYzBaFKbdAWHk4Vp9JSoCPNcBEMu3VIkMsMQEdYUWH4MyfvAjaZ3XHrju359XGURFHGR2gQ1RDDrpADXSDmqiFCHpEz+gVvRlPxovxbnzMWktGMbOP/pTx+QN38JzU</latexit>

�2(t1, �;w)
<latexit sha1_base64="JkDwSAhTn4RhGk47ricbTgZ4704=">AAACFHicbVDLSsNAFJ3UV62vqEs3g1WoKCUpgoKbghuXFewDmhAm00k7dPJg5kYpoR/hxl9x40IRty7c+TdO2i609cIwh3Pu5Z57/ERwBZb1bRSWlldW14rrpY3Nre0dc3evpeJUUtaksYhlxyeKCR6xJnAQrJNIRkJfsLY/vM719j2TisfRHYwS5oakH/GAUwKa8sxTR/F+SLxaBTz7DDt+LHpqFOrPgQEDcuWEBAZ+kD2MTzyzbFWtSeFFYM9AGc2q4ZlfTi+macgioIIo1bWtBNyMSOBUsHHJSRVLCB2SPutqGJGQKTebHDXGx5rp4SCW+kWAJ+zviYyEKneqO3OLal7Lyf+0bgrBpZvxKEmBRXS6KEgFhhjnCeEel4yCGGlAqOTaK6YDIgkFnWNJh2DPn7wIWrWqbVXt2/Ny/WgWRxEdoENUQTa6QHV0gxqoiSh6RM/oFb0ZT8aL8W58TFsLxmxmH/0p4/MHat2eVw==</latexit><latexit sha1_base64="JkDwSAhTn4RhGk47ricbTgZ4704=">AAACFHicbVDLSsNAFJ3UV62vqEs3g1WoKCUpgoKbghuXFewDmhAm00k7dPJg5kYpoR/hxl9x40IRty7c+TdO2i609cIwh3Pu5Z57/ERwBZb1bRSWlldW14rrpY3Nre0dc3evpeJUUtaksYhlxyeKCR6xJnAQrJNIRkJfsLY/vM719j2TisfRHYwS5oakH/GAUwKa8sxTR/F+SLxaBTz7DDt+LHpqFOrPgQEDcuWEBAZ+kD2MTzyzbFWtSeFFYM9AGc2q4ZlfTi+macgioIIo1bWtBNyMSOBUsHHJSRVLCB2SPutqGJGQKTebHDXGx5rp4SCW+kWAJ+zviYyEKneqO3OLal7Lyf+0bgrBpZvxKEmBRXS6KEgFhhjnCeEel4yCGGlAqOTaK6YDIgkFnWNJh2DPn7wIWrWqbVXt2/Ny/WgWRxEdoENUQTa6QHV0gxqoiSh6RM/oFb0ZT8aL8W58TFsLxmxmH/0p4/MHat2eVw==</latexit><latexit sha1_base64="JkDwSAhTn4RhGk47ricbTgZ4704=">AAACFHicbVDLSsNAFJ3UV62vqEs3g1WoKCUpgoKbghuXFewDmhAm00k7dPJg5kYpoR/hxl9x40IRty7c+TdO2i609cIwh3Pu5Z57/ERwBZb1bRSWlldW14rrpY3Nre0dc3evpeJUUtaksYhlxyeKCR6xJnAQrJNIRkJfsLY/vM719j2TisfRHYwS5oakH/GAUwKa8sxTR/F+SLxaBTz7DDt+LHpqFOrPgQEDcuWEBAZ+kD2MTzyzbFWtSeFFYM9AGc2q4ZlfTi+macgioIIo1bWtBNyMSOBUsHHJSRVLCB2SPutqGJGQKTebHDXGx5rp4SCW+kWAJ+zviYyEKneqO3OLal7Lyf+0bgrBpZvxKEmBRXS6KEgFhhjnCeEel4yCGGlAqOTaK6YDIgkFnWNJh2DPn7wIWrWqbVXt2/Ny/WgWRxEdoENUQTa6QHV0gxqoiSh6RM/oFb0ZT8aL8W58TFsLxmxmH/0p4/MHat2eVw==</latexit><latexit sha1_base64="JkDwSAhTn4RhGk47ricbTgZ4704=">AAACFHicbVDLSsNAFJ3UV62vqEs3g1WoKCUpgoKbghuXFewDmhAm00k7dPJg5kYpoR/hxl9x40IRty7c+TdO2i609cIwh3Pu5Z57/ERwBZb1bRSWlldW14rrpY3Nre0dc3evpeJUUtaksYhlxyeKCR6xJnAQrJNIRkJfsLY/vM719j2TisfRHYwS5oakH/GAUwKa8sxTR/F+SLxaBTz7DDt+LHpqFOrPgQEDcuWEBAZ+kD2MTzyzbFWtSeFFYM9AGc2q4ZlfTi+macgioIIo1bWtBNyMSOBUsHHJSRVLCB2SPutqGJGQKTebHDXGx5rp4SCW+kWAJ+zviYyEKneqO3OLal7Lyf+0bgrBpZvxKEmBRXS6KEgFhhjnCeEel4yCGGlAqOTaK6YDIgkFnWNJh2DPn7wIWrWqbVXt2/Ny/WgWRxEdoENUQTa6QHV0gxqoiSh6RM/oFb0ZT8aL8W58TFsLxmxmH/0p4/MHat2eVw==</latexit>

µ2(t1, �;w)
<latexit sha1_base64="0UjyJV7dAGm5UItc2etJkKh6gjc=">AAACEXicbVDLSsNAFJ34rPUVdelmsAoVpCRFUHBTcOOygn1AE8JkOmmHTh7M3Cgl9Bfc+CtuXCji1p07/8ZJm4W2XhjmcM693HOPnwiuwLK+jaXlldW19dJGeXNre2fX3NtvqziVlLVoLGLZ9YligkesBRwE6yaSkdAXrOOPrnO9c8+k4nF0B+OEuSEZRDzglICmPLPqhKlXr4Jnn2HHj0VfjUP9OTBkQK6ckMDQD7KHyalnVqyaNS28COwCVFBRTc/8cvoxTUMWARVEqZ5tJeBmRAKngk3KTqpYQuiIDFhPw4iETLnZ9KIJPtFMHwex1C8CPGV/T2QkVLlT3ZlbVPNaTv6n9VIILt2MR0kKLKKzRUEqMMQ4jwf3uWQUxFgDQiXXXjEdEkko6BDLOgR7/uRF0K7XbKtm355XGsdFHCV0iI5QFdnoAjXQDWqiFqLoET2jV/RmPBkvxrvxMWtdMoqZA/SnjM8f/sedCg==</latexit><latexit sha1_base64="0UjyJV7dAGm5UItc2etJkKh6gjc=">AAACEXicbVDLSsNAFJ34rPUVdelmsAoVpCRFUHBTcOOygn1AE8JkOmmHTh7M3Cgl9Bfc+CtuXCji1p07/8ZJm4W2XhjmcM693HOPnwiuwLK+jaXlldW19dJGeXNre2fX3NtvqziVlLVoLGLZ9YligkesBRwE6yaSkdAXrOOPrnO9c8+k4nF0B+OEuSEZRDzglICmPLPqhKlXr4Jnn2HHj0VfjUP9OTBkQK6ckMDQD7KHyalnVqyaNS28COwCVFBRTc/8cvoxTUMWARVEqZ5tJeBmRAKngk3KTqpYQuiIDFhPw4iETLnZ9KIJPtFMHwex1C8CPGV/T2QkVLlT3ZlbVPNaTv6n9VIILt2MR0kKLKKzRUEqMMQ4jwf3uWQUxFgDQiXXXjEdEkko6BDLOgR7/uRF0K7XbKtm355XGsdFHCV0iI5QFdnoAjXQDWqiFqLoET2jV/RmPBkvxrvxMWtdMoqZA/SnjM8f/sedCg==</latexit><latexit sha1_base64="0UjyJV7dAGm5UItc2etJkKh6gjc=">AAACEXicbVDLSsNAFJ34rPUVdelmsAoVpCRFUHBTcOOygn1AE8JkOmmHTh7M3Cgl9Bfc+CtuXCji1p07/8ZJm4W2XhjmcM693HOPnwiuwLK+jaXlldW19dJGeXNre2fX3NtvqziVlLVoLGLZ9YligkesBRwE6yaSkdAXrOOPrnO9c8+k4nF0B+OEuSEZRDzglICmPLPqhKlXr4Jnn2HHj0VfjUP9OTBkQK6ckMDQD7KHyalnVqyaNS28COwCVFBRTc/8cvoxTUMWARVEqZ5tJeBmRAKngk3KTqpYQuiIDFhPw4iETLnZ9KIJPtFMHwex1C8CPGV/T2QkVLlT3ZlbVPNaTv6n9VIILt2MR0kKLKKzRUEqMMQ4jwf3uWQUxFgDQiXXXjEdEkko6BDLOgR7/uRF0K7XbKtm355XGsdFHCV0iI5QFdnoAjXQDWqiFqLoET2jV/RmPBkvxrvxMWtdMoqZA/SnjM8f/sedCg==</latexit><latexit sha1_base64="0UjyJV7dAGm5UItc2etJkKh6gjc=">AAACEXicbVDLSsNAFJ34rPUVdelmsAoVpCRFUHBTcOOygn1AE8JkOmmHTh7M3Cgl9Bfc+CtuXCji1p07/8ZJm4W2XhjmcM693HOPnwiuwLK+jaXlldW19dJGeXNre2fX3NtvqziVlLVoLGLZ9YligkesBRwE6yaSkdAXrOOPrnO9c8+k4nF0B+OEuSEZRDzglICmPLPqhKlXr4Jnn2HHj0VfjUP9OTBkQK6ckMDQD7KHyalnVqyaNS28COwCVFBRTc/8cvoxTUMWARVEqZ5tJeBmRAKngk3KTqpYQuiIDFhPw4iETLnZ9KIJPtFMHwex1C8CPGV/T2QkVLlT3ZlbVPNaTv6n9VIILt2MR0kKLKKzRUEqMMQ4jwf3uWQUxFgDQiXXXjEdEkko6BDLOgR7/uRF0K7XbKtm355XGsdFHCV0iI5QFdnoAjXQDWqiFqLoET2jV/RmPBkvxrvxMWtdMoqZA/SnjM8f/sedCg==</latexit>

µi(t1:i�1, �;w)
<latexit sha1_base64="ITN5HuEv6dUrtykxzWG1XJ9/YJ8=">AAACF3icbVDLSsNAFJ3UV62vqks3g1WooCURQdFNwY3LCvYBTQiT6aQdOnkwc6OU0L9w46+4caGIW935N07aLLT1wjCHc+7lnnu8WHAFpvltFBYWl5ZXiqultfWNza3y9k5LRYmkrEkjEcmORxQTPGRN4CBYJ5aMBJ5gbW94nenteyYVj8I7GMXMCUg/5D6nBDTllmt2kLi8Cm5qXfITa3yMbS8SPTUK9GfDgAG5sgMCA89PH8ZHbrli1sxJ4Xlg5aCC8mq45S+7F9EkYCFQQZTqWmYMTkokcCrYuGQnisWEDkmfdTUMScCUk07uGuNDzfSwH0n9QsAT9vdESgKVOdWdmUU1q2Xkf1o3Af/CSXkYJ8BCOl3kJwJDhLOQcI9LRkGMNCBUcu0V0wGRhIKOsqRDsGZPnget05pl1qzbs0r9II+jiPbQPqoiC52jOrpBDdREFD2iZ/SK3own48V4Nz6mrQUjn9lFf8r4/AGNDZ92</latexit><latexit sha1_base64="ITN5HuEv6dUrtykxzWG1XJ9/YJ8=">AAACF3icbVDLSsNAFJ3UV62vqks3g1WooCURQdFNwY3LCvYBTQiT6aQdOnkwc6OU0L9w46+4caGIW935N07aLLT1wjCHc+7lnnu8WHAFpvltFBYWl5ZXiqultfWNza3y9k5LRYmkrEkjEcmORxQTPGRN4CBYJ5aMBJ5gbW94nenteyYVj8I7GMXMCUg/5D6nBDTllmt2kLi8Cm5qXfITa3yMbS8SPTUK9GfDgAG5sgMCA89PH8ZHbrli1sxJ4Xlg5aCC8mq45S+7F9EkYCFQQZTqWmYMTkokcCrYuGQnisWEDkmfdTUMScCUk07uGuNDzfSwH0n9QsAT9vdESgKVOdWdmUU1q2Xkf1o3Af/CSXkYJ8BCOl3kJwJDhLOQcI9LRkGMNCBUcu0V0wGRhIKOsqRDsGZPnget05pl1qzbs0r9II+jiPbQPqoiC52jOrpBDdREFD2iZ/SK3own48V4Nz6mrQUjn9lFf8r4/AGNDZ92</latexit><latexit sha1_base64="ITN5HuEv6dUrtykxzWG1XJ9/YJ8=">AAACF3icbVDLSsNAFJ3UV62vqks3g1WooCURQdFNwY3LCvYBTQiT6aQdOnkwc6OU0L9w46+4caGIW935N07aLLT1wjCHc+7lnnu8WHAFpvltFBYWl5ZXiqultfWNza3y9k5LRYmkrEkjEcmORxQTPGRN4CBYJ5aMBJ5gbW94nenteyYVj8I7GMXMCUg/5D6nBDTllmt2kLi8Cm5qXfITa3yMbS8SPTUK9GfDgAG5sgMCA89PH8ZHbrli1sxJ4Xlg5aCC8mq45S+7F9EkYCFQQZTqWmYMTkokcCrYuGQnisWEDkmfdTUMScCUk07uGuNDzfSwH0n9QsAT9vdESgKVOdWdmUU1q2Xkf1o3Af/CSXkYJ8BCOl3kJwJDhLOQcI9LRkGMNCBUcu0V0wGRhIKOsqRDsGZPnget05pl1qzbs0r9II+jiPbQPqoiC52jOrpBDdREFD2iZ/SK3own48V4Nz6mrQUjn9lFf8r4/AGNDZ92</latexit><latexit sha1_base64="ITN5HuEv6dUrtykxzWG1XJ9/YJ8=">AAACF3icbVDLSsNAFJ3UV62vqks3g1WooCURQdFNwY3LCvYBTQiT6aQdOnkwc6OU0L9w46+4caGIW935N07aLLT1wjCHc+7lnnu8WHAFpvltFBYWl5ZXiqultfWNza3y9k5LRYmkrEkjEcmORxQTPGRN4CBYJ5aMBJ5gbW94nenteyYVj8I7GMXMCUg/5D6nBDTllmt2kLi8Cm5qXfITa3yMbS8SPTUK9GfDgAG5sgMCA89PH8ZHbrli1sxJ4Xlg5aCC8mq45S+7F9EkYCFQQZTqWmYMTkokcCrYuGQnisWEDkmfdTUMScCUk07uGuNDzfSwH0n9QsAT9vdESgKVOdWdmUU1q2Xkf1o3Af/CSXkYJ8BCOl3kJwJDhLOQcI9LRkGMNCBUcu0V0wGRhIKOsqRDsGZPnget05pl1qzbs0r9II+jiPbQPqoiC52jOrpBDdREFD2iZ/SK3own48V4Nz6mrQUjn9lFf8r4/AGNDZ92</latexit>

�i(t1:i�1, �;w)
<latexit sha1_base64="l12EK39fQZi2KTtRhGA6NctEuSc=">AAACGnicbVDLSgMxFM3UV62vqks3wSpU0DIRQdFNwY3LCvYBnTJk0kwbmnmQ3FHK0O9w46+4caGIO3Hj35hpu9DWCyGHc+7lnnu8WAoNtv1t5RYWl5ZX8quFtfWNza3i9k5DR4livM4iGamWRzWXIuR1ECB5K1acBp7kTW9wnenNe660iMI7GMa8E9BeKHzBKBjKLRJHi15AXVEGNyWX4oSMjrHjRbKrh4H5HOhzoFdOQKHv+enD6MgtluyKPS48D8gUlNC0am7x0+lGLAl4CExSrdvEjqGTUgWCST4qOInmMWUD2uNtA0MacN1Jx6eN8KFhutiPlHkh4DH7eyKlgc6cms7Mop7VMvI/rZ2Af9FJRRgnwEM2WeQnEkOEs5xwVyjOQA4NoEwJ4xWzPlWUgUmzYEIgsyfPg8ZphdgVcntWqh5M48ijPbSPyoigc1RFN6iG6oihR/SMXtGb9WS9WO/Wx6Q1Z01ndtGfsr5+AABhoMM=</latexit><latexit sha1_base64="l12EK39fQZi2KTtRhGA6NctEuSc=">AAACGnicbVDLSgMxFM3UV62vqks3wSpU0DIRQdFNwY3LCvYBnTJk0kwbmnmQ3FHK0O9w46+4caGIO3Hj35hpu9DWCyGHc+7lnnu8WAoNtv1t5RYWl5ZX8quFtfWNza3i9k5DR4livM4iGamWRzWXIuR1ECB5K1acBp7kTW9wnenNe660iMI7GMa8E9BeKHzBKBjKLRJHi15AXVEGNyWX4oSMjrHjRbKrh4H5HOhzoFdOQKHv+enD6MgtluyKPS48D8gUlNC0am7x0+lGLAl4CExSrdvEjqGTUgWCST4qOInmMWUD2uNtA0MacN1Jx6eN8KFhutiPlHkh4DH7eyKlgc6cms7Mop7VMvI/rZ2Af9FJRRgnwEM2WeQnEkOEs5xwVyjOQA4NoEwJ4xWzPlWUgUmzYEIgsyfPg8ZphdgVcntWqh5M48ijPbSPyoigc1RFN6iG6oihR/SMXtGb9WS9WO/Wx6Q1Z01ndtGfsr5+AABhoMM=</latexit><latexit sha1_base64="l12EK39fQZi2KTtRhGA6NctEuSc=">AAACGnicbVDLSgMxFM3UV62vqks3wSpU0DIRQdFNwY3LCvYBnTJk0kwbmnmQ3FHK0O9w46+4caGIO3Hj35hpu9DWCyGHc+7lnnu8WAoNtv1t5RYWl5ZX8quFtfWNza3i9k5DR4livM4iGamWRzWXIuR1ECB5K1acBp7kTW9wnenNe660iMI7GMa8E9BeKHzBKBjKLRJHi15AXVEGNyWX4oSMjrHjRbKrh4H5HOhzoFdOQKHv+enD6MgtluyKPS48D8gUlNC0am7x0+lGLAl4CExSrdvEjqGTUgWCST4qOInmMWUD2uNtA0MacN1Jx6eN8KFhutiPlHkh4DH7eyKlgc6cms7Mop7VMvI/rZ2Af9FJRRgnwEM2WeQnEkOEs5xwVyjOQA4NoEwJ4xWzPlWUgUmzYEIgsyfPg8ZphdgVcntWqh5M48ijPbSPyoigc1RFN6iG6oihR/SMXtGb9WS9WO/Wx6Q1Z01ndtGfsr5+AABhoMM=</latexit><latexit sha1_base64="l12EK39fQZi2KTtRhGA6NctEuSc=">AAACGnicbVDLSgMxFM3UV62vqks3wSpU0DIRQdFNwY3LCvYBnTJk0kwbmnmQ3FHK0O9w46+4caGIO3Hj35hpu9DWCyGHc+7lnnu8WAoNtv1t5RYWl5ZX8quFtfWNza3i9k5DR4livM4iGamWRzWXIuR1ECB5K1acBp7kTW9wnenNe660iMI7GMa8E9BeKHzBKBjKLRJHi15AXVEGNyWX4oSMjrHjRbKrh4H5HOhzoFdOQKHv+enD6MgtluyKPS48D8gUlNC0am7x0+lGLAl4CExSrdvEjqGTUgWCST4qOInmMWUD2uNtA0MacN1Jx6eN8KFhutiPlHkh4DH7eyKlgc6cms7Mop7VMvI/rZ2Af9FJRRgnwEM2WeQnEkOEs5xwVyjOQA4NoEwJ4xWzPlWUgUmzYEIgsyfPg8ZphdgVcntWqh5M48ijPbSPyoigc1RFN6iG6oihR/SMXtGb9WS9WO/Wx6Q1Z01ndtGfsr5+AABhoMM=</latexit>

p(t1|�;w) = N [µ1(�;w), �1(�;w)]
<latexit sha1_base64="TQZM6Ov3hMwEbwahuZ7ydi2SuKI="></latexit><latexit sha1_base64="TQZM6Ov3hMwEbwahuZ7ydi2SuKI="></latexit><latexit sha1_base64="TQZM6Ov3hMwEbwahuZ7ydi2SuKI="></latexit><latexit sha1_base64="TQZM6Ov3hMwEbwahuZ7ydi2SuKI="></latexit>

p(t2|t1, �;w) = N [µ2(t1, �;w), �2(t1, �;w)]
<latexit sha1_base64="n8eeVS+59pKLC6h6UaTx16GqNzY="></latexit><latexit sha1_base64="n8eeVS+59pKLC6h6UaTx16GqNzY="></latexit><latexit sha1_base64="n8eeVS+59pKLC6h6UaTx16GqNzY="></latexit><latexit sha1_base64="n8eeVS+59pKLC6h6UaTx16GqNzY="></latexit>

p(ti|t1:i�1, �;w) = N [µi(t1:i�1, �;w), �i(t1:i�1, �;w)]
<latexit sha1_base64="xVbQV355crKglotjMz8HD48eY/M="></latexit><latexit sha1_base64="xVbQV355crKglotjMz8HD48eY/M="></latexit><latexit sha1_base64="xVbQV355crKglotjMz8HD48eY/M="></latexit><latexit sha1_base64="xVbQV355crKglotjMz8HD48eY/M="></latexit>

ui = (ti � µi)/�i
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Autoregressive conditionals

Density estimator
p(t|�;w) = N [u(t, �;w)|0, I] � |�u(t, �;w)
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p(ti|t1:i�1, �;w)
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Training data

Loss function U = �
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ln p(ti|�i;w)
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Masked Autoencoder for Density Estimation (MADE)

�ln U = �
�

i

ln p(ti|�i;w)
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Figure 3. Schematic of the conditional masked autoencoder for density estimation (MADE) parameterization of the conditional density
p(t |✓). The means and variances of the autoregressive conditionals are parameterized by the neural network, with the hidden layers
carefully masked to ensure the autoregressive properties are satisfied. A masked autoregressive flow (MAF) is a stack of MADEs, where
the output of each MADE is fed as input to the next, and the order of the autoregressive factorization is changed between MADEs.

given by:

�ln U(w|{✓, t}) = �

’
i

ln
⇥
N

�
u(ti,✓i ; w) | 0, I

�

+

Nmades’
n=1

dim(t)’
m=1

ln�nm(ti, ✓i ; w)
⇤
.

(9)

The neural density estimators are then trained in the usual
way by minimizing the negative log-loss with respect to the
network weights, or inferring a posterior density over the
weights given the training data (and some network weight
prior).

Over-fitting can be mitigated by any of the standard
regularization methods used for neural networks, such as
early-stopping or dropout. Early-stopping splits the train-

MNRAS 000, 1–20 (2019)

Fast likelihood-free cosmology with neural density estimators 5

… … …
…

…
…

hidden layers

pa
ra

m
et

er
s,

m
ea

ns
w

ei
gh

ts
co

va
ria

nc
es

 
(C

ho
le

sk
y 

fa
ct

or
s)

�

{�
k
(�

;w
)}

{µ
k
(�

;w
)}

{r
k
(�

;w
)}

…

{�, t}
<latexit sha1_base64="SoIMM2vqMxfKYVOD3zA5omxWpYk=">AAACDHicbVDLSsNAFJ3UV62vqks3g0VwISURQZdFNy4r2Ac0oUwmk3boZBJmboQS8gFu/BU3LhRx6we482+ctFlo64FhDueey733+IngGmz726qsrK6tb1Q3a1vbO7t79f2Dro5TRVmHxiJWfZ9oJrhkHeAgWD9RjES+YD1/clPUew9MaR7Le5gmzIvISPKQUwJGGtYbbub6sQj0NDJf5sKYAcnPsBsRGPthBrmbG5fdtGfAy8QpSQOVaA/rX24Q0zRiEqggWg8cOwEvIwo4FSyvualmCaETMmIDQyWJmPay2TE5PjFKgMNYmScBz9TfHRmJdLGtcRY76sVaIf5XG6QQXnkZl0kKTNL5oDAVGGJcJIMDrhgFMTWEUMXNrpiOiSIUTH41E4KzePIy6Z43Hbvp3F00WtdlHFV0hI7RKXLQJWqhW9RGHUTRI3pGr+jNerJerHfrY26tWGXPIfoD6/MHDZycPA==</latexit><latexit sha1_base64="SoIMM2vqMxfKYVOD3zA5omxWpYk=">AAACDHicbVDLSsNAFJ3UV62vqks3g0VwISURQZdFNy4r2Ac0oUwmk3boZBJmboQS8gFu/BU3LhRx6we482+ctFlo64FhDueey733+IngGmz726qsrK6tb1Q3a1vbO7t79f2Dro5TRVmHxiJWfZ9oJrhkHeAgWD9RjES+YD1/clPUew9MaR7Le5gmzIvISPKQUwJGGtYbbub6sQj0NDJf5sKYAcnPsBsRGPthBrmbG5fdtGfAy8QpSQOVaA/rX24Q0zRiEqggWg8cOwEvIwo4FSyvualmCaETMmIDQyWJmPay2TE5PjFKgMNYmScBz9TfHRmJdLGtcRY76sVaIf5XG6QQXnkZl0kKTNL5oDAVGGJcJIMDrhgFMTWEUMXNrpiOiSIUTH41E4KzePIy6Z43Hbvp3F00WtdlHFV0hI7RKXLQJWqhW9RGHUTRI3pGr+jNerJerHfrY26tWGXPIfoD6/MHDZycPA==</latexit><latexit sha1_base64="SoIMM2vqMxfKYVOD3zA5omxWpYk=">AAACDHicbVDLSsNAFJ3UV62vqks3g0VwISURQZdFNy4r2Ac0oUwmk3boZBJmboQS8gFu/BU3LhRx6we482+ctFlo64FhDueey733+IngGmz726qsrK6tb1Q3a1vbO7t79f2Dro5TRVmHxiJWfZ9oJrhkHeAgWD9RjES+YD1/clPUew9MaR7Le5gmzIvISPKQUwJGGtYbbub6sQj0NDJf5sKYAcnPsBsRGPthBrmbG5fdtGfAy8QpSQOVaA/rX24Q0zRiEqggWg8cOwEvIwo4FSyvualmCaETMmIDQyWJmPay2TE5PjFKgMNYmScBz9TfHRmJdLGtcRY76sVaIf5XG6QQXnkZl0kKTNL5oDAVGGJcJIMDrhgFMTWEUMXNrpiOiSIUTH41E4KzePIy6Z43Hbvp3F00WtdlHFV0hI7RKXLQJWqhW9RGHUTRI3pGr+jNerJerHfrY26tWGXPIfoD6/MHDZycPA==</latexit><latexit sha1_base64="SoIMM2vqMxfKYVOD3zA5omxWpYk=">AAACDHicbVDLSsNAFJ3UV62vqks3g0VwISURQZdFNy4r2Ac0oUwmk3boZBJmboQS8gFu/BU3LhRx6we482+ctFlo64FhDueey733+IngGmz726qsrK6tb1Q3a1vbO7t79f2Dro5TRVmHxiJWfZ9oJrhkHeAgWD9RjES+YD1/clPUew9MaR7Le5gmzIvISPKQUwJGGtYbbub6sQj0NDJf5sKYAcnPsBsRGPthBrmbG5fdtGfAy8QpSQOVaA/rX24Q0zRiEqggWg8cOwEvIwo4FSyvualmCaETMmIDQyWJmPay2TE5PjFKgMNYmScBz9TfHRmJdLGtcRY76sVaIf5XG6QQXnkZl0kKTNL5oDAVGGJcJIMDrhgFMTWEUMXNrpiOiSIUTH41E4KzePIy6Z43Hbvp3F00WtdlHFV0hI7RKXLQJWqhW9RGHUTRI3pGr+jNerJerHfrY26tWGXPIfoD6/MHDZycPA==</latexit>

Training data

Density estimator

Loss function U = �
�

i

ln p(ti|�i;w)
<latexit sha1_base64="+9RDsrLB/WD3uqreiMM4jdH3vNc="></latexit><latexit sha1_base64="+9RDsrLB/WD3uqreiMM4jdH3vNc="></latexit><latexit sha1_base64="+9RDsrLB/WD3uqreiMM4jdH3vNc="></latexit><latexit sha1_base64="+9RDsrLB/WD3uqreiMM4jdH3vNc="></latexit>

p(t|�;w) =
�

comp., k

rk(�;w) N
�
t|µk(�;w),Ck(�;w) = �k�

T
k

�

<latexit sha1_base64="ILk/e+dkQirQ6MUyyC/s3omw7HM="></latexit><latexit sha1_base64="ILk/e+dkQirQ6MUyyC/s3omw7HM="></latexit><latexit sha1_base64="ILk/e+dkQirQ6MUyyC/s3omw7HM="></latexit><latexit sha1_base64="ILk/e+dkQirQ6MUyyC/s3omw7HM="></latexit>

network weights

w0
<latexit sha1_base64="x5WIEP8vZ92RtMHgRbOMjTcQWGg=">AAAB83icdVDLSgMxFM3UV62vqks3wSK4GjJ1auuu6MZlBfuAzlAyaaYNzWSGJKOUob/hxoUibv0Zd/6NmbaCih4IHM65l3tygoQzpRH6sAorq2vrG8XN0tb2zu5eef+go+JUEtomMY9lL8CKciZoWzPNaS+RFEcBp91gcpX73TsqFYvFrZ4m1I/wSLCQEayN5HkR1uMgzO5nAzQoV5BdO2s4qA5z4p7XLnLiOm7VhY6N5qiAJVqD8rs3jEkaUaEJx0r1HZRoP8NSM8LprOSliiaYTPCI9g0VOKLKz+aZZ/DEKEMYxtI8oeFc/b6R4UipaRSYyTyj+u3l4l9eP9Vhw8+YSFJNBVkcClMOdQzzAuCQSUo0nxqCiWQmKyRjLDHRpqaSKeHrp/B/0qnaDrKdG7fSvFzWUQRH4BicAgfUQRNcgxZoAwIS8ACewLOVWo/Wi/W6GC1Yy51D8APW2yeVcJIK</latexit><latexit sha1_base64="x5WIEP8vZ92RtMHgRbOMjTcQWGg=">AAAB83icdVDLSgMxFM3UV62vqks3wSK4GjJ1auuu6MZlBfuAzlAyaaYNzWSGJKOUob/hxoUibv0Zd/6NmbaCih4IHM65l3tygoQzpRH6sAorq2vrG8XN0tb2zu5eef+go+JUEtomMY9lL8CKciZoWzPNaS+RFEcBp91gcpX73TsqFYvFrZ4m1I/wSLCQEayN5HkR1uMgzO5nAzQoV5BdO2s4qA5z4p7XLnLiOm7VhY6N5qiAJVqD8rs3jEkaUaEJx0r1HZRoP8NSM8LprOSliiaYTPCI9g0VOKLKz+aZZ/DEKEMYxtI8oeFc/b6R4UipaRSYyTyj+u3l4l9eP9Vhw8+YSFJNBVkcClMOdQzzAuCQSUo0nxqCiWQmKyRjLDHRpqaSKeHrp/B/0qnaDrKdG7fSvFzWUQRH4BicAgfUQRNcgxZoAwIS8ACewLOVWo/Wi/W6GC1Yy51D8APW2yeVcJIK</latexit><latexit sha1_base64="x5WIEP8vZ92RtMHgRbOMjTcQWGg=">AAAB83icdVDLSgMxFM3UV62vqks3wSK4GjJ1auuu6MZlBfuAzlAyaaYNzWSGJKOUob/hxoUibv0Zd/6NmbaCih4IHM65l3tygoQzpRH6sAorq2vrG8XN0tb2zu5eef+go+JUEtomMY9lL8CKciZoWzPNaS+RFEcBp91gcpX73TsqFYvFrZ4m1I/wSLCQEayN5HkR1uMgzO5nAzQoV5BdO2s4qA5z4p7XLnLiOm7VhY6N5qiAJVqD8rs3jEkaUaEJx0r1HZRoP8NSM8LprOSliiaYTPCI9g0VOKLKz+aZZ/DEKEMYxtI8oeFc/b6R4UipaRSYyTyj+u3l4l9eP9Vhw8+YSFJNBVkcClMOdQzzAuCQSUo0nxqCiWQmKyRjLDHRpqaSKeHrp/B/0qnaDrKdG7fSvFzWUQRH4BicAgfUQRNcgxZoAwIS8ACewLOVWo/Wi/W6GC1Yy51D8APW2yeVcJIK</latexit><latexit sha1_base64="x5WIEP8vZ92RtMHgRbOMjTcQWGg=">AAAB83icdVDLSgMxFM3UV62vqks3wSK4GjJ1auuu6MZlBfuAzlAyaaYNzWSGJKOUob/hxoUibv0Zd/6NmbaCih4IHM65l3tygoQzpRH6sAorq2vrG8XN0tb2zu5eef+go+JUEtomMY9lL8CKciZoWzPNaS+RFEcBp91gcpX73TsqFYvFrZ4m1I/wSLCQEayN5HkR1uMgzO5nAzQoV5BdO2s4qA5z4p7XLnLiOm7VhY6N5qiAJVqD8rs3jEkaUaEJx0r1HZRoP8NSM8LprOSliiaYTPCI9g0VOKLKz+aZZ/DEKEMYxtI8oeFc/b6R4UipaRSYyTyj+u3l4l9eP9Vhw8+YSFJNBVkcClMOdQzzAuCQSUo0nxqCiWQmKyRjLDHRpqaSKeHrp/B/0qnaDrKdG7fSvFzWUQRH4BicAgfUQRNcgxZoAwIS8ACewLOVWo/Wi/W6GC1Yy51D8APW2yeVcJIK</latexit>

w1
<latexit sha1_base64="C43dsdriQRTA6wejHv/AfhItRss=">AAAB83icdVDLSgMxFM3UV62vqks3wSK4GiZ1auuu6MZlBfuAzlAyaaYNzWSGJKOUob/hxoUibv0Zd/6NmbaCih4IHM65l3tygoQzpR3nwyqsrK6tbxQ3S1vbO7t75f2DjopTSWibxDyWvQArypmgbc00p71EUhwFnHaDyVXud++oVCwWt3qaUD/CI8FCRrA2kudFWI+DMLufDdCgXHHs2lkDOXWYE/e8dpETF7lVFyLbmaMClmgNyu/eMCZpRIUmHCvVR06i/QxLzQins5KXKppgMsEj2jdU4IgqP5tnnsETowxhGEvzhIZz9ftGhiOlplFgJvOM6reXi395/VSHDT9jIkk1FWRxKEw51DHMC4BDJinRfGoIJpKZrJCMscREm5pKpoSvn8L/SadqI8dGN26lebmsowiOwDE4BQjUQRNcgxZoAwIS8ACewLOVWo/Wi/W6GC1Yy51D8APW2yeW9JIL</latexit><latexit sha1_base64="C43dsdriQRTA6wejHv/AfhItRss=">AAAB83icdVDLSgMxFM3UV62vqks3wSK4GiZ1auuu6MZlBfuAzlAyaaYNzWSGJKOUob/hxoUibv0Zd/6NmbaCih4IHM65l3tygoQzpR3nwyqsrK6tbxQ3S1vbO7t75f2DjopTSWibxDyWvQArypmgbc00p71EUhwFnHaDyVXud++oVCwWt3qaUD/CI8FCRrA2kudFWI+DMLufDdCgXHHs2lkDOXWYE/e8dpETF7lVFyLbmaMClmgNyu/eMCZpRIUmHCvVR06i/QxLzQins5KXKppgMsEj2jdU4IgqP5tnnsETowxhGEvzhIZz9ftGhiOlplFgJvOM6reXi395/VSHDT9jIkk1FWRxKEw51DHMC4BDJinRfGoIJpKZrJCMscREm5pKpoSvn8L/SadqI8dGN26lebmsowiOwDE4BQjUQRNcgxZoAwIS8ACewLOVWo/Wi/W6GC1Yy51D8APW2yeW9JIL</latexit><latexit sha1_base64="C43dsdriQRTA6wejHv/AfhItRss=">AAAB83icdVDLSgMxFM3UV62vqks3wSK4GiZ1auuu6MZlBfuAzlAyaaYNzWSGJKOUob/hxoUibv0Zd/6NmbaCih4IHM65l3tygoQzpR3nwyqsrK6tbxQ3S1vbO7t75f2DjopTSWibxDyWvQArypmgbc00p71EUhwFnHaDyVXud++oVCwWt3qaUD/CI8FCRrA2kudFWI+DMLufDdCgXHHs2lkDOXWYE/e8dpETF7lVFyLbmaMClmgNyu/eMCZpRIUmHCvVR06i/QxLzQins5KXKppgMsEj2jdU4IgqP5tnnsETowxhGEvzhIZz9ftGhiOlplFgJvOM6reXi395/VSHDT9jIkk1FWRxKEw51DHMC4BDJinRfGoIJpKZrJCMscREm5pKpoSvn8L/SadqI8dGN26lebmsowiOwDE4BQjUQRNcgxZoAwIS8ACewLOVWo/Wi/W6GC1Yy51D8APW2yeW9JIL</latexit><latexit sha1_base64="C43dsdriQRTA6wejHv/AfhItRss=">AAAB83icdVDLSgMxFM3UV62vqks3wSK4GiZ1auuu6MZlBfuAzlAyaaYNzWSGJKOUob/hxoUibv0Zd/6NmbaCih4IHM65l3tygoQzpR3nwyqsrK6tbxQ3S1vbO7t75f2DjopTSWibxDyWvQArypmgbc00p71EUhwFnHaDyVXud++oVCwWt3qaUD/CI8FCRrA2kudFWI+DMLufDdCgXHHs2lkDOXWYE/e8dpETF7lVFyLbmaMClmgNyu/eMCZpRIUmHCvVR06i/QxLzQins5KXKppgMsEj2jdU4IgqP5tnnsETowxhGEvzhIZz9ftGhiOlplFgJvOM6reXi395/VSHDT9jIkk1FWRxKEw51DHMC4BDJinRfGoIJpKZrJCMscREm5pKpoSvn8L/SadqI8dGN26lebmsowiOwDE4BQjUQRNcgxZoAwIS8ACewLOVWo/Wi/W6GC1Yy51D8APW2yeW9JIL</latexit>

wn�1
<latexit sha1_base64="RkVZiDF4c0sYFKRlscR/Did7O2M=">AAAB+XicdVDLSsNAFJ3UV62vqEs3g0VwY0lqauuu6MZlBfuANoTJdNIOnUzCzKRSQv7EjQtF3Pon7vwbJ20FFT0wcDjnXu6Z48eMSmVZH0ZhZXVtfaO4Wdra3tndM/cPOjJKBCZtHLFI9HwkCaOctBVVjPRiQVDoM9L1J9e5350SIWnE79QsJm6IRpwGFCOlJc80ByFSYz9I7zMv5Wd25pllq1I7b9hWHebEuahd5sSxnaoD7Yo1Rxks0fLM98EwwklIuMIMSdm3rVi5KRKKYkay0iCRJEZ4gkakrylHIZFuOk+ewROtDGEQCf24gnP1+0aKQilnoa8n85zyt5eLf3n9RAUNN6U8ThTheHEoSBhUEcxrgEMqCFZspgnCguqsEI+RQFjpskq6hK+fwv9Jp1qxrYp965SbV8s6iuAIHINTYIM6aIIb0AJtgMEUPIAn8GykxqPxYrwuRgvGcucQ/IDx9gkb9ZP3</latexit><latexit sha1_base64="RkVZiDF4c0sYFKRlscR/Did7O2M=">AAAB+XicdVDLSsNAFJ3UV62vqEs3g0VwY0lqauuu6MZlBfuANoTJdNIOnUzCzKRSQv7EjQtF3Pon7vwbJ20FFT0wcDjnXu6Z48eMSmVZH0ZhZXVtfaO4Wdra3tndM/cPOjJKBCZtHLFI9HwkCaOctBVVjPRiQVDoM9L1J9e5350SIWnE79QsJm6IRpwGFCOlJc80ByFSYz9I7zMv5Wd25pllq1I7b9hWHebEuahd5sSxnaoD7Yo1Rxks0fLM98EwwklIuMIMSdm3rVi5KRKKYkay0iCRJEZ4gkakrylHIZFuOk+ewROtDGEQCf24gnP1+0aKQilnoa8n85zyt5eLf3n9RAUNN6U8ThTheHEoSBhUEcxrgEMqCFZspgnCguqsEI+RQFjpskq6hK+fwv9Jp1qxrYp965SbV8s6iuAIHINTYIM6aIIb0AJtgMEUPIAn8GykxqPxYrwuRgvGcucQ/IDx9gkb9ZP3</latexit><latexit sha1_base64="RkVZiDF4c0sYFKRlscR/Did7O2M=">AAAB+XicdVDLSsNAFJ3UV62vqEs3g0VwY0lqauuu6MZlBfuANoTJdNIOnUzCzKRSQv7EjQtF3Pon7vwbJ20FFT0wcDjnXu6Z48eMSmVZH0ZhZXVtfaO4Wdra3tndM/cPOjJKBCZtHLFI9HwkCaOctBVVjPRiQVDoM9L1J9e5350SIWnE79QsJm6IRpwGFCOlJc80ByFSYz9I7zMv5Wd25pllq1I7b9hWHebEuahd5sSxnaoD7Yo1Rxks0fLM98EwwklIuMIMSdm3rVi5KRKKYkay0iCRJEZ4gkakrylHIZFuOk+ewROtDGEQCf24gnP1+0aKQilnoa8n85zyt5eLf3n9RAUNN6U8ThTheHEoSBhUEcxrgEMqCFZspgnCguqsEI+RQFjpskq6hK+fwv9Jp1qxrYp965SbV8s6iuAIHINTYIM6aIIb0AJtgMEUPIAn8GykxqPxYrwuRgvGcucQ/IDx9gkb9ZP3</latexit><latexit sha1_base64="RkVZiDF4c0sYFKRlscR/Did7O2M=">AAAB+XicdVDLSsNAFJ3UV62vqEs3g0VwY0lqauuu6MZlBfuANoTJdNIOnUzCzKRSQv7EjQtF3Pon7vwbJ20FFT0wcDjnXu6Z48eMSmVZH0ZhZXVtfaO4Wdra3tndM/cPOjJKBCZtHLFI9HwkCaOctBVVjPRiQVDoM9L1J9e5350SIWnE79QsJm6IRpwGFCOlJc80ByFSYz9I7zMv5Wd25pllq1I7b9hWHebEuahd5sSxnaoD7Yo1Rxks0fLM98EwwklIuMIMSdm3rVi5KRKKYkay0iCRJEZ4gkakrylHIZFuOk+ewROtDGEQCf24gnP1+0aKQilnoa8n85zyt5eLf3n9RAUNN6U8ThTheHEoSBhUEcxrgEMqCFZspgnCguqsEI+RQFjpskq6hK+fwv9Jp1qxrYp965SbV8s6iuAIHINTYIM6aIIb0AJtgMEUPIAn8GykxqPxYrwuRgvGcucQ/IDx9gkb9ZP3</latexit>

wn
<latexit sha1_base64="jBGPCwlklOhV33/N3g8DHG+Yk7w=">AAAB9XicdVDLSgMxFL1TX7W+qi7dBIvgqszUqa27ohuXFewD2loyaaYNzWSGJGMpQ//DjQtF3Pov7vwbM20FFT0QOJxzL/fkeBFnStv2h5VZWV1b38hu5ra2d3b38vsHTRXGktAGCXko2x5WlDNBG5ppTtuRpDjwOG1546vUb91TqVgobvU0or0ADwXzGcHaSHfdAOuR5yeTWT8Rs36+YBfLZ1XHrqCUuOfli5S4jltykVO05yjAEvV+/r07CEkcUKEJx0p1HDvSvQRLzQins1w3VjTCZIyHtGOowAFVvWSeeoZOjDJAfijNExrN1e8bCQ6UmgaemUxTqt9eKv7ldWLtV3sJE1GsqSCLQ37MkQ5RWgEaMEmJ5lNDMJHMZEVkhCUm2hSVMyV8/RT9T5qlomMXnRu3ULtc1pGFIziGU3CgAjW4hjo0gICEB3iCZ2tiPVov1utiNGMtdw7hB6y3T7/4k1Q=</latexit><latexit sha1_base64="jBGPCwlklOhV33/N3g8DHG+Yk7w=">AAAB9XicdVDLSgMxFL1TX7W+qi7dBIvgqszUqa27ohuXFewD2loyaaYNzWSGJGMpQ//DjQtF3Pov7vwbM20FFT0QOJxzL/fkeBFnStv2h5VZWV1b38hu5ra2d3b38vsHTRXGktAGCXko2x5WlDNBG5ppTtuRpDjwOG1546vUb91TqVgobvU0or0ADwXzGcHaSHfdAOuR5yeTWT8Rs36+YBfLZ1XHrqCUuOfli5S4jltykVO05yjAEvV+/r07CEkcUKEJx0p1HDvSvQRLzQins1w3VjTCZIyHtGOowAFVvWSeeoZOjDJAfijNExrN1e8bCQ6UmgaemUxTqt9eKv7ldWLtV3sJE1GsqSCLQ37MkQ5RWgEaMEmJ5lNDMJHMZEVkhCUm2hSVMyV8/RT9T5qlomMXnRu3ULtc1pGFIziGU3CgAjW4hjo0gICEB3iCZ2tiPVov1utiNGMtdw7hB6y3T7/4k1Q=</latexit><latexit sha1_base64="jBGPCwlklOhV33/N3g8DHG+Yk7w=">AAAB9XicdVDLSgMxFL1TX7W+qi7dBIvgqszUqa27ohuXFewD2loyaaYNzWSGJGMpQ//DjQtF3Pov7vwbM20FFT0QOJxzL/fkeBFnStv2h5VZWV1b38hu5ra2d3b38vsHTRXGktAGCXko2x5WlDNBG5ppTtuRpDjwOG1546vUb91TqVgobvU0or0ADwXzGcHaSHfdAOuR5yeTWT8Rs36+YBfLZ1XHrqCUuOfli5S4jltykVO05yjAEvV+/r07CEkcUKEJx0p1HDvSvQRLzQins1w3VjTCZIyHtGOowAFVvWSeeoZOjDJAfijNExrN1e8bCQ6UmgaemUxTqt9eKv7ldWLtV3sJE1GsqSCLQ37MkQ5RWgEaMEmJ5lNDMJHMZEVkhCUm2hSVMyV8/RT9T5qlomMXnRu3ULtc1pGFIziGU3CgAjW4hjo0gICEB3iCZ2tiPVov1utiNGMtdw7hB6y3T7/4k1Q=</latexit><latexit sha1_base64="jBGPCwlklOhV33/N3g8DHG+Yk7w=">AAAB9XicdVDLSgMxFL1TX7W+qi7dBIvgqszUqa27ohuXFewD2loyaaYNzWSGJGMpQ//DjQtF3Pov7vwbM20FFT0QOJxzL/fkeBFnStv2h5VZWV1b38hu5ra2d3b38vsHTRXGktAGCXko2x5WlDNBG5ppTtuRpDjwOG1546vUb91TqVgobvU0or0ADwXzGcHaSHfdAOuR5yeTWT8Rs36+YBfLZ1XHrqCUuOfli5S4jltykVO05yjAEvV+/r07CEkcUKEJx0p1HDvSvQRLzQins1w3VjTCZIyHtGOowAFVvWSeeoZOjDJAfijNExrN1e8bCQ6UmgaemUxTqt9eKv7ldWLtV3sJE1GsqSCLQ37MkQ5RWgEaMEmJ5lNDMJHMZEVkhCUm2hSVMyV8/RT9T5qlomMXnRu3ULtc1pGFIziGU3CgAjW4hjo0gICEB3iCZ2tiPVov1utiNGMtdw7hB6y3T7/4k1Q=</latexit>

w = (w0,w1, . . . ,wn)
<latexit sha1_base64="elhZP1/NOHWw+4U31K+Hor4kEwc="></latexit><latexit sha1_base64="elhZP1/NOHWw+4U31K+Hor4kEwc="></latexit><latexit sha1_base64="elhZP1/NOHWw+4U31K+Hor4kEwc="></latexit><latexit sha1_base64="elhZP1/NOHWw+4U31K+Hor4kEwc="></latexit>

. . .
<latexit sha1_base64="byjPsyhtMxJUail5iiggp/j5F50=">AAAB7HicdVBNS8NAFNz4WetX1aOXxSJ4CklNbb0VvXisYNpCG8pmu2mXbjZh90Uopb/BiwdFvPqDvPlv3LQVVHRgYZh5w743YSq4Bsf5sFZW19Y3Ngtbxe2d3b390sFhSyeZosyniUhUJySaCS6ZDxwE66SKkTgUrB2Or3O/fc+U5om8g0nKgpgMJY84JWAkvzdIQPdLZceuntddp4Zz4l1UL3PiuV7Fw67tzFFGSzT7pXeTo1nMJFBBtO66TgrBlCjgVLBZsZdplhI6JkPWNVSSmOlgOl92hk+NMsBRosyTgOfq98SUxFpP4tBMxgRG+reXi3953QyiejDlMs2ASbr4KMoEhgTnl+MBV4yCmBhCqOJmV0xHRBEKpp+iKeHrUvw/aVVs17HdW6/cuFrWUUDH6ASdIRfVUAPdoCbyEUUcPaAn9GxJ69F6sV4XoyvWMnOEfsB6+wRfko8O</latexit><latexit sha1_base64="byjPsyhtMxJUail5iiggp/j5F50=">AAAB7HicdVBNS8NAFNz4WetX1aOXxSJ4CklNbb0VvXisYNpCG8pmu2mXbjZh90Uopb/BiwdFvPqDvPlv3LQVVHRgYZh5w743YSq4Bsf5sFZW19Y3Ngtbxe2d3b390sFhSyeZosyniUhUJySaCS6ZDxwE66SKkTgUrB2Or3O/fc+U5om8g0nKgpgMJY84JWAkvzdIQPdLZceuntddp4Zz4l1UL3PiuV7Fw67tzFFGSzT7pXeTo1nMJFBBtO66TgrBlCjgVLBZsZdplhI6JkPWNVSSmOlgOl92hk+NMsBRosyTgOfq98SUxFpP4tBMxgRG+reXi3953QyiejDlMs2ASbr4KMoEhgTnl+MBV4yCmBhCqOJmV0xHRBEKpp+iKeHrUvw/aVVs17HdW6/cuFrWUUDH6ASdIRfVUAPdoCbyEUUcPaAn9GxJ69F6sV4XoyvWMnOEfsB6+wRfko8O</latexit><latexit sha1_base64="byjPsyhtMxJUail5iiggp/j5F50=">AAAB7HicdVBNS8NAFNz4WetX1aOXxSJ4CklNbb0VvXisYNpCG8pmu2mXbjZh90Uopb/BiwdFvPqDvPlv3LQVVHRgYZh5w743YSq4Bsf5sFZW19Y3Ngtbxe2d3b390sFhSyeZosyniUhUJySaCS6ZDxwE66SKkTgUrB2Or3O/fc+U5om8g0nKgpgMJY84JWAkvzdIQPdLZceuntddp4Zz4l1UL3PiuV7Fw67tzFFGSzT7pXeTo1nMJFBBtO66TgrBlCjgVLBZsZdplhI6JkPWNVSSmOlgOl92hk+NMsBRosyTgOfq98SUxFpP4tBMxgRG+reXi3953QyiejDlMs2ASbr4KMoEhgTnl+MBV4yCmBhCqOJmV0xHRBEKpp+iKeHrUvw/aVVs17HdW6/cuFrWUUDH6ASdIRfVUAPdoCbyEUUcPaAn9GxJ69F6sV4XoyvWMnOEfsB6+wRfko8O</latexit><latexit sha1_base64="byjPsyhtMxJUail5iiggp/j5F50=">AAAB7HicdVBNS8NAFNz4WetX1aOXxSJ4CklNbb0VvXisYNpCG8pmu2mXbjZh90Uopb/BiwdFvPqDvPlv3LQVVHRgYZh5w743YSq4Bsf5sFZW19Y3Ngtbxe2d3b390sFhSyeZosyniUhUJySaCS6ZDxwE66SKkTgUrB2Or3O/fc+U5om8g0nKgpgMJY84JWAkvzdIQPdLZceuntddp4Zz4l1UL3PiuV7Fw67tzFFGSzT7pXeTo1nMJFBBtO66TgrBlCjgVLBZsZdplhI6JkPWNVSSmOlgOl92hk+NMsBRosyTgOfq98SUxFpP4tBMxgRG+reXi3953QyiejDlMs2ASbr4KMoEhgTnl+MBV4yCmBhCqOJmV0xHRBEKpp+iKeHrUvw/aVVs17HdW6/cuFrWUUDH6ASdIRfVUAPdoCbyEUUcPaAn9GxJ69F6sV4XoyvWMnOEfsB6+wRfko8O</latexit>

Mixture Density Network (MDN)
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Figure 2. Schematic of the mixture density network parameterization of the conditional density p(t |✓). The means, weights and co-
variances of a Gaussian mixture model for p(t |✓) are free functions of the parameters ✓, parameterized by the weights, w, of the neural
network. The neural network takes ✓ as input and outputs the parameters of the mixture model for those parameters.
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…

da
ta

 (s
um

m
ar

ie
s)

, t <latexit sha1_base64="5stcGrXqsoASK8xcqONY8G/32M8=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+8A2lMl00g6dTMLMjVBC/8KNC0Xc+jfu/BsnbRbaemDgcM69zLknSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHFtRKwecJpwP6IjJULBKFrpsR9RHAdhhrNBtebW3TnIKvEKUoMCzUH1qz+MWRpxhUxSY3qem6CfUY2CST6r9FPDE8omdMR7lioaceNn88QzcmaVIQljbZ9CMld/b2Q0MmYaBXYyT2iWvVz8z+ulGF77mVBJilyxxUdhKgnGJD+fDIXmDOXUEsq0sFkJG1NNGdqSKrYEb/nkVdK+qHtu3bu/rDVuijrKcAKncA4eXEED7qAJLWCg4Ble4c0xzovz7nwsRktOsXMMf+B8/gD3JZEY</latexit><latexit sha1_base64="5stcGrXqsoASK8xcqONY8G/32M8=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+8A2lMl00g6dTMLMjVBC/8KNC0Xc+jfu/BsnbRbaemDgcM69zLknSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHFtRKwecJpwP6IjJULBKFrpsR9RHAdhhrNBtebW3TnIKvEKUoMCzUH1qz+MWRpxhUxSY3qem6CfUY2CST6r9FPDE8omdMR7lioaceNn88QzcmaVIQljbZ9CMld/b2Q0MmYaBXYyT2iWvVz8z+ulGF77mVBJilyxxUdhKgnGJD+fDIXmDOXUEsq0sFkJG1NNGdqSKrYEb/nkVdK+qHtu3bu/rDVuijrKcAKncA4eXEED7qAJLWCg4Ble4c0xzovz7nwsRktOsXMMf+B8/gD3JZEY</latexit><latexit sha1_base64="5stcGrXqsoASK8xcqONY8G/32M8=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+8A2lMl00g6dTMLMjVBC/8KNC0Xc+jfu/BsnbRbaemDgcM69zLknSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHFtRKwecJpwP6IjJULBKFrpsR9RHAdhhrNBtebW3TnIKvEKUoMCzUH1qz+MWRpxhUxSY3qem6CfUY2CST6r9FPDE8omdMR7lioaceNn88QzcmaVIQljbZ9CMld/b2Q0MmYaBXYyT2iWvVz8z+ulGF77mVBJilyxxUdhKgnGJD+fDIXmDOXUEsq0sFkJG1NNGdqSKrYEb/nkVdK+qHtu3bu/rDVuijrKcAKncA4eXEED7qAJLWCg4Ble4c0xzovz7nwsRktOsXMMf+B8/gD3JZEY</latexit><latexit sha1_base64="5stcGrXqsoASK8xcqONY8G/32M8=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+8A2lMl00g6dTMLMjVBC/8KNC0Xc+jfu/BsnbRbaemDgcM69zLknSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHFtRKwecJpwP6IjJULBKFrpsR9RHAdhhrNBtebW3TnIKvEKUoMCzUH1qz+MWRpxhUxSY3qem6CfUY2CST6r9FPDE8omdMR7lioaceNn88QzcmaVIQljbZ9CMld/b2Q0MmYaBXYyT2iWvVz8z+ulGF77mVBJilyxxUdhKgnGJD+fDIXmDOXUEsq0sFkJG1NNGdqSKrYEb/nkVdK+qHtu3bu/rDVuijrKcAKncA4eXEED7qAJLWCg4Ble4c0xzovz7nwsRktOsXMMf+B8/gD3JZEY</latexit>

…
…

µ1(�;w)
<latexit sha1_base64="YmIFU8mckwtPdVJ9705m9T0lMxE=">AAACDHicbVDLSsNAFJ34rPVVdelmsAp1UxIRFNwU3LisYB/QhDKZTNqhk0mYuVFK6Ae48VfcuFDErR/gzr9x0mahrQeGOZx7Lvfe4yeCa7Dtb2tpeWV1bb20Ud7c2t7Zreztt3WcKspaNBax6vpEM8ElawEHwbqJYiTyBev4o+u83rlnSvNY3sE4YV5EBpKHnBIwUr9SdaO079RcPxaBHkfmc2HIgFy5EYGhH2YPk1Pjsuv2FHiROAWpogLNfuXLDWKaRkwCFUTrnmMn4GVEAaeCTcpuqllC6IgMWM9QSSKmvWx6zASfGCXAYazMk4Cn6u+OjEQ639Q48xX1fC0X/6v1UggvvYzLJAUm6WxQmAoMMc6TwQFXjIIYG0Ko4mZXTIdEEQomv7IJwZk/eZG0z+qOXXduz6uN4yKOEjpER6iGHHSBGugGNVELUfSIntErerOerBfr3fqYWZesoucA/YH1+QMR8puH</latexit><latexit sha1_base64="YmIFU8mckwtPdVJ9705m9T0lMxE=">AAACDHicbVDLSsNAFJ34rPVVdelmsAp1UxIRFNwU3LisYB/QhDKZTNqhk0mYuVFK6Ae48VfcuFDErR/gzr9x0mahrQeGOZx7Lvfe4yeCa7Dtb2tpeWV1bb20Ud7c2t7Zreztt3WcKspaNBax6vpEM8ElawEHwbqJYiTyBev4o+u83rlnSvNY3sE4YV5EBpKHnBIwUr9SdaO079RcPxaBHkfmc2HIgFy5EYGhH2YPk1Pjsuv2FHiROAWpogLNfuXLDWKaRkwCFUTrnmMn4GVEAaeCTcpuqllC6IgMWM9QSSKmvWx6zASfGCXAYazMk4Cn6u+OjEQ639Q48xX1fC0X/6v1UggvvYzLJAUm6WxQmAoMMc6TwQFXjIIYG0Ko4mZXTIdEEQomv7IJwZk/eZG0z+qOXXduz6uN4yKOEjpER6iGHHSBGugGNVELUfSIntErerOerBfr3fqYWZesoucA/YH1+QMR8puH</latexit><latexit sha1_base64="YmIFU8mckwtPdVJ9705m9T0lMxE=">AAACDHicbVDLSsNAFJ34rPVVdelmsAp1UxIRFNwU3LisYB/QhDKZTNqhk0mYuVFK6Ae48VfcuFDErR/gzr9x0mahrQeGOZx7Lvfe4yeCa7Dtb2tpeWV1bb20Ud7c2t7Zreztt3WcKspaNBax6vpEM8ElawEHwbqJYiTyBev4o+u83rlnSvNY3sE4YV5EBpKHnBIwUr9SdaO079RcPxaBHkfmc2HIgFy5EYGhH2YPk1Pjsuv2FHiROAWpogLNfuXLDWKaRkwCFUTrnmMn4GVEAaeCTcpuqllC6IgMWM9QSSKmvWx6zASfGCXAYazMk4Cn6u+OjEQ639Q48xX1fC0X/6v1UggvvYzLJAUm6WxQmAoMMc6TwQFXjIIYG0Ko4mZXTIdEEQomv7IJwZk/eZG0z+qOXXduz6uN4yKOEjpER6iGHHSBGugGNVELUfSIntErerOerBfr3fqYWZesoucA/YH1+QMR8puH</latexit><latexit sha1_base64="YmIFU8mckwtPdVJ9705m9T0lMxE=">AAACDHicbVDLSsNAFJ34rPVVdelmsAp1UxIRFNwU3LisYB/QhDKZTNqhk0mYuVFK6Ae48VfcuFDErR/gzr9x0mahrQeGOZx7Lvfe4yeCa7Dtb2tpeWV1bb20Ud7c2t7Zreztt3WcKspaNBax6vpEM8ElawEHwbqJYiTyBev4o+u83rlnSvNY3sE4YV5EBpKHnBIwUr9SdaO079RcPxaBHkfmc2HIgFy5EYGhH2YPk1Pjsuv2FHiROAWpogLNfuXLDWKaRkwCFUTrnmMn4GVEAaeCTcpuqllC6IgMWM9QSSKmvWx6zASfGCXAYazMk4Cn6u+OjEQ639Q48xX1fC0X/6v1UggvvYzLJAUm6WxQmAoMMc6TwQFXjIIYG0Ko4mZXTIdEEQomv7IJwZk/eZG0z+qOXXduz6uN4yKOEjpER6iGHHSBGugGNVELUfSIntErerOerBfr3fqYWZesoucA/YH1+QMR8puH</latexit>

�1(�;w)
<latexit sha1_base64="fcOTBVReEoppjjWrR6SLK305yHA=">AAACD3icbVDLSsNAFJ3UV62vqEs3warUTUlEUHBTcOOygn1AE8JkOmmHTjJh5kYpoX/gxl9x40IRt27d+TdO2iy09cIwh3Pu5Z57goQzBbb9bZSWlldW18rrlY3Nre0dc3evrUQqCW0RwYXsBlhRzmLaAgacdhNJcRRw2glG17neuadSMRHfwTihXoQHMQsZwaAp3zxxFRtE2HdqbiB4X40j/bkwpICv3AjDMAizh8mpb1btuj0taxE4Baiiopq++eX2BUkjGgPhWKmeYyfgZVgCI5xOKm6qaILJCA9oT8MYR1R52fSeiXWsmb4VCqlfDNaU/T2R4UjlTnVnblHNazn5n9ZLIbz0MhYnKdCYzBaFKbdAWHk4Vp9JSoCPNcBEMu3VIkMsMQEdYUWH4MyfvAjaZ3XHrju359XGURFHGR2gQ1RDDrpADXSDmqiFCHpEz+gVvRlPxovxbnzMWktGMbOP/pTx+QN38JzU</latexit><latexit sha1_base64="fcOTBVReEoppjjWrR6SLK305yHA=">AAACD3icbVDLSsNAFJ3UV62vqEs3warUTUlEUHBTcOOygn1AE8JkOmmHTjJh5kYpoX/gxl9x40IRt27d+TdO2iy09cIwh3Pu5Z57goQzBbb9bZSWlldW18rrlY3Nre0dc3evrUQqCW0RwYXsBlhRzmLaAgacdhNJcRRw2glG17neuadSMRHfwTihXoQHMQsZwaAp3zxxFRtE2HdqbiB4X40j/bkwpICv3AjDMAizh8mpb1btuj0taxE4Baiiopq++eX2BUkjGgPhWKmeYyfgZVgCI5xOKm6qaILJCA9oT8MYR1R52fSeiXWsmb4VCqlfDNaU/T2R4UjlTnVnblHNazn5n9ZLIbz0MhYnKdCYzBaFKbdAWHk4Vp9JSoCPNcBEMu3VIkMsMQEdYUWH4MyfvAjaZ3XHrju359XGURFHGR2gQ1RDDrpADXSDmqiFCHpEz+gVvRlPxovxbnzMWktGMbOP/pTx+QN38JzU</latexit><latexit sha1_base64="fcOTBVReEoppjjWrR6SLK305yHA=">AAACD3icbVDLSsNAFJ3UV62vqEs3warUTUlEUHBTcOOygn1AE8JkOmmHTjJh5kYpoX/gxl9x40IRt27d+TdO2iy09cIwh3Pu5Z57goQzBbb9bZSWlldW18rrlY3Nre0dc3evrUQqCW0RwYXsBlhRzmLaAgacdhNJcRRw2glG17neuadSMRHfwTihXoQHMQsZwaAp3zxxFRtE2HdqbiB4X40j/bkwpICv3AjDMAizh8mpb1btuj0taxE4Baiiopq++eX2BUkjGgPhWKmeYyfgZVgCI5xOKm6qaILJCA9oT8MYR1R52fSeiXWsmb4VCqlfDNaU/T2R4UjlTnVnblHNazn5n9ZLIbz0MhYnKdCYzBaFKbdAWHk4Vp9JSoCPNcBEMu3VIkMsMQEdYUWH4MyfvAjaZ3XHrju359XGURFHGR2gQ1RDDrpADXSDmqiFCHpEz+gVvRlPxovxbnzMWktGMbOP/pTx+QN38JzU</latexit><latexit sha1_base64="fcOTBVReEoppjjWrR6SLK305yHA=">AAACD3icbVDLSsNAFJ3UV62vqEs3warUTUlEUHBTcOOygn1AE8JkOmmHTjJh5kYpoX/gxl9x40IRt27d+TdO2iy09cIwh3Pu5Z57goQzBbb9bZSWlldW18rrlY3Nre0dc3evrUQqCW0RwYXsBlhRzmLaAgacdhNJcRRw2glG17neuadSMRHfwTihXoQHMQsZwaAp3zxxFRtE2HdqbiB4X40j/bkwpICv3AjDMAizh8mpb1btuj0taxE4Baiiopq++eX2BUkjGgPhWKmeYyfgZVgCI5xOKm6qaILJCA9oT8MYR1R52fSeiXWsmb4VCqlfDNaU/T2R4UjlTnVnblHNazn5n9ZLIbz0MhYnKdCYzBaFKbdAWHk4Vp9JSoCPNcBEMu3VIkMsMQEdYUWH4MyfvAjaZ3XHrju359XGURFHGR2gQ1RDDrpADXSDmqiFCHpEz+gVvRlPxovxbnzMWktGMbOP/pTx+QN38JzU</latexit>

�2(t1, �;w)
<latexit sha1_base64="JkDwSAhTn4RhGk47ricbTgZ4704=">AAACFHicbVDLSsNAFJ3UV62vqEs3g1WoKCUpgoKbghuXFewDmhAm00k7dPJg5kYpoR/hxl9x40IRty7c+TdO2i609cIwh3Pu5Z57/ERwBZb1bRSWlldW14rrpY3Nre0dc3evpeJUUtaksYhlxyeKCR6xJnAQrJNIRkJfsLY/vM719j2TisfRHYwS5oakH/GAUwKa8sxTR/F+SLxaBTz7DDt+LHpqFOrPgQEDcuWEBAZ+kD2MTzyzbFWtSeFFYM9AGc2q4ZlfTi+macgioIIo1bWtBNyMSOBUsHHJSRVLCB2SPutqGJGQKTebHDXGx5rp4SCW+kWAJ+zviYyEKneqO3OLal7Lyf+0bgrBpZvxKEmBRXS6KEgFhhjnCeEel4yCGGlAqOTaK6YDIgkFnWNJh2DPn7wIWrWqbVXt2/Ny/WgWRxEdoENUQTa6QHV0gxqoiSh6RM/oFb0ZT8aL8W58TFsLxmxmH/0p4/MHat2eVw==</latexit><latexit sha1_base64="JkDwSAhTn4RhGk47ricbTgZ4704=">AAACFHicbVDLSsNAFJ3UV62vqEs3g1WoKCUpgoKbghuXFewDmhAm00k7dPJg5kYpoR/hxl9x40IRty7c+TdO2i609cIwh3Pu5Z57/ERwBZb1bRSWlldW14rrpY3Nre0dc3evpeJUUtaksYhlxyeKCR6xJnAQrJNIRkJfsLY/vM719j2TisfRHYwS5oakH/GAUwKa8sxTR/F+SLxaBTz7DDt+LHpqFOrPgQEDcuWEBAZ+kD2MTzyzbFWtSeFFYM9AGc2q4ZlfTi+macgioIIo1bWtBNyMSOBUsHHJSRVLCB2SPutqGJGQKTebHDXGx5rp4SCW+kWAJ+zviYyEKneqO3OLal7Lyf+0bgrBpZvxKEmBRXS6KEgFhhjnCeEel4yCGGlAqOTaK6YDIgkFnWNJh2DPn7wIWrWqbVXt2/Ny/WgWRxEdoENUQTa6QHV0gxqoiSh6RM/oFb0ZT8aL8W58TFsLxmxmH/0p4/MHat2eVw==</latexit><latexit sha1_base64="JkDwSAhTn4RhGk47ricbTgZ4704=">AAACFHicbVDLSsNAFJ3UV62vqEs3g1WoKCUpgoKbghuXFewDmhAm00k7dPJg5kYpoR/hxl9x40IRty7c+TdO2i609cIwh3Pu5Z57/ERwBZb1bRSWlldW14rrpY3Nre0dc3evpeJUUtaksYhlxyeKCR6xJnAQrJNIRkJfsLY/vM719j2TisfRHYwS5oakH/GAUwKa8sxTR/F+SLxaBTz7DDt+LHpqFOrPgQEDcuWEBAZ+kD2MTzyzbFWtSeFFYM9AGc2q4ZlfTi+macgioIIo1bWtBNyMSOBUsHHJSRVLCB2SPutqGJGQKTebHDXGx5rp4SCW+kWAJ+zviYyEKneqO3OLal7Lyf+0bgrBpZvxKEmBRXS6KEgFhhjnCeEel4yCGGlAqOTaK6YDIgkFnWNJh2DPn7wIWrWqbVXt2/Ny/WgWRxEdoENUQTa6QHV0gxqoiSh6RM/oFb0ZT8aL8W58TFsLxmxmH/0p4/MHat2eVw==</latexit><latexit sha1_base64="JkDwSAhTn4RhGk47ricbTgZ4704=">AAACFHicbVDLSsNAFJ3UV62vqEs3g1WoKCUpgoKbghuXFewDmhAm00k7dPJg5kYpoR/hxl9x40IRty7c+TdO2i609cIwh3Pu5Z57/ERwBZb1bRSWlldW14rrpY3Nre0dc3evpeJUUtaksYhlxyeKCR6xJnAQrJNIRkJfsLY/vM719j2TisfRHYwS5oakH/GAUwKa8sxTR/F+SLxaBTz7DDt+LHpqFOrPgQEDcuWEBAZ+kD2MTzyzbFWtSeFFYM9AGc2q4ZlfTi+macgioIIo1bWtBNyMSOBUsHHJSRVLCB2SPutqGJGQKTebHDXGx5rp4SCW+kWAJ+zviYyEKneqO3OLal7Lyf+0bgrBpZvxKEmBRXS6KEgFhhjnCeEel4yCGGlAqOTaK6YDIgkFnWNJh2DPn7wIWrWqbVXt2/Ny/WgWRxEdoENUQTa6QHV0gxqoiSh6RM/oFb0ZT8aL8W58TFsLxmxmH/0p4/MHat2eVw==</latexit>

µ2(t1, �;w)
<latexit sha1_base64="0UjyJV7dAGm5UItc2etJkKh6gjc=">AAACEXicbVDLSsNAFJ34rPUVdelmsAoVpCRFUHBTcOOygn1AE8JkOmmHTh7M3Cgl9Bfc+CtuXCji1p07/8ZJm4W2XhjmcM693HOPnwiuwLK+jaXlldW19dJGeXNre2fX3NtvqziVlLVoLGLZ9YligkesBRwE6yaSkdAXrOOPrnO9c8+k4nF0B+OEuSEZRDzglICmPLPqhKlXr4Jnn2HHj0VfjUP9OTBkQK6ckMDQD7KHyalnVqyaNS28COwCVFBRTc/8cvoxTUMWARVEqZ5tJeBmRAKngk3KTqpYQuiIDFhPw4iETLnZ9KIJPtFMHwex1C8CPGV/T2QkVLlT3ZlbVPNaTv6n9VIILt2MR0kKLKKzRUEqMMQ4jwf3uWQUxFgDQiXXXjEdEkko6BDLOgR7/uRF0K7XbKtm355XGsdFHCV0iI5QFdnoAjXQDWqiFqLoET2jV/RmPBkvxrvxMWtdMoqZA/SnjM8f/sedCg==</latexit><latexit sha1_base64="0UjyJV7dAGm5UItc2etJkKh6gjc=">AAACEXicbVDLSsNAFJ34rPUVdelmsAoVpCRFUHBTcOOygn1AE8JkOmmHTh7M3Cgl9Bfc+CtuXCji1p07/8ZJm4W2XhjmcM693HOPnwiuwLK+jaXlldW19dJGeXNre2fX3NtvqziVlLVoLGLZ9YligkesBRwE6yaSkdAXrOOPrnO9c8+k4nF0B+OEuSEZRDzglICmPLPqhKlXr4Jnn2HHj0VfjUP9OTBkQK6ckMDQD7KHyalnVqyaNS28COwCVFBRTc/8cvoxTUMWARVEqZ5tJeBmRAKngk3KTqpYQuiIDFhPw4iETLnZ9KIJPtFMHwex1C8CPGV/T2QkVLlT3ZlbVPNaTv6n9VIILt2MR0kKLKKzRUEqMMQ4jwf3uWQUxFgDQiXXXjEdEkko6BDLOgR7/uRF0K7XbKtm355XGsdFHCV0iI5QFdnoAjXQDWqiFqLoET2jV/RmPBkvxrvxMWtdMoqZA/SnjM8f/sedCg==</latexit><latexit sha1_base64="0UjyJV7dAGm5UItc2etJkKh6gjc=">AAACEXicbVDLSsNAFJ34rPUVdelmsAoVpCRFUHBTcOOygn1AE8JkOmmHTh7M3Cgl9Bfc+CtuXCji1p07/8ZJm4W2XhjmcM693HOPnwiuwLK+jaXlldW19dJGeXNre2fX3NtvqziVlLVoLGLZ9YligkesBRwE6yaSkdAXrOOPrnO9c8+k4nF0B+OEuSEZRDzglICmPLPqhKlXr4Jnn2HHj0VfjUP9OTBkQK6ckMDQD7KHyalnVqyaNS28COwCVFBRTc/8cvoxTUMWARVEqZ5tJeBmRAKngk3KTqpYQuiIDFhPw4iETLnZ9KIJPtFMHwex1C8CPGV/T2QkVLlT3ZlbVPNaTv6n9VIILt2MR0kKLKKzRUEqMMQ4jwf3uWQUxFgDQiXXXjEdEkko6BDLOgR7/uRF0K7XbKtm355XGsdFHCV0iI5QFdnoAjXQDWqiFqLoET2jV/RmPBkvxrvxMWtdMoqZA/SnjM8f/sedCg==</latexit><latexit sha1_base64="0UjyJV7dAGm5UItc2etJkKh6gjc=">AAACEXicbVDLSsNAFJ34rPUVdelmsAoVpCRFUHBTcOOygn1AE8JkOmmHTh7M3Cgl9Bfc+CtuXCji1p07/8ZJm4W2XhjmcM693HOPnwiuwLK+jaXlldW19dJGeXNre2fX3NtvqziVlLVoLGLZ9YligkesBRwE6yaSkdAXrOOPrnO9c8+k4nF0B+OEuSEZRDzglICmPLPqhKlXr4Jnn2HHj0VfjUP9OTBkQK6ckMDQD7KHyalnVqyaNS28COwCVFBRTc/8cvoxTUMWARVEqZ5tJeBmRAKngk3KTqpYQuiIDFhPw4iETLnZ9KIJPtFMHwex1C8CPGV/T2QkVLlT3ZlbVPNaTv6n9VIILt2MR0kKLKKzRUEqMMQ4jwf3uWQUxFgDQiXXXjEdEkko6BDLOgR7/uRF0K7XbKtm355XGsdFHCV0iI5QFdnoAjXQDWqiFqLoET2jV/RmPBkvxrvxMWtdMoqZA/SnjM8f/sedCg==</latexit>

µi(t1:i�1, �;w)
<latexit sha1_base64="ITN5HuEv6dUrtykxzWG1XJ9/YJ8=">AAACF3icbVDLSsNAFJ3UV62vqks3g1WooCURQdFNwY3LCvYBTQiT6aQdOnkwc6OU0L9w46+4caGIW935N07aLLT1wjCHc+7lnnu8WHAFpvltFBYWl5ZXiqultfWNza3y9k5LRYmkrEkjEcmORxQTPGRN4CBYJ5aMBJ5gbW94nenteyYVj8I7GMXMCUg/5D6nBDTllmt2kLi8Cm5qXfITa3yMbS8SPTUK9GfDgAG5sgMCA89PH8ZHbrli1sxJ4Xlg5aCC8mq45S+7F9EkYCFQQZTqWmYMTkokcCrYuGQnisWEDkmfdTUMScCUk07uGuNDzfSwH0n9QsAT9vdESgKVOdWdmUU1q2Xkf1o3Af/CSXkYJ8BCOl3kJwJDhLOQcI9LRkGMNCBUcu0V0wGRhIKOsqRDsGZPnget05pl1qzbs0r9II+jiPbQPqoiC52jOrpBDdREFD2iZ/SK3own48V4Nz6mrQUjn9lFf8r4/AGNDZ92</latexit><latexit sha1_base64="ITN5HuEv6dUrtykxzWG1XJ9/YJ8=">AAACF3icbVDLSsNAFJ3UV62vqks3g1WooCURQdFNwY3LCvYBTQiT6aQdOnkwc6OU0L9w46+4caGIW935N07aLLT1wjCHc+7lnnu8WHAFpvltFBYWl5ZXiqultfWNza3y9k5LRYmkrEkjEcmORxQTPGRN4CBYJ5aMBJ5gbW94nenteyYVj8I7GMXMCUg/5D6nBDTllmt2kLi8Cm5qXfITa3yMbS8SPTUK9GfDgAG5sgMCA89PH8ZHbrli1sxJ4Xlg5aCC8mq45S+7F9EkYCFQQZTqWmYMTkokcCrYuGQnisWEDkmfdTUMScCUk07uGuNDzfSwH0n9QsAT9vdESgKVOdWdmUU1q2Xkf1o3Af/CSXkYJ8BCOl3kJwJDhLOQcI9LRkGMNCBUcu0V0wGRhIKOsqRDsGZPnget05pl1qzbs0r9II+jiPbQPqoiC52jOrpBDdREFD2iZ/SK3own48V4Nz6mrQUjn9lFf8r4/AGNDZ92</latexit><latexit sha1_base64="ITN5HuEv6dUrtykxzWG1XJ9/YJ8=">AAACF3icbVDLSsNAFJ3UV62vqks3g1WooCURQdFNwY3LCvYBTQiT6aQdOnkwc6OU0L9w46+4caGIW935N07aLLT1wjCHc+7lnnu8WHAFpvltFBYWl5ZXiqultfWNza3y9k5LRYmkrEkjEcmORxQTPGRN4CBYJ5aMBJ5gbW94nenteyYVj8I7GMXMCUg/5D6nBDTllmt2kLi8Cm5qXfITa3yMbS8SPTUK9GfDgAG5sgMCA89PH8ZHbrli1sxJ4Xlg5aCC8mq45S+7F9EkYCFQQZTqWmYMTkokcCrYuGQnisWEDkmfdTUMScCUk07uGuNDzfSwH0n9QsAT9vdESgKVOdWdmUU1q2Xkf1o3Af/CSXkYJ8BCOl3kJwJDhLOQcI9LRkGMNCBUcu0V0wGRhIKOsqRDsGZPnget05pl1qzbs0r9II+jiPbQPqoiC52jOrpBDdREFD2iZ/SK3own48V4Nz6mrQUjn9lFf8r4/AGNDZ92</latexit><latexit sha1_base64="ITN5HuEv6dUrtykxzWG1XJ9/YJ8=">AAACF3icbVDLSsNAFJ3UV62vqks3g1WooCURQdFNwY3LCvYBTQiT6aQdOnkwc6OU0L9w46+4caGIW935N07aLLT1wjCHc+7lnnu8WHAFpvltFBYWl5ZXiqultfWNza3y9k5LRYmkrEkjEcmORxQTPGRN4CBYJ5aMBJ5gbW94nenteyYVj8I7GMXMCUg/5D6nBDTllmt2kLi8Cm5qXfITa3yMbS8SPTUK9GfDgAG5sgMCA89PH8ZHbrli1sxJ4Xlg5aCC8mq45S+7F9EkYCFQQZTqWmYMTkokcCrYuGQnisWEDkmfdTUMScCUk07uGuNDzfSwH0n9QsAT9vdESgKVOdWdmUU1q2Xkf1o3Af/CSXkYJ8BCOl3kJwJDhLOQcI9LRkGMNCBUcu0V0wGRhIKOsqRDsGZPnget05pl1qzbs0r9II+jiPbQPqoiC52jOrpBDdREFD2iZ/SK3own48V4Nz6mrQUjn9lFf8r4/AGNDZ92</latexit>

�i(t1:i�1, �;w)
<latexit sha1_base64="l12EK39fQZi2KTtRhGA6NctEuSc=">AAACGnicbVDLSgMxFM3UV62vqks3wSpU0DIRQdFNwY3LCvYBnTJk0kwbmnmQ3FHK0O9w46+4caGIO3Hj35hpu9DWCyGHc+7lnnu8WAoNtv1t5RYWl5ZX8quFtfWNza3i9k5DR4livM4iGamWRzWXIuR1ECB5K1acBp7kTW9wnenNe660iMI7GMa8E9BeKHzBKBjKLRJHi15AXVEGNyWX4oSMjrHjRbKrh4H5HOhzoFdOQKHv+enD6MgtluyKPS48D8gUlNC0am7x0+lGLAl4CExSrdvEjqGTUgWCST4qOInmMWUD2uNtA0MacN1Jx6eN8KFhutiPlHkh4DH7eyKlgc6cms7Mop7VMvI/rZ2Af9FJRRgnwEM2WeQnEkOEs5xwVyjOQA4NoEwJ4xWzPlWUgUmzYEIgsyfPg8ZphdgVcntWqh5M48ijPbSPyoigc1RFN6iG6oihR/SMXtGb9WS9WO/Wx6Q1Z01ndtGfsr5+AABhoMM=</latexit><latexit sha1_base64="l12EK39fQZi2KTtRhGA6NctEuSc=">AAACGnicbVDLSgMxFM3UV62vqks3wSpU0DIRQdFNwY3LCvYBnTJk0kwbmnmQ3FHK0O9w46+4caGIO3Hj35hpu9DWCyGHc+7lnnu8WAoNtv1t5RYWl5ZX8quFtfWNza3i9k5DR4livM4iGamWRzWXIuR1ECB5K1acBp7kTW9wnenNe660iMI7GMa8E9BeKHzBKBjKLRJHi15AXVEGNyWX4oSMjrHjRbKrh4H5HOhzoFdOQKHv+enD6MgtluyKPS48D8gUlNC0am7x0+lGLAl4CExSrdvEjqGTUgWCST4qOInmMWUD2uNtA0MacN1Jx6eN8KFhutiPlHkh4DH7eyKlgc6cms7Mop7VMvI/rZ2Af9FJRRgnwEM2WeQnEkOEs5xwVyjOQA4NoEwJ4xWzPlWUgUmzYEIgsyfPg8ZphdgVcntWqh5M48ijPbSPyoigc1RFN6iG6oihR/SMXtGb9WS9WO/Wx6Q1Z01ndtGfsr5+AABhoMM=</latexit><latexit sha1_base64="l12EK39fQZi2KTtRhGA6NctEuSc=">AAACGnicbVDLSgMxFM3UV62vqks3wSpU0DIRQdFNwY3LCvYBnTJk0kwbmnmQ3FHK0O9w46+4caGIO3Hj35hpu9DWCyGHc+7lnnu8WAoNtv1t5RYWl5ZX8quFtfWNza3i9k5DR4livM4iGamWRzWXIuR1ECB5K1acBp7kTW9wnenNe660iMI7GMa8E9BeKHzBKBjKLRJHi15AXVEGNyWX4oSMjrHjRbKrh4H5HOhzoFdOQKHv+enD6MgtluyKPS48D8gUlNC0am7x0+lGLAl4CExSrdvEjqGTUgWCST4qOInmMWUD2uNtA0MacN1Jx6eN8KFhutiPlHkh4DH7eyKlgc6cms7Mop7VMvI/rZ2Af9FJRRgnwEM2WeQnEkOEs5xwVyjOQA4NoEwJ4xWzPlWUgUmzYEIgsyfPg8ZphdgVcntWqh5M48ijPbSPyoigc1RFN6iG6oihR/SMXtGb9WS9WO/Wx6Q1Z01ndtGfsr5+AABhoMM=</latexit><latexit sha1_base64="l12EK39fQZi2KTtRhGA6NctEuSc=">AAACGnicbVDLSgMxFM3UV62vqks3wSpU0DIRQdFNwY3LCvYBnTJk0kwbmnmQ3FHK0O9w46+4caGIO3Hj35hpu9DWCyGHc+7lnnu8WAoNtv1t5RYWl5ZX8quFtfWNza3i9k5DR4livM4iGamWRzWXIuR1ECB5K1acBp7kTW9wnenNe660iMI7GMa8E9BeKHzBKBjKLRJHi15AXVEGNyWX4oSMjrHjRbKrh4H5HOhzoFdOQKHv+enD6MgtluyKPS48D8gUlNC0am7x0+lGLAl4CExSrdvEjqGTUgWCST4qOInmMWUD2uNtA0MacN1Jx6eN8KFhutiPlHkh4DH7eyKlgc6cms7Mop7VMvI/rZ2Af9FJRRgnwEM2WeQnEkOEs5xwVyjOQA4NoEwJ4xWzPlWUgUmzYEIgsyfPg8ZphdgVcntWqh5M48ijPbSPyoigc1RFN6iG6oihR/SMXtGb9WS9WO/Wx6Q1Z01ndtGfsr5+AABhoMM=</latexit>

p(t1|�;w) = N [µ1(�;w), �1(�;w)]
<latexit sha1_base64="TQZM6Ov3hMwEbwahuZ7ydi2SuKI="></latexit><latexit sha1_base64="TQZM6Ov3hMwEbwahuZ7ydi2SuKI="></latexit><latexit sha1_base64="TQZM6Ov3hMwEbwahuZ7ydi2SuKI="></latexit><latexit sha1_base64="TQZM6Ov3hMwEbwahuZ7ydi2SuKI="></latexit>

p(t2|t1, �;w) = N [µ2(t1, �;w), �2(t1, �;w)]
<latexit sha1_base64="n8eeVS+59pKLC6h6UaTx16GqNzY="></latexit><latexit sha1_base64="n8eeVS+59pKLC6h6UaTx16GqNzY="></latexit><latexit sha1_base64="n8eeVS+59pKLC6h6UaTx16GqNzY="></latexit><latexit sha1_base64="n8eeVS+59pKLC6h6UaTx16GqNzY="></latexit>

p(ti|t1:i�1, �;w) = N [µi(t1:i�1, �;w), �i(t1:i�1, �;w)]
<latexit sha1_base64="xVbQV355crKglotjMz8HD48eY/M="></latexit><latexit sha1_base64="xVbQV355crKglotjMz8HD48eY/M="></latexit><latexit sha1_base64="xVbQV355crKglotjMz8HD48eY/M="></latexit><latexit sha1_base64="xVbQV355crKglotjMz8HD48eY/M="></latexit>

ui = (ti � µi)/�i
<latexit sha1_base64="1qpFwgyVcTAFLjoFCCrH2de0OPc=">AAACA3icbVDLSsNAFJ3UV62vqDvdDFahLqyJCLoRCm5cVrAPaEKYTCft0JkkzNwIJRTc+CtuXCji1p9w5984fSy0euDCmXPuZe49YSq4Bsf5sgoLi0vLK8XV0tr6xuaWvb3T1EmmKGvQRCSqHRLNBI9ZAzgI1k4VIzIUrBUOrsd+654pzZP4DoYp8yXpxTzilICRAnsvCzi+whUI+IknzeP41NO8J0nAA7vsVJ0J8F/izkgZzVAP7E+vm9BMshioIFp3XCcFPycKOBVsVPIyzVJCB6THOobGRDLt55MbRvjIKF0cJcpUDHii/pzIidR6KEPTKQn09bw3Fv/zOhlEl37O4zQDFtPpR1EmMCR4HAjucsUoiKEhhCpudsW0TxShYGIrmRDc+ZP/kuZZ1XWq7u15uXY4i6OI9tEBqiAXXaAaukF11EAUPaAn9IJerUfr2Xqz3qetBWs2s4t+wfr4BheSlm8=</latexit><latexit sha1_base64="1qpFwgyVcTAFLjoFCCrH2de0OPc=">AAACA3icbVDLSsNAFJ3UV62vqDvdDFahLqyJCLoRCm5cVrAPaEKYTCft0JkkzNwIJRTc+CtuXCji1p9w5984fSy0euDCmXPuZe49YSq4Bsf5sgoLi0vLK8XV0tr6xuaWvb3T1EmmKGvQRCSqHRLNBI9ZAzgI1k4VIzIUrBUOrsd+654pzZP4DoYp8yXpxTzilICRAnsvCzi+whUI+IknzeP41NO8J0nAA7vsVJ0J8F/izkgZzVAP7E+vm9BMshioIFp3XCcFPycKOBVsVPIyzVJCB6THOobGRDLt55MbRvjIKF0cJcpUDHii/pzIidR6KEPTKQn09bw3Fv/zOhlEl37O4zQDFtPpR1EmMCR4HAjucsUoiKEhhCpudsW0TxShYGIrmRDc+ZP/kuZZ1XWq7u15uXY4i6OI9tEBqiAXXaAaukF11EAUPaAn9IJerUfr2Xqz3qetBWs2s4t+wfr4BheSlm8=</latexit><latexit sha1_base64="1qpFwgyVcTAFLjoFCCrH2de0OPc=">AAACA3icbVDLSsNAFJ3UV62vqDvdDFahLqyJCLoRCm5cVrAPaEKYTCft0JkkzNwIJRTc+CtuXCji1p9w5984fSy0euDCmXPuZe49YSq4Bsf5sgoLi0vLK8XV0tr6xuaWvb3T1EmmKGvQRCSqHRLNBI9ZAzgI1k4VIzIUrBUOrsd+654pzZP4DoYp8yXpxTzilICRAnsvCzi+whUI+IknzeP41NO8J0nAA7vsVJ0J8F/izkgZzVAP7E+vm9BMshioIFp3XCcFPycKOBVsVPIyzVJCB6THOobGRDLt55MbRvjIKF0cJcpUDHii/pzIidR6KEPTKQn09bw3Fv/zOhlEl37O4zQDFtPpR1EmMCR4HAjucsUoiKEhhCpudsW0TxShYGIrmRDc+ZP/kuZZ1XWq7u15uXY4i6OI9tEBqiAXXaAaukF11EAUPaAn9IJerUfr2Xqz3qetBWs2s4t+wfr4BheSlm8=</latexit><latexit sha1_base64="1qpFwgyVcTAFLjoFCCrH2de0OPc=">AAACA3icbVDLSsNAFJ3UV62vqDvdDFahLqyJCLoRCm5cVrAPaEKYTCft0JkkzNwIJRTc+CtuXCji1p9w5984fSy0euDCmXPuZe49YSq4Bsf5sgoLi0vLK8XV0tr6xuaWvb3T1EmmKGvQRCSqHRLNBI9ZAzgI1k4VIzIUrBUOrsd+654pzZP4DoYp8yXpxTzilICRAnsvCzi+whUI+IknzeP41NO8J0nAA7vsVJ0J8F/izkgZzVAP7E+vm9BMshioIFp3XCcFPycKOBVsVPIyzVJCB6THOobGRDLt55MbRvjIKF0cJcpUDHii/pzIidR6KEPTKQn09bw3Fv/zOhlEl37O4zQDFtPpR1EmMCR4HAjucsUoiKEhhCpudsW0TxShYGIrmRDc+ZP/kuZZ1XWq7u15uXY4i6OI9tEBqiAXXaAaukF11EAUPaAn9IJerUfr2Xqz3qetBWs2s4t+wfr4BheSlm8=</latexit>

u1 = (t1 � µ1)/�1
<latexit sha1_base64="iWodAPdavBjOWYQRdKAaoZmNgNk=">AAACBXicbVDLSgMxFM3UV62vUZe6CFahLqwTEXQjFNy4rGAf0BmGTJppQ5PMkGSEMnTjxl9x40IRt/6DO//G9LHQ6oGQk3Pu5eaeKOVMG8/7cgoLi0vLK8XV0tr6xuaWu73T1EmmCG2QhCeqHWFNOZO0YZjhtJ0qikXEaSsaXI/91j1VmiXyzgxTGgjckyxmBBsrhe5+FiJ4BSvGXifQF/Z5fOpr1hM4RKFb9qreBPAvQTNSBjPUQ/fT7yYkE1QawrHWHeSlJsixMoxwOir5maYpJgPcox1LJRZUB/lkixE8skoXxomyRxo4UX925FhoPRSRrRTY9PW8Nxb/8zqZiS+DnMk0M1SS6aA449AkcBwJ7DJFieFDSzBRzP4Vkj5WmBgbXMmGgOZX/kuaZ1XkVdHtebl2OIujCPbAAagABC5ADdyAOmgAAh7AE3gBr86j8+y8Oe/T0oIz69kFv+B8fANuQJXj</latexit><latexit sha1_base64="iWodAPdavBjOWYQRdKAaoZmNgNk=">AAACBXicbVDLSgMxFM3UV62vUZe6CFahLqwTEXQjFNy4rGAf0BmGTJppQ5PMkGSEMnTjxl9x40IRt/6DO//G9LHQ6oGQk3Pu5eaeKOVMG8/7cgoLi0vLK8XV0tr6xuaWu73T1EmmCG2QhCeqHWFNOZO0YZjhtJ0qikXEaSsaXI/91j1VmiXyzgxTGgjckyxmBBsrhe5+FiJ4BSvGXifQF/Z5fOpr1hM4RKFb9qreBPAvQTNSBjPUQ/fT7yYkE1QawrHWHeSlJsixMoxwOir5maYpJgPcox1LJRZUB/lkixE8skoXxomyRxo4UX925FhoPRSRrRTY9PW8Nxb/8zqZiS+DnMk0M1SS6aA449AkcBwJ7DJFieFDSzBRzP4Vkj5WmBgbXMmGgOZX/kuaZ1XkVdHtebl2OIujCPbAAagABC5ADdyAOmgAAh7AE3gBr86j8+y8Oe/T0oIz69kFv+B8fANuQJXj</latexit><latexit sha1_base64="iWodAPdavBjOWYQRdKAaoZmNgNk=">AAACBXicbVDLSgMxFM3UV62vUZe6CFahLqwTEXQjFNy4rGAf0BmGTJppQ5PMkGSEMnTjxl9x40IRt/6DO//G9LHQ6oGQk3Pu5eaeKOVMG8/7cgoLi0vLK8XV0tr6xuaWu73T1EmmCG2QhCeqHWFNOZO0YZjhtJ0qikXEaSsaXI/91j1VmiXyzgxTGgjckyxmBBsrhe5+FiJ4BSvGXifQF/Z5fOpr1hM4RKFb9qreBPAvQTNSBjPUQ/fT7yYkE1QawrHWHeSlJsixMoxwOir5maYpJgPcox1LJRZUB/lkixE8skoXxomyRxo4UX925FhoPRSRrRTY9PW8Nxb/8zqZiS+DnMk0M1SS6aA449AkcBwJ7DJFieFDSzBRzP4Vkj5WmBgbXMmGgOZX/kuaZ1XkVdHtebl2OIujCPbAAagABC5ADdyAOmgAAh7AE3gBr86j8+y8Oe/T0oIz69kFv+B8fANuQJXj</latexit><latexit sha1_base64="iWodAPdavBjOWYQRdKAaoZmNgNk=">AAACBXicbVDLSgMxFM3UV62vUZe6CFahLqwTEXQjFNy4rGAf0BmGTJppQ5PMkGSEMnTjxl9x40IRt/6DO//G9LHQ6oGQk3Pu5eaeKOVMG8/7cgoLi0vLK8XV0tr6xuaWu73T1EmmCG2QhCeqHWFNOZO0YZjhtJ0qikXEaSsaXI/91j1VmiXyzgxTGgjckyxmBBsrhe5+FiJ4BSvGXifQF/Z5fOpr1hM4RKFb9qreBPAvQTNSBjPUQ/fT7yYkE1QawrHWHeSlJsixMoxwOir5maYpJgPcox1LJRZUB/lkixE8skoXxomyRxo4UX925FhoPRSRrRTY9PW8Nxb/8zqZiS+DnMk0M1SS6aA449AkcBwJ7DJFieFDSzBRzP4Vkj5WmBgbXMmGgOZX/kuaZ1XkVdHtebl2OIujCPbAAagABC5ADdyAOmgAAh7AE3gBr86j8+y8Oe/T0oIz69kFv+B8fANuQJXj</latexit>

u2 = (t2 � µ2)/�2
<latexit sha1_base64="oxeK91ZwOYUNvAp36oAaYv6pKhM=">AAACA3icbVDLSgMxFM3UV62vUXe6CVahLqwzg6AboeDGZQX7gM4wZNJMG5pkhiQjlKHgxl9x40IRt/6EO//G9LHQ1gMXTs65l9x7opRRpR3n2yosLa+srhXXSxubW9s79u5eUyWZxKSBE5bIdoQUYVSQhqaakXYqCeIRI61ocDP2Ww9EKpqIez1MScBRT9CYYqSNFNoHWejBa1jRoXfmc/M4PfcV7XEUeqFddqrOBHCRuDNSBjPUQ/vL7yY440RozJBSHddJdZAjqSlmZFTyM0VShAeoRzqGCsSJCvLJDSN4YpQujBNpSmg4UX9P5IgrNeSR6eRI99W8Nxb/8zqZjq+CnIo000Tg6UdxxqBO4DgQ2KWSYM2GhiAsqdkV4j6SCGsTW8mE4M6fvEiaXtV1qu7dRbl2PIujCA7BEagAF1yCGrgFddAAGDyCZ/AK3qwn68V6tz6mrQVrNrMP/sD6/AG/fZWT</latexit><latexit sha1_base64="oxeK91ZwOYUNvAp36oAaYv6pKhM=">AAACA3icbVDLSgMxFM3UV62vUXe6CVahLqwzg6AboeDGZQX7gM4wZNJMG5pkhiQjlKHgxl9x40IRt/6EO//G9LHQ1gMXTs65l9x7opRRpR3n2yosLa+srhXXSxubW9s79u5eUyWZxKSBE5bIdoQUYVSQhqaakXYqCeIRI61ocDP2Ww9EKpqIez1MScBRT9CYYqSNFNoHWejBa1jRoXfmc/M4PfcV7XEUeqFddqrOBHCRuDNSBjPUQ/vL7yY440RozJBSHddJdZAjqSlmZFTyM0VShAeoRzqGCsSJCvLJDSN4YpQujBNpSmg4UX9P5IgrNeSR6eRI99W8Nxb/8zqZjq+CnIo000Tg6UdxxqBO4DgQ2KWSYM2GhiAsqdkV4j6SCGsTW8mE4M6fvEiaXtV1qu7dRbl2PIujCA7BEagAF1yCGrgFddAAGDyCZ/AK3qwn68V6tz6mrQVrNrMP/sD6/AG/fZWT</latexit><latexit sha1_base64="oxeK91ZwOYUNvAp36oAaYv6pKhM=">AAACA3icbVDLSgMxFM3UV62vUXe6CVahLqwzg6AboeDGZQX7gM4wZNJMG5pkhiQjlKHgxl9x40IRt/6EO//G9LHQ1gMXTs65l9x7opRRpR3n2yosLa+srhXXSxubW9s79u5eUyWZxKSBE5bIdoQUYVSQhqaakXYqCeIRI61ocDP2Ww9EKpqIez1MScBRT9CYYqSNFNoHWejBa1jRoXfmc/M4PfcV7XEUeqFddqrOBHCRuDNSBjPUQ/vL7yY440RozJBSHddJdZAjqSlmZFTyM0VShAeoRzqGCsSJCvLJDSN4YpQujBNpSmg4UX9P5IgrNeSR6eRI99W8Nxb/8zqZjq+CnIo000Tg6UdxxqBO4DgQ2KWSYM2GhiAsqdkV4j6SCGsTW8mE4M6fvEiaXtV1qu7dRbl2PIujCA7BEagAF1yCGrgFddAAGDyCZ/AK3qwn68V6tz6mrQVrNrMP/sD6/AG/fZWT</latexit><latexit sha1_base64="oxeK91ZwOYUNvAp36oAaYv6pKhM=">AAACA3icbVDLSgMxFM3UV62vUXe6CVahLqwzg6AboeDGZQX7gM4wZNJMG5pkhiQjlKHgxl9x40IRt/6EO//G9LHQ1gMXTs65l9x7opRRpR3n2yosLa+srhXXSxubW9s79u5eUyWZxKSBE5bIdoQUYVSQhqaakXYqCeIRI61ocDP2Ww9EKpqIez1MScBRT9CYYqSNFNoHWejBa1jRoXfmc/M4PfcV7XEUeqFddqrOBHCRuDNSBjPUQ/vL7yY440RozJBSHddJdZAjqSlmZFTyM0VShAeoRzqGCsSJCvLJDSN4YpQujBNpSmg4UX9P5IgrNeSR6eRI99W8Nxb/8zqZjq+CnIo000Tg6UdxxqBO4DgQ2KWSYM2GhiAsqdkV4j6SCGsTW8mE4M6fvEiaXtV1qu7dRbl2PIujCA7BEagAF1yCGrgFddAAGDyCZ/AK3qwn68V6tz6mrQVrNrMP/sD6/AG/fZWT</latexit>
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Figure 3. Schematic of the conditional masked autoencoder for density estimation (MADE) parameterization of the conditional density
p(t |✓). The means and variances of the autoregressive conditionals are parameterized by the neural network, with the hidden layers
carefully masked to ensure the autoregressive properties are satisfied. A masked autoregressive flow (MAF) is a stack of MADEs, where
the output of each MADE is fed as input to the next, and the order of the autoregressive factorization is changed between MADEs.

given by:
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The neural density estimators are then trained in the usual
way by minimizing the negative log-loss with respect to the
network weights, or inferring a posterior density over the
weights given the training data (and some network weight
prior).

Over-fitting can be mitigated by any of the standard
regularization methods used for neural networks, such as
early-stopping or dropout. Early-stopping splits the train-
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DELFI: Density-Estimation-Likelihood-Free Inference

• Run simulations to obtain

• Fit a parametric conditional density estimator                    to the sim.

• Evaluate at to get the learned likelihood
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1st day Kyle Cramer (NYU)
Overview LFI
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✓ p(x, z|✓, ⌫)x = observed dataz = latent variable (1)
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Discriminative or Generative?Max Weiling

Two approaches

1) Simulator

2) Deep Learning
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Parameters� > Program>Output
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Learning the likelihood function Simulation-Machine Learning-Approximate Likelihood ratio-Inference
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Automatic Physical Inference with (B. Wandelt)

Forward model, Inverse model Rim for Lensing 1901.01359

Slide (71 schema ABC and ABC Likelihood)Generative models- GAN use NN to perfomr a complicated
change of variables

Why are NN more e�cient tha density ratio?

George Papamakarios : Density Estimation for Likelihood Free In-
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1) How to parametrize in a sensible way

2) How to run sim in the most relevant part of  parameter space

3) How to compress the data to informative summaries:   
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Adaptive acquisition of  simulations with active learning

Learn the likelihood function

Goals:   
-highest fidelity posterior with as few simulation as possible
-run simulation most interesting regions of  parameter space

Active learning:  
-NDE calls the simulator independently during training
-deciding on-the-fly the best parameters to run new sim

• Sequential Neural Likelihood

• Bayesian Optimization (BO)



Adaptive acquisition of  simulations with active learning

• Sequential Neural Likelihood (SNL)

-simulations run in batches

-parameters for new sim drawn from a proposal density based on posterior approx.

-NDEs re-trained after each sim batch

• Bayesian Optimization (BO)

-next sim run at the parameters that maximise some deterministic acquisition function

-uncertainty in current learned posterior-density-surface

-define acquisition rule
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-Approximate score-compression: 

-Data compression with deep neural networks: Information Maximising Neural Network 

see Alsing & Wandelt 2018b
Generalized massive data compression 3

and ’∗’ denotes quantities that are evaluated at θ∗. Both the
score function and the observed information are functions of
the data.

To linear order in the parameters, the parameters only
couple to the data through the score function ∇L∗ – a vector
of length n and a function of the data. The score function
hence constitutes the sufficient statistics for the parameters
for the linearized log-likelihood function. This immediately
provides a natural data compression from N data down to n

compressed numbers, ie., computing only the n data combi-
nations that appear in the score function:

t = ∇L∗. (5)

We can easily show that the score function saturates the
lower bound of the information inequality, Eq. (1): Taking
the covariance of t (ie., the left hand side of Eq. 1) gives,

Covθ∗ [t, t] = Eθ∗

[

∇L∗∇
TL∗

]

= F∗, (6)

where we have used the fact that Eθ∗
[∇L∗] = 0. Hence, the

covariance of t evaluated for data generated using the fiducial
parameters θ∗ is equal to the Fisher matrix. Now let us
consider the right hand side of the information inequality.
Using the fact that

A = ∇Eθ

[

∇TL
]

= Eθ

[

∇∇TL
]

= −F, (7)

the right hand side of the information inequality gives
AT
∗ F−1

∗ A∗ = F∗; hence, the statistics t = ∇L∗ saturate the
lower bound of the information inequality Eq. (1), evaluated
about the fiducial point θ∗. Assuming that the assumptions
of the information inequality are satisfied (see section 5) no
other statistics can provide more (Fisher) information.

This strikingly simple result tells us that the score func-
tion represents optimally compressed statistics in the sense
of saturating the Fisher information. Importantly, the score
function will not in general be a linear function of the data;
our approach generalizes the linear Karhunen-Loéve com-
pression considered in previous studies (Tegmark et al. 1997;
Heavens et al. 2000) to give non-linear compressed statistics
when appropriate, and is applicable to any likelihood func-
tion.

2.3 Connection to maximum-likelihood estimation

and saturation of the Cramér-Rao bound

The data combinations appearing in ∇L∗ are linearly related
to a quasi maximum-likelihood estimator whose covariance
is equal to the inverse Fisher information derived from the
full likelihood, hence saturating the Cramér-Rao bound Eq.
(3). This can be seen as follows: Maximizing the Taylor ex-
panded log-likelihood Eq. (4) with respect to the parameters
yields a quasi maximum-likelihood estimator,

θ̂ = θ∗ + J−1
∗ ∇L∗, (8)

where both the score function ∇L∗ and the observed in-
formation J−1

∗ depend on the observed data. In practice, it
is useful to replace the observed information matrix with
its expectation value, ie., the Fisher information matrix
F∗ ≡ Eθ∗

[J∗],

θ̂ = θ∗ + F−1
∗ ∇L∗. (9)

Now the estimator only depends on the data through the
score function ∇L∗, ie., our compressed statistics t. The co-
variance of the quasi maximum-likelihood estimator (evalu-
ated about the expansion point) is given by:

Covθ∗
[

θ̂, θ̂
]

= F−1
∗ Eθ∗

[

∇L∗∇
TL∗

]

F−1
∗

= F−1
∗ , (10)

where in the third line we have used the fact that
Eθ∗

[

∇L∗∇
TL∗

]

≡ F∗. Hence, the covariance of the quasi
maximum-likelihood estimator is equal to the Fisher infor-
mation matrix evaluated at the fiducial parameters and the
Cramér-Rao bound in Eq. (3) is saturated.

Similarly to the linear compression derived in
Tegmark et al. (1997) and Heavens et al. (2000), compres-
sion to the score function described above only guaran-
tees that the information inequality is saturated about the
expansion point. If the expansion point is close to the
maximum-likelihood, this procedure will be close to optimal.
However, in situations where a suitable expansion point can-
not be chosen a priori, it may be necessary to iterate Eq. (9)
towards the maximum-likelihood, ie.,

θ̂k+1 = θ̂k + F−1
k
∇Lk . (11)

This is the well known Fisher scoring method for maximum-
likelihood estimation. In the limit k → ∞ Eq. (11) converges
to the maximum-likelihood estimator, which has a number
of important properties: it is asymptotically unbiased, and
its sampling distribution is asymptotically Gaussian with
covariance equal to the Fisher information evaluated at the
maximum-likelihood point (rather than at some a priori cho-
sen expansion point as in Eq. 9). After k iterations, Eq. (11)
yields a quasi maximum-likelihood estimator formed exclu-
sively from data combinations constituting t = ∇Lk−1, that
saturates the Fisher information evaluated at the estimated
parameters at the previous iteration.

Note that when the full log-likelihood is quadratic with
curvature F in the neighborhood of θ̂k and this neighborhood
includes the maximum likelihood estimator, then θ̂k+1 will
be the maximum likelihood estimator. Since this is approxi-
mately the case in many cosmological applications, the first
iterate θ̂1 is usually an excellent approximation to the max-
imum likelihood estimator and highly robust to the choice
of fiducial parameters.

Summary

The score function (Eq. 5) contains n sufficient statistics of
the log-likelihood function expanded to leading order in the
n parameters about some fiducial point. It represents an op-
timal compression from N data to n numbers, saturating the
information inequality. These compressed statistics are lin-
early related to a quasi maximum-likelihood estimator (Eq.
9) that saturates the Cramér-Rao bound, and can be iterated
to the formal maximum-likelihood estimator. Compression
to the score or equivalently to the quasi maximum-likelihood
estimator hence provides a generic approach to data com-
pression that preserves Fisher information.

In the next section we derive explicitly the compressed
score statistics for a Gaussian likelihood function. As we
will see, the linear moped compression of Heavens et al.
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PYDELFI
• General implementation DELFI 

• Neural Density Estimators (NDEs)

•

• Active learning: run simulations in the most relevant region of  parameter space on-the-fly

• High fidelity posteriors

• forward simulations

https://github.com/justinalsing/pydelfi
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t0

d ! t (4)

N data �! p summaries (5)

dim(p) = # parameters

O(103) (6)

https://github.com/justinalsing/pydelfi


PYDELFI

• Specify a simulator

• Specify a compressor (if required) 

• Provide the observed data vector

• Specify the architectures for an ensemble of  NDEs

• run PYDELFI 

Callable Likelihood Function



PYDELFI with prerun sim

• Suite of  simulations already available

• Feed the simulations into PYDELFI

• NDEs trained on those simulations



I WONDER IF THIS IS A TOTAL CAR CRASH YET…

PYDELFI TO THE RESCUE!

▸ Public code! https://github.com/justinalsing/pydelfi



MnuLFI: PYDELFI

https://github.com/ VMBoehm/MnuLFI

https://github.com/MnuLFI
https://github.com/VMBoehm
https://github.com/MnuLFI


Lensing
Convergence map

Peak Counts

MCMC

PYDELFI
?

Prerun simulations
MassiveNus

Usual n-point statistics Posterior inference

PYDELFIMnuLFI:



Score compression, no pre-training, 
100 samples, no scaling

Score compression,6 NDEs, 
subsamples, scaled data

Some attempts

10 bins (combined each 5 bins), 
full realizations set, scaled data



MnuLFI WRAP UP: tests to do

• Data compression

• Training Strategy

• NDE Architecture

• Diagnostics

(Full 50 bins, rebinning, score, IMNN…)

(On the fly sims, with pre-training, w/o pre-training… )

(MAF only, MDN only, Ensemble…)

(Rank statistics, François…)



Additional Slides
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Density estimation

Training data Goal: estimate density function

Neural density estimation

Training data

must be a density function:

Density Estimation for 
Likelihood-free Inference

George Papamakarios
Slide credits:





Neural Likelihood

Step 1

Simulate

Collect training data

Step 2

Train a conditional neural density estimator                on data

With enough data & capacity: 

Step 3

Sample from                                                                (e.g. with MCMC)



Neural density estimation: Training

Training data

Average log likelihood:

Maximize           w.r.t. 

Calculate gradients with backpropagation

Use favourite type of stochastic-gradient 
ascent (e.g. Adam)

Use favourite machine-learning framework 
(e.g. TensorFlow, PyTorch)

Density Estimation for 
Likelihood-free Inference

George Papamakarios
Slide credits:



Training as KL-divergence minimization

For                   :

Maximizing average log likelihood is asymptotically equivalent to 
minimizing KL divergence from the true data density, since:

Density Estimation for 
Likelihood-free Inference

George Papamakarios
Slide credits:



Two main ideas for likelihood-free inferenceSummary
Two ideas for likelihood-free inference

Neural density estimation:

● Estimate likelihood / posterior from simulated data
● Use state-of-the-art neural density estimators

Sequential inference:

● Guide simulations by using so-far posterior as proposal
● Can lead to orders-of-magnitude savings in simulation cost



ABC methods-limitations

• # sim needed scales exponentially with the number of  model

• Critically slow down for epsilon ->0

• Draw samples from a broader distribution than the posterior

George Papamakarios 2016

• parameter posterior as a set of  samples

• noisy computations

• not obvious how to perform some other computations using samples



SNL
Sequential Neural Likelihood

BO
Bayesian Optimization

-simulations in batches

-parameters from proposal based on posterior approx.

-NDEs re-trained after each new sim. batch

-parameters maximize acquisition function

-quantify uncertainty in the learned posterior

-acquisition rule



What happens inside the Delfi Object?
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ABSTRACT

Data compression has become one of the cornerstones of modern astronomical data
analysis, with the vast majority of analyses compressing large raw datasets down to
a manageable number of informative summaries. In this paper we provide a general
procedure for optimally compressing N data down to n summary statistics, where n

is equal to the number of parameters of interest. We show that compression to the
score function – the gradient of the log-likelihood with respect to the parameters –
yields n compressed statistics that are optimal in the sense that they preserve the
Fisher information content of the data. Our method generalizes earlier work on linear
Karhunen-Loéve compression for Gaussian data whilst recovering both lossless linear
compression and quadratic estimation as special cases when they are optimal. We give
a unified treatment that also includes the general non-Gaussian case as long as mild
regularity conditions are satisfied, producing optimal non-linear summary statistics
when appropriate. As a worked example, we derive explicitly the n optimal compressed
statistics for Gaussian data in the general case where both the mean and covariance
depend on the parameters.

Key words: data analysis: methods

1 INTRODUCTION

Data analysis problems in astronomy and cosmology gener-
ally involve inferring n parameters of interest from N data,
where N is typically much larger than n. In this paper we
are concerned with compressing large datasets down to just
n numbers – one per parameter – whilst retaining as much
information about the parameters as possible. Such massive
data compression schemes find widespread application, mak-
ing subsequent inference from very large datasets tractable.
Maximum-likelihood estimation or Bayesian parameter in-
ference can be performed on the likelihood of the compressed
statistics with massively reduced computational cost, as
shown for linear compression by Heavens et al. (2000).

As a new frontier, likelihood-free inference and Ap-
proximate Bayesian Computation methods are emerg-
ing as a viable approach to analyzing large and
complex astronomical datasets (Schafer & Freeman 2012;
Cameron & Pettitt 2012; Weyant et al. 2013; Robin et al.
2014; Lin & Kilbinger 2015; Akeret et al. 2015; Ishida et al.

⋆ E-mail: jalsing@flatironinstitute.org

2015; Jennings et al. 2016; Hahn et al. 2017; Kacprzak et al.
2017; Carassou et al. 2017; Davies et al. 2017; Alsing et al.
2018). These methods generically involve simulating mock
data given parameters and comparing the simulated data to
the real data, accepting parameters when the mock data is
”close” (by some metric) to the real data. This comparison
in data-space suffers from the curse of dimensionality, with
computational cost scaling exponentially in the size of the
data set N. Massive data compression is absolutely essential
for these methods to be scalable to large datasets.

Heavens et al. (2000), following earlier work by
Tegmark et al. (1997), derived an optimal linear data com-
pression scheme for Gaussian data. They derived linear
combinations of the data that maximize the Fisher infor-
mation content of the compressed statistics, finding that
in the case where only the mean depends on the param-
eters the full Fisher information is preserved under lin-
ear compression to just n numbers. This radical compres-
sion scheme, commonly known as moped, has been ap-
plied successfully to a wide range of problems in astron-
omy and cosmology, including determining star formation
histories of galaxies (Reichardt et al. 2001; Heavens et al.

© 2018 The Authors
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ABSTRACT

Data compression has become one of the cornerstones of modern astronomical data
analysis, with the vast majority of analyses compressing large raw datasets down to
a manageable number of informative summaries. In this paper we provide a general
procedure for optimally compressing N data down to n summary statistics, where n

is equal to the number of parameters of interest. We show that compression to the
score function – the gradient of the log-likelihood with respect to the parameters –
yields n compressed statistics that are optimal in the sense that they preserve the
Fisher information content of the data. Our method generalizes earlier work on linear
Karhunen-Loéve compression for Gaussian data whilst recovering both lossless linear
compression and quadratic estimation as special cases when they are optimal. We give
a unified treatment that also includes the general non-Gaussian case as long as mild
regularity conditions are satisfied, producing optimal non-linear summary statistics
when appropriate. As a worked example, we derive explicitly the n optimal compressed
statistics for Gaussian data in the general case where both the mean and covariance
depend on the parameters.

Key words: data analysis: methods

1 INTRODUCTION

Data analysis problems in astronomy and cosmology gener-
ally involve inferring n parameters of interest from N data,
where N is typically much larger than n. In this paper we
are concerned with compressing large datasets down to just
n numbers – one per parameter – whilst retaining as much
information about the parameters as possible. Such massive
data compression schemes find widespread application, mak-
ing subsequent inference from very large datasets tractable.
Maximum-likelihood estimation or Bayesian parameter in-
ference can be performed on the likelihood of the compressed
statistics with massively reduced computational cost, as
shown for linear compression by Heavens et al. (2000).

As a new frontier, likelihood-free inference and Ap-
proximate Bayesian Computation methods are emerg-
ing as a viable approach to analyzing large and
complex astronomical datasets (Schafer & Freeman 2012;
Cameron & Pettitt 2012; Weyant et al. 2013; Robin et al.
2014; Lin & Kilbinger 2015; Akeret et al. 2015; Ishida et al.
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2015; Jennings et al. 2016; Hahn et al. 2017; Kacprzak et al.
2017; Carassou et al. 2017; Davies et al. 2017; Alsing et al.
2018). These methods generically involve simulating mock
data given parameters and comparing the simulated data to
the real data, accepting parameters when the mock data is
”close” (by some metric) to the real data. This comparison
in data-space suffers from the curse of dimensionality, with
computational cost scaling exponentially in the size of the
data set N. Massive data compression is absolutely essential
for these methods to be scalable to large datasets.

Heavens et al. (2000), following earlier work by
Tegmark et al. (1997), derived an optimal linear data com-
pression scheme for Gaussian data. They derived linear
combinations of the data that maximize the Fisher infor-
mation content of the compressed statistics, finding that
in the case where only the mean depends on the param-
eters the full Fisher information is preserved under lin-
ear compression to just n numbers. This radical compres-
sion scheme, commonly known as moped, has been ap-
plied successfully to a wide range of problems in astron-
omy and cosmology, including determining star formation
histories of galaxies (Reichardt et al. 2001; Heavens et al.

© 2018 The Authors
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2004; Panter et al. 2007), cosmic microwave background
data analysis (Gupta & Heavens 2002; Zablocki & Dodelson
2016), gravitational waves (Graff et al. 2011), transient de-
tection (Protopapas et al. 2005), fast covariance matrix es-
timation (Heavens et al. 2017), galaxy power spectrum and
bispectrum analyses (Gualdi et al. 2017) and more. Beyond
linear data compression, optimal quadratic compression has
become a standard tool for analyzing cosmological (and
other) power spectra (Tegmark et al. 1997; Bond et al. 1998,
2000) with widespread applications; massive optimal data
compression has become one of the cornerstones of modern
astronomical data analysis. In spite of their successes, linear
and quadratic compression are only optimal under very spe-
cific circumstances, eg., for Gaussian data and when only the
mean or only the covariance depend on the parameters, re-
spectively. Given their widespread use in astronomical data
analysis, it is worthwhile generalizing these optimal com-
pression schemes to non-Gaussian likelihood functions with
arbitrary parameter dependencies.

In this work we generalize the results of Tegmark et al.
(1997) and Heavens et al. (2000) and describe a general pro-
cedure for compressing N data down to n numbers – one
per parameter of interest – such that the Fisher informa-
tion is saturated, for any given likelihood function and in a
framework that is not restricted to Gaussian data or linear
statistics. We also derive explicitly the compressed statistics
for Gaussian likelihoods where both the mean and covari-
ance may depend on the parameters, extending the work of
Heavens et al. (2000) to the general case. By phrasing the
compression problem in terms of a Taylor expansion of the
log-likelihood, we find a simpler and more general derivation
of optimal compressed statistics. Our generalized results re-
cover optimal linear compression (Heavens et al. 2000) and
optimal quadratic compression (Tegmark 1997; Bond et al.
1998, 2000) as special cases when they are optimal.

The structure of this paper is as follows: in §2 we de-
velop a general procedure for compressing N data down to
n summary statistics given a likelihood function, without
losing information. In §3 we derive the compressed statis-
tics for Gaussian likelihood functions where both the mean
and covariance depend on the parameters. In §4 we dis-
cuss the utility of the massive compression for likelihood
and likelihood-free inference. In §5 we highlight the failure
modes of this data compression scheme and discuss how to
proceed in these cases. We conclude in §6.

2 OPTIMAL COMPRESSION FOR GENERAL

LIKELIHOOD FUNCTIONS

2.1 Fisher information and the information

inequality

Our goal is to compress the N data d down to n numbers t,
whilst retaining as much information about the parameters
as possible. The information inequality provides a natural
way of defining what we mean by compressed statistics that
are ”as informative as possible”; for any vector of statistics
of the data t ∈ Rn, the information inequality gives the lower
bound on the variance (see eg., Lehmann & Casella 2006),

Varθ [tα] ≥
(

AT F−1 A

)

αα

, (1)

where1 the A = ∇Eθ

[

tT
]

and the Fisher information matrix

F is defined as

F ≡ −Eθ

[

∇∇TL
]

= Eθ

[

∇L∇TL
]

. (2)

with the second equality holding under mild regularity con-
ditions (see section 5). Note that the Fisher information is
in general a function of the parameters under which the ex-
pectation value is taken; in the information inequality Eq.
(1), the Fisher information is evaluated at the fiducial pa-
rameters θ.

In the special case where the statistics t ∈ Rn happen
to be an unbiased estimator for the parameters, ie. Eθ [t] =
θ, then the matrices A become identity matrices and the
information inequality reduces to the Cramér-Rao bound:

Varθ [tα] ≥ F−1
αα
. (3)

In the same spirit as Tegmark et al. (1997) and
Heavens et al. (2000), we will derive compressed statistics
that are ”optimal” in the sense that they saturate the lower
bound of the information inequality in Eq. (1), evaluated at
some fiducial parameter set θ∗ that we have chosen a priori.
In cases where a sensible fiducial point cannot be chosen, it
may be necessary to iterate.

Heavens et al. (2000) derived the n linear combinations
of the data that maximize the Fisher information at the
fiducial point, leading to an optimal linear data compres-
sion of the data. We take a different approach whereby we
find sufficient statistics of the linearized log-likelihood func-
tion, which we show saturate the lower bound of the infor-
mation inequality. By phrasing the problem in terms of an
expansion of the log-likelihood, we are able to derive a more
general prescription for data compression that naturally in-
cludes non-linear statistics when necessary, can be applied
to any given likelihood function and is readily extended to
higher-order sufficient statistics.

The argument proceeds as follows: in §2.2 we derive
sufficient statistics for the parameters from the linearized
log-likelihood function, and demonstrate that these saturate
the information inequality. In §2.3 we show that these op-
timally compressed statistics can be used to form a quasi
maximum-likelihood estimator that saturates the Cramér-
Rao bound and iterates to the true maximum-likelihood es-
timator, which is important in situations where a satisfac-
tory fiducial parameter set cannot be chosen a priori for
performing the data compression.

2.2 Sufficient statistics of linearized likelihoods

and compression to the score function

Taylor expanding the log-likelihood to second order in the
parameters about some fiducial point θ∗ we have,

L = L∗ + δθ
T∇L∗ −

1

2
δθTJ∗δθ, (4)

where the derivative of the log-likelihood is commonly re-
ferred to as the score function s ≡ ∇L, the negative second
derivative is the observed information matrix J ≡ −∇∇TL,

1 Here and in the following Eθ [x] denotes the expectation of x

taken for fixed parameters θ, and gradients ∇ denote derivatives
with respect to θ.
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• Density Estimation LFI

• "Mining gold" from implicit models to improve likelihood-free inference

• BOLFI and LIFRE Machine Learning

• Machine Learning Accelerated Likelihood-Free Event Reconstruction in Dark 
Matter Direct Detection

• IMNN for dimensionality reduction

• Compromise-free Bayesian sparse reconstruction

• Validation of Emulators and Approximate Likelihood Models

• Estimating Exoplanet Occurrence Rates Using Approximate Bayesian
Computation

• Suite of Gaussian Process emulators for cosmological inference problems

• Simulate a universe on your laptop

• ELFI - Engine for Likelihood-free Inference
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• w s.t. minimize
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The MDN model is shown schematically in Figure 2;
the network takes in parameters ✓ and outputs the means,
weights and covariances of the mixture model for p(t|✓) cor-
responding to that input ✓. The MDN network architecture
typically has a number of intermediate dense hidden layers
with some non-linear activation function (eg., tanh). In the
output layer, the output nodes corresponding to the means
have linear activations, as do the o↵-diagonal elements of the
covariance matrices, whilst the diagonal covariance elements
are passed through an exponential activation to ensure pos-
itive definiteness, and the mixture component weights are
passed through a softmax activation5 to ensure they are pos-
itive and sum to unity.

Note that a mixture density network parameterization
of p(t|✓) with a single Gaussian component defines a Gaus-
sian likelihood where the mean and covariance are functions
of the parameters – a common approximate likelihood used
in many cosmological data analysis problems. Adding ad-
ditional components immediately results in a more flexible
density estimator and hence likelihood assumptions; Gaus-
sian mixtures can represent any smooth probability density
(given enough components).

2.2.2 Masked Autoregressive flows (MAF)

Any probability density can be factorized as a product of
one-dimension conditionals via applications of the chain
rule:

p(t|✓) =
dim(t)÷
i=1

p(ti |t1:i�1, ✓). (2)

Neural autoregressive density estimators construct paramet-
ric densities for this set of one-dimensional conditionals,
where the parameters of each of the conditionals are param-
eterized as a neural network (Uria et al. 2016). For example,
one could model each conditional p(ti |t1:i�1, ✓) as a Gaus-
sian whose mean and variance are free functions of (t1:i�1, ✓),
parameterized by a neural network. Masked Autoencoders
for Density Estimation (MADEs; Germain et al. 2015), de-
picted in Figure 3, do precisely this: the means and variances
of each conditional density are parameterized by the neural
network, where crucially the weights of the neural network
layers are masked in such a way that the output nodes for
p(ti |t1:i�1, ✓) only depend on (t1:i�1, ✓) (ie., the autoregres-
sive property is preserved). See Germain et al. (2015) for
details of how to construct the binary network weight mask.
As with MDNs, the hidden layers of the MADE have some
non-linear activation functions (eg., tanh), whilst the output
nodes associated with the conditional means have linear ac-
tivation, and the output nodes associated with the variances
have exponential activations (ensuring positivity).

By learning the means and variances of the autoregres-
sive conditionals, a MADE can be thought of as learning the
transform of the random variate t back to the unit normal:

t|✓ ! u(t, ✓; w) ⇠ N(0, I),
ti |✓ ! ui = (ti � µi(t1:i�1, ✓; w))/�i(t1:i�1, ✓; w), (3)

izes only the (upper triangular) Cholesky factors of the compo-
nent covariances.
5 Softmax: x ! exp(x)/⌃ exp(xi ).

where w are the (masked) weights of the neural network. The
parametric density estimator for a MADE is hence given by,

p(t|✓; w) =
÷
i

p(ti |t1:i�1, ✓; w)

= N [u(t, ✓; w)|0, I] ⇥
���� @u(t, ✓; w)

@t

����
= N [u(t, ✓; w)|0, I] ⇥

dim(t)÷
i=1

�i(t, ✓; w) (4)

Single MADE density estimators have two key limitations.
Firstly, they are sensitive to the order of the factorization
in Eq. (2); some densities may have simple (eg., unimodal)
conditionals in one factorization-order, but not in another,
and this is typically not known a priori (see Papamakarios
et al. 2017 for an illustration). Secondly, the assumption of
simple (eg., Gaussian) conditionals may be overly restrictive.

Masked Autoregressive Flows (MAF; Papamakarios
et al. 2017) address both of these limitations by construct-
ing a stack of MADEs, where the output u of each MADE is
taken as input for the next, with random re-ordering of the
chain-rule factorization between each MADE. With multi-
ple stacked MADEs and re-ordering, MAFs constitute very
flexible neural autoregressive density estimators suitable for
likelihood-free inference (Papamakarios et al. 2018). MAFs
then define the following conditional density estimator:

p(t|✓; w) =
÷
i

p(ti |t1:i�1, ✓; w)

= N [u(t, ✓; w)|0, I] ⇥
Nmades÷
n=1

dim(t)÷
i=1

�ni (t, ✓; w), (5)

where u is the output from the final MADE.

2.2.3 Training neural density estimators

To fit a neural density estimator to a set of simulated sam-
ples {✓, t}, we want to find the weights of the neural network
that minimize the Kullback-Leibler divergence between the
parametric density estimator p(t|✓; w) and the target p

⇤
(t|✓):

DKL(p
⇤
| p) =

π
p
⇤
(t|✓) ln

✓
p(t|✓; w)

p⇤(t|✓)

◆
dt (6)

Since we do not have access to the target density, only sam-
ples from it {t, ✓}, we take the (negative log) loss function
to be:

�ln U(w|{✓, t}) = �

Nsamples’
i=1

ln p(ti |✓i ; w), (7)

ie., a Monte Carlo estimate of the KL-divergence (up to an
additive w-independent constant), which is equivalent to the
negative log-likelihood of the simulated data {t, ✓} under the
conditional density estimator p(t|✓; w).

For (Gaussian) MDN conditional density estimators,
the loss is hence given by:

�ln U(w|{✓, t}) = �

’
i

nc’
k=1

⇡k (✓i ; w)N
⇥
ti | µk (✓i ; w),⌃k (✓i ; w)

⇤
.

(8)

For MAF conditional density estimators, the loss is
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The MDN model is shown schematically in Figure 2;
the network takes in parameters ✓ and outputs the means,
weights and covariances of the mixture model for p(t|✓) cor-
responding to that input ✓. The MDN network architecture
typically has a number of intermediate dense hidden layers
with some non-linear activation function (eg., tanh). In the
output layer, the output nodes corresponding to the means
have linear activations, as do the o↵-diagonal elements of the
covariance matrices, whilst the diagonal covariance elements
are passed through an exponential activation to ensure pos-
itive definiteness, and the mixture component weights are
passed through a softmax activation5 to ensure they are pos-
itive and sum to unity.

Note that a mixture density network parameterization
of p(t|✓) with a single Gaussian component defines a Gaus-
sian likelihood where the mean and covariance are functions
of the parameters – a common approximate likelihood used
in many cosmological data analysis problems. Adding ad-
ditional components immediately results in a more flexible
density estimator and hence likelihood assumptions; Gaus-
sian mixtures can represent any smooth probability density
(given enough components).

2.2.2 Masked Autoregressive flows (MAF)

Any probability density can be factorized as a product of
one-dimension conditionals via applications of the chain
rule:

p(t|✓) =
dim(t)÷
i=1

p(ti |t1:i�1, ✓). (2)

Neural autoregressive density estimators construct paramet-
ric densities for this set of one-dimensional conditionals,
where the parameters of each of the conditionals are param-
eterized as a neural network (Uria et al. 2016). For example,
one could model each conditional p(ti |t1:i�1, ✓) as a Gaus-
sian whose mean and variance are free functions of (t1:i�1, ✓),
parameterized by a neural network. Masked Autoencoders
for Density Estimation (MADEs; Germain et al. 2015), de-
picted in Figure 3, do precisely this: the means and variances
of each conditional density are parameterized by the neural
network, where crucially the weights of the neural network
layers are masked in such a way that the output nodes for
p(ti |t1:i�1, ✓) only depend on (t1:i�1, ✓) (ie., the autoregres-
sive property is preserved). See Germain et al. (2015) for
details of how to construct the binary network weight mask.
As with MDNs, the hidden layers of the MADE have some
non-linear activation functions (eg., tanh), whilst the output
nodes associated with the conditional means have linear ac-
tivation, and the output nodes associated with the variances
have exponential activations (ensuring positivity).

By learning the means and variances of the autoregres-
sive conditionals, a MADE can be thought of as learning the
transform of the random variate t back to the unit normal:

t|✓ ! u(t, ✓; w) ⇠ N(0, I),
ti |✓ ! ui = (ti � µi(t1:i�1, ✓; w))/�i(t1:i�1, ✓; w), (3)

izes only the (upper triangular) Cholesky factors of the compo-
nent covariances.
5 Softmax: x ! exp(x)/⌃ exp(xi ).

where w are the (masked) weights of the neural network. The
parametric density estimator for a MADE is hence given by,

p(t|✓; w) =
÷
i

p(ti |t1:i�1, ✓; w)

= N [u(t, ✓; w)|0, I] ⇥
���� @u(t, ✓; w)

@t

����
= N [u(t, ✓; w)|0, I] ⇥

dim(t)÷
i=1

�i(t, ✓; w) (4)

Single MADE density estimators have two key limitations.
Firstly, they are sensitive to the order of the factorization
in Eq. (2); some densities may have simple (eg., unimodal)
conditionals in one factorization-order, but not in another,
and this is typically not known a priori (see Papamakarios
et al. 2017 for an illustration). Secondly, the assumption of
simple (eg., Gaussian) conditionals may be overly restrictive.

Masked Autoregressive Flows (MAF; Papamakarios
et al. 2017) address both of these limitations by construct-
ing a stack of MADEs, where the output u of each MADE is
taken as input for the next, with random re-ordering of the
chain-rule factorization between each MADE. With multi-
ple stacked MADEs and re-ordering, MAFs constitute very
flexible neural autoregressive density estimators suitable for
likelihood-free inference (Papamakarios et al. 2018). MAFs
then define the following conditional density estimator:

p(t|✓; w) =
÷
i

p(ti |t1:i�1, ✓; w)

= N [u(t, ✓; w)|0, I] ⇥
Nmades÷
n=1

dim(t)÷
i=1

�ni (t, ✓; w), (5)

where u is the output from the final MADE.

2.2.3 Training neural density estimators

To fit a neural density estimator to a set of simulated sam-
ples {✓, t}, we want to find the weights of the neural network
that minimize the Kullback-Leibler divergence between the
parametric density estimator p(t|✓; w) and the target p

⇤
(t|✓):

DKL(p
⇤
| p) =

π
p
⇤
(t|✓) ln

✓
p(t|✓; w)

p⇤(t|✓)

◆
dt (6)

Since we do not have access to the target density, only sam-
ples from it {t, ✓}, we take the (negative log) loss function
to be:

�ln U(w|{✓, t}) = �

Nsamples’
i=1

ln p(ti |✓i ; w), (7)

ie., a Monte Carlo estimate of the KL-divergence (up to an
additive w-independent constant), which is equivalent to the
negative log-likelihood of the simulated data {t, ✓} under the
conditional density estimator p(t|✓; w).

For (Gaussian) MDN conditional density estimators,
the loss is hence given by:

�ln U(w|{✓, t}) = �

’
i

nc’
k=1

⇡k (✓i ; w)N
⇥
ti | µk (✓i ; w),⌃k (✓i ; w)

⇤
.

(8)

For MAF conditional density estimators, the loss is
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The MDN model is shown schematically in Figure 2;
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By learning the means and variances of the autoregres-
sive conditionals, a MADE can be thought of as learning the
transform of the random variate t back to the unit normal:
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ti |✓ ! ui = (ti � µi(t1:i�1, ✓; w))/�i(t1:i�1, ✓; w), (3)

izes only the (upper triangular) Cholesky factors of the compo-
nent covariances.
5 Softmax: x ! exp(x)/⌃ exp(xi ).
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and this is typically not known a priori (see Papamakarios
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ing a stack of MADEs, where the output u of each MADE is
taken as input for the next, with random re-ordering of the
chain-rule factorization between each MADE. With multi-
ple stacked MADEs and re-ordering, MAFs constitute very
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then define the following conditional density estimator:
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where u is the output from the final MADE.

2.2.3 Training neural density estimators

To fit a neural density estimator to a set of simulated sam-
ples {✓, t}, we want to find the weights of the neural network
that minimize the Kullback-Leibler divergence between the
parametric density estimator p(t|✓; w) and the target p

⇤
(t|✓):
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ples from it {t, ✓}, we take the (negative log) loss function
to be:
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ie., a Monte Carlo estimate of the KL-divergence (up to an
additive w-independent constant), which is equivalent to the
negative log-likelihood of the simulated data {t, ✓} under the
conditional density estimator p(t|✓; w).

For (Gaussian) MDN conditional density estimators,
the loss is hence given by:
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Figure 2. Schematic of the mixture density network parameterization of the conditional density p(t |✓). The means, weights and co-
variances of a Gaussian mixture model for p(t |✓) are free functions of the parameters ✓, parameterized by the weights, w, of the neural
network. The neural network takes ✓ as input and outputs the parameters of the mixture model for those parameters.
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<latexit sha1_base64="RkVZiDF4c0sYFKRlscR/Did7O2M=">AAAB+XicdVDLSsNAFJ3UV62vqEs3g0VwY0lqauuu6MZlBfuANoTJdNIOnUzCzKRSQv7EjQtF3Pon7vwbJ20FFT0wcDjnXu6Z48eMSmVZH0ZhZXVtfaO4Wdra3tndM/cPOjJKBCZtHLFI9HwkCaOctBVVjPRiQVDoM9L1J9e5350SIWnE79QsJm6IRpwGFCOlJc80ByFSYz9I7zMv5Wd25pllq1I7b9hWHebEuahd5sSxnaoD7Yo1Rxks0fLM98EwwklIuMIMSdm3rVi5KRKKYkay0iCRJEZ4gkakrylHIZFuOk+ewROtDGEQCf24gnP1+0aKQilnoa8n85zyt5eLf3n9RAUNN6U8ThTheHEoSBhUEcxrgEMqCFZspgnCguqsEI+RQFjpskq6hK+fwv9Jp1qxrYp965SbV8s6iuAIHINTYIM6aIIb0AJtgMEUPIAn8GykxqPxYrwuRgvGcucQ/IDx9gkb9ZP3</latexit><latexit sha1_base64="RkVZiDF4c0sYFKRlscR/Did7O2M=">AAAB+XicdVDLSsNAFJ3UV62vqEs3g0VwY0lqauuu6MZlBfuANoTJdNIOnUzCzKRSQv7EjQtF3Pon7vwbJ20FFT0wcDjnXu6Z48eMSmVZH0ZhZXVtfaO4Wdra3tndM/cPOjJKBCZtHLFI9HwkCaOctBVVjPRiQVDoM9L1J9e5350SIWnE79QsJm6IRpwGFCOlJc80ByFSYz9I7zMv5Wd25pllq1I7b9hWHebEuahd5sSxnaoD7Yo1Rxks0fLM98EwwklIuMIMSdm3rVi5KRKKYkay0iCRJEZ4gkakrylHIZFuOk+ewROtDGEQCf24gnP1+0aKQilnoa8n85zyt5eLf3n9RAUNN6U8ThTheHEoSBhUEcxrgEMqCFZspgnCguqsEI+RQFjpskq6hK+fwv9Jp1qxrYp965SbV8s6iuAIHINTYIM6aIIb0AJtgMEUPIAn8GykxqPxYrwuRgvGcucQ/IDx9gkb9ZP3</latexit><latexit sha1_base64="RkVZiDF4c0sYFKRlscR/Did7O2M=">AAAB+XicdVDLSsNAFJ3UV62vqEs3g0VwY0lqauuu6MZlBfuANoTJdNIOnUzCzKRSQv7EjQtF3Pon7vwbJ20FFT0wcDjnXu6Z48eMSmVZH0ZhZXVtfaO4Wdra3tndM/cPOjJKBCZtHLFI9HwkCaOctBVVjPRiQVDoM9L1J9e5350SIWnE79QsJm6IRpwGFCOlJc80ByFSYz9I7zMv5Wd25pllq1I7b9hWHebEuahd5sSxnaoD7Yo1Rxks0fLM98EwwklIuMIMSdm3rVi5KRKKYkay0iCRJEZ4gkakrylHIZFuOk+ewROtDGEQCf24gnP1+0aKQilnoa8n85zyt5eLf3n9RAUNN6U8ThTheHEoSBhUEcxrgEMqCFZspgnCguqsEI+RQFjpskq6hK+fwv9Jp1qxrYp965SbV8s6iuAIHINTYIM6aIIb0AJtgMEUPIAn8GykxqPxYrwuRgvGcucQ/IDx9gkb9ZP3</latexit><latexit sha1_base64="RkVZiDF4c0sYFKRlscR/Did7O2M=">AAAB+XicdVDLSsNAFJ3UV62vqEs3g0VwY0lqauuu6MZlBfuANoTJdNIOnUzCzKRSQv7EjQtF3Pon7vwbJ20FFT0wcDjnXu6Z48eMSmVZH0ZhZXVtfaO4Wdra3tndM/cPOjJKBCZtHLFI9HwkCaOctBVVjPRiQVDoM9L1J9e5350SIWnE79QsJm6IRpwGFCOlJc80ByFSYz9I7zMv5Wd25pllq1I7b9hWHebEuahd5sSxnaoD7Yo1Rxks0fLM98EwwklIuMIMSdm3rVi5KRKKYkay0iCRJEZ4gkakrylHIZFuOk+ewROtDGEQCf24gnP1+0aKQilnoa8n85zyt5eLf3n9RAUNN6U8ThTheHEoSBhUEcxrgEMqCFZspgnCguqsEI+RQFjpskq6hK+fwv9Jp1qxrYp965SbV8s6iuAIHINTYIM6aIIb0AJtgMEUPIAn8GykxqPxYrwuRgvGcucQ/IDx9gkb9ZP3</latexit>

wn
<latexit sha1_base64="jBGPCwlklOhV33/N3g8DHG+Yk7w=">AAAB9XicdVDLSgMxFL1TX7W+qi7dBIvgqszUqa27ohuXFewD2loyaaYNzWSGJGMpQ//DjQtF3Pov7vwbM20FFT0QOJxzL/fkeBFnStv2h5VZWV1b38hu5ra2d3b38vsHTRXGktAGCXko2x5WlDNBG5ppTtuRpDjwOG1546vUb91TqVgobvU0or0ADwXzGcHaSHfdAOuR5yeTWT8Rs36+YBfLZ1XHrqCUuOfli5S4jltykVO05yjAEvV+/r07CEkcUKEJx0p1HDvSvQRLzQins1w3VjTCZIyHtGOowAFVvWSeeoZOjDJAfijNExrN1e8bCQ6UmgaemUxTqt9eKv7ldWLtV3sJE1GsqSCLQ37MkQ5RWgEaMEmJ5lNDMJHMZEVkhCUm2hSVMyV8/RT9T5qlomMXnRu3ULtc1pGFIziGU3CgAjW4hjo0gICEB3iCZ2tiPVov1utiNGMtdw7hB6y3T7/4k1Q=</latexit><latexit sha1_base64="jBGPCwlklOhV33/N3g8DHG+Yk7w=">AAAB9XicdVDLSgMxFL1TX7W+qi7dBIvgqszUqa27ohuXFewD2loyaaYNzWSGJGMpQ//DjQtF3Pov7vwbM20FFT0QOJxzL/fkeBFnStv2h5VZWV1b38hu5ra2d3b38vsHTRXGktAGCXko2x5WlDNBG5ppTtuRpDjwOG1546vUb91TqVgobvU0or0ADwXzGcHaSHfdAOuR5yeTWT8Rs36+YBfLZ1XHrqCUuOfli5S4jltykVO05yjAEvV+/r07CEkcUKEJx0p1HDvSvQRLzQins1w3VjTCZIyHtGOowAFVvWSeeoZOjDJAfijNExrN1e8bCQ6UmgaemUxTqt9eKv7ldWLtV3sJE1GsqSCLQ37MkQ5RWgEaMEmJ5lNDMJHMZEVkhCUm2hSVMyV8/RT9T5qlomMXnRu3ULtc1pGFIziGU3CgAjW4hjo0gICEB3iCZ2tiPVov1utiNGMtdw7hB6y3T7/4k1Q=</latexit><latexit sha1_base64="jBGPCwlklOhV33/N3g8DHG+Yk7w=">AAAB9XicdVDLSgMxFL1TX7W+qi7dBIvgqszUqa27ohuXFewD2loyaaYNzWSGJGMpQ//DjQtF3Pov7vwbM20FFT0QOJxzL/fkeBFnStv2h5VZWV1b38hu5ra2d3b38vsHTRXGktAGCXko2x5WlDNBG5ppTtuRpDjwOG1546vUb91TqVgobvU0or0ADwXzGcHaSHfdAOuR5yeTWT8Rs36+YBfLZ1XHrqCUuOfli5S4jltykVO05yjAEvV+/r07CEkcUKEJx0p1HDvSvQRLzQins1w3VjTCZIyHtGOowAFVvWSeeoZOjDJAfijNExrN1e8bCQ6UmgaemUxTqt9eKv7ldWLtV3sJE1GsqSCLQ37MkQ5RWgEaMEmJ5lNDMJHMZEVkhCUm2hSVMyV8/RT9T5qlomMXnRu3ULtc1pGFIziGU3CgAjW4hjo0gICEB3iCZ2tiPVov1utiNGMtdw7hB6y3T7/4k1Q=</latexit><latexit sha1_base64="jBGPCwlklOhV33/N3g8DHG+Yk7w=">AAAB9XicdVDLSgMxFL1TX7W+qi7dBIvgqszUqa27ohuXFewD2loyaaYNzWSGJGMpQ//DjQtF3Pov7vwbM20FFT0QOJxzL/fkeBFnStv2h5VZWV1b38hu5ra2d3b38vsHTRXGktAGCXko2x5WlDNBG5ppTtuRpDjwOG1546vUb91TqVgobvU0or0ADwXzGcHaSHfdAOuR5yeTWT8Rs36+YBfLZ1XHrqCUuOfli5S4jltykVO05yjAEvV+/r07CEkcUKEJx0p1HDvSvQRLzQins1w3VjTCZIyHtGOowAFVvWSeeoZOjDJAfijNExrN1e8bCQ6UmgaemUxTqt9eKv7ldWLtV3sJE1GsqSCLQ37MkQ5RWgEaMEmJ5lNDMJHMZEVkhCUm2hSVMyV8/RT9T5qlomMXnRu3ULtc1pGFIziGU3CgAjW4hjo0gICEB3iCZ2tiPVov1utiNGMtdw7hB6y3T7/4k1Q=</latexit>

w = (w0,w1, . . . ,wn)
<latexit sha1_base64="elhZP1/NOHWw+4U31K+Hor4kEwc="></latexit><latexit sha1_base64="elhZP1/NOHWw+4U31K+Hor4kEwc="></latexit><latexit sha1_base64="elhZP1/NOHWw+4U31K+Hor4kEwc="></latexit><latexit sha1_base64="elhZP1/NOHWw+4U31K+Hor4kEwc="></latexit>

. . .
<latexit sha1_base64="byjPsyhtMxJUail5iiggp/j5F50=">AAAB7HicdVBNS8NAFNz4WetX1aOXxSJ4CklNbb0VvXisYNpCG8pmu2mXbjZh90Uopb/BiwdFvPqDvPlv3LQVVHRgYZh5w743YSq4Bsf5sFZW19Y3Ngtbxe2d3b390sFhSyeZosyniUhUJySaCS6ZDxwE66SKkTgUrB2Or3O/fc+U5om8g0nKgpgMJY84JWAkvzdIQPdLZceuntddp4Zz4l1UL3PiuV7Fw67tzFFGSzT7pXeTo1nMJFBBtO66TgrBlCjgVLBZsZdplhI6JkPWNVSSmOlgOl92hk+NMsBRosyTgOfq98SUxFpP4tBMxgRG+reXi3953QyiejDlMs2ASbr4KMoEhgTnl+MBV4yCmBhCqOJmV0xHRBEKpp+iKeHrUvw/aVVs17HdW6/cuFrWUUDH6ASdIRfVUAPdoCbyEUUcPaAn9GxJ69F6sV4XoyvWMnOEfsB6+wRfko8O</latexit><latexit sha1_base64="byjPsyhtMxJUail5iiggp/j5F50=">AAAB7HicdVBNS8NAFNz4WetX1aOXxSJ4CklNbb0VvXisYNpCG8pmu2mXbjZh90Uopb/BiwdFvPqDvPlv3LQVVHRgYZh5w743YSq4Bsf5sFZW19Y3Ngtbxe2d3b390sFhSyeZosyniUhUJySaCS6ZDxwE66SKkTgUrB2Or3O/fc+U5om8g0nKgpgMJY84JWAkvzdIQPdLZceuntddp4Zz4l1UL3PiuV7Fw67tzFFGSzT7pXeTo1nMJFBBtO66TgrBlCjgVLBZsZdplhI6JkPWNVSSmOlgOl92hk+NMsBRosyTgOfq98SUxFpP4tBMxgRG+reXi3953QyiejDlMs2ASbr4KMoEhgTnl+MBV4yCmBhCqOJmV0xHRBEKpp+iKeHrUvw/aVVs17HdW6/cuFrWUUDH6ASdIRfVUAPdoCbyEUUcPaAn9GxJ69F6sV4XoyvWMnOEfsB6+wRfko8O</latexit><latexit sha1_base64="byjPsyhtMxJUail5iiggp/j5F50=">AAAB7HicdVBNS8NAFNz4WetX1aOXxSJ4CklNbb0VvXisYNpCG8pmu2mXbjZh90Uopb/BiwdFvPqDvPlv3LQVVHRgYZh5w743YSq4Bsf5sFZW19Y3Ngtbxe2d3b390sFhSyeZosyniUhUJySaCS6ZDxwE66SKkTgUrB2Or3O/fc+U5om8g0nKgpgMJY84JWAkvzdIQPdLZceuntddp4Zz4l1UL3PiuV7Fw67tzFFGSzT7pXeTo1nMJFBBtO66TgrBlCjgVLBZsZdplhI6JkPWNVSSmOlgOl92hk+NMsBRosyTgOfq98SUxFpP4tBMxgRG+reXi3953QyiejDlMs2ASbr4KMoEhgTnl+MBV4yCmBhCqOJmV0xHRBEKpp+iKeHrUvw/aVVs17HdW6/cuFrWUUDH6ASdIRfVUAPdoCbyEUUcPaAn9GxJ69F6sV4XoyvWMnOEfsB6+wRfko8O</latexit><latexit sha1_base64="byjPsyhtMxJUail5iiggp/j5F50=">AAAB7HicdVBNS8NAFNz4WetX1aOXxSJ4CklNbb0VvXisYNpCG8pmu2mXbjZh90Uopb/BiwdFvPqDvPlv3LQVVHRgYZh5w743YSq4Bsf5sFZW19Y3Ngtbxe2d3b390sFhSyeZosyniUhUJySaCS6ZDxwE66SKkTgUrB2Or3O/fc+U5om8g0nKgpgMJY84JWAkvzdIQPdLZceuntddp4Zz4l1UL3PiuV7Fw67tzFFGSzT7pXeTo1nMJFBBtO66TgrBlCjgVLBZsZdplhI6JkPWNVSSmOlgOl92hk+NMsBRosyTgOfq98SUxFpP4tBMxgRG+reXi3953QyiejDlMs2ASbr4KMoEhgTnl+MBV4yCmBhCqOJmV0xHRBEKpp+iKeHrUvw/aVVs17HdW6/cuFrWUUDH6ASdIRfVUAPdoCbyEUUcPaAn9GxJ69F6sV4XoyvWMnOEfsB6+wRfko8O</latexit>

…

da
ta

 (s
um

m
ar

ie
s)

, t <latexit sha1_base64="5stcGrXqsoASK8xcqONY8G/32M8=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+8A2lMl00g6dTMLMjVBC/8KNC0Xc+jfu/BsnbRbaemDgcM69zLknSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHFtRKwecJpwP6IjJULBKFrpsR9RHAdhhrNBtebW3TnIKvEKUoMCzUH1qz+MWRpxhUxSY3qem6CfUY2CST6r9FPDE8omdMR7lioaceNn88QzcmaVIQljbZ9CMld/b2Q0MmYaBXYyT2iWvVz8z+ulGF77mVBJilyxxUdhKgnGJD+fDIXmDOXUEsq0sFkJG1NNGdqSKrYEb/nkVdK+qHtu3bu/rDVuijrKcAKncA4eXEED7qAJLWCg4Ble4c0xzovz7nwsRktOsXMMf+B8/gD3JZEY</latexit><latexit sha1_base64="5stcGrXqsoASK8xcqONY8G/32M8=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+8A2lMl00g6dTMLMjVBC/8KNC0Xc+jfu/BsnbRbaemDgcM69zLknSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHFtRKwecJpwP6IjJULBKFrpsR9RHAdhhrNBtebW3TnIKvEKUoMCzUH1qz+MWRpxhUxSY3qem6CfUY2CST6r9FPDE8omdMR7lioaceNn88QzcmaVIQljbZ9CMld/b2Q0MmYaBXYyT2iWvVz8z+ulGF77mVBJilyxxUdhKgnGJD+fDIXmDOXUEsq0sFkJG1NNGdqSKrYEb/nkVdK+qHtu3bu/rDVuijrKcAKncA4eXEED7qAJLWCg4Ble4c0xzovz7nwsRktOsXMMf+B8/gD3JZEY</latexit><latexit sha1_base64="5stcGrXqsoASK8xcqONY8G/32M8=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+8A2lMl00g6dTMLMjVBC/8KNC0Xc+jfu/BsnbRbaemDgcM69zLknSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHFtRKwecJpwP6IjJULBKFrpsR9RHAdhhrNBtebW3TnIKvEKUoMCzUH1qz+MWRpxhUxSY3qem6CfUY2CST6r9FPDE8omdMR7lioaceNn88QzcmaVIQljbZ9CMld/b2Q0MmYaBXYyT2iWvVz8z+ulGF77mVBJilyxxUdhKgnGJD+fDIXmDOXUEsq0sFkJG1NNGdqSKrYEb/nkVdK+qHtu3bu/rDVuijrKcAKncA4eXEED7qAJLWCg4Ble4c0xzovz7nwsRktOsXMMf+B8/gD3JZEY</latexit><latexit sha1_base64="5stcGrXqsoASK8xcqONY8G/32M8=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+8A2lMl00g6dTMLMjVBC/8KNC0Xc+jfu/BsnbRbaemDgcM69zLknSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHFtRKwecJpwP6IjJULBKFrpsR9RHAdhhrNBtebW3TnIKvEKUoMCzUH1qz+MWRpxhUxSY3qem6CfUY2CST6r9FPDE8omdMR7lioaceNn88QzcmaVIQljbZ9CMld/b2Q0MmYaBXYyT2iWvVz8z+ulGF77mVBJilyxxUdhKgnGJD+fDIXmDOXUEsq0sFkJG1NNGdqSKrYEb/nkVdK+qHtu3bu/rDVuijrKcAKncA4eXEED7qAJLWCg4Ble4c0xzovz7nwsRktOsXMMf+B8/gD3JZEY</latexit>

…
…

µ1(�;w)
<latexit sha1_base64="YmIFU8mckwtPdVJ9705m9T0lMxE=">AAACDHicbVDLSsNAFJ34rPVVdelmsAp1UxIRFNwU3LisYB/QhDKZTNqhk0mYuVFK6Ae48VfcuFDErR/gzr9x0mahrQeGOZx7Lvfe4yeCa7Dtb2tpeWV1bb20Ud7c2t7Zreztt3WcKspaNBax6vpEM8ElawEHwbqJYiTyBev4o+u83rlnSvNY3sE4YV5EBpKHnBIwUr9SdaO079RcPxaBHkfmc2HIgFy5EYGhH2YPk1Pjsuv2FHiROAWpogLNfuXLDWKaRkwCFUTrnmMn4GVEAaeCTcpuqllC6IgMWM9QSSKmvWx6zASfGCXAYazMk4Cn6u+OjEQ639Q48xX1fC0X/6v1UggvvYzLJAUm6WxQmAoMMc6TwQFXjIIYG0Ko4mZXTIdEEQomv7IJwZk/eZG0z+qOXXduz6uN4yKOEjpER6iGHHSBGugGNVELUfSIntErerOerBfr3fqYWZesoucA/YH1+QMR8puH</latexit><latexit sha1_base64="YmIFU8mckwtPdVJ9705m9T0lMxE=">AAACDHicbVDLSsNAFJ34rPVVdelmsAp1UxIRFNwU3LisYB/QhDKZTNqhk0mYuVFK6Ae48VfcuFDErR/gzr9x0mahrQeGOZx7Lvfe4yeCa7Dtb2tpeWV1bb20Ud7c2t7Zreztt3WcKspaNBax6vpEM8ElawEHwbqJYiTyBev4o+u83rlnSvNY3sE4YV5EBpKHnBIwUr9SdaO079RcPxaBHkfmc2HIgFy5EYGhH2YPk1Pjsuv2FHiROAWpogLNfuXLDWKaRkwCFUTrnmMn4GVEAaeCTcpuqllC6IgMWM9QSSKmvWx6zASfGCXAYazMk4Cn6u+OjEQ639Q48xX1fC0X/6v1UggvvYzLJAUm6WxQmAoMMc6TwQFXjIIYG0Ko4mZXTIdEEQomv7IJwZk/eZG0z+qOXXduz6uN4yKOEjpER6iGHHSBGugGNVELUfSIntErerOerBfr3fqYWZesoucA/YH1+QMR8puH</latexit><latexit sha1_base64="YmIFU8mckwtPdVJ9705m9T0lMxE=">AAACDHicbVDLSsNAFJ34rPVVdelmsAp1UxIRFNwU3LisYB/QhDKZTNqhk0mYuVFK6Ae48VfcuFDErR/gzr9x0mahrQeGOZx7Lvfe4yeCa7Dtb2tpeWV1bb20Ud7c2t7Zreztt3WcKspaNBax6vpEM8ElawEHwbqJYiTyBev4o+u83rlnSvNY3sE4YV5EBpKHnBIwUr9SdaO079RcPxaBHkfmc2HIgFy5EYGhH2YPk1Pjsuv2FHiROAWpogLNfuXLDWKaRkwCFUTrnmMn4GVEAaeCTcpuqllC6IgMWM9QSSKmvWx6zASfGCXAYazMk4Cn6u+OjEQ639Q48xX1fC0X/6v1UggvvYzLJAUm6WxQmAoMMc6TwQFXjIIYG0Ko4mZXTIdEEQomv7IJwZk/eZG0z+qOXXduz6uN4yKOEjpER6iGHHSBGugGNVELUfSIntErerOerBfr3fqYWZesoucA/YH1+QMR8puH</latexit><latexit sha1_base64="YmIFU8mckwtPdVJ9705m9T0lMxE=">AAACDHicbVDLSsNAFJ34rPVVdelmsAp1UxIRFNwU3LisYB/QhDKZTNqhk0mYuVFK6Ae48VfcuFDErR/gzr9x0mahrQeGOZx7Lvfe4yeCa7Dtb2tpeWV1bb20Ud7c2t7Zreztt3WcKspaNBax6vpEM8ElawEHwbqJYiTyBev4o+u83rlnSvNY3sE4YV5EBpKHnBIwUr9SdaO079RcPxaBHkfmc2HIgFy5EYGhH2YPk1Pjsuv2FHiROAWpogLNfuXLDWKaRkwCFUTrnmMn4GVEAaeCTcpuqllC6IgMWM9QSSKmvWx6zASfGCXAYazMk4Cn6u+OjEQ639Q48xX1fC0X/6v1UggvvYzLJAUm6WxQmAoMMc6TwQFXjIIYG0Ko4mZXTIdEEQomv7IJwZk/eZG0z+qOXXduz6uN4yKOEjpER6iGHHSBGugGNVELUfSIntErerOerBfr3fqYWZesoucA/YH1+QMR8puH</latexit>

�1(�;w)
<latexit sha1_base64="fcOTBVReEoppjjWrR6SLK305yHA=">AAACD3icbVDLSsNAFJ3UV62vqEs3warUTUlEUHBTcOOygn1AE8JkOmmHTjJh5kYpoX/gxl9x40IRt27d+TdO2iy09cIwh3Pu5Z57goQzBbb9bZSWlldW18rrlY3Nre0dc3evrUQqCW0RwYXsBlhRzmLaAgacdhNJcRRw2glG17neuadSMRHfwTihXoQHMQsZwaAp3zxxFRtE2HdqbiB4X40j/bkwpICv3AjDMAizh8mpb1btuj0taxE4Baiiopq++eX2BUkjGgPhWKmeYyfgZVgCI5xOKm6qaILJCA9oT8MYR1R52fSeiXWsmb4VCqlfDNaU/T2R4UjlTnVnblHNazn5n9ZLIbz0MhYnKdCYzBaFKbdAWHk4Vp9JSoCPNcBEMu3VIkMsMQEdYUWH4MyfvAjaZ3XHrju359XGURFHGR2gQ1RDDrpADXSDmqiFCHpEz+gVvRlPxovxbnzMWktGMbOP/pTx+QN38JzU</latexit><latexit sha1_base64="fcOTBVReEoppjjWrR6SLK305yHA=">AAACD3icbVDLSsNAFJ3UV62vqEs3warUTUlEUHBTcOOygn1AE8JkOmmHTjJh5kYpoX/gxl9x40IRt27d+TdO2iy09cIwh3Pu5Z57goQzBbb9bZSWlldW18rrlY3Nre0dc3evrUQqCW0RwYXsBlhRzmLaAgacdhNJcRRw2glG17neuadSMRHfwTihXoQHMQsZwaAp3zxxFRtE2HdqbiB4X40j/bkwpICv3AjDMAizh8mpb1btuj0taxE4Baiiopq++eX2BUkjGgPhWKmeYyfgZVgCI5xOKm6qaILJCA9oT8MYR1R52fSeiXWsmb4VCqlfDNaU/T2R4UjlTnVnblHNazn5n9ZLIbz0MhYnKdCYzBaFKbdAWHk4Vp9JSoCPNcBEMu3VIkMsMQEdYUWH4MyfvAjaZ3XHrju359XGURFHGR2gQ1RDDrpADXSDmqiFCHpEz+gVvRlPxovxbnzMWktGMbOP/pTx+QN38JzU</latexit><latexit sha1_base64="fcOTBVReEoppjjWrR6SLK305yHA=">AAACD3icbVDLSsNAFJ3UV62vqEs3warUTUlEUHBTcOOygn1AE8JkOmmHTjJh5kYpoX/gxl9x40IRt27d+TdO2iy09cIwh3Pu5Z57goQzBbb9bZSWlldW18rrlY3Nre0dc3evrUQqCW0RwYXsBlhRzmLaAgacdhNJcRRw2glG17neuadSMRHfwTihXoQHMQsZwaAp3zxxFRtE2HdqbiB4X40j/bkwpICv3AjDMAizh8mpb1btuj0taxE4Baiiopq++eX2BUkjGgPhWKmeYyfgZVgCI5xOKm6qaILJCA9oT8MYR1R52fSeiXWsmb4VCqlfDNaU/T2R4UjlTnVnblHNazn5n9ZLIbz0MhYnKdCYzBaFKbdAWHk4Vp9JSoCPNcBEMu3VIkMsMQEdYUWH4MyfvAjaZ3XHrju359XGURFHGR2gQ1RDDrpADXSDmqiFCHpEz+gVvRlPxovxbnzMWktGMbOP/pTx+QN38JzU</latexit><latexit sha1_base64="fcOTBVReEoppjjWrR6SLK305yHA=">AAACD3icbVDLSsNAFJ3UV62vqEs3warUTUlEUHBTcOOygn1AE8JkOmmHTjJh5kYpoX/gxl9x40IRt27d+TdO2iy09cIwh3Pu5Z57goQzBbb9bZSWlldW18rrlY3Nre0dc3evrUQqCW0RwYXsBlhRzmLaAgacdhNJcRRw2glG17neuadSMRHfwTihXoQHMQsZwaAp3zxxFRtE2HdqbiB4X40j/bkwpICv3AjDMAizh8mpb1btuj0taxE4Baiiopq++eX2BUkjGgPhWKmeYyfgZVgCI5xOKm6qaILJCA9oT8MYR1R52fSeiXWsmb4VCqlfDNaU/T2R4UjlTnVnblHNazn5n9ZLIbz0MhYnKdCYzBaFKbdAWHk4Vp9JSoCPNcBEMu3VIkMsMQEdYUWH4MyfvAjaZ3XHrju359XGURFHGR2gQ1RDDrpADXSDmqiFCHpEz+gVvRlPxovxbnzMWktGMbOP/pTx+QN38JzU</latexit>

�2(t1, �;w)
<latexit sha1_base64="JkDwSAhTn4RhGk47ricbTgZ4704=">AAACFHicbVDLSsNAFJ3UV62vqEs3g1WoKCUpgoKbghuXFewDmhAm00k7dPJg5kYpoR/hxl9x40IRty7c+TdO2i609cIwh3Pu5Z57/ERwBZb1bRSWlldW14rrpY3Nre0dc3evpeJUUtaksYhlxyeKCR6xJnAQrJNIRkJfsLY/vM719j2TisfRHYwS5oakH/GAUwKa8sxTR/F+SLxaBTz7DDt+LHpqFOrPgQEDcuWEBAZ+kD2MTzyzbFWtSeFFYM9AGc2q4ZlfTi+macgioIIo1bWtBNyMSOBUsHHJSRVLCB2SPutqGJGQKTebHDXGx5rp4SCW+kWAJ+zviYyEKneqO3OLal7Lyf+0bgrBpZvxKEmBRXS6KEgFhhjnCeEel4yCGGlAqOTaK6YDIgkFnWNJh2DPn7wIWrWqbVXt2/Ny/WgWRxEdoENUQTa6QHV0gxqoiSh6RM/oFb0ZT8aL8W58TFsLxmxmH/0p4/MHat2eVw==</latexit><latexit sha1_base64="JkDwSAhTn4RhGk47ricbTgZ4704=">AAACFHicbVDLSsNAFJ3UV62vqEs3g1WoKCUpgoKbghuXFewDmhAm00k7dPJg5kYpoR/hxl9x40IRty7c+TdO2i609cIwh3Pu5Z57/ERwBZb1bRSWlldW14rrpY3Nre0dc3evpeJUUtaksYhlxyeKCR6xJnAQrJNIRkJfsLY/vM719j2TisfRHYwS5oakH/GAUwKa8sxTR/F+SLxaBTz7DDt+LHpqFOrPgQEDcuWEBAZ+kD2MTzyzbFWtSeFFYM9AGc2q4ZlfTi+macgioIIo1bWtBNyMSOBUsHHJSRVLCB2SPutqGJGQKTebHDXGx5rp4SCW+kWAJ+zviYyEKneqO3OLal7Lyf+0bgrBpZvxKEmBRXS6KEgFhhjnCeEel4yCGGlAqOTaK6YDIgkFnWNJh2DPn7wIWrWqbVXt2/Ny/WgWRxEdoENUQTa6QHV0gxqoiSh6RM/oFb0ZT8aL8W58TFsLxmxmH/0p4/MHat2eVw==</latexit><latexit sha1_base64="JkDwSAhTn4RhGk47ricbTgZ4704=">AAACFHicbVDLSsNAFJ3UV62vqEs3g1WoKCUpgoKbghuXFewDmhAm00k7dPJg5kYpoR/hxl9x40IRty7c+TdO2i609cIwh3Pu5Z57/ERwBZb1bRSWlldW14rrpY3Nre0dc3evpeJUUtaksYhlxyeKCR6xJnAQrJNIRkJfsLY/vM719j2TisfRHYwS5oakH/GAUwKa8sxTR/F+SLxaBTz7DDt+LHpqFOrPgQEDcuWEBAZ+kD2MTzyzbFWtSeFFYM9AGc2q4ZlfTi+macgioIIo1bWtBNyMSOBUsHHJSRVLCB2SPutqGJGQKTebHDXGx5rp4SCW+kWAJ+zviYyEKneqO3OLal7Lyf+0bgrBpZvxKEmBRXS6KEgFhhjnCeEel4yCGGlAqOTaK6YDIgkFnWNJh2DPn7wIWrWqbVXt2/Ny/WgWRxEdoENUQTa6QHV0gxqoiSh6RM/oFb0ZT8aL8W58TFsLxmxmH/0p4/MHat2eVw==</latexit><latexit sha1_base64="JkDwSAhTn4RhGk47ricbTgZ4704=">AAACFHicbVDLSsNAFJ3UV62vqEs3g1WoKCUpgoKbghuXFewDmhAm00k7dPJg5kYpoR/hxl9x40IRty7c+TdO2i609cIwh3Pu5Z57/ERwBZb1bRSWlldW14rrpY3Nre0dc3evpeJUUtaksYhlxyeKCR6xJnAQrJNIRkJfsLY/vM719j2TisfRHYwS5oakH/GAUwKa8sxTR/F+SLxaBTz7DDt+LHpqFOrPgQEDcuWEBAZ+kD2MTzyzbFWtSeFFYM9AGc2q4ZlfTi+macgioIIo1bWtBNyMSOBUsHHJSRVLCB2SPutqGJGQKTebHDXGx5rp4SCW+kWAJ+zviYyEKneqO3OLal7Lyf+0bgrBpZvxKEmBRXS6KEgFhhjnCeEel4yCGGlAqOTaK6YDIgkFnWNJh2DPn7wIWrWqbVXt2/Ny/WgWRxEdoENUQTa6QHV0gxqoiSh6RM/oFb0ZT8aL8W58TFsLxmxmH/0p4/MHat2eVw==</latexit>

µ2(t1, �;w)
<latexit sha1_base64="0UjyJV7dAGm5UItc2etJkKh6gjc=">AAACEXicbVDLSsNAFJ34rPUVdelmsAoVpCRFUHBTcOOygn1AE8JkOmmHTh7M3Cgl9Bfc+CtuXCji1p07/8ZJm4W2XhjmcM693HOPnwiuwLK+jaXlldW19dJGeXNre2fX3NtvqziVlLVoLGLZ9YligkesBRwE6yaSkdAXrOOPrnO9c8+k4nF0B+OEuSEZRDzglICmPLPqhKlXr4Jnn2HHj0VfjUP9OTBkQK6ckMDQD7KHyalnVqyaNS28COwCVFBRTc/8cvoxTUMWARVEqZ5tJeBmRAKngk3KTqpYQuiIDFhPw4iETLnZ9KIJPtFMHwex1C8CPGV/T2QkVLlT3ZlbVPNaTv6n9VIILt2MR0kKLKKzRUEqMMQ4jwf3uWQUxFgDQiXXXjEdEkko6BDLOgR7/uRF0K7XbKtm355XGsdFHCV0iI5QFdnoAjXQDWqiFqLoET2jV/RmPBkvxrvxMWtdMoqZA/SnjM8f/sedCg==</latexit><latexit sha1_base64="0UjyJV7dAGm5UItc2etJkKh6gjc=">AAACEXicbVDLSsNAFJ34rPUVdelmsAoVpCRFUHBTcOOygn1AE8JkOmmHTh7M3Cgl9Bfc+CtuXCji1p07/8ZJm4W2XhjmcM693HOPnwiuwLK+jaXlldW19dJGeXNre2fX3NtvqziVlLVoLGLZ9YligkesBRwE6yaSkdAXrOOPrnO9c8+k4nF0B+OEuSEZRDzglICmPLPqhKlXr4Jnn2HHj0VfjUP9OTBkQK6ckMDQD7KHyalnVqyaNS28COwCVFBRTc/8cvoxTUMWARVEqZ5tJeBmRAKngk3KTqpYQuiIDFhPw4iETLnZ9KIJPtFMHwex1C8CPGV/T2QkVLlT3ZlbVPNaTv6n9VIILt2MR0kKLKKzRUEqMMQ4jwf3uWQUxFgDQiXXXjEdEkko6BDLOgR7/uRF0K7XbKtm355XGsdFHCV0iI5QFdnoAjXQDWqiFqLoET2jV/RmPBkvxrvxMWtdMoqZA/SnjM8f/sedCg==</latexit><latexit sha1_base64="0UjyJV7dAGm5UItc2etJkKh6gjc=">AAACEXicbVDLSsNAFJ34rPUVdelmsAoVpCRFUHBTcOOygn1AE8JkOmmHTh7M3Cgl9Bfc+CtuXCji1p07/8ZJm4W2XhjmcM693HOPnwiuwLK+jaXlldW19dJGeXNre2fX3NtvqziVlLVoLGLZ9YligkesBRwE6yaSkdAXrOOPrnO9c8+k4nF0B+OEuSEZRDzglICmPLPqhKlXr4Jnn2HHj0VfjUP9OTBkQK6ckMDQD7KHyalnVqyaNS28COwCVFBRTc/8cvoxTUMWARVEqZ5tJeBmRAKngk3KTqpYQuiIDFhPw4iETLnZ9KIJPtFMHwex1C8CPGV/T2QkVLlT3ZlbVPNaTv6n9VIILt2MR0kKLKKzRUEqMMQ4jwf3uWQUxFgDQiXXXjEdEkko6BDLOgR7/uRF0K7XbKtm355XGsdFHCV0iI5QFdnoAjXQDWqiFqLoET2jV/RmPBkvxrvxMWtdMoqZA/SnjM8f/sedCg==</latexit><latexit sha1_base64="0UjyJV7dAGm5UItc2etJkKh6gjc=">AAACEXicbVDLSsNAFJ34rPUVdelmsAoVpCRFUHBTcOOygn1AE8JkOmmHTh7M3Cgl9Bfc+CtuXCji1p07/8ZJm4W2XhjmcM693HOPnwiuwLK+jaXlldW19dJGeXNre2fX3NtvqziVlLVoLGLZ9YligkesBRwE6yaSkdAXrOOPrnO9c8+k4nF0B+OEuSEZRDzglICmPLPqhKlXr4Jnn2HHj0VfjUP9OTBkQK6ckMDQD7KHyalnVqyaNS28COwCVFBRTc/8cvoxTUMWARVEqZ5tJeBmRAKngk3KTqpYQuiIDFhPw4iETLnZ9KIJPtFMHwex1C8CPGV/T2QkVLlT3ZlbVPNaTv6n9VIILt2MR0kKLKKzRUEqMMQ4jwf3uWQUxFgDQiXXXjEdEkko6BDLOgR7/uRF0K7XbKtm355XGsdFHCV0iI5QFdnoAjXQDWqiFqLoET2jV/RmPBkvxrvxMWtdMoqZA/SnjM8f/sedCg==</latexit>

µi(t1:i�1, �;w)
<latexit sha1_base64="ITN5HuEv6dUrtykxzWG1XJ9/YJ8=">AAACF3icbVDLSsNAFJ3UV62vqks3g1WooCURQdFNwY3LCvYBTQiT6aQdOnkwc6OU0L9w46+4caGIW935N07aLLT1wjCHc+7lnnu8WHAFpvltFBYWl5ZXiqultfWNza3y9k5LRYmkrEkjEcmORxQTPGRN4CBYJ5aMBJ5gbW94nenteyYVj8I7GMXMCUg/5D6nBDTllmt2kLi8Cm5qXfITa3yMbS8SPTUK9GfDgAG5sgMCA89PH8ZHbrli1sxJ4Xlg5aCC8mq45S+7F9EkYCFQQZTqWmYMTkokcCrYuGQnisWEDkmfdTUMScCUk07uGuNDzfSwH0n9QsAT9vdESgKVOdWdmUU1q2Xkf1o3Af/CSXkYJ8BCOl3kJwJDhLOQcI9LRkGMNCBUcu0V0wGRhIKOsqRDsGZPnget05pl1qzbs0r9II+jiPbQPqoiC52jOrpBDdREFD2iZ/SK3own48V4Nz6mrQUjn9lFf8r4/AGNDZ92</latexit><latexit sha1_base64="ITN5HuEv6dUrtykxzWG1XJ9/YJ8=">AAACF3icbVDLSsNAFJ3UV62vqks3g1WooCURQdFNwY3LCvYBTQiT6aQdOnkwc6OU0L9w46+4caGIW935N07aLLT1wjCHc+7lnnu8WHAFpvltFBYWl5ZXiqultfWNza3y9k5LRYmkrEkjEcmORxQTPGRN4CBYJ5aMBJ5gbW94nenteyYVj8I7GMXMCUg/5D6nBDTllmt2kLi8Cm5qXfITa3yMbS8SPTUK9GfDgAG5sgMCA89PH8ZHbrli1sxJ4Xlg5aCC8mq45S+7F9EkYCFQQZTqWmYMTkokcCrYuGQnisWEDkmfdTUMScCUk07uGuNDzfSwH0n9QsAT9vdESgKVOdWdmUU1q2Xkf1o3Af/CSXkYJ8BCOl3kJwJDhLOQcI9LRkGMNCBUcu0V0wGRhIKOsqRDsGZPnget05pl1qzbs0r9II+jiPbQPqoiC52jOrpBDdREFD2iZ/SK3own48V4Nz6mrQUjn9lFf8r4/AGNDZ92</latexit><latexit sha1_base64="ITN5HuEv6dUrtykxzWG1XJ9/YJ8=">AAACF3icbVDLSsNAFJ3UV62vqks3g1WooCURQdFNwY3LCvYBTQiT6aQdOnkwc6OU0L9w46+4caGIW935N07aLLT1wjCHc+7lnnu8WHAFpvltFBYWl5ZXiqultfWNza3y9k5LRYmkrEkjEcmORxQTPGRN4CBYJ5aMBJ5gbW94nenteyYVj8I7GMXMCUg/5D6nBDTllmt2kLi8Cm5qXfITa3yMbS8SPTUK9GfDgAG5sgMCA89PH8ZHbrli1sxJ4Xlg5aCC8mq45S+7F9EkYCFQQZTqWmYMTkokcCrYuGQnisWEDkmfdTUMScCUk07uGuNDzfSwH0n9QsAT9vdESgKVOdWdmUU1q2Xkf1o3Af/CSXkYJ8BCOl3kJwJDhLOQcI9LRkGMNCBUcu0V0wGRhIKOsqRDsGZPnget05pl1qzbs0r9II+jiPbQPqoiC52jOrpBDdREFD2iZ/SK3own48V4Nz6mrQUjn9lFf8r4/AGNDZ92</latexit><latexit sha1_base64="ITN5HuEv6dUrtykxzWG1XJ9/YJ8=">AAACF3icbVDLSsNAFJ3UV62vqks3g1WooCURQdFNwY3LCvYBTQiT6aQdOnkwc6OU0L9w46+4caGIW935N07aLLT1wjCHc+7lnnu8WHAFpvltFBYWl5ZXiqultfWNza3y9k5LRYmkrEkjEcmORxQTPGRN4CBYJ5aMBJ5gbW94nenteyYVj8I7GMXMCUg/5D6nBDTllmt2kLi8Cm5qXfITa3yMbS8SPTUK9GfDgAG5sgMCA89PH8ZHbrli1sxJ4Xlg5aCC8mq45S+7F9EkYCFQQZTqWmYMTkokcCrYuGQnisWEDkmfdTUMScCUk07uGuNDzfSwH0n9QsAT9vdESgKVOdWdmUU1q2Xkf1o3Af/CSXkYJ8BCOl3kJwJDhLOQcI9LRkGMNCBUcu0V0wGRhIKOsqRDsGZPnget05pl1qzbs0r9II+jiPbQPqoiC52jOrpBDdREFD2iZ/SK3own48V4Nz6mrQUjn9lFf8r4/AGNDZ92</latexit>

�i(t1:i�1, �;w)
<latexit sha1_base64="l12EK39fQZi2KTtRhGA6NctEuSc=">AAACGnicbVDLSgMxFM3UV62vqks3wSpU0DIRQdFNwY3LCvYBnTJk0kwbmnmQ3FHK0O9w46+4caGIO3Hj35hpu9DWCyGHc+7lnnu8WAoNtv1t5RYWl5ZX8quFtfWNza3i9k5DR4livM4iGamWRzWXIuR1ECB5K1acBp7kTW9wnenNe660iMI7GMa8E9BeKHzBKBjKLRJHi15AXVEGNyWX4oSMjrHjRbKrh4H5HOhzoFdOQKHv+enD6MgtluyKPS48D8gUlNC0am7x0+lGLAl4CExSrdvEjqGTUgWCST4qOInmMWUD2uNtA0MacN1Jx6eN8KFhutiPlHkh4DH7eyKlgc6cms7Mop7VMvI/rZ2Af9FJRRgnwEM2WeQnEkOEs5xwVyjOQA4NoEwJ4xWzPlWUgUmzYEIgsyfPg8ZphdgVcntWqh5M48ijPbSPyoigc1RFN6iG6oihR/SMXtGb9WS9WO/Wx6Q1Z01ndtGfsr5+AABhoMM=</latexit><latexit sha1_base64="l12EK39fQZi2KTtRhGA6NctEuSc=">AAACGnicbVDLSgMxFM3UV62vqks3wSpU0DIRQdFNwY3LCvYBnTJk0kwbmnmQ3FHK0O9w46+4caGIO3Hj35hpu9DWCyGHc+7lnnu8WAoNtv1t5RYWl5ZX8quFtfWNza3i9k5DR4livM4iGamWRzWXIuR1ECB5K1acBp7kTW9wnenNe660iMI7GMa8E9BeKHzBKBjKLRJHi15AXVEGNyWX4oSMjrHjRbKrh4H5HOhzoFdOQKHv+enD6MgtluyKPS48D8gUlNC0am7x0+lGLAl4CExSrdvEjqGTUgWCST4qOInmMWUD2uNtA0MacN1Jx6eN8KFhutiPlHkh4DH7eyKlgc6cms7Mop7VMvI/rZ2Af9FJRRgnwEM2WeQnEkOEs5xwVyjOQA4NoEwJ4xWzPlWUgUmzYEIgsyfPg8ZphdgVcntWqh5M48ijPbSPyoigc1RFN6iG6oihR/SMXtGb9WS9WO/Wx6Q1Z01ndtGfsr5+AABhoMM=</latexit><latexit sha1_base64="l12EK39fQZi2KTtRhGA6NctEuSc=">AAACGnicbVDLSgMxFM3UV62vqks3wSpU0DIRQdFNwY3LCvYBnTJk0kwbmnmQ3FHK0O9w46+4caGIO3Hj35hpu9DWCyGHc+7lnnu8WAoNtv1t5RYWl5ZX8quFtfWNza3i9k5DR4livM4iGamWRzWXIuR1ECB5K1acBp7kTW9wnenNe660iMI7GMa8E9BeKHzBKBjKLRJHi15AXVEGNyWX4oSMjrHjRbKrh4H5HOhzoFdOQKHv+enD6MgtluyKPS48D8gUlNC0am7x0+lGLAl4CExSrdvEjqGTUgWCST4qOInmMWUD2uNtA0MacN1Jx6eN8KFhutiPlHkh4DH7eyKlgc6cms7Mop7VMvI/rZ2Af9FJRRgnwEM2WeQnEkOEs5xwVyjOQA4NoEwJ4xWzPlWUgUmzYEIgsyfPg8ZphdgVcntWqh5M48ijPbSPyoigc1RFN6iG6oihR/SMXtGb9WS9WO/Wx6Q1Z01ndtGfsr5+AABhoMM=</latexit><latexit sha1_base64="l12EK39fQZi2KTtRhGA6NctEuSc=">AAACGnicbVDLSgMxFM3UV62vqks3wSpU0DIRQdFNwY3LCvYBnTJk0kwbmnmQ3FHK0O9w46+4caGIO3Hj35hpu9DWCyGHc+7lnnu8WAoNtv1t5RYWl5ZX8quFtfWNza3i9k5DR4livM4iGamWRzWXIuR1ECB5K1acBp7kTW9wnenNe660iMI7GMa8E9BeKHzBKBjKLRJHi15AXVEGNyWX4oSMjrHjRbKrh4H5HOhzoFdOQKHv+enD6MgtluyKPS48D8gUlNC0am7x0+lGLAl4CExSrdvEjqGTUgWCST4qOInmMWUD2uNtA0MacN1Jx6eN8KFhutiPlHkh4DH7eyKlgc6cms7Mop7VMvI/rZ2Af9FJRRgnwEM2WeQnEkOEs5xwVyjOQA4NoEwJ4xWzPlWUgUmzYEIgsyfPg8ZphdgVcntWqh5M48ijPbSPyoigc1RFN6iG6oihR/SMXtGb9WS9WO/Wx6Q1Z01ndtGfsr5+AABhoMM=</latexit>

p(t1|�;w) = N [µ1(�;w), �1(�;w)]
<latexit sha1_base64="TQZM6Ov3hMwEbwahuZ7ydi2SuKI="></latexit><latexit sha1_base64="TQZM6Ov3hMwEbwahuZ7ydi2SuKI="></latexit><latexit sha1_base64="TQZM6Ov3hMwEbwahuZ7ydi2SuKI="></latexit><latexit sha1_base64="TQZM6Ov3hMwEbwahuZ7ydi2SuKI="></latexit>

p(t2|t1, �;w) = N [µ2(t1, �;w), �2(t1, �;w)]
<latexit sha1_base64="n8eeVS+59pKLC6h6UaTx16GqNzY="></latexit><latexit sha1_base64="n8eeVS+59pKLC6h6UaTx16GqNzY="></latexit><latexit sha1_base64="n8eeVS+59pKLC6h6UaTx16GqNzY="></latexit><latexit sha1_base64="n8eeVS+59pKLC6h6UaTx16GqNzY="></latexit>

p(ti|t1:i�1, �;w) = N [µi(t1:i�1, �;w), �i(t1:i�1, �;w)]
<latexit sha1_base64="xVbQV355crKglotjMz8HD48eY/M="></latexit><latexit sha1_base64="xVbQV355crKglotjMz8HD48eY/M="></latexit><latexit sha1_base64="xVbQV355crKglotjMz8HD48eY/M="></latexit><latexit sha1_base64="xVbQV355crKglotjMz8HD48eY/M="></latexit>

ui = (ti � µi)/�i
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Autoregressive conditionals

Density estimator
p(t|�;w) = N [u(t, �;w)|0, I] � |�u(t, �;w)

�t
| =

�

i

p(ti|t1:i�1, �;w)
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Training data

Loss function U = �
�

i

ln p(ti|�i;w)
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Masked Autoencoder for Density Estimation (MADE)

�ln U = �
�

i

ln p(ti|�i;w)
<latexit sha1_base64="L5fHf4zKCx9DynodS87vUYa1d5A="></latexit>

Figure 3. Schematic of the conditional masked autoencoder for density estimation (MADE) parameterization of the conditional density
p(t |✓). The means and variances of the autoregressive conditionals are parameterized by the neural network, with the hidden layers
carefully masked to ensure the autoregressive properties are satisfied. A masked autoregressive flow (MAF) is a stack of MADEs, where
the output of each MADE is fed as input to the next, and the order of the autoregressive factorization is changed between MADEs.

given by:

�ln U(w|{✓, t}) = �

’
i

ln
⇥
N

�
u(ti,✓i ; w) | 0, I

�

+

Nmades’
n=1

dim(t)’
m=1

ln�nm(ti, ✓i ; w)
⇤
.

(9)

The neural density estimators are then trained in the usual
way by minimizing the negative log-loss with respect to the
network weights, or inferring a posterior density over the
weights given the training data (and some network weight
prior).

Over-fitting can be mitigated by any of the standard
regularization methods used for neural networks, such as
early-stopping or dropout. Early-stopping splits the train-
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Training data

Density estimator

Loss function U = �
�

i

ln p(ti|�i;w)
<latexit sha1_base64="+9RDsrLB/WD3uqreiMM4jdH3vNc="></latexit><latexit sha1_base64="+9RDsrLB/WD3uqreiMM4jdH3vNc="></latexit><latexit sha1_base64="+9RDsrLB/WD3uqreiMM4jdH3vNc="></latexit><latexit sha1_base64="+9RDsrLB/WD3uqreiMM4jdH3vNc="></latexit>

p(t|�;w) =
�

comp., k

rk(�;w) N
�
t|µk(�;w),Ck(�;w) = �k�

T
k

�

<latexit sha1_base64="ILk/e+dkQirQ6MUyyC/s3omw7HM="></latexit><latexit sha1_base64="ILk/e+dkQirQ6MUyyC/s3omw7HM="></latexit><latexit sha1_base64="ILk/e+dkQirQ6MUyyC/s3omw7HM="></latexit><latexit sha1_base64="ILk/e+dkQirQ6MUyyC/s3omw7HM="></latexit>

network weights

w0
<latexit sha1_base64="x5WIEP8vZ92RtMHgRbOMjTcQWGg=">AAAB83icdVDLSgMxFM3UV62vqks3wSK4GjJ1auuu6MZlBfuAzlAyaaYNzWSGJKOUob/hxoUibv0Zd/6NmbaCih4IHM65l3tygoQzpRH6sAorq2vrG8XN0tb2zu5eef+go+JUEtomMY9lL8CKciZoWzPNaS+RFEcBp91gcpX73TsqFYvFrZ4m1I/wSLCQEayN5HkR1uMgzO5nAzQoV5BdO2s4qA5z4p7XLnLiOm7VhY6N5qiAJVqD8rs3jEkaUaEJx0r1HZRoP8NSM8LprOSliiaYTPCI9g0VOKLKz+aZZ/DEKEMYxtI8oeFc/b6R4UipaRSYyTyj+u3l4l9eP9Vhw8+YSFJNBVkcClMOdQzzAuCQSUo0nxqCiWQmKyRjLDHRpqaSKeHrp/B/0qnaDrKdG7fSvFzWUQRH4BicAgfUQRNcgxZoAwIS8ACewLOVWo/Wi/W6GC1Yy51D8APW2yeVcJIK</latexit><latexit sha1_base64="x5WIEP8vZ92RtMHgRbOMjTcQWGg=">AAAB83icdVDLSgMxFM3UV62vqks3wSK4GjJ1auuu6MZlBfuAzlAyaaYNzWSGJKOUob/hxoUibv0Zd/6NmbaCih4IHM65l3tygoQzpRH6sAorq2vrG8XN0tb2zu5eef+go+JUEtomMY9lL8CKciZoWzPNaS+RFEcBp91gcpX73TsqFYvFrZ4m1I/wSLCQEayN5HkR1uMgzO5nAzQoV5BdO2s4qA5z4p7XLnLiOm7VhY6N5qiAJVqD8rs3jEkaUaEJx0r1HZRoP8NSM8LprOSliiaYTPCI9g0VOKLKz+aZZ/DEKEMYxtI8oeFc/b6R4UipaRSYyTyj+u3l4l9eP9Vhw8+YSFJNBVkcClMOdQzzAuCQSUo0nxqCiWQmKyRjLDHRpqaSKeHrp/B/0qnaDrKdG7fSvFzWUQRH4BicAgfUQRNcgxZoAwIS8ACewLOVWo/Wi/W6GC1Yy51D8APW2yeVcJIK</latexit><latexit sha1_base64="x5WIEP8vZ92RtMHgRbOMjTcQWGg=">AAAB83icdVDLSgMxFM3UV62vqks3wSK4GjJ1auuu6MZlBfuAzlAyaaYNzWSGJKOUob/hxoUibv0Zd/6NmbaCih4IHM65l3tygoQzpRH6sAorq2vrG8XN0tb2zu5eef+go+JUEtomMY9lL8CKciZoWzPNaS+RFEcBp91gcpX73TsqFYvFrZ4m1I/wSLCQEayN5HkR1uMgzO5nAzQoV5BdO2s4qA5z4p7XLnLiOm7VhY6N5qiAJVqD8rs3jEkaUaEJx0r1HZRoP8NSM8LprOSliiaYTPCI9g0VOKLKz+aZZ/DEKEMYxtI8oeFc/b6R4UipaRSYyTyj+u3l4l9eP9Vhw8+YSFJNBVkcClMOdQzzAuCQSUo0nxqCiWQmKyRjLDHRpqaSKeHrp/B/0qnaDrKdG7fSvFzWUQRH4BicAgfUQRNcgxZoAwIS8ACewLOVWo/Wi/W6GC1Yy51D8APW2yeVcJIK</latexit><latexit sha1_base64="x5WIEP8vZ92RtMHgRbOMjTcQWGg=">AAAB83icdVDLSgMxFM3UV62vqks3wSK4GjJ1auuu6MZlBfuAzlAyaaYNzWSGJKOUob/hxoUibv0Zd/6NmbaCih4IHM65l3tygoQzpRH6sAorq2vrG8XN0tb2zu5eef+go+JUEtomMY9lL8CKciZoWzPNaS+RFEcBp91gcpX73TsqFYvFrZ4m1I/wSLCQEayN5HkR1uMgzO5nAzQoV5BdO2s4qA5z4p7XLnLiOm7VhY6N5qiAJVqD8rs3jEkaUaEJx0r1HZRoP8NSM8LprOSliiaYTPCI9g0VOKLKz+aZZ/DEKEMYxtI8oeFc/b6R4UipaRSYyTyj+u3l4l9eP9Vhw8+YSFJNBVkcClMOdQzzAuCQSUo0nxqCiWQmKyRjLDHRpqaSKeHrp/B/0qnaDrKdG7fSvFzWUQRH4BicAgfUQRNcgxZoAwIS8ACewLOVWo/Wi/W6GC1Yy51D8APW2yeVcJIK</latexit>

w1
<latexit sha1_base64="C43dsdriQRTA6wejHv/AfhItRss=">AAAB83icdVDLSgMxFM3UV62vqks3wSK4GiZ1auuu6MZlBfuAzlAyaaYNzWSGJKOUob/hxoUibv0Zd/6NmbaCih4IHM65l3tygoQzpR3nwyqsrK6tbxQ3S1vbO7t75f2DjopTSWibxDyWvQArypmgbc00p71EUhwFnHaDyVXud++oVCwWt3qaUD/CI8FCRrA2kudFWI+DMLufDdCgXHHs2lkDOXWYE/e8dpETF7lVFyLbmaMClmgNyu/eMCZpRIUmHCvVR06i/QxLzQins5KXKppgMsEj2jdU4IgqP5tnnsETowxhGEvzhIZz9ftGhiOlplFgJvOM6reXi395/VSHDT9jIkk1FWRxKEw51DHMC4BDJinRfGoIJpKZrJCMscREm5pKpoSvn8L/SadqI8dGN26lebmsowiOwDE4BQjUQRNcgxZoAwIS8ACewLOVWo/Wi/W6GC1Yy51D8APW2yeW9JIL</latexit><latexit sha1_base64="C43dsdriQRTA6wejHv/AfhItRss=">AAAB83icdVDLSgMxFM3UV62vqks3wSK4GiZ1auuu6MZlBfuAzlAyaaYNzWSGJKOUob/hxoUibv0Zd/6NmbaCih4IHM65l3tygoQzpR3nwyqsrK6tbxQ3S1vbO7t75f2DjopTSWibxDyWvQArypmgbc00p71EUhwFnHaDyVXud++oVCwWt3qaUD/CI8FCRrA2kudFWI+DMLufDdCgXHHs2lkDOXWYE/e8dpETF7lVFyLbmaMClmgNyu/eMCZpRIUmHCvVR06i/QxLzQins5KXKppgMsEj2jdU4IgqP5tnnsETowxhGEvzhIZz9ftGhiOlplFgJvOM6reXi395/VSHDT9jIkk1FWRxKEw51DHMC4BDJinRfGoIJpKZrJCMscREm5pKpoSvn8L/SadqI8dGN26lebmsowiOwDE4BQjUQRNcgxZoAwIS8ACewLOVWo/Wi/W6GC1Yy51D8APW2yeW9JIL</latexit><latexit sha1_base64="C43dsdriQRTA6wejHv/AfhItRss=">AAAB83icdVDLSgMxFM3UV62vqks3wSK4GiZ1auuu6MZlBfuAzlAyaaYNzWSGJKOUob/hxoUibv0Zd/6NmbaCih4IHM65l3tygoQzpR3nwyqsrK6tbxQ3S1vbO7t75f2DjopTSWibxDyWvQArypmgbc00p71EUhwFnHaDyVXud++oVCwWt3qaUD/CI8FCRrA2kudFWI+DMLufDdCgXHHs2lkDOXWYE/e8dpETF7lVFyLbmaMClmgNyu/eMCZpRIUmHCvVR06i/QxLzQins5KXKppgMsEj2jdU4IgqP5tnnsETowxhGEvzhIZz9ftGhiOlplFgJvOM6reXi395/VSHDT9jIkk1FWRxKEw51DHMC4BDJinRfGoIJpKZrJCMscREm5pKpoSvn8L/SadqI8dGN26lebmsowiOwDE4BQjUQRNcgxZoAwIS8ACewLOVWo/Wi/W6GC1Yy51D8APW2yeW9JIL</latexit><latexit sha1_base64="C43dsdriQRTA6wejHv/AfhItRss=">AAAB83icdVDLSgMxFM3UV62vqks3wSK4GiZ1auuu6MZlBfuAzlAyaaYNzWSGJKOUob/hxoUibv0Zd/6NmbaCih4IHM65l3tygoQzpR3nwyqsrK6tbxQ3S1vbO7t75f2DjopTSWibxDyWvQArypmgbc00p71EUhwFnHaDyVXud++oVCwWt3qaUD/CI8FCRrA2kudFWI+DMLufDdCgXHHs2lkDOXWYE/e8dpETF7lVFyLbmaMClmgNyu/eMCZpRIUmHCvVR06i/QxLzQins5KXKppgMsEj2jdU4IgqP5tnnsETowxhGEvzhIZz9ftGhiOlplFgJvOM6reXi395/VSHDT9jIkk1FWRxKEw51DHMC4BDJinRfGoIJpKZrJCMscREm5pKpoSvn8L/SadqI8dGN26lebmsowiOwDE4BQjUQRNcgxZoAwIS8ACewLOVWo/Wi/W6GC1Yy51D8APW2yeW9JIL</latexit>

wn�1
<latexit sha1_base64="RkVZiDF4c0sYFKRlscR/Did7O2M=">AAAB+XicdVDLSsNAFJ3UV62vqEs3g0VwY0lqauuu6MZlBfuANoTJdNIOnUzCzKRSQv7EjQtF3Pon7vwbJ20FFT0wcDjnXu6Z48eMSmVZH0ZhZXVtfaO4Wdra3tndM/cPOjJKBCZtHLFI9HwkCaOctBVVjPRiQVDoM9L1J9e5350SIWnE79QsJm6IRpwGFCOlJc80ByFSYz9I7zMv5Wd25pllq1I7b9hWHebEuahd5sSxnaoD7Yo1Rxks0fLM98EwwklIuMIMSdm3rVi5KRKKYkay0iCRJEZ4gkakrylHIZFuOk+ewROtDGEQCf24gnP1+0aKQilnoa8n85zyt5eLf3n9RAUNN6U8ThTheHEoSBhUEcxrgEMqCFZspgnCguqsEI+RQFjpskq6hK+fwv9Jp1qxrYp965SbV8s6iuAIHINTYIM6aIIb0AJtgMEUPIAn8GykxqPxYrwuRgvGcucQ/IDx9gkb9ZP3</latexit><latexit sha1_base64="RkVZiDF4c0sYFKRlscR/Did7O2M=">AAAB+XicdVDLSsNAFJ3UV62vqEs3g0VwY0lqauuu6MZlBfuANoTJdNIOnUzCzKRSQv7EjQtF3Pon7vwbJ20FFT0wcDjnXu6Z48eMSmVZH0ZhZXVtfaO4Wdra3tndM/cPOjJKBCZtHLFI9HwkCaOctBVVjPRiQVDoM9L1J9e5350SIWnE79QsJm6IRpwGFCOlJc80ByFSYz9I7zMv5Wd25pllq1I7b9hWHebEuahd5sSxnaoD7Yo1Rxks0fLM98EwwklIuMIMSdm3rVi5KRKKYkay0iCRJEZ4gkakrylHIZFuOk+ewROtDGEQCf24gnP1+0aKQilnoa8n85zyt5eLf3n9RAUNN6U8ThTheHEoSBhUEcxrgEMqCFZspgnCguqsEI+RQFjpskq6hK+fwv9Jp1qxrYp965SbV8s6iuAIHINTYIM6aIIb0AJtgMEUPIAn8GykxqPxYrwuRgvGcucQ/IDx9gkb9ZP3</latexit><latexit sha1_base64="RkVZiDF4c0sYFKRlscR/Did7O2M=">AAAB+XicdVDLSsNAFJ3UV62vqEs3g0VwY0lqauuu6MZlBfuANoTJdNIOnUzCzKRSQv7EjQtF3Pon7vwbJ20FFT0wcDjnXu6Z48eMSmVZH0ZhZXVtfaO4Wdra3tndM/cPOjJKBCZtHLFI9HwkCaOctBVVjPRiQVDoM9L1J9e5350SIWnE79QsJm6IRpwGFCOlJc80ByFSYz9I7zMv5Wd25pllq1I7b9hWHebEuahd5sSxnaoD7Yo1Rxks0fLM98EwwklIuMIMSdm3rVi5KRKKYkay0iCRJEZ4gkakrylHIZFuOk+ewROtDGEQCf24gnP1+0aKQilnoa8n85zyt5eLf3n9RAUNN6U8ThTheHEoSBhUEcxrgEMqCFZspgnCguqsEI+RQFjpskq6hK+fwv9Jp1qxrYp965SbV8s6iuAIHINTYIM6aIIb0AJtgMEUPIAn8GykxqPxYrwuRgvGcucQ/IDx9gkb9ZP3</latexit><latexit sha1_base64="RkVZiDF4c0sYFKRlscR/Did7O2M=">AAAB+XicdVDLSsNAFJ3UV62vqEs3g0VwY0lqauuu6MZlBfuANoTJdNIOnUzCzKRSQv7EjQtF3Pon7vwbJ20FFT0wcDjnXu6Z48eMSmVZH0ZhZXVtfaO4Wdra3tndM/cPOjJKBCZtHLFI9HwkCaOctBVVjPRiQVDoM9L1J9e5350SIWnE79QsJm6IRpwGFCOlJc80ByFSYz9I7zMv5Wd25pllq1I7b9hWHebEuahd5sSxnaoD7Yo1Rxks0fLM98EwwklIuMIMSdm3rVi5KRKKYkay0iCRJEZ4gkakrylHIZFuOk+ewROtDGEQCf24gnP1+0aKQilnoa8n85zyt5eLf3n9RAUNN6U8ThTheHEoSBhUEcxrgEMqCFZspgnCguqsEI+RQFjpskq6hK+fwv9Jp1qxrYp965SbV8s6iuAIHINTYIM6aIIb0AJtgMEUPIAn8GykxqPxYrwuRgvGcucQ/IDx9gkb9ZP3</latexit>

wn
<latexit sha1_base64="jBGPCwlklOhV33/N3g8DHG+Yk7w=">AAAB9XicdVDLSgMxFL1TX7W+qi7dBIvgqszUqa27ohuXFewD2loyaaYNzWSGJGMpQ//DjQtF3Pov7vwbM20FFT0QOJxzL/fkeBFnStv2h5VZWV1b38hu5ra2d3b38vsHTRXGktAGCXko2x5WlDNBG5ppTtuRpDjwOG1546vUb91TqVgobvU0or0ADwXzGcHaSHfdAOuR5yeTWT8Rs36+YBfLZ1XHrqCUuOfli5S4jltykVO05yjAEvV+/r07CEkcUKEJx0p1HDvSvQRLzQins1w3VjTCZIyHtGOowAFVvWSeeoZOjDJAfijNExrN1e8bCQ6UmgaemUxTqt9eKv7ldWLtV3sJE1GsqSCLQ37MkQ5RWgEaMEmJ5lNDMJHMZEVkhCUm2hSVMyV8/RT9T5qlomMXnRu3ULtc1pGFIziGU3CgAjW4hjo0gICEB3iCZ2tiPVov1utiNGMtdw7hB6y3T7/4k1Q=</latexit><latexit sha1_base64="jBGPCwlklOhV33/N3g8DHG+Yk7w=">AAAB9XicdVDLSgMxFL1TX7W+qi7dBIvgqszUqa27ohuXFewD2loyaaYNzWSGJGMpQ//DjQtF3Pov7vwbM20FFT0QOJxzL/fkeBFnStv2h5VZWV1b38hu5ra2d3b38vsHTRXGktAGCXko2x5WlDNBG5ppTtuRpDjwOG1546vUb91TqVgobvU0or0ADwXzGcHaSHfdAOuR5yeTWT8Rs36+YBfLZ1XHrqCUuOfli5S4jltykVO05yjAEvV+/r07CEkcUKEJx0p1HDvSvQRLzQins1w3VjTCZIyHtGOowAFVvWSeeoZOjDJAfijNExrN1e8bCQ6UmgaemUxTqt9eKv7ldWLtV3sJE1GsqSCLQ37MkQ5RWgEaMEmJ5lNDMJHMZEVkhCUm2hSVMyV8/RT9T5qlomMXnRu3ULtc1pGFIziGU3CgAjW4hjo0gICEB3iCZ2tiPVov1utiNGMtdw7hB6y3T7/4k1Q=</latexit><latexit sha1_base64="jBGPCwlklOhV33/N3g8DHG+Yk7w=">AAAB9XicdVDLSgMxFL1TX7W+qi7dBIvgqszUqa27ohuXFewD2loyaaYNzWSGJGMpQ//DjQtF3Pov7vwbM20FFT0QOJxzL/fkeBFnStv2h5VZWV1b38hu5ra2d3b38vsHTRXGktAGCXko2x5WlDNBG5ppTtuRpDjwOG1546vUb91TqVgobvU0or0ADwXzGcHaSHfdAOuR5yeTWT8Rs36+YBfLZ1XHrqCUuOfli5S4jltykVO05yjAEvV+/r07CEkcUKEJx0p1HDvSvQRLzQins1w3VjTCZIyHtGOowAFVvWSeeoZOjDJAfijNExrN1e8bCQ6UmgaemUxTqt9eKv7ldWLtV3sJE1GsqSCLQ37MkQ5RWgEaMEmJ5lNDMJHMZEVkhCUm2hSVMyV8/RT9T5qlomMXnRu3ULtc1pGFIziGU3CgAjW4hjo0gICEB3iCZ2tiPVov1utiNGMtdw7hB6y3T7/4k1Q=</latexit><latexit sha1_base64="jBGPCwlklOhV33/N3g8DHG+Yk7w=">AAAB9XicdVDLSgMxFL1TX7W+qi7dBIvgqszUqa27ohuXFewD2loyaaYNzWSGJGMpQ//DjQtF3Pov7vwbM20FFT0QOJxzL/fkeBFnStv2h5VZWV1b38hu5ra2d3b38vsHTRXGktAGCXko2x5WlDNBG5ppTtuRpDjwOG1546vUb91TqVgobvU0or0ADwXzGcHaSHfdAOuR5yeTWT8Rs36+YBfLZ1XHrqCUuOfli5S4jltykVO05yjAEvV+/r07CEkcUKEJx0p1HDvSvQRLzQins1w3VjTCZIyHtGOowAFVvWSeeoZOjDJAfijNExrN1e8bCQ6UmgaemUxTqt9eKv7ldWLtV3sJE1GsqSCLQ37MkQ5RWgEaMEmJ5lNDMJHMZEVkhCUm2hSVMyV8/RT9T5qlomMXnRu3ULtc1pGFIziGU3CgAjW4hjo0gICEB3iCZ2tiPVov1utiNGMtdw7hB6y3T7/4k1Q=</latexit>

w = (w0,w1, . . . ,wn)
<latexit sha1_base64="elhZP1/NOHWw+4U31K+Hor4kEwc="></latexit><latexit sha1_base64="elhZP1/NOHWw+4U31K+Hor4kEwc="></latexit><latexit sha1_base64="elhZP1/NOHWw+4U31K+Hor4kEwc="></latexit><latexit sha1_base64="elhZP1/NOHWw+4U31K+Hor4kEwc="></latexit>

. . .
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Figure 2. Schematic of the mixture density network parameterization of the conditional density p(t |✓). The means, weights and co-
variances of a Gaussian mixture model for p(t |✓) are free functions of the parameters ✓, parameterized by the weights, w, of the neural
network. The neural network takes ✓ as input and outputs the parameters of the mixture model for those parameters.
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<latexit sha1_base64="byjPsyhtMxJUail5iiggp/j5F50=">AAAB7HicdVBNS8NAFNz4WetX1aOXxSJ4CklNbb0VvXisYNpCG8pmu2mXbjZh90Uopb/BiwdFvPqDvPlv3LQVVHRgYZh5w743YSq4Bsf5sFZW19Y3Ngtbxe2d3b390sFhSyeZosyniUhUJySaCS6ZDxwE66SKkTgUrB2Or3O/fc+U5om8g0nKgpgMJY84JWAkvzdIQPdLZceuntddp4Zz4l1UL3PiuV7Fw67tzFFGSzT7pXeTo1nMJFBBtO66TgrBlCjgVLBZsZdplhI6JkPWNVSSmOlgOl92hk+NMsBRosyTgOfq98SUxFpP4tBMxgRG+reXi3953QyiejDlMs2ASbr4KMoEhgTnl+MBV4yCmBhCqOJmV0xHRBEKpp+iKeHrUvw/aVVs17HdW6/cuFrWUUDH6ASdIRfVUAPdoCbyEUUcPaAn9GxJ69F6sV4XoyvWMnOEfsB6+wRfko8O</latexit><latexit sha1_base64="byjPsyhtMxJUail5iiggp/j5F50=">AAAB7HicdVBNS8NAFNz4WetX1aOXxSJ4CklNbb0VvXisYNpCG8pmu2mXbjZh90Uopb/BiwdFvPqDvPlv3LQVVHRgYZh5w743YSq4Bsf5sFZW19Y3Ngtbxe2d3b390sFhSyeZosyniUhUJySaCS6ZDxwE66SKkTgUrB2Or3O/fc+U5om8g0nKgpgMJY84JWAkvzdIQPdLZceuntddp4Zz4l1UL3PiuV7Fw67tzFFGSzT7pXeTo1nMJFBBtO66TgrBlCjgVLBZsZdplhI6JkPWNVSSmOlgOl92hk+NMsBRosyTgOfq98SUxFpP4tBMxgRG+reXi3953QyiejDlMs2ASbr4KMoEhgTnl+MBV4yCmBhCqOJmV0xHRBEKpp+iKeHrUvw/aVVs17HdW6/cuFrWUUDH6ASdIRfVUAPdoCbyEUUcPaAn9GxJ69F6sV4XoyvWMnOEfsB6+wRfko8O</latexit><latexit sha1_base64="byjPsyhtMxJUail5iiggp/j5F50=">AAAB7HicdVBNS8NAFNz4WetX1aOXxSJ4CklNbb0VvXisYNpCG8pmu2mXbjZh90Uopb/BiwdFvPqDvPlv3LQVVHRgYZh5w743YSq4Bsf5sFZW19Y3Ngtbxe2d3b390sFhSyeZosyniUhUJySaCS6ZDxwE66SKkTgUrB2Or3O/fc+U5om8g0nKgpgMJY84JWAkvzdIQPdLZceuntddp4Zz4l1UL3PiuV7Fw67tzFFGSzT7pXeTo1nMJFBBtO66TgrBlCjgVLBZsZdplhI6JkPWNVSSmOlgOl92hk+NMsBRosyTgOfq98SUxFpP4tBMxgRG+reXi3953QyiejDlMs2ASbr4KMoEhgTnl+MBV4yCmBhCqOJmV0xHRBEKpp+iKeHrUvw/aVVs17HdW6/cuFrWUUDH6ASdIRfVUAPdoCbyEUUcPaAn9GxJ69F6sV4XoyvWMnOEfsB6+wRfko8O</latexit><latexit sha1_base64="byjPsyhtMxJUail5iiggp/j5F50=">AAAB7HicdVBNS8NAFNz4WetX1aOXxSJ4CklNbb0VvXisYNpCG8pmu2mXbjZh90Uopb/BiwdFvPqDvPlv3LQVVHRgYZh5w743YSq4Bsf5sFZW19Y3Ngtbxe2d3b390sFhSyeZosyniUhUJySaCS6ZDxwE66SKkTgUrB2Or3O/fc+U5om8g0nKgpgMJY84JWAkvzdIQPdLZceuntddp4Zz4l1UL3PiuV7Fw67tzFFGSzT7pXeTo1nMJFBBtO66TgrBlCjgVLBZsZdplhI6JkPWNVSSmOlgOl92hk+NMsBRosyTgOfq98SUxFpP4tBMxgRG+reXi3953QyiejDlMs2ASbr4KMoEhgTnl+MBV4yCmBhCqOJmV0xHRBEKpp+iKeHrUvw/aVVs17HdW6/cuFrWUUDH6ASdIRfVUAPdoCbyEUUcPaAn9GxJ69F6sV4XoyvWMnOEfsB6+wRfko8O</latexit>

…

da
ta

 (s
um

m
ar

ie
s)

, t <latexit sha1_base64="5stcGrXqsoASK8xcqONY8G/32M8=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+8A2lMl00g6dTMLMjVBC/8KNC0Xc+jfu/BsnbRbaemDgcM69zLknSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHFtRKwecJpwP6IjJULBKFrpsR9RHAdhhrNBtebW3TnIKvEKUoMCzUH1qz+MWRpxhUxSY3qem6CfUY2CST6r9FPDE8omdMR7lioaceNn88QzcmaVIQljbZ9CMld/b2Q0MmYaBXYyT2iWvVz8z+ulGF77mVBJilyxxUdhKgnGJD+fDIXmDOXUEsq0sFkJG1NNGdqSKrYEb/nkVdK+qHtu3bu/rDVuijrKcAKncA4eXEED7qAJLWCg4Ble4c0xzovz7nwsRktOsXMMf+B8/gD3JZEY</latexit><latexit sha1_base64="5stcGrXqsoASK8xcqONY8G/32M8=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+8A2lMl00g6dTMLMjVBC/8KNC0Xc+jfu/BsnbRbaemDgcM69zLknSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHFtRKwecJpwP6IjJULBKFrpsR9RHAdhhrNBtebW3TnIKvEKUoMCzUH1qz+MWRpxhUxSY3qem6CfUY2CST6r9FPDE8omdMR7lioaceNn88QzcmaVIQljbZ9CMld/b2Q0MmYaBXYyT2iWvVz8z+ulGF77mVBJilyxxUdhKgnGJD+fDIXmDOXUEsq0sFkJG1NNGdqSKrYEb/nkVdK+qHtu3bu/rDVuijrKcAKncA4eXEED7qAJLWCg4Ble4c0xzovz7nwsRktOsXMMf+B8/gD3JZEY</latexit><latexit sha1_base64="5stcGrXqsoASK8xcqONY8G/32M8=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+8A2lMl00g6dTMLMjVBC/8KNC0Xc+jfu/BsnbRbaemDgcM69zLknSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHFtRKwecJpwP6IjJULBKFrpsR9RHAdhhrNBtebW3TnIKvEKUoMCzUH1qz+MWRpxhUxSY3qem6CfUY2CST6r9FPDE8omdMR7lioaceNn88QzcmaVIQljbZ9CMld/b2Q0MmYaBXYyT2iWvVz8z+ulGF77mVBJilyxxUdhKgnGJD+fDIXmDOXUEsq0sFkJG1NNGdqSKrYEb/nkVdK+qHtu3bu/rDVuijrKcAKncA4eXEED7qAJLWCg4Ble4c0xzovz7nwsRktOsXMMf+B8/gD3JZEY</latexit><latexit sha1_base64="5stcGrXqsoASK8xcqONY8G/32M8=">AAAB8XicbVDLSsNAFL2pr1pfVZduBovgqiQi6LLoxmUF+8A2lMl00g6dTMLMjVBC/8KNC0Xc+jfu/BsnbRbaemDgcM69zLknSKQw6LrfTmltfWNzq7xd2dnd2z+oHh61TZxqxlsslrHuBtRwKRRvoUDJu4nmNAok7wST29zvPHFtRKwecJpwP6IjJULBKFrpsR9RHAdhhrNBtebW3TnIKvEKUoMCzUH1qz+MWRpxhUxSY3qem6CfUY2CST6r9FPDE8omdMR7lioaceNn88QzcmaVIQljbZ9CMld/b2Q0MmYaBXYyT2iWvVz8z+ulGF77mVBJilyxxUdhKgnGJD+fDIXmDOXUEsq0sFkJG1NNGdqSKrYEb/nkVdK+qHtu3bu/rDVuijrKcAKncA4eXEED7qAJLWCg4Ble4c0xzovz7nwsRktOsXMMf+B8/gD3JZEY</latexit>

…
…

µ1(�;w)
<latexit sha1_base64="YmIFU8mckwtPdVJ9705m9T0lMxE=">AAACDHicbVDLSsNAFJ34rPVVdelmsAp1UxIRFNwU3LisYB/QhDKZTNqhk0mYuVFK6Ae48VfcuFDErR/gzr9x0mahrQeGOZx7Lvfe4yeCa7Dtb2tpeWV1bb20Ud7c2t7Zreztt3WcKspaNBax6vpEM8ElawEHwbqJYiTyBev4o+u83rlnSvNY3sE4YV5EBpKHnBIwUr9SdaO079RcPxaBHkfmc2HIgFy5EYGhH2YPk1Pjsuv2FHiROAWpogLNfuXLDWKaRkwCFUTrnmMn4GVEAaeCTcpuqllC6IgMWM9QSSKmvWx6zASfGCXAYazMk4Cn6u+OjEQ639Q48xX1fC0X/6v1UggvvYzLJAUm6WxQmAoMMc6TwQFXjIIYG0Ko4mZXTIdEEQomv7IJwZk/eZG0z+qOXXduz6uN4yKOEjpER6iGHHSBGugGNVELUfSIntErerOerBfr3fqYWZesoucA/YH1+QMR8puH</latexit><latexit sha1_base64="YmIFU8mckwtPdVJ9705m9T0lMxE=">AAACDHicbVDLSsNAFJ34rPVVdelmsAp1UxIRFNwU3LisYB/QhDKZTNqhk0mYuVFK6Ae48VfcuFDErR/gzr9x0mahrQeGOZx7Lvfe4yeCa7Dtb2tpeWV1bb20Ud7c2t7Zreztt3WcKspaNBax6vpEM8ElawEHwbqJYiTyBev4o+u83rlnSvNY3sE4YV5EBpKHnBIwUr9SdaO079RcPxaBHkfmc2HIgFy5EYGhH2YPk1Pjsuv2FHiROAWpogLNfuXLDWKaRkwCFUTrnmMn4GVEAaeCTcpuqllC6IgMWM9QSSKmvWx6zASfGCXAYazMk4Cn6u+OjEQ639Q48xX1fC0X/6v1UggvvYzLJAUm6WxQmAoMMc6TwQFXjIIYG0Ko4mZXTIdEEQomv7IJwZk/eZG0z+qOXXduz6uN4yKOEjpER6iGHHSBGugGNVELUfSIntErerOerBfr3fqYWZesoucA/YH1+QMR8puH</latexit><latexit sha1_base64="YmIFU8mckwtPdVJ9705m9T0lMxE=">AAACDHicbVDLSsNAFJ34rPVVdelmsAp1UxIRFNwU3LisYB/QhDKZTNqhk0mYuVFK6Ae48VfcuFDErR/gzr9x0mahrQeGOZx7Lvfe4yeCa7Dtb2tpeWV1bb20Ud7c2t7Zreztt3WcKspaNBax6vpEM8ElawEHwbqJYiTyBev4o+u83rlnSvNY3sE4YV5EBpKHnBIwUr9SdaO079RcPxaBHkfmc2HIgFy5EYGhH2YPk1Pjsuv2FHiROAWpogLNfuXLDWKaRkwCFUTrnmMn4GVEAaeCTcpuqllC6IgMWM9QSSKmvWx6zASfGCXAYazMk4Cn6u+OjEQ639Q48xX1fC0X/6v1UggvvYzLJAUm6WxQmAoMMc6TwQFXjIIYG0Ko4mZXTIdEEQomv7IJwZk/eZG0z+qOXXduz6uN4yKOEjpER6iGHHSBGugGNVELUfSIntErerOerBfr3fqYWZesoucA/YH1+QMR8puH</latexit><latexit sha1_base64="YmIFU8mckwtPdVJ9705m9T0lMxE=">AAACDHicbVDLSsNAFJ34rPVVdelmsAp1UxIRFNwU3LisYB/QhDKZTNqhk0mYuVFK6Ae48VfcuFDErR/gzr9x0mahrQeGOZx7Lvfe4yeCa7Dtb2tpeWV1bb20Ud7c2t7Zreztt3WcKspaNBax6vpEM8ElawEHwbqJYiTyBev4o+u83rlnSvNY3sE4YV5EBpKHnBIwUr9SdaO079RcPxaBHkfmc2HIgFy5EYGhH2YPk1Pjsuv2FHiROAWpogLNfuXLDWKaRkwCFUTrnmMn4GVEAaeCTcpuqllC6IgMWM9QSSKmvWx6zASfGCXAYazMk4Cn6u+OjEQ639Q48xX1fC0X/6v1UggvvYzLJAUm6WxQmAoMMc6TwQFXjIIYG0Ko4mZXTIdEEQomv7IJwZk/eZG0z+qOXXduz6uN4yKOEjpER6iGHHSBGugGNVELUfSIntErerOerBfr3fqYWZesoucA/YH1+QMR8puH</latexit>

�1(�;w)
<latexit sha1_base64="fcOTBVReEoppjjWrR6SLK305yHA=">AAACD3icbVDLSsNAFJ3UV62vqEs3warUTUlEUHBTcOOygn1AE8JkOmmHTjJh5kYpoX/gxl9x40IRt27d+TdO2iy09cIwh3Pu5Z57goQzBbb9bZSWlldW18rrlY3Nre0dc3evrUQqCW0RwYXsBlhRzmLaAgacdhNJcRRw2glG17neuadSMRHfwTihXoQHMQsZwaAp3zxxFRtE2HdqbiB4X40j/bkwpICv3AjDMAizh8mpb1btuj0taxE4Baiiopq++eX2BUkjGgPhWKmeYyfgZVgCI5xOKm6qaILJCA9oT8MYR1R52fSeiXWsmb4VCqlfDNaU/T2R4UjlTnVnblHNazn5n9ZLIbz0MhYnKdCYzBaFKbdAWHk4Vp9JSoCPNcBEMu3VIkMsMQEdYUWH4MyfvAjaZ3XHrju359XGURFHGR2gQ1RDDrpADXSDmqiFCHpEz+gVvRlPxovxbnzMWktGMbOP/pTx+QN38JzU</latexit><latexit sha1_base64="fcOTBVReEoppjjWrR6SLK305yHA=">AAACD3icbVDLSsNAFJ3UV62vqEs3warUTUlEUHBTcOOygn1AE8JkOmmHTjJh5kYpoX/gxl9x40IRt27d+TdO2iy09cIwh3Pu5Z57goQzBbb9bZSWlldW18rrlY3Nre0dc3evrUQqCW0RwYXsBlhRzmLaAgacdhNJcRRw2glG17neuadSMRHfwTihXoQHMQsZwaAp3zxxFRtE2HdqbiB4X40j/bkwpICv3AjDMAizh8mpb1btuj0taxE4Baiiopq++eX2BUkjGgPhWKmeYyfgZVgCI5xOKm6qaILJCA9oT8MYR1R52fSeiXWsmb4VCqlfDNaU/T2R4UjlTnVnblHNazn5n9ZLIbz0MhYnKdCYzBaFKbdAWHk4Vp9JSoCPNcBEMu3VIkMsMQEdYUWH4MyfvAjaZ3XHrju359XGURFHGR2gQ1RDDrpADXSDmqiFCHpEz+gVvRlPxovxbnzMWktGMbOP/pTx+QN38JzU</latexit><latexit sha1_base64="fcOTBVReEoppjjWrR6SLK305yHA=">AAACD3icbVDLSsNAFJ3UV62vqEs3warUTUlEUHBTcOOygn1AE8JkOmmHTjJh5kYpoX/gxl9x40IRt27d+TdO2iy09cIwh3Pu5Z57goQzBbb9bZSWlldW18rrlY3Nre0dc3evrUQqCW0RwYXsBlhRzmLaAgacdhNJcRRw2glG17neuadSMRHfwTihXoQHMQsZwaAp3zxxFRtE2HdqbiB4X40j/bkwpICv3AjDMAizh8mpb1btuj0taxE4Baiiopq++eX2BUkjGgPhWKmeYyfgZVgCI5xOKm6qaILJCA9oT8MYR1R52fSeiXWsmb4VCqlfDNaU/T2R4UjlTnVnblHNazn5n9ZLIbz0MhYnKdCYzBaFKbdAWHk4Vp9JSoCPNcBEMu3VIkMsMQEdYUWH4MyfvAjaZ3XHrju359XGURFHGR2gQ1RDDrpADXSDmqiFCHpEz+gVvRlPxovxbnzMWktGMbOP/pTx+QN38JzU</latexit><latexit sha1_base64="fcOTBVReEoppjjWrR6SLK305yHA=">AAACD3icbVDLSsNAFJ3UV62vqEs3warUTUlEUHBTcOOygn1AE8JkOmmHTjJh5kYpoX/gxl9x40IRt27d+TdO2iy09cIwh3Pu5Z57goQzBbb9bZSWlldW18rrlY3Nre0dc3evrUQqCW0RwYXsBlhRzmLaAgacdhNJcRRw2glG17neuadSMRHfwTihXoQHMQsZwaAp3zxxFRtE2HdqbiB4X40j/bkwpICv3AjDMAizh8mpb1btuj0taxE4Baiiopq++eX2BUkjGgPhWKmeYyfgZVgCI5xOKm6qaILJCA9oT8MYR1R52fSeiXWsmb4VCqlfDNaU/T2R4UjlTnVnblHNazn5n9ZLIbz0MhYnKdCYzBaFKbdAWHk4Vp9JSoCPNcBEMu3VIkMsMQEdYUWH4MyfvAjaZ3XHrju359XGURFHGR2gQ1RDDrpADXSDmqiFCHpEz+gVvRlPxovxbnzMWktGMbOP/pTx+QN38JzU</latexit>

�2(t1, �;w)
<latexit sha1_base64="JkDwSAhTn4RhGk47ricbTgZ4704=">AAACFHicbVDLSsNAFJ3UV62vqEs3g1WoKCUpgoKbghuXFewDmhAm00k7dPJg5kYpoR/hxl9x40IRty7c+TdO2i609cIwh3Pu5Z57/ERwBZb1bRSWlldW14rrpY3Nre0dc3evpeJUUtaksYhlxyeKCR6xJnAQrJNIRkJfsLY/vM719j2TisfRHYwS5oakH/GAUwKa8sxTR/F+SLxaBTz7DDt+LHpqFOrPgQEDcuWEBAZ+kD2MTzyzbFWtSeFFYM9AGc2q4ZlfTi+macgioIIo1bWtBNyMSOBUsHHJSRVLCB2SPutqGJGQKTebHDXGx5rp4SCW+kWAJ+zviYyEKneqO3OLal7Lyf+0bgrBpZvxKEmBRXS6KEgFhhjnCeEel4yCGGlAqOTaK6YDIgkFnWNJh2DPn7wIWrWqbVXt2/Ny/WgWRxEdoENUQTa6QHV0gxqoiSh6RM/oFb0ZT8aL8W58TFsLxmxmH/0p4/MHat2eVw==</latexit><latexit sha1_base64="JkDwSAhTn4RhGk47ricbTgZ4704=">AAACFHicbVDLSsNAFJ3UV62vqEs3g1WoKCUpgoKbghuXFewDmhAm00k7dPJg5kYpoR/hxl9x40IRty7c+TdO2i609cIwh3Pu5Z57/ERwBZb1bRSWlldW14rrpY3Nre0dc3evpeJUUtaksYhlxyeKCR6xJnAQrJNIRkJfsLY/vM719j2TisfRHYwS5oakH/GAUwKa8sxTR/F+SLxaBTz7DDt+LHpqFOrPgQEDcuWEBAZ+kD2MTzyzbFWtSeFFYM9AGc2q4ZlfTi+macgioIIo1bWtBNyMSOBUsHHJSRVLCB2SPutqGJGQKTebHDXGx5rp4SCW+kWAJ+zviYyEKneqO3OLal7Lyf+0bgrBpZvxKEmBRXS6KEgFhhjnCeEel4yCGGlAqOTaK6YDIgkFnWNJh2DPn7wIWrWqbVXt2/Ny/WgWRxEdoENUQTa6QHV0gxqoiSh6RM/oFb0ZT8aL8W58TFsLxmxmH/0p4/MHat2eVw==</latexit><latexit sha1_base64="JkDwSAhTn4RhGk47ricbTgZ4704=">AAACFHicbVDLSsNAFJ3UV62vqEs3g1WoKCUpgoKbghuXFewDmhAm00k7dPJg5kYpoR/hxl9x40IRty7c+TdO2i609cIwh3Pu5Z57/ERwBZb1bRSWlldW14rrpY3Nre0dc3evpeJUUtaksYhlxyeKCR6xJnAQrJNIRkJfsLY/vM719j2TisfRHYwS5oakH/GAUwKa8sxTR/F+SLxaBTz7DDt+LHpqFOrPgQEDcuWEBAZ+kD2MTzyzbFWtSeFFYM9AGc2q4ZlfTi+macgioIIo1bWtBNyMSOBUsHHJSRVLCB2SPutqGJGQKTebHDXGx5rp4SCW+kWAJ+zviYyEKneqO3OLal7Lyf+0bgrBpZvxKEmBRXS6KEgFhhjnCeEel4yCGGlAqOTaK6YDIgkFnWNJh2DPn7wIWrWqbVXt2/Ny/WgWRxEdoENUQTa6QHV0gxqoiSh6RM/oFb0ZT8aL8W58TFsLxmxmH/0p4/MHat2eVw==</latexit><latexit sha1_base64="JkDwSAhTn4RhGk47ricbTgZ4704=">AAACFHicbVDLSsNAFJ3UV62vqEs3g1WoKCUpgoKbghuXFewDmhAm00k7dPJg5kYpoR/hxl9x40IRty7c+TdO2i609cIwh3Pu5Z57/ERwBZb1bRSWlldW14rrpY3Nre0dc3evpeJUUtaksYhlxyeKCR6xJnAQrJNIRkJfsLY/vM719j2TisfRHYwS5oakH/GAUwKa8sxTR/F+SLxaBTz7DDt+LHpqFOrPgQEDcuWEBAZ+kD2MTzyzbFWtSeFFYM9AGc2q4ZlfTi+macgioIIo1bWtBNyMSOBUsHHJSRVLCB2SPutqGJGQKTebHDXGx5rp4SCW+kWAJ+zviYyEKneqO3OLal7Lyf+0bgrBpZvxKEmBRXS6KEgFhhjnCeEel4yCGGlAqOTaK6YDIgkFnWNJh2DPn7wIWrWqbVXt2/Ny/WgWRxEdoENUQTa6QHV0gxqoiSh6RM/oFb0ZT8aL8W58TFsLxmxmH/0p4/MHat2eVw==</latexit>

µ2(t1, �;w)
<latexit sha1_base64="0UjyJV7dAGm5UItc2etJkKh6gjc=">AAACEXicbVDLSsNAFJ34rPUVdelmsAoVpCRFUHBTcOOygn1AE8JkOmmHTh7M3Cgl9Bfc+CtuXCji1p07/8ZJm4W2XhjmcM693HOPnwiuwLK+jaXlldW19dJGeXNre2fX3NtvqziVlLVoLGLZ9YligkesBRwE6yaSkdAXrOOPrnO9c8+k4nF0B+OEuSEZRDzglICmPLPqhKlXr4Jnn2HHj0VfjUP9OTBkQK6ckMDQD7KHyalnVqyaNS28COwCVFBRTc/8cvoxTUMWARVEqZ5tJeBmRAKngk3KTqpYQuiIDFhPw4iETLnZ9KIJPtFMHwex1C8CPGV/T2QkVLlT3ZlbVPNaTv6n9VIILt2MR0kKLKKzRUEqMMQ4jwf3uWQUxFgDQiXXXjEdEkko6BDLOgR7/uRF0K7XbKtm355XGsdFHCV0iI5QFdnoAjXQDWqiFqLoET2jV/RmPBkvxrvxMWtdMoqZA/SnjM8f/sedCg==</latexit><latexit sha1_base64="0UjyJV7dAGm5UItc2etJkKh6gjc=">AAACEXicbVDLSsNAFJ34rPUVdelmsAoVpCRFUHBTcOOygn1AE8JkOmmHTh7M3Cgl9Bfc+CtuXCji1p07/8ZJm4W2XhjmcM693HOPnwiuwLK+jaXlldW19dJGeXNre2fX3NtvqziVlLVoLGLZ9YligkesBRwE6yaSkdAXrOOPrnO9c8+k4nF0B+OEuSEZRDzglICmPLPqhKlXr4Jnn2HHj0VfjUP9OTBkQK6ckMDQD7KHyalnVqyaNS28COwCVFBRTc/8cvoxTUMWARVEqZ5tJeBmRAKngk3KTqpYQuiIDFhPw4iETLnZ9KIJPtFMHwex1C8CPGV/T2QkVLlT3ZlbVPNaTv6n9VIILt2MR0kKLKKzRUEqMMQ4jwf3uWQUxFgDQiXXXjEdEkko6BDLOgR7/uRF0K7XbKtm355XGsdFHCV0iI5QFdnoAjXQDWqiFqLoET2jV/RmPBkvxrvxMWtdMoqZA/SnjM8f/sedCg==</latexit><latexit sha1_base64="0UjyJV7dAGm5UItc2etJkKh6gjc=">AAACEXicbVDLSsNAFJ34rPUVdelmsAoVpCRFUHBTcOOygn1AE8JkOmmHTh7M3Cgl9Bfc+CtuXCji1p07/8ZJm4W2XhjmcM693HOPnwiuwLK+jaXlldW19dJGeXNre2fX3NtvqziVlLVoLGLZ9YligkesBRwE6yaSkdAXrOOPrnO9c8+k4nF0B+OEuSEZRDzglICmPLPqhKlXr4Jnn2HHj0VfjUP9OTBkQK6ckMDQD7KHyalnVqyaNS28COwCVFBRTc/8cvoxTUMWARVEqZ5tJeBmRAKngk3KTqpYQuiIDFhPw4iETLnZ9KIJPtFMHwex1C8CPGV/T2QkVLlT3ZlbVPNaTv6n9VIILt2MR0kKLKKzRUEqMMQ4jwf3uWQUxFgDQiXXXjEdEkko6BDLOgR7/uRF0K7XbKtm355XGsdFHCV0iI5QFdnoAjXQDWqiFqLoET2jV/RmPBkvxrvxMWtdMoqZA/SnjM8f/sedCg==</latexit><latexit sha1_base64="0UjyJV7dAGm5UItc2etJkKh6gjc=">AAACEXicbVDLSsNAFJ34rPUVdelmsAoVpCRFUHBTcOOygn1AE8JkOmmHTh7M3Cgl9Bfc+CtuXCji1p07/8ZJm4W2XhjmcM693HOPnwiuwLK+jaXlldW19dJGeXNre2fX3NtvqziVlLVoLGLZ9YligkesBRwE6yaSkdAXrOOPrnO9c8+k4nF0B+OEuSEZRDzglICmPLPqhKlXr4Jnn2HHj0VfjUP9OTBkQK6ckMDQD7KHyalnVqyaNS28COwCVFBRTc/8cvoxTUMWARVEqZ5tJeBmRAKngk3KTqpYQuiIDFhPw4iETLnZ9KIJPtFMHwex1C8CPGV/T2QkVLlT3ZlbVPNaTv6n9VIILt2MR0kKLKKzRUEqMMQ4jwf3uWQUxFgDQiXXXjEdEkko6BDLOgR7/uRF0K7XbKtm355XGsdFHCV0iI5QFdnoAjXQDWqiFqLoET2jV/RmPBkvxrvxMWtdMoqZA/SnjM8f/sedCg==</latexit>

µi(t1:i�1, �;w)
<latexit sha1_base64="ITN5HuEv6dUrtykxzWG1XJ9/YJ8=">AAACF3icbVDLSsNAFJ3UV62vqks3g1WooCURQdFNwY3LCvYBTQiT6aQdOnkwc6OU0L9w46+4caGIW935N07aLLT1wjCHc+7lnnu8WHAFpvltFBYWl5ZXiqultfWNza3y9k5LRYmkrEkjEcmORxQTPGRN4CBYJ5aMBJ5gbW94nenteyYVj8I7GMXMCUg/5D6nBDTllmt2kLi8Cm5qXfITa3yMbS8SPTUK9GfDgAG5sgMCA89PH8ZHbrli1sxJ4Xlg5aCC8mq45S+7F9EkYCFQQZTqWmYMTkokcCrYuGQnisWEDkmfdTUMScCUk07uGuNDzfSwH0n9QsAT9vdESgKVOdWdmUU1q2Xkf1o3Af/CSXkYJ8BCOl3kJwJDhLOQcI9LRkGMNCBUcu0V0wGRhIKOsqRDsGZPnget05pl1qzbs0r9II+jiPbQPqoiC52jOrpBDdREFD2iZ/SK3own48V4Nz6mrQUjn9lFf8r4/AGNDZ92</latexit><latexit sha1_base64="ITN5HuEv6dUrtykxzWG1XJ9/YJ8=">AAACF3icbVDLSsNAFJ3UV62vqks3g1WooCURQdFNwY3LCvYBTQiT6aQdOnkwc6OU0L9w46+4caGIW935N07aLLT1wjCHc+7lnnu8WHAFpvltFBYWl5ZXiqultfWNza3y9k5LRYmkrEkjEcmORxQTPGRN4CBYJ5aMBJ5gbW94nenteyYVj8I7GMXMCUg/5D6nBDTllmt2kLi8Cm5qXfITa3yMbS8SPTUK9GfDgAG5sgMCA89PH8ZHbrli1sxJ4Xlg5aCC8mq45S+7F9EkYCFQQZTqWmYMTkokcCrYuGQnisWEDkmfdTUMScCUk07uGuNDzfSwH0n9QsAT9vdESgKVOdWdmUU1q2Xkf1o3Af/CSXkYJ8BCOl3kJwJDhLOQcI9LRkGMNCBUcu0V0wGRhIKOsqRDsGZPnget05pl1qzbs0r9II+jiPbQPqoiC52jOrpBDdREFD2iZ/SK3own48V4Nz6mrQUjn9lFf8r4/AGNDZ92</latexit><latexit sha1_base64="ITN5HuEv6dUrtykxzWG1XJ9/YJ8=">AAACF3icbVDLSsNAFJ3UV62vqks3g1WooCURQdFNwY3LCvYBTQiT6aQdOnkwc6OU0L9w46+4caGIW935N07aLLT1wjCHc+7lnnu8WHAFpvltFBYWl5ZXiqultfWNza3y9k5LRYmkrEkjEcmORxQTPGRN4CBYJ5aMBJ5gbW94nenteyYVj8I7GMXMCUg/5D6nBDTllmt2kLi8Cm5qXfITa3yMbS8SPTUK9GfDgAG5sgMCA89PH8ZHbrli1sxJ4Xlg5aCC8mq45S+7F9EkYCFQQZTqWmYMTkokcCrYuGQnisWEDkmfdTUMScCUk07uGuNDzfSwH0n9QsAT9vdESgKVOdWdmUU1q2Xkf1o3Af/CSXkYJ8BCOl3kJwJDhLOQcI9LRkGMNCBUcu0V0wGRhIKOsqRDsGZPnget05pl1qzbs0r9II+jiPbQPqoiC52jOrpBDdREFD2iZ/SK3own48V4Nz6mrQUjn9lFf8r4/AGNDZ92</latexit><latexit sha1_base64="ITN5HuEv6dUrtykxzWG1XJ9/YJ8=">AAACF3icbVDLSsNAFJ3UV62vqks3g1WooCURQdFNwY3LCvYBTQiT6aQdOnkwc6OU0L9w46+4caGIW935N07aLLT1wjCHc+7lnnu8WHAFpvltFBYWl5ZXiqultfWNza3y9k5LRYmkrEkjEcmORxQTPGRN4CBYJ5aMBJ5gbW94nenteyYVj8I7GMXMCUg/5D6nBDTllmt2kLi8Cm5qXfITa3yMbS8SPTUK9GfDgAG5sgMCA89PH8ZHbrli1sxJ4Xlg5aCC8mq45S+7F9EkYCFQQZTqWmYMTkokcCrYuGQnisWEDkmfdTUMScCUk07uGuNDzfSwH0n9QsAT9vdESgKVOdWdmUU1q2Xkf1o3Af/CSXkYJ8BCOl3kJwJDhLOQcI9LRkGMNCBUcu0V0wGRhIKOsqRDsGZPnget05pl1qzbs0r9II+jiPbQPqoiC52jOrpBDdREFD2iZ/SK3own48V4Nz6mrQUjn9lFf8r4/AGNDZ92</latexit>

�i(t1:i�1, �;w)
<latexit sha1_base64="l12EK39fQZi2KTtRhGA6NctEuSc=">AAACGnicbVDLSgMxFM3UV62vqks3wSpU0DIRQdFNwY3LCvYBnTJk0kwbmnmQ3FHK0O9w46+4caGIO3Hj35hpu9DWCyGHc+7lnnu8WAoNtv1t5RYWl5ZX8quFtfWNza3i9k5DR4livM4iGamWRzWXIuR1ECB5K1acBp7kTW9wnenNe660iMI7GMa8E9BeKHzBKBjKLRJHi15AXVEGNyWX4oSMjrHjRbKrh4H5HOhzoFdOQKHv+enD6MgtluyKPS48D8gUlNC0am7x0+lGLAl4CExSrdvEjqGTUgWCST4qOInmMWUD2uNtA0MacN1Jx6eN8KFhutiPlHkh4DH7eyKlgc6cms7Mop7VMvI/rZ2Af9FJRRgnwEM2WeQnEkOEs5xwVyjOQA4NoEwJ4xWzPlWUgUmzYEIgsyfPg8ZphdgVcntWqh5M48ijPbSPyoigc1RFN6iG6oihR/SMXtGb9WS9WO/Wx6Q1Z01ndtGfsr5+AABhoMM=</latexit><latexit sha1_base64="l12EK39fQZi2KTtRhGA6NctEuSc=">AAACGnicbVDLSgMxFM3UV62vqks3wSpU0DIRQdFNwY3LCvYBnTJk0kwbmnmQ3FHK0O9w46+4caGIO3Hj35hpu9DWCyGHc+7lnnu8WAoNtv1t5RYWl5ZX8quFtfWNza3i9k5DR4livM4iGamWRzWXIuR1ECB5K1acBp7kTW9wnenNe660iMI7GMa8E9BeKHzBKBjKLRJHi15AXVEGNyWX4oSMjrHjRbKrh4H5HOhzoFdOQKHv+enD6MgtluyKPS48D8gUlNC0am7x0+lGLAl4CExSrdvEjqGTUgWCST4qOInmMWUD2uNtA0MacN1Jx6eN8KFhutiPlHkh4DH7eyKlgc6cms7Mop7VMvI/rZ2Af9FJRRgnwEM2WeQnEkOEs5xwVyjOQA4NoEwJ4xWzPlWUgUmzYEIgsyfPg8ZphdgVcntWqh5M48ijPbSPyoigc1RFN6iG6oihR/SMXtGb9WS9WO/Wx6Q1Z01ndtGfsr5+AABhoMM=</latexit><latexit sha1_base64="l12EK39fQZi2KTtRhGA6NctEuSc=">AAACGnicbVDLSgMxFM3UV62vqks3wSpU0DIRQdFNwY3LCvYBnTJk0kwbmnmQ3FHK0O9w46+4caGIO3Hj35hpu9DWCyGHc+7lnnu8WAoNtv1t5RYWl5ZX8quFtfWNza3i9k5DR4livM4iGamWRzWXIuR1ECB5K1acBp7kTW9wnenNe660iMI7GMa8E9BeKHzBKBjKLRJHi15AXVEGNyWX4oSMjrHjRbKrh4H5HOhzoFdOQKHv+enD6MgtluyKPS48D8gUlNC0am7x0+lGLAl4CExSrdvEjqGTUgWCST4qOInmMWUD2uNtA0MacN1Jx6eN8KFhutiPlHkh4DH7eyKlgc6cms7Mop7VMvI/rZ2Af9FJRRgnwEM2WeQnEkOEs5xwVyjOQA4NoEwJ4xWzPlWUgUmzYEIgsyfPg8ZphdgVcntWqh5M48ijPbSPyoigc1RFN6iG6oihR/SMXtGb9WS9WO/Wx6Q1Z01ndtGfsr5+AABhoMM=</latexit><latexit sha1_base64="l12EK39fQZi2KTtRhGA6NctEuSc=">AAACGnicbVDLSgMxFM3UV62vqks3wSpU0DIRQdFNwY3LCvYBnTJk0kwbmnmQ3FHK0O9w46+4caGIO3Hj35hpu9DWCyGHc+7lnnu8WAoNtv1t5RYWl5ZX8quFtfWNza3i9k5DR4livM4iGamWRzWXIuR1ECB5K1acBp7kTW9wnenNe660iMI7GMa8E9BeKHzBKBjKLRJHi15AXVEGNyWX4oSMjrHjRbKrh4H5HOhzoFdOQKHv+enD6MgtluyKPS48D8gUlNC0am7x0+lGLAl4CExSrdvEjqGTUgWCST4qOInmMWUD2uNtA0MacN1Jx6eN8KFhutiPlHkh4DH7eyKlgc6cms7Mop7VMvI/rZ2Af9FJRRgnwEM2WeQnEkOEs5xwVyjOQA4NoEwJ4xWzPlWUgUmzYEIgsyfPg8ZphdgVcntWqh5M48ijPbSPyoigc1RFN6iG6oihR/SMXtGb9WS9WO/Wx6Q1Z01ndtGfsr5+AABhoMM=</latexit>

p(t1|�;w) = N [µ1(�;w), �1(�;w)]
<latexit sha1_base64="TQZM6Ov3hMwEbwahuZ7ydi2SuKI="></latexit><latexit sha1_base64="TQZM6Ov3hMwEbwahuZ7ydi2SuKI="></latexit><latexit sha1_base64="TQZM6Ov3hMwEbwahuZ7ydi2SuKI="></latexit><latexit sha1_base64="TQZM6Ov3hMwEbwahuZ7ydi2SuKI="></latexit>

p(t2|t1, �;w) = N [µ2(t1, �;w), �2(t1, �;w)]
<latexit sha1_base64="n8eeVS+59pKLC6h6UaTx16GqNzY="></latexit><latexit sha1_base64="n8eeVS+59pKLC6h6UaTx16GqNzY="></latexit><latexit sha1_base64="n8eeVS+59pKLC6h6UaTx16GqNzY="></latexit><latexit sha1_base64="n8eeVS+59pKLC6h6UaTx16GqNzY="></latexit>

p(ti|t1:i�1, �;w) = N [µi(t1:i�1, �;w), �i(t1:i�1, �;w)]
<latexit sha1_base64="xVbQV355crKglotjMz8HD48eY/M="></latexit><latexit sha1_base64="xVbQV355crKglotjMz8HD48eY/M="></latexit><latexit sha1_base64="xVbQV355crKglotjMz8HD48eY/M="></latexit><latexit sha1_base64="xVbQV355crKglotjMz8HD48eY/M="></latexit>

ui = (ti � µi)/�i
<latexit sha1_base64="1qpFwgyVcTAFLjoFCCrH2de0OPc=">AAACA3icbVDLSsNAFJ3UV62vqDvdDFahLqyJCLoRCm5cVrAPaEKYTCft0JkkzNwIJRTc+CtuXCji1p9w5984fSy0euDCmXPuZe49YSq4Bsf5sgoLi0vLK8XV0tr6xuaWvb3T1EmmKGvQRCSqHRLNBI9ZAzgI1k4VIzIUrBUOrsd+654pzZP4DoYp8yXpxTzilICRAnsvCzi+whUI+IknzeP41NO8J0nAA7vsVJ0J8F/izkgZzVAP7E+vm9BMshioIFp3XCcFPycKOBVsVPIyzVJCB6THOobGRDLt55MbRvjIKF0cJcpUDHii/pzIidR6KEPTKQn09bw3Fv/zOhlEl37O4zQDFtPpR1EmMCR4HAjucsUoiKEhhCpudsW0TxShYGIrmRDc+ZP/kuZZ1XWq7u15uXY4i6OI9tEBqiAXXaAaukF11EAUPaAn9IJerUfr2Xqz3qetBWs2s4t+wfr4BheSlm8=</latexit><latexit sha1_base64="1qpFwgyVcTAFLjoFCCrH2de0OPc=">AAACA3icbVDLSsNAFJ3UV62vqDvdDFahLqyJCLoRCm5cVrAPaEKYTCft0JkkzNwIJRTc+CtuXCji1p9w5984fSy0euDCmXPuZe49YSq4Bsf5sgoLi0vLK8XV0tr6xuaWvb3T1EmmKGvQRCSqHRLNBI9ZAzgI1k4VIzIUrBUOrsd+654pzZP4DoYp8yXpxTzilICRAnsvCzi+whUI+IknzeP41NO8J0nAA7vsVJ0J8F/izkgZzVAP7E+vm9BMshioIFp3XCcFPycKOBVsVPIyzVJCB6THOobGRDLt55MbRvjIKF0cJcpUDHii/pzIidR6KEPTKQn09bw3Fv/zOhlEl37O4zQDFtPpR1EmMCR4HAjucsUoiKEhhCpudsW0TxShYGIrmRDc+ZP/kuZZ1XWq7u15uXY4i6OI9tEBqiAXXaAaukF11EAUPaAn9IJerUfr2Xqz3qetBWs2s4t+wfr4BheSlm8=</latexit><latexit sha1_base64="1qpFwgyVcTAFLjoFCCrH2de0OPc=">AAACA3icbVDLSsNAFJ3UV62vqDvdDFahLqyJCLoRCm5cVrAPaEKYTCft0JkkzNwIJRTc+CtuXCji1p9w5984fSy0euDCmXPuZe49YSq4Bsf5sgoLi0vLK8XV0tr6xuaWvb3T1EmmKGvQRCSqHRLNBI9ZAzgI1k4VIzIUrBUOrsd+654pzZP4DoYp8yXpxTzilICRAnsvCzi+whUI+IknzeP41NO8J0nAA7vsVJ0J8F/izkgZzVAP7E+vm9BMshioIFp3XCcFPycKOBVsVPIyzVJCB6THOobGRDLt55MbRvjIKF0cJcpUDHii/pzIidR6KEPTKQn09bw3Fv/zOhlEl37O4zQDFtPpR1EmMCR4HAjucsUoiKEhhCpudsW0TxShYGIrmRDc+ZP/kuZZ1XWq7u15uXY4i6OI9tEBqiAXXaAaukF11EAUPaAn9IJerUfr2Xqz3qetBWs2s4t+wfr4BheSlm8=</latexit><latexit sha1_base64="1qpFwgyVcTAFLjoFCCrH2de0OPc=">AAACA3icbVDLSsNAFJ3UV62vqDvdDFahLqyJCLoRCm5cVrAPaEKYTCft0JkkzNwIJRTc+CtuXCji1p9w5984fSy0euDCmXPuZe49YSq4Bsf5sgoLi0vLK8XV0tr6xuaWvb3T1EmmKGvQRCSqHRLNBI9ZAzgI1k4VIzIUrBUOrsd+654pzZP4DoYp8yXpxTzilICRAnsvCzi+whUI+IknzeP41NO8J0nAA7vsVJ0J8F/izkgZzVAP7E+vm9BMshioIFp3XCcFPycKOBVsVPIyzVJCB6THOobGRDLt55MbRvjIKF0cJcpUDHii/pzIidR6KEPTKQn09bw3Fv/zOhlEl37O4zQDFtPpR1EmMCR4HAjucsUoiKEhhCpudsW0TxShYGIrmRDc+ZP/kuZZ1XWq7u15uXY4i6OI9tEBqiAXXaAaukF11EAUPaAn9IJerUfr2Xqz3qetBWs2s4t+wfr4BheSlm8=</latexit>

u1 = (t1 � µ1)/�1
<latexit sha1_base64="iWodAPdavBjOWYQRdKAaoZmNgNk=">AAACBXicbVDLSgMxFM3UV62vUZe6CFahLqwTEXQjFNy4rGAf0BmGTJppQ5PMkGSEMnTjxl9x40IRt/6DO//G9LHQ6oGQk3Pu5eaeKOVMG8/7cgoLi0vLK8XV0tr6xuaWu73T1EmmCG2QhCeqHWFNOZO0YZjhtJ0qikXEaSsaXI/91j1VmiXyzgxTGgjckyxmBBsrhe5+FiJ4BSvGXifQF/Z5fOpr1hM4RKFb9qreBPAvQTNSBjPUQ/fT7yYkE1QawrHWHeSlJsixMoxwOir5maYpJgPcox1LJRZUB/lkixE8skoXxomyRxo4UX925FhoPRSRrRTY9PW8Nxb/8zqZiS+DnMk0M1SS6aA449AkcBwJ7DJFieFDSzBRzP4Vkj5WmBgbXMmGgOZX/kuaZ1XkVdHtebl2OIujCPbAAagABC5ADdyAOmgAAh7AE3gBr86j8+y8Oe/T0oIz69kFv+B8fANuQJXj</latexit><latexit sha1_base64="iWodAPdavBjOWYQRdKAaoZmNgNk=">AAACBXicbVDLSgMxFM3UV62vUZe6CFahLqwTEXQjFNy4rGAf0BmGTJppQ5PMkGSEMnTjxl9x40IRt/6DO//G9LHQ6oGQk3Pu5eaeKOVMG8/7cgoLi0vLK8XV0tr6xuaWu73T1EmmCG2QhCeqHWFNOZO0YZjhtJ0qikXEaSsaXI/91j1VmiXyzgxTGgjckyxmBBsrhe5+FiJ4BSvGXifQF/Z5fOpr1hM4RKFb9qreBPAvQTNSBjPUQ/fT7yYkE1QawrHWHeSlJsixMoxwOir5maYpJgPcox1LJRZUB/lkixE8skoXxomyRxo4UX925FhoPRSRrRTY9PW8Nxb/8zqZiS+DnMk0M1SS6aA449AkcBwJ7DJFieFDSzBRzP4Vkj5WmBgbXMmGgOZX/kuaZ1XkVdHtebl2OIujCPbAAagABC5ADdyAOmgAAh7AE3gBr86j8+y8Oe/T0oIz69kFv+B8fANuQJXj</latexit><latexit sha1_base64="iWodAPdavBjOWYQRdKAaoZmNgNk=">AAACBXicbVDLSgMxFM3UV62vUZe6CFahLqwTEXQjFNy4rGAf0BmGTJppQ5PMkGSEMnTjxl9x40IRt/6DO//G9LHQ6oGQk3Pu5eaeKOVMG8/7cgoLi0vLK8XV0tr6xuaWu73T1EmmCG2QhCeqHWFNOZO0YZjhtJ0qikXEaSsaXI/91j1VmiXyzgxTGgjckyxmBBsrhe5+FiJ4BSvGXifQF/Z5fOpr1hM4RKFb9qreBPAvQTNSBjPUQ/fT7yYkE1QawrHWHeSlJsixMoxwOir5maYpJgPcox1LJRZUB/lkixE8skoXxomyRxo4UX925FhoPRSRrRTY9PW8Nxb/8zqZiS+DnMk0M1SS6aA449AkcBwJ7DJFieFDSzBRzP4Vkj5WmBgbXMmGgOZX/kuaZ1XkVdHtebl2OIujCPbAAagABC5ADdyAOmgAAh7AE3gBr86j8+y8Oe/T0oIz69kFv+B8fANuQJXj</latexit><latexit sha1_base64="iWodAPdavBjOWYQRdKAaoZmNgNk=">AAACBXicbVDLSgMxFM3UV62vUZe6CFahLqwTEXQjFNy4rGAf0BmGTJppQ5PMkGSEMnTjxl9x40IRt/6DO//G9LHQ6oGQk3Pu5eaeKOVMG8/7cgoLi0vLK8XV0tr6xuaWu73T1EmmCG2QhCeqHWFNOZO0YZjhtJ0qikXEaSsaXI/91j1VmiXyzgxTGgjckyxmBBsrhe5+FiJ4BSvGXifQF/Z5fOpr1hM4RKFb9qreBPAvQTNSBjPUQ/fT7yYkE1QawrHWHeSlJsixMoxwOir5maYpJgPcox1LJRZUB/lkixE8skoXxomyRxo4UX925FhoPRSRrRTY9PW8Nxb/8zqZiS+DnMk0M1SS6aA449AkcBwJ7DJFieFDSzBRzP4Vkj5WmBgbXMmGgOZX/kuaZ1XkVdHtebl2OIujCPbAAagABC5ADdyAOmgAAh7AE3gBr86j8+y8Oe/T0oIz69kFv+B8fANuQJXj</latexit>

u2 = (t2 � µ2)/�2
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… …
Autoregressive conditionals

Density estimator
p(t|�;w) = N [u(t, �;w)|0, I] � |�u(t, �;w)
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Masked Autoencoder for Density Estimation (MADE)
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Figure 3. Schematic of the conditional masked autoencoder for density estimation (MADE) parameterization of the conditional density
p(t |✓). The means and variances of the autoregressive conditionals are parameterized by the neural network, with the hidden layers
carefully masked to ensure the autoregressive properties are satisfied. A masked autoregressive flow (MAF) is a stack of MADEs, where
the output of each MADE is fed as input to the next, and the order of the autoregressive factorization is changed between MADEs.

given by:
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The neural density estimators are then trained in the usual
way by minimizing the negative log-loss with respect to the
network weights, or inferring a posterior density over the
weights given the training data (and some network weight
prior).

Over-fitting can be mitigated by any of the standard
regularization methods used for neural networks, such as
early-stopping or dropout. Early-stopping splits the train-

MNRAS 000, 1–20 (2019)



Validation of Emulators: Open Problems
Typically, validation is done via ML loss functions 
or distance measures, or goodness-of-fit tests 
based on posterior quantiles or rank statistics

To date, there are no diagnostics or validation 
techniques in the emulator/LFI literature that 
are fully consistent (that is, that can distinguish 
any bad estimator from the ``true’’ reference 
likelihood), and that in addition can answer the 
if/where/how questions above.
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