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A  B I T  A B O U T  M E
- PhD in Astrophysics from Edinburgh, UK

- Worked at Kaggle developing machine learning 
competitions, this included 

- Observing dark worlds 
- Galaxy Zoo 
- Titanic

- Post-doc Switzerland
- Fellowship Leiden, NL
- Machine Learning consultant at Terres des 

Hommes

- Machine Learning consultant at Prophy

- Machine Learning consultant at TruthEngine

- New position at EPFL



Astrophysics differs from almost any science



Distribution of matter as seen by the millennium simulation

What is the probability of our model of the Universe given what we observe?



Bayes theorem as a way to compare what we model to what we see.
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p(d)

“Likelihood”
“Prior”

“Evidence”

“Posterior”



Distribution of matter as seen by the millennium simulation
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Classical astrophysical inference
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Compare the likelihood of the model given the data 
to find the best fitting model
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Compare the likelihood of the model given the data 
to find the best fitting model

Assuming an analytical model 
Assuming a Gaussian likelihood function. 
With covariances from theory or simulations



Why astronomy needs machine learning 

- Likelihoods are not Gaussian.

- Astrophysical simulations are often computationally 
expensive

- Direct comparison of simulations to observations 
would be impossible in the current situation.

- The number of posterior calls is normally very large.

- Classical inference requires analytical models that 
can be passed in to a MCMC
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C L A S S I C A L  I N F E R E N C E  R E Q U I R E S  A N A LY T I C A L  M O D E L S  
T H AT  C A N  B E  PA S S E D  I N  T O  A  M C M C  W I T H  M A N Y  C A L L S  
T O  A  L I K E L I H O O D  F U N C T I O N

E X A M P L E  1 :  G A L A X Y  C L A S S I F I C AT I O N



Hubble’s Tuning fork



Lintott et al 2008



The Galaxy Zoo decision tree.



Mengistu & Master 2023



~300,000 Galaxies which took 5 years 
Euclid will observe 50 million….

Mengistu & Master 2023



https://www.kaggle.com/c/
galaxy-zoo-the-galaxy-
challenge/data



Rotationally invariant convolutional neural networks to predict 
what a classifier would measure.

0 . 0 5 0 . 9 0 . 0 5
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e(p̂, p) =
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37∑

k=1

(p̂→ p)2



The winning algorithm 



Winning the game or doing science?



Labelled data for Euclid



E X A M P L E  2 :  D A R K  M AT T E R

C L A S S I C A L  I N F E R E N C E  R E Q U I R E S  A N A LY T I C A L  M O D E L S  
T H AT  C A N  B E  PA S S E D  I N  T O  A  M C M C  W I T H  M A N Y  C A L L S  
T O  A  L I K E L I H O O D  F U N C T I O N





G A L A X Y  C L U S T E R S  A R E  D O M I N AT E D  B Y  D A R K  
M AT T E R



G R AV I TAT I O N A L  L E N S I N G  H E L P S  U S  T R A C E  T H E  D A R K  
M AT T E R .



C L A S S I C A L  M O D E L L I N G  T O  I N F E R  PA R A M E T E R S
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B U T  I N F O R M AT I O N  C A N  B E  
L O S T  I N  S I M P L I F I C AT I O N .



DMA
DMB
DMC

DMB

D E E P  N E T S  C A N  H E L P  U S  A G N O S T I C A L LY  P R O B E  
D A R K  M AT T E R  W H I L S T  S P E E D I N G  U P  T H E  P R O C E S S

DMA

DMB

DMC



F I R S T  W E  N E E D  O U R  S A M P L E S

New exotic model Fiducial Model 



W E  C A N  R E A C H  8 0 %  A C C U R A C Y

Harvey 2024



C L A S S I F I C AT I O N  T O  R E G R E S S I O N

Harvey 2024

DMA
DMB
DMC

Softmax

<latexit sha1_base64="THl/nlIEy795rXB5MVlmBy9lPwc=">AAAB63icbVDLSsNAFL2pr1pfVZduBotQNyGRYttd0Y3LCvYBbSiT6aQdOpmEmYlQQn/BjQtF3PpD7vwbJ32AWg9cOJxzL/fe48ecKe04X1ZuY3Nreye/W9jbPzg8Kh6ftFWUSEJbJOKR7PpYUc4EbWmmOe3GkuLQ57TjT24zv/NIpWKReNDTmHohHgkWMIJ1JsVlfDkolhzbmQM5dr1edes15K6UFSnBEs1B8bM/jEgSUqEJx0r1XCfWXoqlZoTTWaGfKBpjMsEj2jNU4JAqL53fOkMXRhmiIJKmhEZz9edEikOlpqFvOkOsx+qvl4n/eb1EBzUvZSJONBVksShIONIRyh5HQyYp0XxqCCaSmVsRGWOJiTbxFEwIay+vk/aV7V7blftKqXGzjCMPZ3AOZXChCg24gya0gMAYnuAFXq3QerberPdFa85azpzCL1gf35tPjfk=</latexit>

p(a)
<latexit sha1_base64="HhVqa9A4qYXXTzqKpHrA3rKhnnU=">AAAB63icbVDLSsNAFL2pr1pfVZduBotQNyGRYttd0Y3LCvYBbSiT6aQdOpmEmYlQQn/BjQtF3PpD7vwbJ32AWg9cOJxzL/fe48ecKe04X1ZuY3Nreye/W9jbPzg8Kh6ftFWUSEJbJOKR7PpYUc4EbWmmOe3GkuLQ57TjT24zv/NIpWKReNDTmHohHgkWMIJ1JsVl/3JQLDm2Mwdy7Hq96tZryF0pK1KCJZqD4md/GJEkpEITjpXquU6svRRLzQins0I/UTTGZIJHtGeowCFVXjq/dYYujDJEQSRNCY3m6s+JFIdKTUPfdIZYj9VfLxP/83qJDmpeykScaCrIYlGQcKQjlD2OhkxSovnUEEwkM7ciMsYSE23iKZgQ1l5eJ+0r2722K/eVUuNmGUcezuAcyuBCFRpwB01oAYExPMELvFqh9Wy9We+L1py1nDmFX7A+vgGc1I36</latexit>

p(b)
<latexit sha1_base64="pJRyseKA5aa6uXeX+XLK+/wz0IM=">AAAB63icbVDLSsNAFL2pr1pfVZduBotQNyGRYttd0Y3LCvYBbSiT6aQdOpmEmYlQQn/BjQtF3PpD7vwbJ32AWg9cOJxzL/fe48ecKe04X1ZuY3Nreye/W9jbPzg8Kh6ftFWUSEJbJOKR7PpYUc4EbWmmOe3GkuLQ57TjT24zv/NIpWKReNDTmHohHgkWMIJ1JsVlcjkolhzbmQM5dr1edes15K6UFSnBEs1B8bM/jEgSUqEJx0r1XCfWXoqlZoTTWaGfKBpjMsEj2jNU4JAqL53fOkMXRhmiIJKmhEZz9edEikOlpqFvOkOsx+qvl4n/eb1EBzUvZSJONBVksShIONIRyh5HQyYp0XxqCCaSmVsRGWOJiTbxFEwIay+vk/aV7V7blftKqXGzjCMPZ3AOZXChCg24gya0gMAYnuAFXq3QerberPdFa85azpzCL1gf355Zjfs=</latexit>

p(c)

1.0 0.3 0.1 0 0 0

<latexit sha1_base64="/50Gvj0wLoNrJFqQNJYaoimOCn0=">AAAB+3icbVDLSsNAFJ3UV62vWJduBotQNyGRYtuFUHTjsoJ9QBPKZDpth84kYWYiKSG/4saFIm79EXf+jdMXqPXAhcM593LvPX7EqFS2/WXkNja3tnfyu4W9/YPDI/O42JZhLDBp4ZCFousjSRgNSEtRxUg3EgRxn5GOP7md+Z1HIiQNgwc1jYjH0SigQ4qR0lLfLLpjpNIku3ZlzGFUTi6SvlmyLXsOaFv1etWp16CzUlakBJZo9s1PdxDimJNAYYak7Dl2pLwUCUUxI1nBjSWJEJ6gEelpGiBOpJfOb8/guVYGcBgKXYGCc/XnRIq4lFPu606O1Fj+9Wbif14vVsOal9IgihUJ8GLRMGZQhXAWBBxQQbBiU00QFlTfCvEYCYSVjqugQ1h7eZ20Ly3nyqrcV0qNm2UceXAKzkAZOKAKGuAONEELYJCAJ/ACXo3MeDbejPdFa85YzpyAXzA+vgHj6JRc</latexit>

x̂ =
∑

p(x)x



Predictions after forward modelling on 
upcoming telescopes

Harvey + 2024bLimit with classic methods



Why astronomy needs machine learning 

- Likelihoods are not Gaussian.

- Astrophysical simulations are often computationally 
expensive

- Direct comparison of simulations to observations 
would be impossible in the current situation.

- The number of posterior calls is normally very large.

- Classical inference requires analytical models that 
can be passed in to a MCMC



Classical inference is slow and requires analytical models that 
often lose information resulting in loose and biased inference.

DMA
DMB
DMC

DMA

DMB

DMC

Use machine learning directly on simulations to compare.

T H E S E  A R E  N O T  S TAT I S T I C A L LY  R O B U S T  W I T H  U N R E G U L AT E D  
U N C E R TA I N T Y  



W H AT  W E  W A N T:  

-  T O  D I R E C T LY  C O M PA R E  O U R  C O M P L E X  F O R W A R D  
M O D E L S  T O  T H E  D ATA  

-  T H AT  D O  N O T  A S S U M E  H O W  T H E  L I K E L I H O O D  O F  T H E  
PA R A M E T E R S  O F  T H E  M O D E L  A R E  D I S T R I B U T E D  

-  Q U I C K LY,  E F F I C I E N T LY  A N D  U N B I A S E D

Simulation Based Inference



B A S I C  P R I N C I P L E S  O F  S B I

Data, d Summaries
<latexit sha1_base64="3fTEur/TiP7AtWIF+2OZ3feJt24=">AAAB6nicdVDLSsNAFJ3UV62vqks3g0VwFRJpm3ZXdOOyon1AG8pkOmmHTjJh5kYooZ/gxoUibv0id/6N04egogcuHM65l3vvCRLBNTjOh5VbW9/Y3MpvF3Z29/YPiodHbS1TRVmLSiFVNyCaCR6zFnAQrJsoRqJAsE4wuZr7nXumNJfxHUwT5kdkFPOQUwJGuoWBHBRLjl2vV7xyGRtSqdU8b0m8qodd21mghFZoDorv/aGkacRioIJo3XOdBPyMKOBUsFmhn2qWEDohI9YzNCYR0362OHWGz4wyxKFUpmLAC/X7REYiradRYDojAmP925uLf3m9FMKan/E4SYHFdLkoTAUGied/4yFXjIKYGkKo4uZWTMdEEQomnYIJ4etT/D9pX9hu1S7flEuNy1UceXSCTtE5cpGHGugaNVELUTRCD+gJPVvCerRerNdla85azRyjH7DePgEZ+I5f</latexit>

to

<latexit sha1_base64="OyP6xZWmp7iyYHU+5brA1MbTFYM=">AAAB73icbVDJSgNBEO2JW4xb1KOXxiB4GmZETHILevEYwSyQDKGnU5M06VnsrhHCkJ/w4kERr/6ON//GzgZqfFDweK+Kqnp+IoVGx/mycmvrG5tb+e3Czu7e/kHx8Kip41RxaPBYxqrtMw1SRNBAgRLaiQIW+hJa/uhm6rceQWkRR/c4TsAL2SASgeAMjdTu4hCQ9dxeseTYzgzUsavVslutUHepLEmJLFDvFT+7/ZinIUTIJdO64zoJehlTKLiESaGbakgYH7EBdAyNWAjay2b3TuiZUfo0iJWpCOlM/TmRsVDrceibzpDhUP/1puJ/XifFoOJlIkpShIjPFwWppBjT6fO0LxRwlGNDGFfC3Er5kCnG0URUMCGsvLxKmhe2e2Vf3l2WateLOPLkhJySc+KSMqmRW1InDcKJJE/khbxaD9az9Wa9z1tz1mLmmPyC9fENEBOQAQ==</latexit>

ω1
Summaries

<latexit sha1_base64="S0NzJLcooU/6Q9KjmJgB/W9gbrs=">AAAB9HicjVDLSgNBEOz1GeMr6tHLYhAiSMhKUI9BLx4jmAckyzI7mU2GzM6sM72BsOQ7vHhQxKsf482/cfI4qChY0FBUddNFhYngBiuVD2dpeWV1bT23kd/c2t7ZLeztN41KNWUNqoTS7ZAYJrhkDeQoWDvRjMShYK1weD31WyOmDVfyDscJ82PSlzzilKCV/K4eqBIG3ikG6iQoFL1yZQb3b1KEBepB4b3bUzSNmUQqiDEdr5KgnxGNnAo2yXdTwxJCh6TPOpZKEjPjZ7PQE/fYKj03UtqORHemfr3ISGzMOA7tZkxwYH56U/E3r5NidOlnXCYpMknnj6JUuKjcaQNuj2tGUYwtIVRzm9WlA6IJRdtT/n8lNM/K3nm5elst1q4WdeTgEI6gBB5cQA1uoA4NoHAPD/AEz87IeXRenNf56pKzuDmAb3DePgG8+ZFw</latexit>

ω(t1, to)

Summaries
<latexit sha1_base64="Tthy8I7psHPwyqO51e0bQQSMWts=">AAAB8HicbVDLSsNAFJ3UV62vqks3g0VwFZJSbLsrunFZwT6kDWUynbRDJ5MwcyOU0K9w40IRt36OO//GSR+g1gMXDufcy733+LHgGhzny8ptbG5t7+R3C3v7B4dHxeOTto4SRVmLRiJSXZ9oJrhkLeAgWDdWjIS+YB1/cpP5nUemNI/kPUxj5oVkJHnAKQEjPfRhzIAMyoVBseTYzhzYsev1qluvYXelrEgJLdEcFD/7w4gmIZNABdG65zoxeClRwKlgs0I/0SwmdEJGrGeoJCHTXjo/eIYvjDLEQaRMScBz9edESkKtp6FvOkMCY/3Xy8T/vF4CQc1LuYwTYJIuFgWJwBDh7Hs85IpREFNDCFXc3IrpmChCwWSUhbD28jppl233yq7cVUqN62UceXSGztElclEVNdAtaqIWoihET+gFvVrKerberPdFa85azpyiX7A+vgFItJAW</latexit>

ω2
<latexit sha1_base64="jO3ZixK5OfUBW3Ga7yy1qQqyn7c=">AAAB9HicjVDLSgMxFM3UV62vqks3wSJUkDJTirosunFZwT6gHYZMmmlDM8mY3CmUod/hxoUibv0Yd/6N6WOhouCBC4dz7uUeTpgIbsB1P5zcyura+kZ+s7C1vbO7V9w/aBmVasqaVAmlOyExTHDJmsBBsE6iGYlDwdrh6Hrmt8dMG67kHUwS5sdkIHnEKQEr+T09VGUIqmcQqNOgWPIq7hz4b1JCSzSC4nuvr2gaMwlUEGO6npuAnxENnAo2LfRSwxJCR2TAupZKEjPjZ/PQU3xilT6OlLYjAc/VrxcZiY2ZxKHdjAkMzU9vJv7mdVOILv2MyyQFJuniUZQKDArPGsB9rhkFMbGEUM1tVkyHRBMKtqfC/0poVSveeaV2WyvVr5Z15NEROkZl5KELVEc3qIGaiKJ79ICe0LMzdh6dF+d1sZpzljeH6Buct0++gpFx</latexit>

ω(t2, to)

Summaries
<latexit sha1_base64="7K+EMtw0M+STh3XdHkzUdmsuOt4=">AAAB8HicbVDLSgNBEJyNrxhfUY9eBoPgadkVMckt6MVjBPOQZAmzk9lkyMzsMtMrhJCv8OJBEa9+jjf/xtk8QI0FDUVVN91dYSK4Ac/7cnJr6xubW/ntws7u3v5B8fCoaeJUU9agsYh1OySGCa5YAzgI1k40IzIUrBWObjK/9ci04bG6h3HCAkkGikecErDSQxeGDEhPFXrFkud6M2DPrVbLfrWC/aWyJCW0QL1X/Oz2Y5pKpoAKYkzH9xIIJkQDp4JNC93UsITQERmwjqWKSGaCyezgKT6zSh9HsbalAM/UnxMTIo0Zy9B2SgJD89fLxP+8TgpRJZhwlaTAFJ0vilKBIcbZ97jPNaMgxpYQqrm9FdMh0YSCzSgLYeXlVdK8cP0r9/LuslS7XsSRRyfoFJ0jH5VRDd2iOmogiiR6Qi/o1dHOs/PmvM9bc85i5hj9gvPxDaPgkFI=</latexit>

ωn
<latexit sha1_base64="kqNYvm6PXVSFYWaPFzWp0tt2q+E=">AAAB9HicjVDLSgNBEOz1GeMr6tHLYhAiSNhIUI9BLx4jmAckyzI7mU2GzM6sM72BsOQ7vHhQxKsf482/cfI4qChY0FBUddNFhYngBj3vw1laXlldW89t5De3tnd2C3v7TaNSTVmDKqF0OySGCS5ZAzkK1k40I3EoWCscXk/91ohpw5W8w3HC/Jj0JY84JWglv6sHqoSBPMVAnQSFYqXszeD+TYqwQD0ovHd7iqYxk0gFMaZT8RL0M6KRU8Em+W5qWELokPRZx1JJYmb8bBZ64h5bpedGStuR6M7UrxcZiY0Zx6HdjAkOzE9vKv7mdVKMLv2MyyRFJun8UZQKF5U7bcDtcc0oirElhGpus7p0QDShaHvK/6+E5lm5cl6u3laLtatFHTk4hCMoQQUuoAY3UIcGULiHB3iCZ2fkPDovzut8dclZ3BzANzhvnxqtka0=</latexit>

ω(tn, to)



A P P R O X I M AT E  B AY E S I A N  C O M P U TAT I O N

- Take some delta in “agreement” - not robust still 

- Requires a lot of simulations 

- Scales exponentially with number of parameters

- Directly compare 
complex non-linear 
models 

- Forward modelled to 
resemble the data 

- Unbiased, conservative 

- Evidence is calculated

<latexit sha1_base64="3fTEur/TiP7AtWIF+2OZ3feJt24=">AAAB6nicdVDLSsNAFJ3UV62vqks3g0VwFRJpm3ZXdOOyon1AG8pkOmmHTjJh5kYooZ/gxoUibv0id/6N04egogcuHM65l3vvCRLBNTjOh5VbW9/Y3MpvF3Z29/YPiodHbS1TRVmLSiFVNyCaCR6zFnAQrJsoRqJAsE4wuZr7nXumNJfxHUwT5kdkFPOQUwJGuoWBHBRLjl2vV7xyGRtSqdU8b0m8qodd21mghFZoDorv/aGkacRioIJo3XOdBPyMKOBUsFmhn2qWEDohI9YzNCYR0362OHWGz4wyxKFUpmLAC/X7REYiradRYDojAmP925uLf3m9FMKan/E4SYHFdLkoTAUGied/4yFXjIKYGkKo4uZWTMdEEQomnYIJ4etT/D9pX9hu1S7flEuNy1UceXSCTtE5cpGHGugaNVELUTRCD+gJPVvCerRerNdla85azRyjH7DePgEZ+I5f</latexit>

to

<latexit sha1_base64="OyP6xZWmp7iyYHU+5brA1MbTFYM=">AAAB73icbVDJSgNBEO2JW4xb1KOXxiB4GmZETHILevEYwSyQDKGnU5M06VnsrhHCkJ/w4kERr/6ON//GzgZqfFDweK+Kqnp+IoVGx/mycmvrG5tb+e3Czu7e/kHx8Kip41RxaPBYxqrtMw1SRNBAgRLaiQIW+hJa/uhm6rceQWkRR/c4TsAL2SASgeAMjdTu4hCQ9dxeseTYzgzUsavVslutUHepLEmJLFDvFT+7/ZinIUTIJdO64zoJehlTKLiESaGbakgYH7EBdAyNWAjay2b3TuiZUfo0iJWpCOlM/TmRsVDrceibzpDhUP/1puJ/XifFoOJlIkpShIjPFwWppBjT6fO0LxRwlGNDGFfC3Er5kCnG0URUMCGsvLxKmhe2e2Vf3l2WateLOPLkhJySc+KSMqmRW1InDcKJJE/khbxaD9az9Wa9z1tz1mLmmPyC9fENEBOQAQ==</latexit>

ω1
<latexit sha1_base64="S0NzJLcooU/6Q9KjmJgB/W9gbrs=">AAAB9HicjVDLSgNBEOz1GeMr6tHLYhAiSMhKUI9BLx4jmAckyzI7mU2GzM6sM72BsOQ7vHhQxKsf482/cfI4qChY0FBUddNFhYngBiuVD2dpeWV1bT23kd/c2t7ZLeztN41KNWUNqoTS7ZAYJrhkDeQoWDvRjMShYK1weD31WyOmDVfyDscJ82PSlzzilKCV/K4eqBIG3ikG6iQoFL1yZQb3b1KEBepB4b3bUzSNmUQqiDEdr5KgnxGNnAo2yXdTwxJCh6TPOpZKEjPjZ7PQE/fYKj03UtqORHemfr3ISGzMOA7tZkxwYH56U/E3r5NidOlnXCYpMknnj6JUuKjcaQNuj2tGUYwtIVRzm9WlA6IJRdtT/n8lNM/K3nm5elst1q4WdeTgEI6gBB5cQA1uoA4NoHAPD/AEz87IeXRenNf56pKzuDmAb3DePgG8+ZFw</latexit>

ω(t1, to)

<latexit sha1_base64="Tthy8I7psHPwyqO51e0bQQSMWts=">AAAB8HicbVDLSsNAFJ3UV62vqks3g0VwFZJSbLsrunFZwT6kDWUynbRDJ5MwcyOU0K9w40IRt36OO//GSR+g1gMXDufcy733+LHgGhzny8ptbG5t7+R3C3v7B4dHxeOTto4SRVmLRiJSXZ9oJrhkLeAgWDdWjIS+YB1/cpP5nUemNI/kPUxj5oVkJHnAKQEjPfRhzIAMyoVBseTYzhzYsev1qluvYXelrEgJLdEcFD/7w4gmIZNABdG65zoxeClRwKlgs0I/0SwmdEJGrGeoJCHTXjo/eIYvjDLEQaRMScBz9edESkKtp6FvOkMCY/3Xy8T/vF4CQc1LuYwTYJIuFgWJwBDh7Hs85IpREFNDCFXc3IrpmChCwWSUhbD28jppl233yq7cVUqN62UceXSGztElclEVNdAtaqIWoihET+gFvVrKerberPdFa85azpyiX7A+vgFItJAW</latexit>

ω2
<latexit sha1_base64="jO3ZixK5OfUBW3Ga7yy1qQqyn7c=">AAAB9HicjVDLSgMxFM3UV62vqks3wSJUkDJTirosunFZwT6gHYZMmmlDM8mY3CmUod/hxoUibv0Yd/6N6WOhouCBC4dz7uUeTpgIbsB1P5zcyura+kZ+s7C1vbO7V9w/aBmVasqaVAmlOyExTHDJmsBBsE6iGYlDwdrh6Hrmt8dMG67kHUwS5sdkIHnEKQEr+T09VGUIqmcQqNOgWPIq7hz4b1JCSzSC4nuvr2gaMwlUEGO6npuAnxENnAo2LfRSwxJCR2TAupZKEjPjZ/PQU3xilT6OlLYjAc/VrxcZiY2ZxKHdjAkMzU9vJv7mdVOILv2MyyQFJuniUZQKDArPGsB9rhkFMbGEUM1tVkyHRBMKtqfC/0poVSveeaV2WyvVr5Z15NEROkZl5KELVEc3qIGaiKJ79ICe0LMzdh6dF+d1sZpzljeH6Buct0++gpFx</latexit>

ω(t2, to)

<latexit sha1_base64="7K+EMtw0M+STh3XdHkzUdmsuOt4=">AAAB8HicbVDLSgNBEJyNrxhfUY9eBoPgadkVMckt6MVjBPOQZAmzk9lkyMzsMtMrhJCv8OJBEa9+jjf/xtk8QI0FDUVVN91dYSK4Ac/7cnJr6xubW/ntws7u3v5B8fCoaeJUU9agsYh1OySGCa5YAzgI1k40IzIUrBWObjK/9ci04bG6h3HCAkkGikecErDSQxeGDEhPFXrFkud6M2DPrVbLfrWC/aWyJCW0QL1X/Oz2Y5pKpoAKYkzH9xIIJkQDp4JNC93UsITQERmwjqWKSGaCyezgKT6zSh9HsbalAM/UnxMTIo0Zy9B2SgJD89fLxP+8TgpRJZhwlaTAFJ0vilKBIcbZ97jPNaMgxpYQqrm9FdMh0YSCzSgLYeXlVdK8cP0r9/LuslS7XsSRRyfoFJ0jH5VRDd2iOmogiiR6Qi/o1dHOs/PmvM9bc85i5hj9gvPxDaPgkFI=</latexit>

ωn
<latexit sha1_base64="kqNYvm6PXVSFYWaPFzWp0tt2q+E=">AAAB9HicjVDLSgNBEOz1GeMr6tHLYhAiSNhIUI9BLx4jmAckyzI7mU2GzM6sM72BsOQ7vHhQxKsf482/cfI4qChY0FBUddNFhYngBj3vw1laXlldW89t5De3tnd2C3v7TaNSTVmDKqF0OySGCS5ZAzkK1k40I3EoWCscXk/91ohpw5W8w3HC/Jj0JY84JWglv6sHqoSBPMVAnQSFYqXszeD+TYqwQD0ovHd7iqYxk0gFMaZT8RL0M6KRU8Em+W5qWELokPRZx1JJYmb8bBZ64h5bpedGStuR6M7UrxcZiY0Zx6HdjAkOzE9vKv7mdVKMLv2MyyRFJun8UZQKF5U7bcDtcc0oirElhGpus7p0QDShaHvK/6+E5lm5cl6u3laLtatFHTk4hCMoQQUuoAY3UIcGULiHB3iCZ2fkPDovzut8dclZ3BzANzhvnxqtka0=</latexit>

ω(tn, to)



What I would rather: Estimate the true posterior or 
likelihood of the parameters in a model free way.

<latexit sha1_base64="3mnEV+O6EKzeW2oj8MzsJxP88RE=">AAAB+XicbVDLSgNBEJyNrxhfqx69DAYhXsKuBJPcgl48RjAPSJYwO5lNhszOLjO9gbDmT7x4UMSrf+LNv3HyAjUWNBRV3XR3+bHgGhzny8psbG5t72R3c3v7B4dH9vFJU0eJoqxBIxGptk80E1yyBnAQrB0rRkJfsJY/up35rTFTmkfyASYx80IykDzglICRerYdFzDuwpABwY8Y8GXPzjtFZw7sFKvVslutYHelrEgeLVHv2Z/dfkSTkEmggmjdcZ0YvJQo4FSwaa6baBYTOiID1jFUkpBpL51fPsUXRunjIFKmJOC5+nMiJaHWk9A3nSGBof7rzcT/vE4CQcVLuYwTYJIuFgWJwBDhWQy4zxWjICaGEKq4uRXTIVGEggkrZ0JYe3mdNK+K7nWxdF/K126WcWTRGTpHBeSiMqqhO1RHDUTRGD2hF/Rqpdaz9Wa9L1oz1nLmFP2C9fENcbCSQw==</latexit>

p(ω|t)
<latexit sha1_base64="iWhwdiLW45Ydt3qS2ozfqjqnAdY=">AAAB+XicbVDLSgNBEJyNrxhfqx69DAYhXsKuBJPcgl48RjAPSJYwO5lNhszOLjO9gbDmT7x4UMSrf+LNv3HyAjUWNBRV3XR3+bHgGhzny8psbG5t72R3c3v7B4dH9vFJU0eJoqxBIxGptk80E1yyBnAQrB0rRkJfsJY/up35rTFTmkfyASYx80IykDzglICRerYdFzAG/Ii7MGRA8GXPzjtFZw7sFKvVslutYHelrEgeLVHv2Z/dfkSTkEmggmjdcZ0YvJQo4FSwaa6baBYTOiID1jFUkpBpL51fPsUXRunjIFKmJOC5+nMiJaHWk9A3nSGBof7rzcT/vE4CQcVLuYwTYJIuFgWJwBDhWQy4zxWjICaGEKq4uRXTIVGEggkrZ0JYe3mdNK+K7nWxdF/K126WcWTRGTpHBeSiMqqhO1RHDUTRGD2hF/Rqpdaz9Wa9L1oz1nLmFP2C9fENb6iSQw==</latexit>

p(t|ω)

<latexit sha1_base64="OyP6xZWmp7iyYHU+5brA1MbTFYM=">AAAB73icbVDJSgNBEO2JW4xb1KOXxiB4GmZETHILevEYwSyQDKGnU5M06VnsrhHCkJ/w4kERr/6ON//GzgZqfFDweK+Kqnp+IoVGx/mycmvrG5tb+e3Czu7e/kHx8Kip41RxaPBYxqrtMw1SRNBAgRLaiQIW+hJa/uhm6rceQWkRR/c4TsAL2SASgeAMjdTu4hCQ9dxeseTYzgzUsavVslutUHepLEmJLFDvFT+7/ZinIUTIJdO64zoJehlTKLiESaGbakgYH7EBdAyNWAjay2b3TuiZUfo0iJWpCOlM/TmRsVDrceibzpDhUP/1puJ/XifFoOJlIkpShIjPFwWppBjT6fO0LxRwlGNDGFfC3Er5kCnG0URUMCGsvLxKmhe2e2Vf3l2WateLOPLkhJySc+KSMqmRW1InDcKJJE/khbxaD9az9Wa9z1tz1mLmmPyC9fENEBOQAQ==</latexit>

ω1
Summaries

<latexit sha1_base64="LlUt/SQDW3rjn8b9Bwx1uK7hpoU=">AAAB6nicbVDJSgNBEK2JW4xb1KOXxiB4GmZETHILevEY0SyQDKGn05M06VnorhHCkE/w4kERr36RN//GzgZqfFDweK+Kqnp+IoVGx/mycmvrG5tb+e3Czu7e/kHx8Kip41Qx3mCxjFXbp5pLEfEGCpS8nShOQ1/ylj+6mfqtR660iKMHHCfcC+kgEoFgFI10jz23Vyw5tjMDcexqtexWK8RdKktSggXqveJntx+zNOQRMkm17rhOgl5GFQom+aTQTTVPKBvRAe8YGtGQay+bnTohZ0bpkyBWpiIkM/XnREZDrcehbzpDikP915uK/3mdFIOKl4koSZFHbL4oSCXBmEz/Jn2hOEM5NoQyJcythA2pogxNOgUTwsrLq6R5YbtX9uXdZal2vYgjDydwCufgQhlqcAt1aACDATzBC7xa0nq23qz3eWvOWswcwy9YH99INY3R</latexit>

t1

Summaries
<latexit sha1_base64="Tthy8I7psHPwyqO51e0bQQSMWts=">AAAB8HicbVDLSsNAFJ3UV62vqks3g0VwFZJSbLsrunFZwT6kDWUynbRDJ5MwcyOU0K9w40IRt36OO//GSR+g1gMXDufcy733+LHgGhzny8ptbG5t7+R3C3v7B4dHxeOTto4SRVmLRiJSXZ9oJrhkLeAgWDdWjIS+YB1/cpP5nUemNI/kPUxj5oVkJHnAKQEjPfRhzIAMyoVBseTYzhzYsev1qluvYXelrEgJLdEcFD/7w4gmIZNABdG65zoxeClRwKlgs0I/0SwmdEJGrGeoJCHTXjo/eIYvjDLEQaRMScBz9edESkKtp6FvOkMCY/3Xy8T/vF4CQc1LuYwTYJIuFgWJwBDh7Hs85IpREFNDCFXc3IrpmChCwWSUhbD28jppl233yq7cVUqN62UceXSGztElclEVNdAtaqIWoihET+gFvVrKerberPdFa85azpyiX7A+vgFItJAW</latexit>

ω2

<latexit sha1_base64="L+ZOrcf2Oel6J+yCiKsWaRAxS60=">AAAB6nicbVDJSgNBEK2JW4xb1KOXxiB4GmZCMMkt6MVjRLNAMoSeTidp0rPQXSOEIZ/gxYMiXv0ib/6NnQ3U+KDg8V4VVfX8WAqNjvNlZTY2t7Z3sru5vf2Dw6P88UlTR4livMEiGam2TzWXIuQNFCh5O1acBr7kLX98M/Nbj1xpEYUPOIm5F9BhKAaCUTTSPfaKvXzBsZ05iGNXq2W3WiHuSlmRAixR7+U/u/2IJQEPkUmqdcd1YvRSqlAwyae5bqJ5TNmYDnnH0JAGXHvp/NQpuTBKnwwiZSpEMld/TqQ00HoS+KYzoDjSf72Z+J/XSXBQ8VIRxgnykC0WDRJJMCKzv0lfKM5QTgyhTAlzK2EjqihDk07OhLD28jppFm33yi7dlQq162UcWTiDc7gEF8pQg1uoQwMYDOEJXuDVktaz9Wa9L1oz1nLmFH7B+vgGSbmN0g==</latexit>

t2

Summaries
<latexit sha1_base64="7K+EMtw0M+STh3XdHkzUdmsuOt4=">AAAB8HicbVDLSgNBEJyNrxhfUY9eBoPgadkVMckt6MVjBPOQZAmzk9lkyMzsMtMrhJCv8OJBEa9+jjf/xtk8QI0FDUVVN91dYSK4Ac/7cnJr6xubW/ntws7u3v5B8fCoaeJUU9agsYh1OySGCa5YAzgI1k40IzIUrBWObjK/9ci04bG6h3HCAkkGikecErDSQxeGDEhPFXrFkud6M2DPrVbLfrWC/aWyJCW0QL1X/Oz2Y5pKpoAKYkzH9xIIJkQDp4JNC93UsITQERmwjqWKSGaCyezgKT6zSh9HsbalAM/UnxMTIo0Zy9B2SgJD89fLxP+8TgpRJZhwlaTAFJ0vilKBIcbZ97jPNaMgxpYQqrm9FdMh0YSCzSgLYeXlVdK8cP0r9/LuslS7XsSRRyfoFJ0jH5VRDd2iOmogiiR6Qi/o1dHOs/PmvM9bc85i5hj9gvPxDaPgkFI=</latexit>

ωn

<latexit sha1_base64="08wGJY+NpMSPutc1t+bJH2HbBjI=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKmOQW9OIxonlAsoTZySQZMju7zPQKYcknePGgiFe/yJt/4+QFaixoKKq66e4KYikMuu6Xk1lb39jcym7ndnb39g/yh0cNEyWa8TqLZKRbATVcCsXrKFDyVqw5DQPJm8HoZuo3H7k2IlIPOI65H9KBEn3BKFrpHruqmy+4RXcG4hYrlZJXKRNvqSxJARaodfOfnV7EkpArZJIa0/bcGP2UahRM8kmukxgeUzaiA962VNGQGz+dnTohZ1bpkX6kbSkkM/XnREpDY8ZhYDtDikPz15uK/3ntBPtlPxUqTpArNl/UTyTBiEz/Jj2hOUM5toQyLeythA2ppgxtOjkbwsrLq6RxUfSuipd3l4Xq9SKOLJzAKZyDByWowi3UoA4MBvAEL/DqSOfZeXPe560ZZzFzDL/gfHwDpKmODg==</latexit>

tn



Then train some density estimator to predict the likelihood / 
posterior at non-sampled points in the parameter space -  

Then evaluate at the location of the observations..

<latexit sha1_base64="3mnEV+O6EKzeW2oj8MzsJxP88RE=">AAAB+XicbVDLSgNBEJyNrxhfqx69DAYhXsKuBJPcgl48RjAPSJYwO5lNhszOLjO9gbDmT7x4UMSrf+LNv3HyAjUWNBRV3XR3+bHgGhzny8psbG5t72R3c3v7B4dH9vFJU0eJoqxBIxGptk80E1yyBnAQrB0rRkJfsJY/up35rTFTmkfyASYx80IykDzglICRerYdFzDuwpABwY8Y8GXPzjtFZw7sFKvVslutYHelrEgeLVHv2Z/dfkSTkEmggmjdcZ0YvJQo4FSwaa6baBYTOiID1jFUkpBpL51fPsUXRunjIFKmJOC5+nMiJaHWk9A3nSGBof7rzcT/vE4CQcVLuYwTYJIuFgWJwBDhWQy4zxWjICaGEKq4uRXTIVGEggkrZ0JYe3mdNK+K7nWxdF/K126WcWTRGTpHBeSiMqqhO1RHDUTRGD2hF/Rqpdaz9Wa9L1oz1nLmFP2C9fENcbCSQw==</latexit>

p(ω|t)
<latexit sha1_base64="iWhwdiLW45Ydt3qS2ozfqjqnAdY=">AAAB+XicbVDLSgNBEJyNrxhfqx69DAYhXsKuBJPcgl48RjAPSJYwO5lNhszOLjO9gbDmT7x4UMSrf+LNv3HyAjUWNBRV3XR3+bHgGhzny8psbG5t72R3c3v7B4dH9vFJU0eJoqxBIxGptk80E1yyBnAQrB0rRkJfsJY/up35rTFTmkfyASYx80IykDzglICRerYdFzAG/Ii7MGRA8GXPzjtFZw7sFKvVslutYHelrEgeLVHv2Z/dfkSTkEmggmjdcZ0YvJQo4FSwaa6baBYTOiID1jFUkpBpL51fPsUXRunjIFKmJOC5+nMiJaHWk9A3nSGBof7rzcT/vE4CQcVLuYwTYJIuFgWJwBDhWQy4zxWjICaGEKq4uRXTIVGEggkrZ0JYe3mdNK+K7nWxdF/K126WcWTRGTpHBeSiMqqhO1RHDUTRGD2hF/Rqpdaz9Wa9L1oz1nLmFP2C9fENb6iSQw==</latexit>

p(t|ω)

<latexit sha1_base64="GIRLNJJRZGfBaqZhmCCM60xWxIE=">AAAB+HicbVDJSgNBEO2JW4xLRj16aQxCvAwzEkxyEIJePEYwCyTD0NPpSZr0LHTXCDHmS7x4UMSrn+LNv7GzgRofFDzeq6Kqnp8IrsC2v4zM2vrG5lZ2O7ezu7efNw8OmypOJWUNGotYtn2imOARawAHwdqJZCT0BWv5w+up37pnUvE4uoNRwtyQ9CMecEpAS56ZT4pdGDAgj3AJXnzmmQXbsmfAtlWtlp1qBTtLZUkKaIG6Z352ezFNQxYBFUSpjmMn4I6JBE4Fm+S6qWIJoUPSZx1NIxIy5Y5nh0/wqVZ6OIilrgjwTP05MSahUqPQ150hgYH6603F/7xOCkHFHfMoSYFFdL4oSAWGGE9TwD0uGQUx0oRQyfWtmA6IJBR0VjkdwsrLq6R5bjkXVum2VKhdLeLIomN0gorIQWVUQzeojhqIohQ9oRf0ajwYz8ab8T5vzRiLmSP0C8bHN6IHkxg=</latexit>

p(ω|t = to)
<latexit sha1_base64="xadGtCjdefyF6LnD0sK37mIFR8Y=">AAACAXicbVDLSgNBEJyNrxhfq14EL4NBiJewK8Ekt6AXjxHMA5IQZieTZMjs7jDTK4Q1XvwVLx4U8epfePNvnCQbUGNBQ1HVTXeXJwXX4DhfVmpldW19I72Z2dre2d2z9w/qOowUZTUailA1PaKZ4AGrAQfBmlIx4nuCNbzR1dRv3DGleRjcwliyjk8GAe9zSsBIXftI5qAb4nvchiEDciZzCenaWSfvzICdfLlcdMsl7C6UBcmiBNWu/dnuhTTyWQBUEK1briOhExMFnAo2ybQjzSShIzJgLUMD4jPdiWcfTPCpUXq4HypTAeCZ+nMiJr7WY98znT6Bof7rTcX/vFYE/VIn5oGMgAV0vqgfCQwhnsaBe1wxCmJsCKGKm1sxHRJFKJjQMiaEpZeXSf08717kCzeFbOUyiSONjtEJyiEXFVEFXaMqqiGKHtATekGv1qP1bL1Z7/PWlJXMHKJfsD6+AVcDljQ=</latexit>

p(to|ω)p(ω)
Does not scale with 
parameters very well

Nice that different 
priors can be placed



How do we estimate the likelihood for the sampled distribution 
Neural Density Estimators

<latexit sha1_base64="GSeC99cYYFNDjZFppoZMCxjVY4s=">AAAB+XicbVDJSgNBEO2JW4zbqEcvjUGIl2FGgknwEvTiMYJZIBlCT6cnadKz0F0TCWP+xIsHRbz6J978GzsbqPFBweO9KqrqebHgCmz7y8isrW9sbmW3czu7e/sH5uFRQ0WJpKxOIxHJlkcUEzxkdeAgWCuWjASeYE1veDP1myMmFY/CexjHzA1IP+Q+pwS01DXNuAD4EXdgwIBc4Yfzrpm3LXsGbFuVSsmplLGzVJYkjxaodc3PTi+iScBCoIIo1XbsGNyUSOBUsEmukygWEzokfdbWNCQBU246u3yCz7TSw34kdYWAZ+rPiZQESo0DT3cGBAbqrzcV//PaCfhlN+VhnAAL6XyRnwgMEZ7GgHtcMgpirAmhkutbMR0QSSjosHI6hJWXV0njwnIureJdMV+9XsSRRSfoFBWQg0qoim5RDdURRSP0hF7Qq5Eaz8ab8T5vzRiLmWP0C8bHNyHrkrU=</latexit>

p(t|ω;w)
Gaussian mixture model 

Train using a discrete, monte carlo estimation of the 
Kullback-Leibler divergence.



H O W  T H I S  W O R K S  I N  P R A C T I C E



Simulations are very expensive to run.

Summaries
<latexit sha1_base64="7K+EMtw0M+STh3XdHkzUdmsuOt4=">AAAB8HicbVDLSgNBEJyNrxhfUY9eBoPgadkVMckt6MVjBPOQZAmzk9lkyMzsMtMrhJCv8OJBEa9+jjf/xtk8QI0FDUVVN91dYSK4Ac/7cnJr6xubW/ntws7u3v5B8fCoaeJUU9agsYh1OySGCa5YAzgI1k40IzIUrBWObjK/9ci04bG6h3HCAkkGikecErDSQxeGDEhPFXrFkud6M2DPrVbLfrWC/aWyJCW0QL1X/Oz2Y5pKpoAKYkzH9xIIJkQDp4JNC93UsITQERmwjqWKSGaCyezgKT6zSh9HsbalAM/UnxMTIo0Zy9B2SgJD89fLxP+8TgpRJZhwlaTAFJ0vilKBIcbZ97jPNaMgxpYQqrm9FdMh0YSCzSgLYeXlVdK8cP0r9/LuslS7XsSRRyfoFJ0jH5VRDd2iOmogiiR6Qi/o1dHOs/PmvM9bc85i5hj9gvPxDaPgkFI=</latexit>

ωn

<latexit sha1_base64="08wGJY+NpMSPutc1t+bJH2HbBjI=">AAAB6nicbVDLSgNBEOyNrxhfUY9eBoPgKeyKmOQW9OIxonlAsoTZySQZMju7zPQKYcknePGgiFe/yJt/4+QFaixoKKq66e4KYikMuu6Xk1lb39jcym7ndnb39g/yh0cNEyWa8TqLZKRbATVcCsXrKFDyVqw5DQPJm8HoZuo3H7k2IlIPOI65H9KBEn3BKFrpHruqmy+4RXcG4hYrlZJXKRNvqSxJARaodfOfnV7EkpArZJIa0/bcGP2UahRM8kmukxgeUzaiA962VNGQGz+dnTohZ1bpkX6kbSkkM/XnREpDY8ZhYDtDikPz15uK/3ntBPtlPxUqTpArNl/UTyTBiEz/Jj2hOUM5toQyLeythA2ppgxtOjkbwsrLq6RxUfSuipd3l4Xq9SKOLJzAKZyDByWowi3UoA4MBvAEL/DqSOfZeXPe560ZZzFzDL/gfHwDpKmODg==</latexit>

tn



Why astronomy needs machine learning 

- Likelihoods are not Gaussian.

- Astrophysical simulations are often computationally 
expensive

- Direct comparison of simulations to observations 
would be impossible in the current situation.

- The number of posterior calls is normally very large.

- Classical inference requires analytical models that 
can be passed in to a MCMC



H O W  T H I S  W O R K S  I N  P R A C T I C E



Active learning (with Sequential Neural Likelihood)

Secondly -> this tells you where the 
likelihood  is important and where there is 
uncertainty.

<latexit sha1_base64="oF2FkOQtMpv/k2uPuzzMv1d4JYc="></latexit>

p(t|ω;w) =
NNDE∑

1

εωpω(t|ω;w)
Ensembles NDEs

First -> more neural density estimators the 
better



S P E E D  U P  S I M U L AT I O N S  W I T H  
G E N E R AT I V E  M E T H O D S .

Dark matter only simulations are 
quick(ish)

Full simulations are slow

T R A I N  A  M E T H O D  T O  L E A R N  T H E  C O N N E C T I O N  
B E T W E E N  D A R K  M AT T E R  A N D  A S T R O P H Y S I C S





S P E E D  U P  S I M U L AT I O N S  W I T H  G E N E R AT I V E  M E T H O D S :  
VA R I A B L E  A U T O E N C O D E R S

<latexit sha1_base64="Om+uUGb76r9fRZ5toCCeZiyoetM=">AAAB7XicbVDLSgNBEOyNrxhfUY9eBoMQL8uuBJPcgl48RjAPSJYwO5lNxszOLjOz4hLzD148KOLV//Hm3zh5CGosaCiquunu8mPOlHacTyuzsrq2vpHdzG1t7+zu5fcPmipKJKENEvFItn2sKGeCNjTTnLZjSXHoc9ryR5dTv3VHpWKRuNFpTL0QDwQLGMHaSM24eP+QnvbyBcd2ZkCOXa2W3WoFud/KNynAAvVe/qPbj0gSUqEJx0p1XCfW3hhLzQink1w3UTTGZIQHtGOowCFV3nh27QSdGKWPgkiaEhrN1J8TYxwqlYa+6QyxHqq/3lT8z+skOqh4YybiRFNB5ouChCMdoenrqM8kJZqnhmAimbkVkSGWmGgTUM6EsPTyMmme2e65XbouFWoXiziycATHUAQXylCDK6hDAwjcwiM8w4sVWU/Wq/U2b81Yi5lD+AXr/Qt/G48Z</latexit>

p(x|y)
X-ray emission Dark matter distribution

Some parameterised model
<latexit sha1_base64="1Mp071ABt5L98k/zH51hEtfsiqo=">AAACDnicbZBNSwJBGMdnezV72+rYZUgEhZDdkNRDIHXpaJAvoCKz46iDM7vLzGy0bvYFuvRVunQoomvnbn2bxlWhsgcG/vz+z8M8z9/xGZXKsr6MpeWV1bX1xEZyc2t7Z9fc269JLxCYVLHHPNFwkCSMuqSqqGKk4QuCuMNI3RleTPz6DRGSeu61Cn3S5qjv0h7FSGnUMdN+5vYuzMIz2KKuglFLcNgdj+5jfDzK+pmRtjtmyspZcUErVyoV7FIR2nMyFykwq0rH/Gx1PRxw4irMkJRN2/JVO0JCUczIONkKJPERHqI+aWrpIk5kO4rPGcO0Jl3Y84R+eqeY/pyIEJcy5I7u5EgN5F9vAv/zmoHqFdsRdf1AERdPP+oFDCoPTrKBXSoIVizUAmFB9a4QD5BAWOkEkzqEhZMXRe0kZ5/m8lf5VPl8FkcCHIIjkAE2KIAyuAQVUAUYPIAn8AJejUfj2Xgz3qetS8Zs5gD8KuPjG/cym3c=</latexit>

p(x|y) =
∫

dz p(x|y, z)p(z|y)

Prior information on the weights.



A S S U M I N G  G A U S S I A N  M I X T U R E S
<latexit sha1_base64="1Mp071ABt5L98k/zH51hEtfsiqo=">AAACDnicbZBNSwJBGMdnezV72+rYZUgEhZDdkNRDIHXpaJAvoCKz46iDM7vLzGy0bvYFuvRVunQoomvnbn2bxlWhsgcG/vz+z8M8z9/xGZXKsr6MpeWV1bX1xEZyc2t7Z9fc269JLxCYVLHHPNFwkCSMuqSqqGKk4QuCuMNI3RleTPz6DRGSeu61Cn3S5qjv0h7FSGnUMdN+5vYuzMIz2KKuglFLcNgdj+5jfDzK+pmRtjtmyspZcUErVyoV7FIR2nMyFykwq0rH/Gx1PRxw4irMkJRN2/JVO0JCUczIONkKJPERHqI+aWrpIk5kO4rPGcO0Jl3Y84R+eqeY/pyIEJcy5I7u5EgN5F9vAv/zmoHqFdsRdf1AERdPP+oFDCoPTrKBXSoIVizUAmFB9a4QD5BAWOkEkzqEhZMXRe0kZ5/m8lf5VPl8FkcCHIIjkAE2KIAyuAQVUAUYPIAn8AJejUfj2Xgz3qetS8Zs5gD8KuPjG/cym3c=</latexit>

p(x|y) =
∫

dz p(x|y, z)p(z|y)

Predict the weights of the mixture model using a 
CNN then sampled from the resulting distributions 
to create new samples



H O W  T H I S  W O R K S  I N  P R A C T I C E

Generative
 models



O T H E R  M E T H O D S  F O R  G E N E R AT I V E  M O D E L S  I N  
A S T R O N O M Y:  

N O R M A L I S I N G  F L O W S  ( E . G .  H T T P S : / / A R X I V. O R G / P D F /
2 2 1 1 . 1 5 1 6 1 ,  H T T P S : / / A R X I V. O R G / A B S / 2 1 0 5 . 1 2 0 2 4 )  

D I F F U S I O N  M O D E L S  ( E . G .  H T T P S : / / A R X I V. O R G / P D F /
2 3 1 1 . 0 5 2 1 7 )  

https://arxiv.org/pdf/2211.15161
https://arxiv.org/pdf/2211.15161
https://arxiv.org/pdf/2311.05217
https://arxiv.org/pdf/2311.05217


C L A S S I C A L  I N F E R E N C E  I S  S L O W  A N D  R E Q U I R E S  A N A LY T I C A L  M O D E L S  T H AT  
O F T E N  L O S E  I N F O R M AT I O N  R E S U LT I N G  I N  L O O S E  A N D  B I A S E D  I N F E R E N C E .

DM
DM
DM

DM

DM

DM

O N E  C A N  U S E  M A C H I N E  L E A R N I N G  D I R E C T LY  O N  S I M U L AT I O N S  T O  
C O M PA R E  AV O I D I N G  L O S I N G  I N F O R M AT I O N .

S I M U L AT I O N  B A S E D  I N F E R E N C E  P R E S E N T S  A  WAY  T O  C O M PA R E  
D I R E C T LY  T O  S I M U L AT I O N S  I N  A  R O B U S T  S TAT I S T I C A L  WAY  W I T H  

A D VA N C E  I N  G E N E R AT I V E  N E T W O R K S  A I D I N G  I N F E R E N C E



Distribution of matter as seen by the millennium simulation

What is the probability of the our model of the Universe given what we observe?


