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Solution: Amortized simulation-based inference (SBI)

parameter 2

parameter 1

0~ p(0)

J

NPE (Neural posterior estimation)

Papamakarios, G., & Murray, I. (2016); Lueckmann et al. (2017); 3



Solution: Amortized simulation-based inference (SBI)

4 _ N 7 D
prior simulated data
~ A | [\
5 } *
o |
o
o
o )
parameter 1
0 ~ p(06
L0~p0) )| a~ple)

NPE (Neural posterior estimation)

Papamakarios, G., & Murray, I. (2016); Lueckmann et al. (2017); 3



Solution: Amortized simulation-based inference (SBI)

a N [ N 7/ )
prior simulated data density estimator
o A | BE
M -
o > n._J><~._J
parameter 1
_O0~p0)  J | z~ple) | |El-logg@lz)]

NPE (Neural posterior estimation)

Papamakarios, G., & Murray, I. (2016); Lueckmann et al. (2017); 3



Solution: Amortized simulation-based inference (SBI)

_ é ) 4 N\
prior simulated data density estimator
o d /\ B R
2 <
g M [E - ij
@ <
8 - U

parameter 1
_O0~p0)  J | z~ple) | |El-logg@lz)]

v
parameter 2
-

>

parameter 1

NPE (Neural posterior estimation)

Papamakarios, G., & Murray, I. (2016); Lueckmann et al. (2017);

0|z,
GM(W)

AR



Solution: Amortized simulation-based inference (SBI)

an N\ N\ N )
prior simulated data density estimator posterior
R | — M
£ - G
@ o
parameter 1 parameter 1>
. p(0) )| = p(x|0) RS [—log q4(6] )]) \Q¢(9|€Uo) )

NPE (Neural posterior estimation)

Papamakarios, G., & Murray, I. (2016); Lueckmann et al. (2017); 4



Limitations of current simulation-based inference methods

Parameters Data Simulator Inference




Limitations of current simulation-based inference methods

Parameters Data Simulator Inference

Requires fixed prior
and finite number of
parameters

®,

A

>




Limitations of current simulation-based inference methods
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These inflexibilities prevents application of SBI an many real-world problems




We developed the Simformer a single method to
tackle all of these limitations at once.
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Simformer allows real-time interactive inference
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Simformer iIs flexible and accurate
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