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Mechanistic simulations Machine Learning

How can we combine these two approaches
to build tools for data-driven scientific discovery?

Focus: Neuroscience



How can we find mechanistic/physical models which are

compatible with observed data (and prior knowledge)?
Forward simulation

Parameters 6

Challenges: Inference

1) Forward model often given by simulator
(might be complicated, black-box, non-diffable)

2) Inference problems vastly under-constrained



How can we do Bayesian inference for any mechanistic
model (including ones specified as simulators)?

forward model

531

example

x ~ p(x|0)

prior over parameters posterior

7(6) O > 0 p@|x,) x p(x,|0)x(0)

measured data / \
Xo M/L Likelihood-free inference/ABC

races. fluorescence, . Simulation-based inference (SBI)

Cranmer, Brehmer, Louppe, 2020






1. Sample parameters from prior

91;]\7 ~ 7'('(9)

prior




2. Simulate data from parameters

O.n ~ 7T(9) X1:N p(X|81:N)

simulated data




O.n ~ 7T(9) X1:N p(X|61:N)

simulated data

density estimator

3. Train conditional density
estimator to predict parameters
from (simulated) data



X1:N ™ p(X|81:N)

simulated data

posterior

o

P(O]x,) = q¢<9|xo\ /

4. Plug empirical data x, into density
estimator to calculate posterior




X1:N ™ p(X|81:N)

simulated data

posterior

o

p(O]x,) = q¢(9|xo\ /

5. If needed, adaptively generate
more simulations




(Sequential) Neural Posterior Estimation:
Train neural networks to perform inference on simulations

prior

simulated data

posterior

Q

density estimator

~_

Papamakarios & Murray NeurlPS 2016

Beaumont et al 2002
Blum & Francois 2010

Other SBI approaches, reviewed in Cranmer, Brehmer, Louppe 2020

Website: simulation-based-inference

.org/
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Code: www.mackelab.org/sbi

Benchmark: sbi-benchmark.github.io/
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Alternatives to Neural Posterior Estimation:
Sequential Neural Variational Inference (SNVI)
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» Sequential Neural Likelihood
(SNL, Papamakarios et al 2018):
Estimate likelihood from simulations

Manuel

* Requires additional MCMC Glockler

e Solution: Combine SNL with variational inference,
: : : : Glockler, Deistler, Macke, ICLR 2022
learn likelihood and posterior in parallel 2lso see Wiqist et al 2021



Alternatives to Neural Posterior Estimation:
GATSBI: Generative Adversarial Training for SBI

prior simulations generator approximate
posterior

Poornima
Ramesh

Ramesh et al, ICLR 2022
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Exploiting problem structure: Symmetries + Noise
d~ p(d|0) h(0) n~ NQ0,S,)
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deterministic GW signal from Noise: stationary Gaussian
general relativity model with PSD Sn

GW simulation:
- exactly equivariant under shifts of time r € 9
- approx. equivariant under rotations (a,6) € 6
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Exploiting problem structure: Symmetries + Noise
d~ p(d|0) h(0) n~ NQ0,S,)
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|

deterministic GW signal from Noise: stationary Gaussian
general relativity model with PSD Sn

e Chicken-and-egg problem:
* Once we align on standardized direction,

X Virgo inferring other parameters is easy
MR er JHanford | e But dont know direction and time ...
e Livingston e Solution: Gibbs Sampling
%@\;i&gﬁb e (Group-equivariant neural posterior estimation:
! Dax, Green, Gair, Scholkopf, Macke, ICLR 2022



Exploiting problem structure: Symmetries + Noise
d~ p(d|0) h(0) n~ NQ0,S,)
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deterministic GW signal from Noise: stationary Gaussian
general relativity model with PSD Sn
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® But noise is non-stationary?
Use probabilistic model of the PSD Sn!
Wildberger et al PRD 2023

 But noise is Gaussian?
Use Importance Sampling to fine-tune!!
Dax et al PRL 2022
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Scaling up: Flow-Matching Neural Posterior Estimation
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Simon Buchholz
Dax*, Wildberger*, Buchholz* et al, NeurlPS 2023 all at MPI-1S



Scaling up: Flow-Matching Neural Posterior Estimation

te [ms]

m Reference
m \NPE
m ['\NPE
(b -
R
o1 0
Q>
.
N
Q.Q
<:D -
/Q
NQ _ v
/ | @I V | | | | | | | |

dr, [Mpc] te [ms] o)

Dax™, Wildberger*, Buchholz* et al, NeurlPS 2023

/\/p@p/hp@@\/p@

m; 12 13 0.8
me 2.5 0.6 1.1
e, 32 08 02
a, 16 1.0 0.3
t; 08 01 0.5
t, 04 03 0.5
b, 03 0.2 0.1
dg 44 01 08
t. 9.1 0.6 —
o) 0.6 0.7
o 86 05 14
o 06 01 02

JSD

'mnat]

15

- 10

Gravitational Wave parameters
0 € R (masses, spins etc.)

Gravitational waves x € R!2:744
(frequency domain data)

FMPE network 1.9 - 108

learnable parameters, training
around 2 days

NPE network 1.3 - 108

parameters, training around 3
days

FMPE performance
en par with GNPE



Simulation-based inference:

New perspectives and opportunities across multiple
scientific disciplines ...



. but ...

simulated data

97

A

posterior

Q

density estimator

.

~_

» Simulation efficiency

* Mis-specification
Gao, Deistler, Macke, NeurlPS 2023

* Infer models, not just parameters?
Schroder, Macke Arxive 2023

« Robustness?
Glockler, Deistler, Macke, ICML 2023

Inference Predictive
0; ~ q(0|x) a; ~ plx|d;)
Observed

- .




Bogovic et al 2020
Takemura et al 2023
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We built a recurrent, hexagonally convolutional neural network constrained
by the fruit fly optic lobe— a “Deep Mechanistic Network” (DMN)

lobula plate
cen_tral
light 905! 0 | A brain
\
retina lamina medulla lobula

W

64 cell types, 44k cells, 1.5Mio connections



We use simple models of single-cell and synaptic dynamics

Non-spiking point neurons:

T, Vi=—Vi+ > sy + V2

| J |
time resting
constants potentials

Current-based synapses:

scaling coefficient of synapse
convolutional filters counts

sij = wif(Vj) = Qtit; Otat, NtitjA“A“f(V})

synlﬂpse /

signs




We train the DMN to perform motion-estimation on
naturalistic inputs

,
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In-silico neurophysiology on the model: Direction selectivity
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In-silico neurophysiology on the model: T4 and T5 cells
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Maisak et al 2013, Fisher & Clandinin 2015, Gruntmann et al 2018., Grundmann et al 2019.
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Deep learning enables fast and dense
single-molecule localization with high accuracy
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Forward model of imaging process

Sources

Inference network (DECODE")
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Q Check for updates

Deep learning enables fast and dense
single-molecule localization with high accuracy
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+ AS € ASDECODE
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High signal High signal Low signal Low signal
low density high densily low density high density

Problem: How to represent posterior distributions
over an unknown number of points?
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