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Figure 2. Mapping synaptically evoked Ca2+ transients in spines and dendrites in vivo. (A,B) Spatial distribution of orientation-tuned local synaptic input sites, recorded
from mouse layer 2/3 visual cortex neurons. (A) Local dendritic Ca2+ transients (hot spots) evoked by drifting gratings of different orientations. (1) Two-photon images
indicating recording locations. Oregon Green BAPTA-1 was used as Ca2+ indicator. (2) Recording of Ca2+ signals at three dendritic sites during visual stimulation. (3)
Dendritic hot spot locations. Adapted, with permission, from [57]. (B) Spatial distribution of visual cortex spines tuned for different drifting grating orientations. (1) L2/3
dendritic branch expressing GCaMP6s. (2) Map of Ca2+ signals during drifting grating stimulation. (3) Pixel-based orientation map. (4) Recording of Ca2+ signals from three
dendritic spines and three dendritic shafts during drifting grating stimulation. (5) Tuning curves of three dendritic spines. Adapted, with permission, from [58]. (C) Spatially-
clustered spine Ca2+ transients in a layer 2/3 pyramidal cell of the mouse somatosensory cortex. (1) Fluorometric image of a L2/3 dendritic branch in mouse somatosensory
cortex. (2) Spine and dendritic Ca2+ signals, recorded, using Fluo-5F, from the dendritic segment shown in (1). (3) Bar graph showing the probability of observing coactive
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rameters is inferred, p(✓|D). The central goal of information theoretic ac-
tive learning is to reduce the number possible hypotheses maximally fast, i.e.
to minimize the uncertainty about the parameters using Shannon’s entropy
[Cover et al., 1991]. Data points D0 are selected that satisfy argminD0 H[✓|D0] =
�
R
p(✓|D0) log p(✓|D0)d✓. Solving this problem in general is NP-hard; however,

as is common in sequential decision making tasks a myopic (greedy) approxi-
mation is made [Heckerman et al., 1995]. It has been shown that the myopic
policy can perform near-optimally [Golovin and Krause, 2010, Dasgupta, 2005].
Therefore, the objective is to seek the data point x that maximises the decrease
in expected posterior entropy:

argmax
x

H[✓|D]� Ey⇠p(y|xD) [H[✓|y,x,D]] (1)

Note that expectation over the unseen output y is required. Many works
e.g. [MacKay, 1992, Krishnapuram et al., , Lawrence et al., 2003] propose using
this objective directly. However, parameter posteriors are often high dimen-
sional and computing their entropies is usually intractable. Furthermore, for
nonparametric processes the parameter space is infinite dimensional so Eqn. (1)
becomes poorly defined. To avoid gridding parameter space (exponentially hard
with dimensionality), or sampling (from which it is notoriously hard to estimate
entropies without introducing bias [Panzeri and Petersen, 2007]), these papers
make Gaussian or low dimensional approximations and calculate the entropy of
the approximate posterior. A second computational di�culty arises; if Nx data
points are under consideration, and Ny responses may be seen, then O(NxNy),
potentially expensive, posterior updates are required to calculate Eqn. (1).

An important insight arises if we note that the objective in Eqn. (1) is
equivalent to the conditional mutual information between the unknown output
and the parameters, I[✓, y|x,D]. Using this insight it is simple to show that the
objective can be rearranged to compute entropies in y space:

argmax
x

H[y|x,D]� E✓⇠p(✓|D) [H[y|x,✓]] (2)

Eqn. (2) overcomes the challenges we described for Eqn. (1). Entropies are now
calculated in, usually low dimensional, output space. For binary classification,
these are just entropies of Bernoulli variables. Also ✓ is now conditioned only
on D, so only O(1) posterior updates are required. Eqn. (2) also provides us
with an interesting intuition about the objective; we seek the x for which the
model is marginally most uncertain about y (high H[y|x,D]), but for which
individual settings of the parameters are confident (low E✓⇠p(✓|D) [H[y|x,✓]]).
This can be interpreted as seeking the x for which the parameters under the
posterior disagree about the outcome the most, so we refer to this objective as
Bayesian Active Learning by Disagreement (BALD). We present a method to
apply Eqn. (2) directly to GPC and preference learning. We no longer need to
build our entropy calculation around the type of posterior approximation (as
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Figure 2. Mapping synaptically evoked Ca2+ transients in spines and dendrites in vivo. (A,B) Spatial distribution of orientation-tuned local synaptic input sites, recorded
from mouse layer 2/3 visual cortex neurons. (A) Local dendritic Ca2+ transients (hot spots) evoked by drifting gratings of different orientations. (1) Two-photon images
indicating recording locations. Oregon Green BAPTA-1 was used as Ca2+ indicator. (2) Recording of Ca2+ signals at three dendritic sites during visual stimulation. (3)
Dendritic hot spot locations. Adapted, with permission, from [57]. (B) Spatial distribution of visual cortex spines tuned for different drifting grating orientations. (1) L2/3
dendritic branch expressing GCaMP6s. (2) Map of Ca2+ signals during drifting grating stimulation. (3) Pixel-based orientation map. (4) Recording of Ca2+ signals from three
dendritic spines and three dendritic shafts during drifting grating stimulation. (5) Tuning curves of three dendritic spines. Adapted, with permission, from [58]. (C) Spatially-
clustered spine Ca2+ transients in a layer 2/3 pyramidal cell of the mouse somatosensory cortex. (1) Fluorometric image of a L2/3 dendritic branch in mouse somatosensory
cortex. (2) Spine and dendritic Ca2+ signals, recorded, using Fluo-5F, from the dendritic segment shown in (1). (3) Bar graph showing the probability of observing coactive
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How can we make statistical inference tractable for 
mechanistic models of neural dynamics?



How can we make statistical inference tractable for 
mechanistic models of neural dynamics?

1) An algorithm 
2) A couple of applications
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Challenging! Simulation-based inference comes to the rescue



Bayesian inference in simulation based models
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For ‘simulation based’ models (and neuroscience models in particular), we can 
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How can we do Bayesian inference, if all we have is a simulator, but no explicit 
likelihoods?

Likelihood-free Bayesian Inference or Approximate Bayesian Computation (ABC)
Blum & Francois 2010, Papamakarios & Murray 2016
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ḡcgc[Ec � V ] + I

time (ms)

vo
lta

ge
 (m

V)

0 20

40

-20

40
-80

gNa (mS/cm2)
_

gK
 (m

S/
cm

2)
_

80 120 160

30

40

50

…

…

… …

…

train neural network

sampled parameters simulated data

simulate data

propose new parameters

neural network

2. Train Neural network (NN) 
to predict parameters from 

samples



CV̇ =
X

c
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→ Identification of parameters in canonical neural model  

→ Sensitivity to perturbations in a neural network model

A couple of applications



Inference of 8 biophysical parameters in Hodgkin-Huxley 
models

original data (simulated)



Posterior distribution: space of 
parameters consistent with data
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Stronger constraints from additional data features
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Sensitivity to perturbations in a neural network model

Michael Deistler



Neural systems operate under multiple perturbations
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500 ms

PD

LP

PY

Marder and Bucher 2007; Haddad and Marder 2018

Pyloric network



31 parameters: 

• 8 maximal membrane conductances per neuron 
• 7 synaptic strengths

Prinz, Bucher, Marder 2004

Model of the pyloric network



Prinz, Bucher, Marder 2004

Model of the pyloric network
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Analysing the posterior



Robustness to perturbations

Taylor et al. 2006
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• Find a ‘path’ between the two samples 
• Path should remain in regions of high probability





















Parameter sets producing similar outputs are 
connected in parameter space: no ‘islands’



Can small perturbations lead the circuit to break 
down?











Small perturbations can lead the circuit to break 
down



Energy efficiency and robustness

Flexibility of simulation-based inference

M Deistler, JH Macke*, PJ Goncalves* (2021) biorXiv

Compute energy consumption of 36,000 parameter configurations



Energy efficiency and robustness

Flexibility of simulation-based inference

M Deistler, JH Macke*, PJ Goncalves* (2021) biorXiv

Compute energy consumption of 36,000 parameter configurations

But other projects ongoing at different scales in the brain. Also, cosmology and 
climate sciences.



Energy efficiency and robustness

Flexibility of simulation-based inference

M Deistler, JH Macke*, PJ Goncalves* (2021) biorXiv

Compute energy consumption of 36,000 parameter configurations

Workshop on simulation-based inference for scientific discovery, 09/2021, Tübingen.

But other projects ongoing at different scales in the brain. Also, cosmology and 
climate sciences.



Discussion

• Flexibility: inference approach does not depend on specifics of mechanistic 
model, works with simulation-based models
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Discussion

• Flexibility: inference approach does not depend on specifics of mechanistic 
model, works with simulation-based models

• Simulation-based inference allowed us to fit non-linear models, with lots of 
parameters and complex relationships between parameters and outputs

• Sensitivity analysis

• Lots of challenges: scaling number of parameters, model misspecification…
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