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Learning and inference for neuroscience

Figure 1.15: Left: example of LFP signal (blue) and concurrent fMRI activity (black), repetitive dynamical patterns
appear in red blocks. Right: learned dictionary of dynamical patterns, together with their brain-wide signature.

Mammalian brains efficiently combine per-
ception, decision making, and motor commands
in hundreds of milliseconds. Machine learning
can help understand these fascinating distributed
information processing capabilities.

A first application of machine learning algo-
rithms to neuroscience is the extraction of infor-
mation from complex brain signals, focusing on
their dynamical aspects. This includes the design
of non-parametric statistical dependency mea-
sures for time series using an implicit mapping
in a Reproducing Kernel Hilbert Space to cap-
ture complex non-linear dependencies between
brain rhythms [441], as well as dictionary learn-
ing techniques that automatically identify the
transient dynamical patterns in ongoing Local
Field Potentials (LFP) of a given brain structure
that have an impact on the activity of the whole
brain (see Figure 1.15) [160].

A second objective is to infer causal state-
ments about the organization of underlying neu-
ral mechanisms. One key application is the esti-
mation of the direction and strength of informa-
tion flow across brain networks. We first studied
the communication between multiple locations
of the visual cortex using an information the-
oretic measure of Granger causality, Transfer
Entropy, computed between LFP signals during
visual stimulation [224]. Our results suggest the
presence of waves propagating along the cortical
tissue along the direction of maximal flow of in-
formation, routing visual information across the

visual cortex [34]. We also study novel causal-
ity principles proposed by our department as an
alternative to the Granger causality framework
widely used in neuroscience. In particular, we
developed a new causal inference method for
time series based on the postulate of Indepen-
dence of Cause and Mechanism. We provided
theoretical guaranties for this approach, which
outperformed Granger causality in experimental
LFP signals [353].

Causal inference techniques can also be used
to assess which aspect of brain activity affects
the behavioral outcome of an experiment. Causal
terminology is often introduced in the interpreta-
tion of neuroimaging data without considering
the empirical support for such statements. We in-
vestigated which causal statements are warranted
and which ones are not supported by empirical
evidence [46]. Our work provides the first com-
prehensive set of causal interpretation rules for
neuroimaging results.

Beyond providing powerful data analysis tech-
niques, machine learning can help understand
brain function from a theoretical perspective. We
investigated a standard model of neuronal adapta-
tion – spike-timing dependent plasticity – in this
way and showed it can be viewed as a stochastic
gradient descent of a neuromodulatory reward
function implementing a form of empirical risk
minimization [95, 473]. These results help under-
stand optimality properties of biological learn-
ing.

More information: https://ei.is.tuebingen.mpg.de/project/machine-learning-and-neuroscience
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