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Motivation Learning to Learn (L2L) framework
Problem:
« Neuroscience models have high number of degrees of freedom qutimiztetr- __Outer loop . Implements the concept of
. (o . . volutionary strategies =
« Only specific parameter regions are of interest Ftering srategies < —— meta-learning [1, 2]
. . . . . . Cross entropy model M in task T ] ]
» Finding these regions efficiently requires development of complex . Generalization on new dat3
tools and strategies I~ sets via experience
G I . hyperparameters .
oal: — — 1 —— = Parameter space exploration
High throughput hyper-parameter optimization at scale using Optimizee —{Inner loopp___ =R ) Variety of gradient-free
. . or sinale cell dynam.i(.:s of M for ] ]
Machine Learning model (M) @ specific task | metaheuristics
Parallelization on high performance computing systems (HPCs) "« |« Easily parallelizable on HPC
Handling of complex problems with arbitrary tools and algorithms L[5 7705 performance systems and applicable to
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Arbor: Single cell parameter optimization

NEST: Tuning large scale spiking networks
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DI = Network simulations of morphologically-detailed neurons [4]
L Built for modern, accelerated HPC using C+-+20 and Python
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............................. < « For a given model, i.e. morphology and assignment of ion
channels, find parameters to match empirically obtained voltage

« Two loop parameter optimization scheme of spiking reservoir traces

. Implemented in NEST [3] on HPC systems « Working prototype for distributed optimization

. Reservoir classifies digits « Proof of concept for multi-instance optimization leveraging
» Ensemble Kalman filter (Enkf) optimizes weights of n individuals Arbor’'s GPU support — simultaneous evaluation of a large

Genetic algorithm optimizes hyper-parameters 7y and ensemble size population of individuals

The Virtual Brain (TVB) parameter sweeps NetLogo-Nest: Ant colony optimization

Outer loop Multi-agent simulation in NetLogo [6]

Ants (red, green) explore and forage for
food (green, brown leaves)
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Multi gradient descent
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Compress function
Compress results
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MAAMA

Fitness of the optimizee
with current hyperparameters
to learn task T

- Drop pheromones (blue, white) for
communication

Steered by a Spiking Neural Network

Expand function
Launch an optimizer for
each set of parameters

Optimization of weights and delays

CUDA TVB Fitness function » 32 individuals optimized in parallel, 15 ants
optimizee on oPy
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Launch multi instances Structural - and
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- TVB [5]: whole brain simulation using neural mass models and
detailed connectomes

Parameter fitting to match patient EEG/fMRI

« VB Python optimizee available References

] TVB C U DA mu |t|_ I nSta nee Optl m IZatIOH (See flgu re) E} iTs::tiYir;;:;l:E ::il%igir;ls:ii:.PL;Z:Zirt:nljalr-ln);pSeF:—rEagrearmSeiieGrng:)ielju:finl\elzzrlz)/lseccili,cjol\ilidels on High Performance Computers With

- ReCO mmen d ed usage Of Rate M L to eaSI |y b u I |d TV B m Od el [3] 5:?::5:: el;e:;.n NIEZTF;O.gfli/resr;?O:O::g.)ujz:1[:,723(:)/27.6ngsl:aelgc.e51268§2/02262I)1.Odo .4739103. URL: https://doi.org/10.5281/zenodo.
4739103.

Acknowledgments O Aitectnes s 2015 272 Evtomin ntemationsl Conforenceon Payall Distbuted aid Network Bosed Pracesang. (PDP). Fab 2016

The research leading to these results has received funding from the European Union’s Horizon 2020 Framework Programme for Research

pp. 274-282. DOI: 10.1109/EMPDP.2019.8671560.

and Innovation under the Specific Grant Agreement No. 945539 (Human Brain Project SGA3). This research has also been partially funded y : : : : : . S : :
by the Helmholtz Associatign through the gHeImhoItz Portfolio T|(1eme ”SupercomleJting And I)\/Iodeling for the Human BrainP'. Ope)rq Access [5] Paula Sanzleon et al. “The virtual bram: A simulator of primate brain network dynamics". In: Frontiers in Neuroinformatics 7.MAY (2013).
publication funded by the Deutsche Forschungsgemeinschaft (DFG, German Research Foundation) - 491111487. ISSN: 16625196. DOI: 10.3389/fninf.2013.00010.

[6] Seth Tisue and Uri Wilensky. “Netlogo: A simple environment for modeling complexity”. In: International conference on complex systems.

Vol. 21. Boston, MA. 2004, pp. 16-21.


https://www.fz-juelich.de/profile/yegenoglu_a
mailto:a.yegenoglu@fz-juelich.de
https://github.com/Meta-optimization/L2L
https://doi.org/10.5281/zenodo.4739103
https://doi.org/10.5281/zenodo.4739103
https://doi.org/10.5281/zenodo.4739103
https://doi.org/10.1109/EMPDP.2019.8671560
https://doi.org/10.3389/fninf.2013.00010

	References

