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Some Numbers on the Brain���

•  Rat brain* 

~200M (2x108) nerve cells 
~130M glial cells 
~O(1012) synapses 
 

*	
  Herculano-­‐Houzel	
  et	
  al.	
  2006;	
  **Herculano-­‐Houzel	
  2009;	
  ***	
  Sims	
  et	
  al.	
  2007	
  

•  Each cell – a universe*** 
~O(10B) proteins/nerve cell 
 

•  Human brain** 
~90B (1011) nerve cells 
~90B glial cells 
~O(1015) synapses 



Relevant Scales���

weak	
  scaling	
  

strong	
  scaling	
  

Space:	
  ~9	
  orders	
  of	
  magnitude	
  
Time:	
  ~18	
  orders	
  of	
  magnitude	
  



NEST,	
  BRIAN,	
  CSIM,	
  MVASpike,	
  C2,	
  …	
  	
  

NEURON,	
  MOOSE,	
  GENESIS,	
  NCS,	
  SPLIT,	
  …	
  

STEPS,	
  MCELL,	
  VCELL,	
  NEURORD,	
  CDS,	
  …	
  

LAMMPS,	
  NAMD,	
  AMBER,	
  GROMACS,	
  ESPRESSO,	
  …	
  

Gaussian,	
  CPMD,	
  CP2K,	
  …	
  

Topographica,	
  MIIND,	
  …	
  

Qualitative Simulator Landscape*���
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1	
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  TB	
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Cellular	
  Neocor8cal	
  
Column	
  

Cellular	
  Mesocircuit	
  

Cellular	
  Rodent	
  Brain	
  

Cellular	
  Human	
  Brain	
  

1	
  Gigaflops	
   1	
  Teraflops	
   1	
  Petaflops	
   1	
  Exaflops	
  

Single	
  Cellular	
  Model	
  

~0.1MB/	
  
neuron	
  

~1MB/	
  
neuron	
  

	
  up	
  to	
  100GB/	
  
neuron	
  

up	
  to	
  100TB/	
  
neuron	
  



Simulation Codes in the HBP���
Ramp-up Phase���

h`p://www.nest-­‐ini[a[ve.org/	
  
Markus	
  Diesmann,	
  Hans-­‐Ekkehard	
  Plesser,	
  Marc-­‐Oliver	
  Gewal[g	
  
ODEs;	
  loose	
  (global)	
  coupling	
  

h`p://www.neuron.yale.edu	
  
Michael	
  Hines	
  
ODEs,	
  LinAlg;	
  loose(global)/[ght(specific)	
  coupling	
  
`	
  

h`p://www.nest-­‐ini[a[ve.org/	
  
Erik	
  De	
  Schu`er	
  
Gillespie	
  SSA,	
  diffusion	
  via	
  NN	
  coupling	
  
	
  

 All	
  are	
  open	
  source	
  
 All	
  have	
  a	
  scrip[ng	
  interface	
  (python)	
  for	
  model	
  setup	
  
 All	
  have	
  C/C++	
  compute	
  core	
  
 All	
  have	
  their	
  community	
  mission	
  and	
  roadmap	
  and	
  HBP	
  complements	
  



In HBP: Anchored to the Neuron���
Point	
  neuron,	
  e.g.	
  Izhikevich	
  

Single	
  Compartment	
  HH	
  model	
  

Em	
  

Cm	
   Rm	
  

Vm	
  

ENa	
  

gNa	
  

Ek	
  

gk	
  

I	
  inj	
  

Mul8	
  Compartment	
  HH	
  model	
  

Reac8on-­‐Diffusion	
  model	
  

Coarse-­‐Graining/MD	
  



Useful Properties of Neuron-based Abstraction���
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t	
  

rank	
  #	
  

0	
  

n-­‐1	
  

taxonaldelay	
  

No	
  spike	
  evoked	
  at	
  [me	
  
t	
  can	
  arrive	
  at	
  any	
  
postsynap[c	
  cell	
  sooner	
  
than	
  t+min{taxonaldelay}	
  



Initial Development Goals for NEST, NEURON���
•  Interactive Supercomputing 

–  Use of dense memory; high memory bandwidth 
–  Malleability (dynamical runtime) 
–  Interaction with analysis and visualization frameworks 

•  Scalability (Communication, Memory!) 
–  To support full brain scale models 
–  Reduce memory footprint 

•  Software Engineering 
–  Test driven development; Agile teams 
–  Software lifecycle model 

  NEST has good practice 
  NEURON has a lot of legacy  coreNEURON 

•  Efficiency 
–  Mini-Apps 
–  Accelerator support while maintaining flexibility 

 Abstraction of SIMD 
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Subcellular Details���



Reaction… and…Diffusion���

approaches, such as integration of the chemical Langevin equation, become valid. In
the thermodynamic limit, i.e., when the volume of the system and the numbers of
molecules go to infinity but their ratio remains finite, the system’s behavior becomes
deterministic and numerical integration of ODEs becomes a valid approximation.

The ordering of methods in figure 3.5, however, is at the same time also an order-
ing in terms of increasing computational e‰ciency. Gillespie’s SSA is generally appli-
cable but becomes very slow for large systems. Deterministic approaches are valid
only for very large systems but invariably are more e‰cient. This perpetual conflict
between validity and e‰ciency can be avoided to some extent by using mixed meth-
ods, in which the overall reaction system is partitioned into a number of subsets, each
of which is simulated using a di¤erent method.

The issues with these methods are threefold. First, of course, they are always
approximate. In addition, stochastic calculations typically assume that molecular
numbers do not vary between transitions, and this assumption is violated by the
deterministic methods that allow molecule concentrations to vary continuously in
time. Second, several problems arise when the same molecules participate in deter-
ministic as well as stochastic reactions in such a scheme. For example, the determin-
istic (ODE) calculation might give us a fractional molecule count. Third, the di¤erent
numerical methods need to have some way of aligning time. This is tricky because
the best deterministic method as well as the various stochastic methods utilize vari-
able time steps. An important aspect of mixed methods is the approach used to sub-
divide the reaction system into di¤erent regimes. Some methods require user input or
an initial subdivision; others perform this subdivision automatically, based on prop-
erties of the reaction system.

Figure 3.5
A hierarchy of methods for stochastic simulation.
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Reac8ons	
  

Brownian	
  Mo8on	
  &	
  Stochas8c	
  Diffusion	
  

 General	
  Finite	
  Volume,	
  Finite	
  Element	
  for	
  PDEs	
  
 Con[nuous	
  Random	
  Walk	
  (e.g.	
  MCell)	
  
 Random	
  Walk	
  on	
  discrete	
  lalce	
  
 Voxel-­‐based	
  methods	
  (e.g.	
  MesoRD,	
  STEPS)	
  

From:	
  	
  
Computa[onal	
  Modeling	
  Methods	
  for	
  Neuroscien[sts	
  
ed.	
  Erik	
  de	
  Schu`er	
  



STochastic Engine for Pathway Simulation: 
 Simulation algorithm 

STEPS Simulator���

h`p://steps.sourceforge.net/	
  
Erik	
  De	
  Schu`er	
  



Contacts���

The Human Brain Project Consortium 
http://www.humanbrainproject.eu 

Contacts: 
Prof. Henry Markram  
Director Blue Brain Project  
Coordinator Human Brain Project 
Email: henry.markram@epfl.ch 
 
Prof. Felix Schürmann 
Blue Brain Project 
Email: felix.schuermann@epfl.ch 
 


