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Challenges in Functional Brain 
Science from the Perspective 

of Inverse Problem



Inverse Problems :  
Decoding Brain Mechanisms 

from Observations using Generative Models 



Neuroimaging Methods :  
Observations For Inverse Problem
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Anatomical Connectivity using Diffusion tensor imaging
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The world’s first whole brain fiber tractography since 2002
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Challenges:  
Inverse Problems For Brain Diseases
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Challenges for prediction.



…. 
Fundamental questions: 

How many dimension is needed for the brain function? 

Is there a simple/finite dimensional manifold and working 
principle that governs the complex BRAIN system leads 

MIND to the awareness of MATHEMATICAL world? 



Interdisciplinary Approaches 

To solve one of the most complex inverse problem.. 
at least, to get some mathematical equations for brain 

function.

Thank you….

dynamics of neural networks produces firing patterns that encode 
informational inputs and relay them to further processing centers 
upstream. In general, this code is spatiotemporal and sequential, 
i.e., transient. Such encoding has been observed recently in experi-
ments with olfactory and gustatory sensory systems (Jones et al., 
2007; Rabinovich et al., 2008b; Fernandez et al., 2009).

An analysis of the response of a rat’s gustatory cortex to proto-
type tastes has revealed that reproducible taste-specific switching 
patterns are triggered shortly after the stimulus is presented (Jones 
et al., 2007; see Figure 2, row 2). Experimental observations in 
the olfactory systems of locusts (Stopfer et al., 2003), zebrafish 
(Friedrich and Laurent, 2001), and honeybee (Fernandez et al., 
2009) reveal odor- and concentration-specific, reproducible, and 
transient patterns of activity in principal neurons. The odor repre-
sentations are spatiotemporal successions of states, or trajectories, 
each corresponding to one odor identity and one concentration 
(Stopfer et al., 2003). The results of these experiments, in fact, dem-
onstrate a stimulus-dependent switching dynamics that is based 
on the winnerless competition (WLC) principle (Rabinovich et al., 
2001, 2006c, 2008b).

The dynamical image of WLC is a robust heteroclinic cycle 
or stable heteroclinic channel (SHC; see Figures 1 and 2). 
Winnerless competitive dynamics in neural systems can result 
from the presence of inhibitory connections among neurons 
or neuronal groups (ensembles). For example, inhibitory con-
nected networks of interneurons in hippocampus and neocortex 
generate collective 40-Hz rhythms (gamma oscillations), when 
excited tonically (Jefferys et al., 1996). Here we use the term WLC 
principle for the non-autonomous transient dynamics of neu-
ral systems receiving external stimuli and exhibiting sequential 
switching among temporal winners – different neurons or neu-
ronal groups whose activity is sequentially switching. Thus, the 
main point of the WLC principle is the transformation of incom-
ing inputs into spatiotemporal outputs based on the intrinsic 

switching dynamics of the neuronal  ensemble. Such switching 
dynamics can be represented by many metastable states –  saddle 
equilibria or saddle cycles and many trajectories connecting them, 
i.e., many separatrices or heteroclinic orbits (Afraimovich et al., 
2004a; Muezzinoglu et al., 2010; see Figure 1 for an intuitive 
representation of this dynamics). The sequence can serve as an 
attracting set when the metastable sets satisfy some conditions 
(see below and Afraimovich et al., 2004b; Ashwin and Timme, 
2005; Rabinovich et al., 2006a, 2010b). The WLC network is able to 
solve the fundamental contradiction between robustness against 
noise and sensitivity to small informational signals because the 
metastable states – saddles – are determined by the stimulus sig-
nals (Rabinovich et al., 2008b). WLC dynamics can be described 
in the framework of different neuronal models. These could be 
rate models, Hodgkin–Huxley-type models, or even simple map 
models (Rabinovich et al., 2006c; see Figure 3 for an illustration 
of WLC dynamics in different models).

It is generally accepted that there is insufficient genetic infor-
mation to account for all the synaptic connectivity in the brain. 
Then, how can the functional architecture of WLC circuits be 
generated in the process of development? One possible answer 
has been found by Huerta and Rabinovich (2004) using a circuit 
of 100 rate model neurons randomly connected with weak inhibi-
tory synapses. The network demonstrated WLC dynamics after a 
period of Hebbian learning in the presence of weak noise. WLC 
can also be the result of local self-organization in networks of 
H–H model neurons that display STDP with inhibitory synaptic 
connections as shown in Rabinovich et al. (2006c).

As we already discussed, cognitive functions are usually exe-
cuted through robust transient dynamics. For example, under-
standing language and speech processing relies on the concurrent 
activation of multiple areas within a distributed brain network. 
Internal representations of words are not symbols but locations 
in state space. The lexicon or dictionary is a structure in this space, 

FIGURE 1 | Landscape metaphors for brain dynamics (A–C). (A) 
Representation of a simple attractor (stable fixed point) in the phase space of a 
dynamical system. (B) Representation of a metastable state (saddle fixed point) 
with two stable and two unstable separatrices (a separatrix is a surface or curve 

that refers to the boundary separating two modes of behavior in the phase 
space of a dynamical system). (C) Representation of a simple heteroclinic chain 
with two connected metastable states. (D) Representation of a stable 
heteroclinic channel – robust sequence of metastable states.
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