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Walter Freeman 
  

(January 30, 1927, DC –  

April 24, 2016,Berkeley, CA) 

“Brains lack the 
arithmetic and logical 
depth that 
characterize our 
computations… .   
 
 

We require exquisite 
numerical precision 
over many logical 
steps to achieve what 
brains accomplish in 
very few short steps.  
J.Neumann, The 
Computer and the 
Brain, 1958. 
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WJ Freeman, The Physiology of Perception 
Scientific American, 1991 
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Key Dilemma 
- Formal AI or/and Neuroscience -  

“Controversy” concerning the top down (AI) 
versus bottom up (big data/deep learning) 
divide. 
  Instead view them as opposites 
  Integrate the available approaches  

Clue from nature 
 Freeman intentional action-perception cycle 
 Metastability in brains Scott Kelso (in Haken/
Prigogine footsteps) 
 The complimentary nature 
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Metastability leads to coexisting brain states which 
sequentially follow each other (a few times/
second) 
High dimensional: bottom up emergence (subsymbolic) 
Low dimensional: top down: condensation (symbolic) 

 SINGULARITY/PHASE TRANSITION in space-time 

We can combine those (brain like dynamic 
patterns) sequentially as in an intentional cycle 
Data-intensive bottom up  Symbol generation/rule base  

  Decision  Action  Data intensive bottom up  . 

How brain Integrates  
symbolic and subsymbolic processing?  
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Suggested AI-Neuroscience Cycle 
- following Freeman action-perception cycle - 

Symbolic 
AI-like 

Massive 
parallel 
NN/DL 
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Rodent Learning (LIN/Germany)                Graph Modeling (CLION/US) 
ECoG Data Acquisition         Data Interpretation 

Small-world, Scale-free 
 
 
 
Watts, Strogatz, Nature, 1998 
Albert, Barabasi Nature, 2000, 
Random Graph, Phase trans. 
 
 
Erdos, Renyi, 1960. 

Balister, Bollobas. Kozma, RSA. 2006 
Kozma Puljic, Curr.Op.Nbiol.2015 

Dynamic 
Trajectories 

 
 
 
 
 
 

Self-
similarity 
Criticality 

CoG Data

Small-world, Scale,

Watts, Strogatz, Nature, 199
Albert, Barabasi Nature, 200
Random Graph, Phase trans. Random Graph, Phase tranRandom Graph, Phase tran

Erdos, Renyi, 1960.Erdos Renyi 1960Erdos Renyi 1960

er, Bollobas. Kozma, RS
ic Curr Op N
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Rodent Model 
Mongolian gerbil (Meriones unguiculatus) 

 

•  Rectangular electrode array w/ 20 channels (5 x 4 matrix) 
•  Stainless steel wire, Ø 76.2 µm, impedance: 50 – 500 kΩ 
•  Chronic implantation of 5 x 4 electrode array on top of 

primary auditory cortex (A1) 
•  Recording of epidural potentials during behaviour 

Ohl, Scheich, Freeman, Nature (2001) 
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Learning Paradigm 

Go-tone:  
sequence of ‘rising’ 
FM-tones (2–4 kHz, 
200 ms duration) 

NoGo-tone:  
sequence of ‘falling’ 
FM-tones (4-2 kHz, 
200 ms duration) 

Discrimination of frequency modulated tones in the shuttle box 
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Analysis of Amplitude-Modulated (AM) 
Cortical Activity Patterns 

Ohl, Scheich, Freeman, Nature (2001) 

Classifiable AM patterns in auditory cortex 

Research Goal of This US-
German Project 
 
•  Understanding jump in behavior 

and interpret it as “Aha” moment 
•  Test hypothesis on “phase 

transition” in forming Hebbian cell 
assemblies 

•  Make predictions and design new 
experiments to test those 
predictions 
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                  Effective Interactions 
    Granger Causality               vs       New Causality (SQ Hu et al, 2011) 

AR for the channels separately 
     
 
 
 
 
Joint AR model for channels X1 and X2 
 
 
 
 
 
Granger Causality (GC) is satisfied if 

>  0  GC X2  X1 

>  0  GC X1  X2 

Causality is determined when one of these 
weighted proportions are larger for stimulus A 
and smaller for B (= no_A) 
 

New Causality (NC) is satisfied for (X1,X2) if 

Weighted proportions in New causality  
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Gerbil #1  
Results of Learning and Collected/Core Pairs 

Total Collected Pairs  
With Inverse Causality 

 
 
 
 
 
 
 

Classification using  
Core Pairs only  

Appear at Stage 2 
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Total pairs at stages 1 & 2 
 
 
 
 
 
 
 
 
 
 
 
 
Significance test of increased # of pairs 
in transition from naïve to discriminating 
stage 

Group analysis of 8 gerbils 
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Spatial distribution of pairs 
- More clustered with hot spots after learning - 

NC  Stage 1                                      GC Stage 1                               
Collected pairs                                Collected pairs 
 
 
 
 
 
 
NC Stage 2                                       GC Stage 2 
Core pairs                                        Core pairs 
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 Modeling the Cortical Sheet 
Neuropercolation 

   Structure                                                Function/Dynamics 

Percolation: 
- Random initial  propagate 
-  Automata rule: 
-  Characterize asymptotics: 

zero f.p.  non-zero f.p. 
 periodic  chaos 

 

Neuropil: 
Densely connected 
filamentous texture of 
neural tissue 

Pulse density in neuropil 
-Subthreshold regime 
- Possible phase transitions 
from connectivity/gain 
change 

NxN Lattice/Torus 
Basic steady-state 
Oscillations induced by: 
- Process noise 
- (Rare) non-local link 
- 2 layers: excitatory- 
   inhibitory; minicolumns 
- Multilayer cortex model 
 

Erdos, Renyi, 1960;       
Bollobas, Riordan, 2002. 
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Random Graph Model of Lattice with few added 
edges (Jansen et al., 2016) 
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Degree Sequence of the Introduced Random Graph 
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Diameter of the Coupled Lattice-Random Graph  
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Activation process: One type of vertices 
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Phase Transition on the Mean Field Graph  

Initial activation needed to 
self-sustained activity  

Additional (non-
local) edges 
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Step 1: Possible interpretation of gerbil learning  
using phase transitions on growing graph 

1.  We have established the research framework for the US-German 
collaborative project, including data acquisition, analysis, modeling, 
and interpretation 

2.  Confirmed classifiability of AM patterns in the auditory cortex and 
striatum using standard machine learning. 

3.  Studied the evolution of the AC connectivity during learning using a 
generalized New Causality (NC) metric. 

4.  Results are indicative of emerging causal links as learning evolves. 

5.  Interpretation in the context of Hebbian learning and the formation of 
Hebbian cell assemblies (HCA) using phase transitions in graph 
theory models is in progress.  

K – sensitivity parameter 
K = 2 highly sensitive 
K = 3 less sensitive 
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Activation process with 2 types of vertices (E/I) 
Update rule of Excitatory (E) node 
 
 
 
Update for inhibitory (I) node 
 
 
 
 
 
 •  Omega is proportion of E 

nodes 
•  Phase diagram for k1=2 & 

k2=3 
•  NB: dominant attractors are 

indicated 

Asymptotic regimes: 
  I: Limit cycle 
  II: Zero fixed point 
  III: Nonzero fixed point 
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Onset of limit cycle in response to learning 

Potential Cognitive 
Phase Transitions 

•  Dynamic regimes illustrated 
over the phase diagram in the 
lambda versus omega space.  

•  The solid dark red region 
correspond to conditions with 
limit cycle oscillations created 
as the result of learning. 

•  The blue area corresponds to 
conditions when collective 
activity dies out. 

•  The region corresponding to 
the hypothetic cognitive phase 
transitions is marked by pink 
arrows. 

•  Transitions from limit cycle 
regime toward fixed points 
indicate the absence of learnt 
stimulus.  
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Importance of  
long connections  
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Summary 

1.  Studied the evolution of the AC connectivity during learning using a 
generalized New Causality (NC) metric.  

2.  The results are indicative of emerging causal links as learning 
evolves. 

3.  Interpretation in the context of Hebbian learning and the formation of 
Hebbian cell assemblies (HCA).  

4.  Graph theory model is developed to describe phase in response to 
learning (narrow band oscillations) 

5.  Testable hypotheses for experimentations including plasticity and 
sensitivity control for gerbil learning experiments. 
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