STATISTICAL MECHANICS OF NEOCORTICAL INTERACTIONS:

EEG EIGENFUNCTIONS OF SHORT-TERM MEMORY

Lester Ingber DRW Investments LLC Chicago Mercantile Exchange Center 30 S Wacker Dr Ste 1516 Chicago, IL 60606 ingber@alumni.caltech.edu, ingber@ingber.com

Behavioral and Brain Sciences Commentary on Toward a Quantitative Description of Large-Scale Neo-Cortical Dynamic Function and EEG by Paul Nunez ABSTRACT: This paper focuses on how bottom-up neocortical models can be developed into eigenfunction expansions of probability distributions appropriate to describe short-term memory in the context of scalp EEG. The mathematics of eigenfunctions are similar to the top-down eigenfunctions developed by Nunez, albeit they have different physical manifestations. The bottom-up eigenfunctions are at the local mesocolumnar scale, whereas the top-down eigenfunctions are at the global regional scale. However, as described in several joint papers, our approaches have regions of substantial overlap, and future studies may expand top-down eigenfunctions into the bottom-up eigenfunctions, yielding a model of scalp EEG that is ultimately expressed in terms of columnar states of neocortical processing of attention and short-term memory.

KEYWORDS: EEG; short term memory; nonlinear; statistical

1. INTRODUCTION

1.1. Categorization of Experimental Spatial-Temporal EEG

Many reasonable theoretical studies of synaptic-like or neuron-like structures have attempted experimental confirmation. However, most often these investigations do not necessarily address the “spatial-temporal” scales they purport to describe. Many investigators would like to see more work on experimental design/tests of local-global interactions correlated to behavioral states at specific scales. For example, if an EEG could reasonably be correlated to a resolution of 3−5 cm within a time scale of 1−3 msec, then experiments should be attempted to test if specific states of attentional information-processing are highly correlated within this specific spatial-temporal range.

In this context, the work of Paul Nunez (PN) stresses resolution of EEG data within specific spatialtemporal scales, giving us candidate data for such correlations. It is most important for researchers to deal with the details of experimental evidence, not just pay homage to its existence.

1.2. Theoretical Descriptions of Spatial-Temporal EEG

The theoretical framework given by PN encompasses global and local neuronal columnar activity, giving a primary role to global activity. His work has generated interest in other investigators to take similar approaches to describing neocortical activity (Jirsa & Haken, 1996).

Other investigators, myself included, give a primary role to local activity, immersed in global circuitry. In this context, PN brings to BBS commentary a sound framework in which to further analyze the importance of considering multiple scales of neocortical activity.

1.3. Generality of Eigenfunction Expansion

Here, I add my own emphasis this subject, to address how eigenfunction expansions of models of brain function, similar to those performed by PN to describe how global models of wave phenomenon can be used effectively to describe EEG, can be applied to probability distributions of short-term memory fits to EEG data.

... statistical mechanics ... - 2 - Lester Ingber

In the following description, emphasis is placed on overlap and collaboration with the work of PN, especially in areas wherein local and global interactions are required to detail models of neocortical interactions giving rise to EEG phenomena.

2. SMNI Description of Short-Term Memory (STM)

Since the early 1980’s, a series of papers on the statistical mechanics of neocortical interactions (SMNI) has been developed to model columns and regions of neocortex, spanning mm to cm of tissue. Most of these papers have dealt explicitly with calculating properties of short-term memory (STM) and scalp EEG in order to test the basic formulation of this approach (Ingber, 1981; Ingber, 1982; Ingber, 1983; Ingber, 1984; Ingber, 1985a; Ingber, 1985b; Ingber, 1986; Ingber & Nunez, 1990; Ingber, 1991; Ingber, 1992; Ingber, 1994; Ingber & Nunez, 1995; Ingber, 1995a; Ingber, 1995b; Ingber, 1996; Ingber, 1997; Ingber, 1998). This model was the first physical application of a nonlinear multivariate calculus developed by other mathematical physicists in the late 1970’s (Graham, 1977; Langouche et al, 1982).

2.1. Statistical Aggregation

SMNI studies have detailed a physics of short-term memory and of (short-fiber contribution to) EEG phenomena (Ingber, 1984), in terms of M^G firings, where G represents E or I, M^E represents contributions to columnar firing from excitatory neurons, and M^I represents contributions to columnar firing from inhibitory neurons. About 100 neurons comprise a minicolumn (twice that number in visual cortex); about 1000 minicolumns comprise a macrocolumn. A mesocolumn is developed by SMNI to reflect the convergence of short-ranged (as well as long-ranged) interactions of macrocolumnar input on minicolumnar structures, in terms of synaptic interactions taking place among neurons (about 10,000 synapses per neuron). The SMNI papers give more details on this derivation.

In this SMNI development, a Lagrangian is explicitly defined from a derived probability distribution of mesocolumnar firings in terms of the M^G and electric potential variables, Φ^G. A mechanical string model, as first by PN as a simple analog of neocortical dynamics (Nunez, 1989; Nunez & Srinivasan, 1993), is derived explicitly for neocortical interactions using SMNI (Ingber & Nunez, 1990). In addition to providing overlap with current EEG paradigms, this defines a probability distribution of firing activity, which can be used to further investigate the existence of other nonlinear phenomena, e.g., bifurcations or chaotic behavior, in brain states.

2.2. STM Stability and Duration

SMNI has presented a model of STM, to the extent it offers stochastic bounds for this phenomena during focused selective attention (Ingber, 1984; Ingber, 1985b; Ingber, 1994), transpiring on the order of tenths of a second to seconds, limited to the retention of 7 ± 2 items (Miller, 1956). This “rule” is verified for acoustical STM, as well as for visual or semantic STM, which typically require longer times for rehearsal in an hypothesized articulatory loop of individual items, with a capacity that appears to be limited to 4 ± 2 (G. Zhang & Simon, 1985). SMNI has detailed these constraints in models of auditory and visual cortex (Ingber, 1984; Ingber, 1985b; Ingber, 1994; Ingber & Nunez, 1995).

Another interesting phenomenon of STM capacity explained by SMNI is the primacy versus recency effect in STM serial processing (Ingber, 1985b), wherein first-learned items are recalled most error-free, with last-learned items still more error-free than those in the middle (Murdock, 1983). The basic assumption being made is that a pattern of neuronal firing that persists for many τ cycles is a candidate to store the ‘‘memory’’ of activity that gave rise to this pattern. If several firing patterns can simultaneously exist, then there is the capability of storing several memories. The short-time probability distribution derived for the neocortex is the primary tool to seek such firing patterns. The highest peaks of this probability distribution are more likely accessed than the others. They are more readily accessed and sustain their patterns against fluctuations more accurately than the others. The more recent memories or newer patterns may be presumed to be those having synaptic parameters more recently tuned and/or more actively rehearsed.

It has been noted that experimental data on velocities of propagation of long-ranged fibers (Nunez, 1981; Nunez, 1995) and derived velocities of propagation of information across local minicolumnar

... statistical mechanics ... - 3 - Lester Ingber

interactions (Ingber, 1982) yield comparable times scales of interactions across minicolumns of tenths of a second. Therefore, such phenomena as STM likely are inextricably dependent on interactions at local and global scales.

Previous SMNI studies have detailed that maximal numbers of attractors lie within the physical firing space of M^G, consistent with experimentally observed capacities of auditory and visual short-term memory (STM), when a “centering” mechanism is enforced by shifting background noise in synaptic interactions, consistent with experimental observations under conditions of selective attention (Mountcastle et al, 1981; Ingber, 1984; Ingber, 1985b; Ingber, 1994; Ingber & Nunez, 1995). This leads to all attractors of the short-time distribution lying along a diagonal line in M^G space, effectively defining a narrow parabolic trough containing these most likely firing states. This essentially collapses the 2 dimensional M^G space down to a 1 dimensional space of most importance. Thus, the predominant physics of short-term memory and of (short-fiber contribution to) EEG phenomena takes place in a narrow ‘‘parabolic trough’’ in M^G space, roughly along a diagonal line (Ingber, 1984).

The object of interest within a short refractory time, τ , approximately 5 to 10 msec, is the Lagrangian L for a mesocolumn. Probability distributions are defined by the exponential of −Lτ . τ L can vary by as much as a factor of 10^5 from the highest peak to the lowest valley in M^G space. Therefore, it is reasonable to assume that a single independent firing variable might offer a crude description of this physics. Furthermore, the scalp potential Φ can be considered to be a function of this firing variable.

3. SMNI Description of EEG

3.1. EEG Regional Circuitry of STM Local Firings

Previous calculations of EEG phenomena (Ingber, 1985a), show that the short-fiber contribution to the α frequency and the movement of attention across the visual field are consistent with the assumption that the EEG physics is derived from an average over the fluctuations of the system. I.e., this is described by the Euler-Lagrange equations derived from the variational principle possessed by L_Φ, which yields the string model described above (Ingber, 1982; Ingber, 1983; Ingber, 1988).

The SMNI calculations are of minicolumnar interactions among hundreds of neurons, within a macrocolumnar extent of hundreds of thousands of neurons. Such interactions take place on time scales of several τ , where τ is on the order of 10 msec (of the order of time constants of cortical pyramidal cells). This also is the observed time scale of the dynamics of STM. SMNI hypothesizes that columnar interactions within and/or between regions containing many millions of neurons are responsible for these phenomena at time scales of several seconds. That is, the nonlinear evolution at finer temporal scales gives a base of support for the phenomena observed at the coarser temporal scales, e.g., by establishing mesoscopic attractors at many macrocolumnar spatial locations to process patterns in larger regions.

In addition to describing nonlinear attractors of short-term memory (Ingber, 1984; Ingber, 1985b; Ingber, 1994), the highly nonlinear probability distributions were fit to EEG data (Ingber, 1991; Ingber, 1997; Ingber, 1998). SMNI proposes that models to be fitted to data include models of activity under each electrode, e.g., due to short-ranged neuronal fibers, as well as models of activity across electrodes, e.g., due to long-ranged fibers. The influences of the local and global interactions are disentangled by SMNI fits, and are enhanced by the use of partial derivative of the Lagrangian, yielding “Canonical Momenta Indicators” (CMI).

The CMI are more sensitive measures than the energy density, effectively the square of the CMI, or the information which also effectively is in terms of the square of the CMI (essentially integrals over quantities proportional to the energy times a factor of an exponential including the energy as an argument). This is even more important when dealing with oscillatory variables.

3.2. Individual EEG Data

The 1996 SMNI project used evoked potential (EP) EEG data from a multi-electrode array under a variety of conditions, collected at several centers in the United States, sponsored by the National Institute on Alcohol Abuse and Alcoholism (NIAAA) project (X.L. Zhang et al, 1995). The earlier SMNI 1991 study used only averaged EP data.

... statistical mechanics ... - 4 - Lester Ingber

Data included 10 trials of 69 epochs each between 150 and 400 msec after presentation. For each subjects run, after fitting 28 parameters with ASA, epoch by epoch averages are developed of the raw data and of the multivariate SMNI CMI. It was noted that much poorer fits were achieved when the centering mechanism was turned off and the denominators in F^G were set to constants, confirming the importance of using the full SMNI model.

After fits were performed on a set of training data (Ingber, 1997), the parameters for each subject were used to generate CMI for out-of-sample testing data for each subject (Ingber, 1998). The results illustrate that the CMI give enhanced patterns to exhibit differences between the alcoholic and control groups of subjects.

4. EEG Eigenfunctions of STM

4.1. STM Eigenfunctions

The study fitting individual EEG data to SMNI parameters within STM-specific tasks can now be recast into eigenfunction expansions yielding orthogonal memory traces fit to individual EEG patterns. This development was described in the first SMNI papers (Ingber, 1981; Ingber, 1982; Ingber, 1983), e.g., as described in (Ingber, 1982)

This study also distinguishes between neuronal mechanisms the neocortex uses to process information, from the structures of information the neocortex processes. An Onsager- Machlup type Lagrangian, or "potential," is derived which operates on firings of the system. The exponential of minus the Lagrangian is a weighting factor on all possible states, filtering or transforming (patterns of) input firings into output firings. “Information” is a concept well defined in terms of the probability eigenfunctions of electrical-chemical activity of this Lagrangian.

Another large literature dealing with information processing of neural networks, applied to perception, learning and memory, typically intuits the existence of an algebra of information-vectors isomorphic to a linear vector space. The details of the structures of these vectors and of their relationships are based on experimentally observed details of neuronal interactions and of hypothesized patterns of neuronal firings. The experimental and theoretical value of their conclusions are generally diminished because they do not reasonably draw empirical support and analytic development from relatively fundamental physical interactions, from Features (A) [Interactions], (B) [Statistics] or (C) [Dynamics]. In this study, the sets of eigenfunctions of the physical Lagrangian which includes these Features are candidates for the linear vector spaces previously assumed by these other studies.

This theme was described in more detail in (Ingber, 1983)

As calculated, simple localized or oscillatory patterns exist for specific mesoscopic parameters in regions of small spatial-temporal fluctuations, but nonlinearities and fluctuations now can and should be included to perform more definitive calculations. For example, overlaps of eigenfunctions from different sets of mesocolumnar parameters can measure the formation and stability of patterns of plastic changes in presynaptic and postsynaptic parameters.

The clearest picture that illustrates how this eigenfunction expansion is achieved is in (Ingber & Nunez, 1995) wherein, within a tenth of a second, there are stable multiple non-overlapping Gaussiantype peaks of an evolving probability distribution with the same STM constraints used in the NIH EEG study above. These peaks are simply modeled as a set of orthogonal Hermite polynomials.

4.2. Expansion of Global EEG Eigenfunctions into Local STM Eigenfunctions

In the “classical” limit defined by the variational Euler-Lagrange equations described above, we have demonstrated how the local SMNI theory reduces to a string model similar to the global model of PN (Ingber & Nunez, 1990). One reasonable approach to developing the EEG eigenfunctions in the approach given by PN is to apply the variational derivatives directly to the SMNI STM Hermite polynomials, thereby yielding a model of scalp EEG that is ultimately expressed in terms of states of

... statistical mechanics ... - 5 - Lester Ingber

neocortical processing of attention and short-term memory.

5. CONCLUSION

PN has been a key exponent of realistic modeling of realistic neocortex for many years, even when it was not as popular as neural network modeling of “toy brains.” In the process of insisting on dealing with aspects of models of neocortical systems that could be experimentally verified/negated, he has contributed to a rich approach to better understanding the nature of experimental EEG.

His approach has led him to stress appreciation of neocortex as functioning on multiple spatialtemporal scales, and he has collaborated with other investigators with different approaches to these multiple scales of interactions. His approach has been to formulate a top-down global model appropriate to the scale of scalp EEG phenomena, which includes some important local mesocolumnar features. This approach has been sufficiently robust to overlap with and enhance the understanding of other bottom-up approaches such as I have described, wherein mesocolumnar models appropriate to the scale of STM are scaled up to global regions appropriate to EEG.

In this paper, I have focussed on how bottom-up SMNI models can be developed into eigenfunction expansions of probability distributions appropriate to describe STM in the context of EEG. The mathematics of eigenfunctions are similar to the top-down eigenfunctions developed by PN, albeit they have different physical manifestations. The bottom-up eigenfunctions are at the local mesocolumnar scale, whereas the top-down eigenfunctions are at the global regional scale. However, as described in several joint papers, our approaches have regions of substantial overlap, and future studies may expand top-down eigenfunctions into the bottom-up eigenfunctions, yielding a model of scalp EEG that is ultimately expressed in terms of columnar states of neocortical processing of attention and short-term memory.

REFERENCES

Graham, R. (1977) Covariant formulation of non-equilibrium statistical thermodynamics. Z. Physik B26:397-405.

Ingber, L. (1981) Towards a unified brain theory. J. Social Biol. Struct. 4:211-224. Ingber, L. (1982) Statistical mechanics of neocortical interactions. I. Basic formulation. Physica D 5:83-107.

Ingber, L. (1983) Statistical mechanics of neocortical interactions. Dynamics of synaptic modification.

Phys. Rev. A 28:395-416. Ingber, L. (1984) Statistical mechanics of neocortical interactions. Derivation of short-term-memory capacity. Phys. Rev. A 29:3346-3358.

Ingber, L. (1985a) Statistical mechanics of neocortical interactions. EEG dispersion relations. IEEE Trans. Biomed. Eng. 32:91-94.

Ingber, L. (1985b) Statistical mechanics of neocortical interactions: Stability and duration of the 7+−2 rule of short-term-memory capacity. Phys. Rev. A 31:1183-1186.

Ingber, L. (1986) Statistical mechanics of neocortical interactions. Bull. Am. Phys. Soc. 31:868. Ingber, L. (1988) Mesoscales in neocortex and in command, control and communications (C^3) systems, In: Systems with Learning and Memory Abilities: Proceedings, University of Paris 15-19 June 1987, ed. J. Delacour & J.C.S. Levy. Elsevier, 387-409.

Ingber, L. (1991) Statistical mechanics of neocortical interactions: A scaling paradigm applied to electroencephalography. Phys. Rev. A 44:4017-4060.

Ingber, L. (1992) Generic mesoscopic neural networks based on statistical mechanics of neocortical interactions. Phys. Rev. A 45:R2183-R2186.

Ingber, L. (1994) Statistical mechanics of neocortical interactions: Path-integral evolution of short-term memory. Phys. Rev. E 49:4652-4664.

... statistical mechanics ... - 6 - Lester Ingber

Ingber, L. (1995a) Statistical mechanics of multiple scales of neocortical interactions, In: Neocortical Dynamics and Human EEG Rhythms, ed. P.L. Nunez. Oxford University Press, 628-681.

Ingber, L. (1995b) Statistical mechanics of neocortical interactions: Constraints on 40 Hz models of short-term memory. Phys. Rev. E 52:4561-4563.

Ingber, L. (1996) Statistical mechanics of neocortical interactions: Multiple scales of EEG, In: Frontier Science in EEG: Continuous Waveform Analysis (Electroencephal. clin. Neurophysiol. Suppl. 45), ed. R.M. Dasheiff & D.J. Vincent. Elsevier, 79-112.

Ingber, L. (1997) Statistical mechanics of neocortical interactions: Applications of canonical momenta indicators to electroencephalography. Phys. Rev. E 55:4578-4593.

Ingber, L. (1998) Statistical mechanics of neocortical interactions: Training and testing canonical momenta indicators of EEG. Mathl. Computer Modelling 27:33-64.

Ingber, L. & Nunez, P.L. (1990) Multiple scales of statistical physics of neocortex: Application to electroencephalography. Mathl. Comput. Modelling 13:83-95.

Ingber, L. & Nunez, P.L. (1995) Statistical mechanics of neocortical interactions: High resolution pathintegral calculation of short-term memory. Phys. Rev. E 51:5074-5083.

Jirsa, V.K. & Haken, H. (1996) Field theory of electromagnetic brain activity. Phys. Rev. Lett.

77:960-963. Langouche, F., Roekaerts, D. & Tirapegui, E. (1982) Functional Integration and Semiclassical Expansions. Reidel.

Miller, G.A. (1956) The magical number seven, plus or minus two. Psychol. Rev. 63:81-97. Mountcastle, V.B., Andersen, R.A. & Motter, B.C. (1981) The influence of attentive fixation upon the excitability of the light-sensitive neurons of the posterior parietal cortex. J. Neurosci. 1:1218-1235.

Murdock, B.B., Jr. (1983) A distributed memory model for serial-order information. Psychol. Rev.

90:316-338. Nunez, P.L. (1981) Electric Fields of the Brain: The Neurophysics of EEG. Oxford University Press. Nunez, P.L. (1989) Towards a physics of neocortex, Vol. 2, In: Advanced Methods of Physiological System Modeling, ed. V.Z. Marmarelis. Plenum, 241-259.

Nunez, P.L. (1995) Neocortical Dynamics and Human EEG Rhythms. Oxford University Press. Nunez, P.L. & Srinivasan, R. (1993) Implications of recording strategy for estimates of neocortical dynamics with electroencephalography. Chaos 3:257-266.

Zhang, G. & Simon, H.A. (1985) STM capacity for Chinese words and idioms: Chunking and acoustical loop hypotheses. Memory & Cognition 13:193-201.

Zhang, X.L., Begleiter, H., Porjesz, B., Wang, W. & Litke, A. (1995) Event related potentials during object recognition tasks. Brain Res. Bull. 38:531-538.