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The basic issue of whether mammalian learning in cortex
proceeds via a selection principle, as stressed by Ed-
elman, versus an instructional one is of major impor-
tance. We present here a realization of selection learning
in the trion model, which is based on the Mountcastte
columnar organizational principle of cortex. We suggest
that mammalian cortex starts out with an a priori con-
nectivity between minicolumns that is highly structured
in time and in space, competing between excitation and
inhibition. This provides a "naive" repertoire of spatial-
temporal firing patterns that stimuli and internal pro-
cessing map onto. These patterns can be learned with
small modifications to the connectivity strengths de-
termined by a Hebbian learning rule. As various patterns
are learned, the repertoire changes somewhat in order
to respond properly to various stimuli, but the majority
of all possible stimuli still map onto spatial-temporal
firing patterns of the original repertoire. In order to show
that the example presented here is showing true selec-
tivity and is not an artifact of more stimuli evolving into
the learned pattern, we develop a selectivity measure.
We suggest that some form of instructional learning (in
which connectivities are finely tuned) is present for
difficult tasks requiring many trials, whereas very rapid
learning involves selectional learning. Both types of
learning must be considered to understand behavior.

It is clear that the basic conceptual issue of whether
mammalian learning proceeds via a selection prin-
ciple (Fig. 1) as stressed by Edelman (1978, 1987)
versus an instructional one (Rumelhart et al., 1986)
is of large importance. For example, we suggest that
selectional learning can proceed much more rapidly
than instructional learning, and with comparatively
small changes in connectivity. One-trial learning
would be very hard to understand in an instructional
neuronal network model. Clearly there are very dif-
ficult learning tasks that require hundreds or thousands
of trials to perfect, whereas some tasks can be learned
in just a few trials (see Table 12.1 of Weinberger et
al., 1984). It seems reasonable that some form of in-
structional learning (in which connectivities are fine-
ly tuned) is present for these difficult tasks requiring
many trials, whereas the very rapid learning involves
selectional learning. In contrast, finely controlled mo-
tor movements requiring a high precision of accuracy
need many trials of learning to accomplish this, and
may use an instructive learning method that involves
fine tuning the connnectivity.

We do not enter the debate (Crick, 1989, 1990;
Michod, 1990; Reeke, 1990) concerning Edelman's
proposed neuronal group realization of the selection
principle of learning, but we present here a realiza-
tion of selectional learning in the trion model of the
cortex, which is highly structured (Shaw et al., 1985,
1988; Silverman et al., 1986; Leng and Shaw, 1991;
McGrann et al., 1991; Leng et al., 1992, 1993). With
a selection principle, the various responses of the
network exist prior to any stimuli and constitute the
naive repertoire. The stimuli "selects" out a particular
response from the naive repertoire. This selection
process takes place, in the trion model, with small
changes in the connectivity through a Hebbian (Hebb,
1949) learning algorithm. This learning should pro-
ceed very rapidly since the response is already built
in and doesn't have to be created from repeated ex-
posure to the stimuli as in an instructional principle.
In general, different stimuli should select out differ-
ent responses, although some may select out the same
response, indicating some similarity between the two
stimuli. Also, the response should not be overlearned
to the point that all stimuli select out the same re-
sponse. We will discuss the qualitative differences
between a highly structured connectivity, which we
use in the trion model, versus an initial set of random
connections.
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Hgnra 1 . A schematic description of Edelman's basic idea of learning by selection
Imtialty, there is a repertoire of cortical responses { f l , , R,. /?,,. .} present at birth
so that a given stimuli S, mrght excite a number ol these inherent responses. After
learning, or through experience. S, will lead mainly to just one of these responses,

Mountcastle (1978) proposed that the cortical col-
umn (Goldman-Rakic, 1984) is the basic network in
the cortex and is composed of small irreducible pro-
cessing units called minicolumns (see Fig. 2; we note
that the beautiful optical recording results by Bon-
hoeffer and Grinvald, 1991, in secondary visual cortex
show a truly striking similarity to the cartoon-ideal-
ized primary visual cortex in Fig. 2). Such a column
has the capability of being excited into complex spa-
tial-temporal firing patterns (for further discussion of
the cooperativity involved in the functioning of small
groups of neurons, see Shaw et al., 1982). The as-
sumption is that higher mammalian processes involve
the creation and transformation of such complex spa-
tial-temporal firing patterns (in contrast to a "code"
that involves sets of neurons firing with high fre-
quency). Evidence is accumulating that this spatial-
temporal code describes the "internal language" of
the cortex (Eckhorn et al., 1988; Gray and Singer,
1989; Gray et al., 1989; Dinse et al., 1990; Richmond
et al., 1990; Singer, 1990; Leng et al., 1993; Shaw et
al., 1993).

The trion model of the cortical column (Shaw et
al., 1985,1988; Silverman et al., 1986; Leng and Shaw,
1991; McGrann et al., 1991) is a mathematical real-
ization of Mountcastle's organizational principle. A
trion (Fig. 3) represents an idealized minicolumn or
roughly 100 neurons, and has three levels of firing
activity: above average, average, and below average.
The "naive" (before learning) interactions among the
trions in the column are taken to be localized, highly
structured, and competing (excitatory and inhibito-
ry). The firing state of the network (cortical column)
of trions is updated in a manner related to the states

Hgara 2. Highly schematic representation of the Moumcastle (1978) principle of
cortical organzaiton. Each hexagon, following von Seefen (1970) and Bratenberg and
Brartenberg (1979), represents a conical column, while each mangle is a mincolumn
that encodes the relevant parameter in the stimuli such as Ime orientation in the
visual cortex (Huts) and Wiesel. 1977), shown here by the (rented bars. We note
that the beautiful optcal recording results by Bonhoeffer and Grinvald (1991) in
secondary visual cortex show a truly suiting similarity to the cartoon-idealaed primary
visual cortex shown here. In order to understand the cdleaive dynamic behavior of
a cortical area, it is necessary to study the basic processing urm: the conical column

of the previous two time steps (Fig. 4). A column with
a small number of trions having structured connec-
tions yields a large repertoireo{quasi-stable, periodic
spatial-temporal firing patterns, defined as magic pat-
terns, or MPs, which can be excited. These inherent
patterns are called "magic patterns" because of their
ability to be learned or enhanced via a Hebb learning
rule to a large cycling probability. The repertoire of
(periodic) MPs is found by evolving all possible ini-
tial states (of the first two time steps) by following
the most probable or deterministic path. In a full
probabilistic (or Monte Carlo) evolution, the MPs
evolve in natural sequences from one to another. It
has been shown that the probability of each MP
remaining in that pattern can be enhanced by only a
small change in connection strengths using a Heb-
bian learning rule (it is not our purpose here to ex-
amine fully the assumptions of the trion; see Leng et
al., 1992, for a suggested test of the trion model with
large clinical significance). We demonstrate here the
selectional learning properties of the trion model in
a (typical) simple example. In order to show that the
example presented here is showing true selectivity
and is not an artifact of more stimuli evolving into
the learned pattern, we develop a selectivity measure.
It is the repertoire of MPs that will be the repertoire
of responses in our realization of the Edelman selec-
tion principle shown in Figure 1. This repertoire aris-
es from the structured nature of the cortex.

Materials and Methods

Basic Model
In brief, the trion model was developed starting from
Little's (1974; Little and Shaw, 1978) neural network
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analogy to the Ising spin system, and modified in a
direction inspired by Mountcastle's (1978) organi-
zational principle (Fig. 2) and by the striking physical
spin model results of Fisher and Selke (1980). The
trion represents the minicolumn and has three levels
of firing activity. Following Fisher and Selke, the in-
teractions among the trions are taken to be localized,
competing (between excitation and inhibition), and
highly structured. The firing state of the network (cor-
tical column) of A'trions is updated in a probabilistic
way related to the states of the two previous time steps
as in Figure 4. The probability P(S<) of the »th trion
having a firing level or state 5, = 1, 0, —1 at time nr
is given by

g(S,)exp[BMtS,]

(1)

- v"

where S'j and 5/ are the states of yth trion at the two
earlier times (n — 1)T and (n — 2)T, respectively. VtJ

and Wv are the interactions between trion i at time
m and trion j at times (n — 1)T and (n - 2)T, re-
spectively. V,is an effective firing threshold. The three
possible firing states (of each trion) denoted by +, 0,
— for S = 1, 0, — 1 represent, respectively, a large
"burst" of above average firing, an average burst, and
below average firing. The term g(S) with g(0) >•
#(+) = g(~) takes into account the number of equiv-
alent firing configurations of the trion's internal neu-
ronal constituents. [E.g., in a trion representing a group
of 90 neurons, firing levels of +, 0, — could corre-
spond to 90-61, 60-31, 30-0 neurons firing, respec-
tively. There are many more combinatorial ways of
generating the 60-31 level (Roney and Shaw, 1980;
Shawet al., 1982). This feature, g(0) » « ( + ) = g ( - ) ,
gives stability to the trion model firing patterns.] The
fluctuation parameter B is inversely proportional to
the noise, and results (Shaw and Vasudevan, 1974)
from the statistical nature of neurotransmitter release
from the synapses (Katz, 1969)- Studies of the trion
model for memory (Shaw et al., 1988) and for pattern
recognition (McGrann et al., 1989; McGrann, 1992)
have been reported. Basically, the success of these
studies is due to the fact that the localized, competing
(between excitation and inhibition), and highly sym-
metric connections yield a huge repertoire of inher-
ent quasi-stable, periodic firing patterns, MPs. Fur-
ther, these MPs evolve in certain natural sequences
from one to another (see, e.g., Fig. 1 of Shaw et al.,
1985) in Monte Carlo simulations (described below).
Any of the MPs can be readily learned or enhanced
with only small changes in the interaction strengths
using the Hebb learning algorithm:

(2)

< > / ( « - 2 ) r ) , t > 0 ,
M

where n runs over the time steps in one cycle of the

A Trion

Above Average Below
Average Average

Figure 3. We identify a mincokimr with the idealized tron. and the basic network
of wore is the conical column. As shown, the trion hat three levels of firing activity.

MP. Simply extending this learning rule to a third
time step [using the correlation S,{m)Sj{{n - 3)r)]
significantly enhances the effects of learning with a
smaller change in the total connectivity (Leng, 1990;
McGrann, 1992). We use this three-time-step version
of the Hebb learning rule (Eq. 2) in the calculations
presented in this article. One possible physiological
origin for a dependence on the previous (three) time
steps involves the circulation of activity through the
conical layers (Krone et al., 1986; Shaw et al., 1993).

Let us define the cycling probability PC(MP) that
the firing pattern for the columnar trion network re-
mains in the MP for one cycle of the repeating MP.
The PC(MP) is calculated by multiplying the proba-
bilities PiS,) (Eq. 1) of each trion /being in the state
5 at time nr, given by that MP for its whole cycle
length:

FC(MP) (3)

where / runs over the N trions in the columnar net-
work. As a result of learning an MP using the Hebb
algorithm (Eq. 2), the cycling probability PC(MP) (Eq.
3) is increased. Further, after learning, many more
initial states, as noted below, will go to the learned
MP (and some related MPs). Note that these MPs
evolve in natural sequences (see below) from one to
another in a Monte Carlo probabilistic calculation de-
scribed below.

Monte Carlo Simulations
As described in the introductory remarks, the trion
model represents a mathematical realization of the
Mountcastle organizational principle for the cortical
column as the basic neuronal network in the cortex.
Here we explicitly describe the simulations giving
the (probabilistic) Monte Carlo evolutions of spatial-
temporal firing patterns of a trion network.

(1) We specify the parameters of the trion network:
the number of trions N, the degeneracy factors

the connectivities Vtj and Wip the firing
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(n -2 )T 5, . 2

( n - l ) r

r iT S.-3 S,-2

'1 + 3

Figure 4 . One network of tnons at three time steps, showing the firing states 5 and ths comscuons V and W. For N trions in the columnar network, we have ths nng-lto
connections trion / — tnon / + N, as in Rojre 2.

thresholds V,, and the fluctuation parameter B.
For this article, we will consider N = 6, g(O)/
g(+) = 500, B - 6.3, and V, = 0.

(2) A choice for the firing states for the initial two
times steps is made. Since each of the six trions
in each time step has three possible firing levels
5, there are 31J = 531,441 possible choices. Note
that each trion is distinguishable.

(3) Given the firing states for each trion at the two
earlier times (n — 1)T and (n — 2)T, the prob-
ability ^(5,) for the fth trion being in state S, at
time nr is calculated from Equation 1.

Figure 5. Roulette analogy for a Moraa Carts evtAruon. The prooatnlruss P\S] for
the three firing tev&b for each trion st a grvsn urns step 8rs dsiBi'iinsd by the
dynsrracs of the tnon model and ore represented bi ths roulette wheel by the shs of
the rsspearvs box. Ths shadings whim, pdf, a t bhck represent the firing tsvats S
H + , 0 , —, or above averags, average, end below average, 8s in Rrjure 3. Then,
the actual choice is decided by which box the rotating roulette ball faUs into. The
larger ths size of the box, ths more Irkely the ball will fall into n

(4) The three probabilities P(0), P(+), and /»(-)
calculated in item 3 add up to 1.0 and can be
represented by three segments or bins of total
length 1.0 with the individual lengths being these
specific values P(S<) arranged in a specific order.
For example, let P ( - ) = 0.2, P(0) = 0.5, and
P(+) = 0.3 so that we have probability segments
0.0-0.2 for S, = - 1 , 0.2-0.7 for 5, = 0, and 0.7-
1.0 for 5, = 1. Then, a random number between
0.0 and 1.0 is chosen by the computer and thus
the segment that the random number falls into
determines the 5, to be chosen. This is a standard
Monte Carlo simulation technique as illustrated
in Figure 5. This procedure is done for each of
the N - 6 trions to determine the pattern at that
time step. Then continue to repeat items 3 and
4.

Repertoire ofMPs and Learning of an MP
Having made the choice of parameters in item 1 above,
the repertoire of MPs or inherent, quasi-stable, peri-
odic firing patterns is found as follows. For a given
initial firing state (item 2), follow the procedure of
always choosing the 5 for each trion that has the larg-
est probability P(S) instead of using the Monte Carlo
rule (item 4). [In the above example, the S, would be
0.] The time evolution rapidly goes into a repeating
spatial-temporal pattern or MP. (This type of calcu-
lation allows one easily to test whether an arbitrary
spatial-temporal pattern is an MP.) Going through all
possible initial states (item 2) gives all the MPs (the
repertoire of MPs). An MP has the property of being
readily learned or enhanced using the three-time-step
version (described above) of the Hebbian learning
rule (Eq. 2) with only a small change in the connec-
tions; that is, only a small value of t is needed. These
small changes in the connections give only a small
change in the repertoire of MPs. After learning, when
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