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Recognition Model of Cerebral Cortex
based on Approximate Belief Revision Algorithm
Yuuji Ichisugi

Abstract—We propose a computational model of recognition
of the cerebral cortex, based on an approximate belief revision
algorithm. The algorithm calculates the MPE (most probable
explanation) of Bayesian networks with a linear-sum CPT
(conditional probability table) model. Although the proposed
algorithm is simple enough to be implemented by a fixed circuit,
results of the performance evaluation show that this algorithm
does not have bad approximation accuracy. The mean
convergence time is not sensitive to the number of nodes if the
depth the network is constant. The computation amount is
linear to the number of nodes if the number of edges per node is
constant. The proposed algorithm can be used as a part of a
learning algorithm for a kind of sparse-coding, which
reproduces orientation selectivity of the primary visual area.
The circuit that executes the algorithm shows better
correspondence to the anatomical structure of the cerebral
cortex, namely its six-layer and columnar features, than the
approximate belief propagation algorithm that has been
proposed before. These results suggest that the proposed
algorithm is a promising starting point for the model of the
recognition mechanism of the cerebral cortex.

I. INTRODUCTION
The cerebral cortex is the part of the brain that is most
closely related to humans’ high intelligence. It is strongly
desired to uncover how the cerebral cortex recognizes and
learns the outer world.
Some computational neuroscientists have begun to
understand that the Bayesian network[1] is the essential
mechanism of the cerebral cortex[2-10]. Models based on
Bayesian networks can successfully explain the fundamental
mechanism of the cerebral cortex: namely, robust pattern
recognition using prediction based on context[3].
Furthermore, previous studies have strongly suggested that
the cerebral cortex is a Bayesian network, according to
models that reproduce electrophysiological phenomena[4][9]
and models that explain the roles of major anatomical
characteristics of the cerebral cortex[5][6]. Now, we can say
that we have acquired a very important clue for understanding
the brain.
Even if the cerebral cortex is a kind of Bayesian network,
an essential question still remains: what kind of algorithm is
used for recognition? There are at least two candidates, the
belief propagation algorithm and the belief revision
algorithm.
Most previous models[3-7,9] based on Bayesian networks
claim that the recognition of the cerebral cortex is achieved
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by belief propagation[1], which calculates the posterior
probabilities of all unobserved random variables; however,
these models could not explain the theoretical relation
between the recognition algorithm and the learning
algorithm.
On the other hand, some models[8][10] assume that the
purpose of recognition is not to calculate posterior
probabilities but to find an MPE (most probable explanation),
which can be efficiently achieved by the belief revision
algorithm[1]. The MPE is the set of values of random
variables that most likely explains the given observed data.
One study[8] realized the approximate belief revision
algorithm for the Markov Random Field (a model similar to
Bayesian networks) by a biologically plausible neural circuit
of spiking neurons. Another study[10] showed that the
calculation of MPE with the hill-climbing method can be used
as part of an on-line learning algorithm, which is a kind of
sparse-coding algorithm[11] to reproduce the orientation
selectivity of the primary visual area.
At this point it has not been determined which algorithm,
belief propagation or belief revision (or some other algorithm
such as Markov chain Monte Carlo) is the brain’s actual
recognition algorithm.
In this paper, we show evidence that supports the belief
revision model. We propose an approximate belief revision
algorithm that shows good performance despite its simplicity
and good correspondence to the anatomical structure of the
cerebral cortex, namely its six-layer and columnar features.
II. BAYESIAN NETWORKS
Bayesian networks are the model of knowledge
representation that expresses causal relationships between
random variables using a directed acyclic graph. Random
variables are expressed as nodes, and relationships between
random variables are expressed as edges. Each node has a
table of conditional probability, which denotes the degree of
causal relation between the node and the set of its parent
nodes.
Belief propagation and belief revision are often used for
inferences in Bayesian networks. Both algorithms have some
similarities with the cerebral cortex. For example, they
perform local and asynchronous communications and transfer
only non-negative values. Nevertheless, exact algorithms
would be too complex to be implemented by neurons naively.
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Fig. 1. The approximate belief propagation algorithm[5].

Fig. 2. Obtained approximate belief revision algorithm. x* is the
estimated value of the node X.

III. APPROXIMATE BELIEF PROPAGATION AND BELIEF
REVISION ALGORITHMS
The author has derived an approximate belief propagation
algorithm[5] based on the following two natural assumptions.
1. Each conditional probability table (CPT) satisfies the
following “linear-sum CPT model”, which is
qualitatively similar to the noisy-OR model[1]:
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Actually, the normalization factor 1/m can be ignored
because it does not affect the normalized posterior
probabilities. (This point has not been mentioned in
[5].)
2. Each node has a sufficient number of parent and
child nodes to make the following two
approximations valid ( π X (u i ) and λYl (x) are
messages from parents and children of a node
respectively)
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has been slightly changed

but the changes are not essential. These formulas calculate
“messages” from a node X to its parent nodes

U k (k = 1,", m) and child nodes Yl (l = 1,", n) , using
old messages sent from its parents and children. After some
iteration of message sending, the values of BEL are
expected to converge to the posterior probabilities.
Unfortunately we cannot apply the derivation processes
described in [5] to the belief revision algorithm because the
expressions in it consist of both max- and sigma-operators.
Therefore, we use an ad-hoc approach. As mentioned in
[1], the belief revision algorithm can be obtained by merely
replacing sigma-operators with max-operators. So, we
hypothesized that the approximate belief revision algorithm
may be obtained by replacing “sigma-operators whose origin
is not the CPT model” with max-operators. The obtained
algorithm is shown in Figure 2. The validity of this algorithm
is experimentally evaluated in the following sections.
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Although the validity of the approximations based on the
second assumption has not been experimentally verified in
[5], a similar approximation for Markov Random Fields has
been verified by simulation in [8].
The derived algorithm based on these two assumptions is
shown in Figure 1. See [5] for more details on the derivation
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Fig. 3. Structure of Bayesian networks used for evaluation.
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Fig. 4. Graphs of correct rates (A and D), convergence rates (B and E) and mean convergence times (C and F) for ABR (solid lines) and OBR (broken
lines). The upper graphs (A, B and C) plot results on shallow networks with various widths. (L=2, N=5, 6, ..., 10, S=2, E=5) erratum: L=2 to L=3
The lower graphs (D, E and F) plot results on narrow networks with various depths. (L=2, 3, ..., 5, N=5, S=2, E=full)

IV. EVALUATION METHOD
A. Network Structure
We have executed algorithms on Bayesian networks that
have a layered structure similar to that of the brain (Figure 3).
The number of layers is denoted by “L” hereafter. There are
no edges between the nodes when they are in the same layer.
The observed data are input to the input layer, which is the
lowest layer. The other layers are hidden layers, which
contain unobserved (hidden) variables. All layers contain the
same number (denoted by “N”) of nodes. All random
variables have the same number (denoted by “S”) of states.
Elements of the conditional probability tables are randomly
set, but values close to zero are avoided.
Two nodes at the neighboring layers are randomly
connected and each node has at most “E” parent nodes. More
precisely, each node except for nodes at the highest layer
randomly chooses “E” parent nodes allowing duplication
from the next higher layer.
Some simulations use fully connected neighboring layers
(denoted by “E=full”).

B. Algorithms
In order to evaluate the proposed algorithm, we have
implemented three algorithms, a naive full search algorithm
to find strict MPE (STR), the original loopy belief revision
(OBR) and the proposed approximate belief revision (ABR).
In OBR and ABR, at each iteration step, all messages are sent
to the neighboring nodes simultaneously. The initial values of
messages are random values. To avoid overflow and
underflow, λ -messages are rescaled before using; the
rescaling makes the maximum value of the elements of a
λ -message be 1.
C. Measures of Performance
We measured three values: correct rates, convergence rates
and mean convergence times.
The correct rate is defined as the number of hidden
variables whose estimated values are correct MPE values,
divided by the number of all hidden nodes. The correct rate
can be calculated only for the small networks to which the
STR algorithm can be applied.
The convergence rate is defined as the number of
recognition trials at which all hidden variables converge
within the predetermined number of iteration steps (50 steps,
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Fig. 5. An example of a transition of log posterior probabilities of
estimated values at the time after each iteration step. More accurately,
we use f(t)＝ log P(<estimated value at t > | <input>) – c as index,
where t is a number of iteration. In this case, OBR (broken line)
converges to the strict MPE and ABR (solid line) seems to converge to
a sub-optimal solution. (L=5, N=5, S=2, E=full)

in all simulations in this paper), divided by the number of all
trials.
The mean convergence time is defined as the total number
of iteration steps before convergence divided by the number
of converged recognition trials. Trials in which some hidden
variables did not converge are excluded for calculation of the
mean convergence time; therefore, this measure is
meaningful only for network configurations that achieve high
convergence rates.
All graphs in this paper plot the mean measured values of
100 recognition trials with differently initialized networks.

Fig. 6. Mean convergence times for shallow and wide networks.
(L=3, N=100, 200, …, 900, S=4, E=20)
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Fig. 7. Mean convergence times for deep networks.
(L=2, 3, ..., 6, N=10, S=2, E=5)

V. RESULTS
A. Accuracy for Small Networks
Firstly, we show the result of evaluation of ABR and OBR
on small networks.
Graphs in Figure 4 plot the correct rates, the convergence
rates and the mean convergence times.
The upper graphs plot results on shallow networks with
various widths. The lower graphs show results on narrow
networks with various depths.
Although ABR is inferior to OBR, its accuracy is not so
bad, despite its simplicity (Figure 4 A and D). It seems that
ABR is less likely to vibrate compared to OBR, which
vibrates easily when the network becomes deeper (Figure 4 B
and E). When the network converges, the mean convergence
time of ABR is slightly shorter than that of OBR (Figure 4 C
and F).
Although the correct rate of ABR is not 100%, the
posterior probabilities of estimated values tend to increase as
iteration steps progress. And usually, the difference of log
posterior probabilities between the estimated values and the
strict MPE is not so large. Therefore, it is thought that the
estimated values of ABR may be sub-optimal solutions.
Figure 5 shows an example of the transition of log posterior
probabilities in a recognition trial. In this case, OBR
converges to the strict MPE.

Fig.8. Learning result of natural images. Visualized conditional
probability tables have orientation selectivity. 4 rows of 20 images
are corresponding to 4 nodes with 20 states. Large values of
conditional probabilities of each state are shown by bright pixels.

B. Scalability
We have also evaluated the scalability of the ABR
algorithm.
Figure 6 and Figure 7 plot the mean convergence times of
ABR on shallow networks with various widths and narrow
networks with various depths, respectively. (We have chosen
these parameters carefully so that convergence rates become
always nearly 1.)
Figure 6 shows that the mean convergence time is not so
sensitive to N if the network depth is constant.
On the other hand, Figure 7 shows that the mean
convergence time is almost linear to the depth of the network.
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circuit structure has congruencies with the six-layer and the columnar features of the cerebral cortex structure (see main text).

According to current anatomical knowledge, the depth of
the hierarchy of cerebral areas of the macaque monkey is
about ten. This means the depth of the Bayesian network
represented by the cerebral cortex is not so deep. On the other
hand, the number of nodes may be more than one hundred
thousand if each macro-column (or hyper-column) of the
cerebral cortex is assumed to be a node of a Bayesian network.
The scalability of ABR shown in this section leads us to
expect that ABR will work well on such large-scale networks.
In addition, the characteristics of ABR’s scalability might
explain why the evolution of the brain makes the number of
columns larger but does not makes the network depth deeper.
C. Computation Amount
The computation amount required for each iteration step of
ABR is linear to the number of nodes, if the number of edges
per node is constant. Indeed, we have verified this
characteristic by measuring the computation time during the
experiments of Figure 6 and Figure 7.
Because ABR can be easily executed in parallel, massively
parallel computers will execute each iteration step of ABR in
a constant time. (OBR may also have same characteristic.)
This efficiency might explain a surprising fact: although
mammals have very different-size brains, all of them work
well in real time.

VI. LEARNING NATURAL IMAGES
In this section, we show that ABR can be used as a part of a
learning model of the cerebral cortex.
The used learning algorithm is almost the same as that
described in [10], which uses a hill-climbing method instead
of ABR, however. The neighborhood learning and sparseness
control described in [10] is omitted here. Input images are
gray-scale natural images preprocessed by a 3×3 Laplacian
filter in order to emphasize the edges. We used a two-layered
network that consists of 4 hidden nodes with 20 values and
12×12 input nodes with two values.
Each cycle of the learning process consists of a recognition
step and a learning step. When an input image (randomly
selected 12x12 pixel image) is given as observed data in the
input layer, MPE is calculated (recognition step). Then, the
conditional probability tables are updated based on the
estimated MPE values (learning step).
Figure 8 is the result of learning, which shows acquired
basis images (learned conditional probabilities) that have
orientation selectivity like receptive fields of simple cells in
the primary visual area[11].
This result indicates that ABR models a recognition part of
the actual brain’s learning of natural images with sufficient
accuracy.
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mechanism of the cerebral cortex.
On the other hand, previous models based on belief
propagation
have
reproduced
some
important
electrophysiological phenomena[4][9]. We think the belief
revision with some extension might also reproduce the same
phenomena because the meaning of the variable BEL is very
similar in both algorithms. We think this is important to
pursue in future work.
From the point of view of engineering, because the
proposed algorithm efficiently works in large-scale Bayesian
networks with a linear-sum CPT model, its improved version
may be expected to be used as a part of efficient
pattern-recognition mechanism.
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