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Abstract. We describe a biologically plausible learning model inspired by the
structural and functional properties of the cortical columns present in the mammalian neocortex. The strength and robustness of our model is ascribed to its
biologically plausible, uniformly structured, and hierarchically distributed processing units with their localized learning rules. By modeling cortical columns
rather than individual neurons as our fundamental processing units, we get hierarchical learning networks that are computationally less demanding and better
suited for studying higher cortical properties like independent feature detection,
plasticity, etc. Another interesting attribute of our model is the use of feedback
processing paths to generate invariant representation to robustly recognize variations of the same patterns and to determine the set of features sufficient for
recognizing different patterns in the input dataset. We train and test our hierarchical networks using synthetic digit images as well as a subset of handwritten digit
images obtained from the MNIST database. Our results show that our cortical networks use unsupervised feedforward processing as well as supervised feedback
processing to robustly recognize handwritten digits.
Keywords: Cortical algorithms, Cortical columns, Invariant representation,
Feedforward and feedback processing, Pruning, Automatic abstraction, Fault
tolerance.

1 Introduction
Understanding of the structural and operational aspects of various components of the
mammalian neocortex has significantly increased over the past few decades [1,2,3,4].
This has led to the development of both low level biologically realistic as well as high
level biologically inspired computational models. Low level biologically realistic models include the blue brain project [5], DARPA’s SyNAPSE project [6], etc. These models
use neurons as their basic implementation abstraction and simulate detailed low level
behavior of these neurons. Most of these models use Hebbian learning rules [7,8] along
with Spike Timing Dependent Plasticity (STDP) [9] for learning and information processing. This makes them quite complex and computationally very expensive. To cope
with these issues, high level learning models inspired by the neocortical properties have
been proposed. These models implement various neocortical attributes like uniform
structure, hierarchy, spatial pooling, temporal pooling, etc. Some of these models include ART [10], HTM [11], Bayesian networks [12], and deep belief networks [13].
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Even though these models are computationally quite efficient and implement some behavioral aspects of the neocortex, they are quite divorced from the actual biological
structure and properties of the neocortex.
We hypothesize that to develop intelligent models as powerful as the brain, we must
adhere to structural and functional properties of the biological example. In this article, we describe a cortical model that uses cortical columns, found in the mammalian
neocortex [14], as its basic structural and functional processing units. Since cortical
columns are our basic implementation abstraction, our model is inherently computationally efficient and is biologically plausible as well. Our model uses unsupervised
feedforward processing and plasticity principles to learn and extract independent features from the input patterns and it uses supervised feedback processing, object permanence, and temporal associativity to develop invariant representations for variations
of the same pattern. Using the feedback from higher levels, our model is also able to
determine the set of independent features that are sufficient to recognize the different
patterns. This is in accordance with the biological studies which show that the human
brain relies on a small subset of features in the visual scene to recognize objects [15,16].
To test and validate our cortical model, we use synthetic digit images as well as a
subset of handwritten digit images obtained from the MNIST database [17]. Our results
show that our cortical networks learn to identify each of the unique digits present in
the sample set and also pools variations of the same digit together to develop invariant
representations. Moreover, using the feedback from higher levels, our model is also able
to determine the set of features that is sufficient to differentiate between digits.

2 Cortical Structures, Organization, and Processing
The human brain can be divided into two main parts: the old brain and the new brain.
The old brain mainly constitutes those parts of brain that developed early in evolution.
These include pathways from sensory modalities to the new brain, spinal cord, and
other parts that deal with instinctual behavior. The new brain, also referred to as the
neocortex, is part of the brain which is unique to mammals and is highly developed for
humans; it accounts for about 77% of the human brain (in volume) [18]. The neocortex
is responsible for perception, language, imagination, mathematics, arts, music, planning, and all the other aspects necessary for an intelligent system. It contains virtually
all our memories, knowledge, skills, and experiences.
A very intriguing property of the neocortex is its apparent structural and functional uniformity [14,19], i.e. the regions of the neocortex that process auditory inputs,
appear very similar to the regions that handle visual and other inputs. This
uniformity suggests that even though different regions specialize in different tasks,
they employ the same underlying algorithm. In essence, the neocortex is a hierarchy
of millions of seemingly-identical functional units that are called cortical columns. The
concept of cortical columns was introduced by Mountcastle in his seminal paper in
1957 [20]. Since then, this concept has been widely accepted and studied. Later studies
showed that cortical columns could further be classified into minicolumns and hypercolumns [21,14,3]. A hypercolumn contains about 50 to 100 minicolumns, and each of
these minicolumns consists of around 200 to 500 neurons. The term cortical column is
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sometimes used for both types of columns, though, in literature, it usually refers to
hypercolumns. The minicolumns within the same hypercolumn share the same receptive field (set of input connections) and are strongly connected with each other via inhibitory lateral connections. Studies [21,22] hypothesize that the minicolumns use these
inhibitory paths to learn unique/independent features from the input patterns. These hypercolumns are then arranged in the form of a hierarchy throughout the neocortex. Information flows up this hierarchy via excitatory feedforward paths and flows down the
hierarchy through feedback paths.
It is believed that cortical regions operate by progressively abstracting and manipulating increasingly complex notions throughout the neural hierarchy [23]. For instance,
from a visual scene, the visual cortex first identifies segments of different orientations,
then elementary shapes such as angles and intersections, and increasingly complex combinations, such as objects found in our environment [24]. This automatic abstraction capability for various inputs (visual, auditory, olfactory) partly explains why the neocortex
still outperforms traditional computers on a number of tasks, such as object recognition,
language learning, and motor control. Emulating such capability is thus a major step in
building computing systems that can compete with the processing characteristics of the
brain.
Although there exists a monumental amount of literature explaining the aforementioned properties of the neocortex, certain alternative properties of the neocortex have
not been sufficiently explored. One of these properties is the ability to determine the
set of features that the neocortex uses to recognize objects. Obviously, the neocortex
does not require all of the object’s features to recognize it. For example, Maw et.al [15]
show that while recognizing a human face, subjects tend to gaze more at the eyes, lips,
and nose. Thus, out of all the features that constitute a human face the neocortex uses a
small subset to process the facial recognition task. Sigala et.al [16] shows similar results
in more details. Thus, within the neocortex, there exists of notion of a sets of features
that are sufficient to differentiate visual patterns.

3 Cortical Model Description
3.1 Hypercolumn Abstraction
As mentioned in Section 1, we model cortical columns as our basic structural and functional implementation abstraction. Figure 1 shows the architecture of the basic functional unit in our cortical model. A hypercolumn consists of multiple minicolumns that
are strongly connected with each other via horizontal inhibitory connections. All of the
minicolumns within a hypercolumn share the same receptive field. A receptive field is
defined as the region within sensory input that is associated to a hypercolumn.
3.2 Unsupervised Feedforward Processing and Independent Feature Learning
In our model each of the minicolumns within a hypercolumn learns to identify independent features from the input patterns using lateral inhibitory paths. This is in accordance with the biological discussion presented in Section 2. In this section, we provide
detailed discussion on how each of the minicolumns learns to identify unique patterns
without any supervision.
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Fig. 1. Mapping between hypercolumn network and feedforward circuitry of a hypercolumn in the
neocortex. Left: A hypercolumn network in our model with four minicolumns. Right: Structure
of a biological hypercolumn.

Random Activations and Initial Learning. Initially all the minicolumns within a
hypercolumn are initialized with very weak random weights. Thus, they show no preference for any pattern that might occur within their receptive field. Since our minicolumns also model the stochastic nature of neurons by including random neocortical
firing behavior [25,26], they exhibit high activations over random intervals. When the
random activation of a specific minicolumn coincides frequently with various stable occurrences of the same pattern, the minicolumn adjusts its weights so that the correlation
between the weights and the input patterns increases. Thus over time, that minicolumn
develops a firing preference for that specific pattern. While this random activation of
minicolumns may not initially seem productive, this behavior is harnessed to make the
model fault-tolerant, improves the model’s training time, and mimics the behavior of its
biological inspirations.
Evaluating Output of Minicolumns. Each of the minicolumns contains a set of
weights W initialized to random values which are close to zero. During
traineach
N
X
ing epoch, each of the minicolumns evaluates the dot-product DP =
i=1 i .Wi
between its weights W and the input X. The result of the dot-product becomes the
input to the activation function given by,
1.0

+α×



|Wi |
(1)
)
1.0 + e

Here, cutof f = φ × |Wi |. φ determines the error tolerance of the minicolumn. β
defines the sharpness of the activation function while α controls the effect of weight
strength of a minicolumn on its output. The minicolumn is said to fire if the value of its
activation function is greater than a determined threshold.
f
(− DP −cutof
β

Lateral Inhibition and Independent Feature Identification. When an input X is
presented to the hypercolumn, none of the untrained minicolumns fire for that input.
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However, if the random firing activity of a minicolumn coincides with the occurrence
of an input pattern, that minicolumn adjusts its weights so that the dot-product between
the input and the weights is improved. This is achieved by strengthening the weights
corresponding to the inputs Xi that are currently active. Thus, over multiple iterations
a minicolumn learns to identify a feature that initially coincided with the random activity of the minicolumn. At the same time, each minicolumn inhibits neighboring minicolumns from firing via lateral inhibitory connections for the pattern it has already
learned to recognize. If multiple minicolumns fire at the same time, the one with the
strongest response inhibits the ones with weaker responses. The inhibited minicolumns
then weaken their weights corresponding to highly active Xi so that their dot-product
with the input is minimized. As a result of this process, the hypercolumn network is able
to recognize unique patterns without any supervision. A very interesting byproduct of
having minicolumns learn independent features through lateral inhibition is inherent
fault tolerance i.e. if a minicolumn that was firing for a feature suddenly dies (permanent hardware or software error in a future synthetic application), over time, another
available neighboring minicolumn will start firing for that feature. This makes our hypercolumn structure inherently tolerant to permanent faults.
Weight Update Rules. Each time a minicolumn fires it modifies its weights so that
its correlation with the input pattern that has caused it to fire increases. Weights are
strengthened using the following update rule.



1.0
(2)
Wi = Xi × Wi + C1 + γ ×
Wi −C2
1.0 + e(− β )
Here, Xi is the input corresponding to Wi , C1 defines the minimum amount of update
added to the current Wi and C2 defines how the present Wi will affect the weight
update. In our weight strengthening rule, the update added to Wi is dependent upon the
present value of Wi as well. This means that if Wi is strong it will get a higher update
value. This is in accordance with biological data [26,27].
In the case when a minicolumn is inhibited, it modifies the weights using the following update rule.
(3)
Wi = Xi × (Wi − δ)
Here, δ defines the weight update rate in the presence of inhibition.
3.3 Hierarchical Arrangement of Hypercolumns
To perform complex tasks the hypercolumns can be arranged in the form of a hierarchy. Lower hierarchical levels identify simple features and communicate their output to
the higher levels via feedforward paths. Each of the higher level hypercolumns receives
inputs from multiple lower level hypercolumns. In this manner the activations flow up
the hierarchy and the minicolumns in the top-level hypercolumns train themselves to
identify each of the complex unique pattern from the input. Each level of this hierarchy
behaves the same way as different levels of the visual cortex i.e. lower level hypercolumns detect edges, and the hypercolumns at the higher levels detect progressively
complex features. It should be noted that our hierarchical model supports any complex
hierarchical arrangement of hypercolumns.
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3.4 Supervised Feedback Processing and Invariant Representations
Our feedforward learning process enables our cortical hierarchy to learn unique features
from the input patterns. Each of the minicolumns can withstand and fire for patterns
with small variations but patterns with significant variations are recognized as different
features. This means that two variations of the same pattern might be recognized as
two different features. To resolve this issue and generate invariant representation for
variations of the same pattern, we make use of our supervised feedback processing
algorithm.
Algorithm 1. Pseudo code for generating invariant representations within a minicolumn using
supervised feedback
if f eedback > 0 then
if hasN otF ired then
if hasM axF iringHistory then
U pdateSynapticW tsExcitatory(f eedback)
end if
else
if hasM axF iringHistory then
U pdateSynapticW tsExcitatory(f eedback)
if isStable then
for i = 1 to N do
if IsActive(child[i]) then
SendF BT oChild(i, f eedback)
end if
end for
end if
else
U pdateSynapticW tsInhibitory(f eedback)
end if
end if
end if

Lets assume that our hierarchical network has started to recognize a pattern. Now it
is exposed to another variation of the same patterns that is quite different from the previous one e.g. two different variations of a handwritten digit. At this point, only some of
the minicolumns within the hierarchy might fire. As a result, the top level minicolumn
that is supposed to fire for that pattern might not fire. If this behavior persists, new minicolumns will train themselves to recognize features in the new variation that are quite
different from the original pattern. Over time, that new variation will be identified as a
new pattern. This will be marked by firing of a minicolumn in the top level of the hierarchy. At this point, the top level hypercolumn receives a feedback signal. This feedback
signal forces the minicolumn firing for the original pattern to fire and also inhibits the
minicolumn that is firing for the new variation. Now, the minicolumn receiving excitatory feedback also adjusts its weights so that it fires for the new variation as well while
the inhibited minicolumn changes its weights so that it does not fire for that input pattern. Thus over multiple exposures, the minicolumn firing for the original pattern will
also start to fire for the new variation. Once the top level minicolumn starts to give a
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stable activation for both the variations, it will start to send the feedback signal down so
that lower level minicolumns can also create invariant representations. The amount of
feedback sent to each of the lower level minicolumns is proportional to its firing history
i.e. if a minicolumn has been firing a lot in the past, it will get stronger feedback. Thus,
over time most active minicolumn ends up pooling its child minicolumns to generate
invariant representations and inhibits its neighbors from firing. This results in significant resource optimization. The process of generating invariant representations within a
minicolumn using feedback is explained in the pseudo-code provided in Algorithm 1. In
Algorithm 1, U pdateSynapticW tsExcitatory models the functionality of Equation
2 while U pdateSynapticW tsInhibitory models Equation 3.
3.5 Learning Spatial Correlations from Past Experiences
To determine the set of features sufficient for recognition of unique images, we consider
the spatial correlations that exist among the occurrence of different independent features
constructing the objects in the dataset. Since each of the minicolumns trains itself to
identify independent features from its input, we can determine the spatial correlation
among various minicolumns by observing their firing patterns.
Table 1. Location of minicolumns in the hypercolumn hierarchy identifying different features
and shapes
Level Hypercolumn Minicolumn Recognizes
0
0
0
Feature a
0
0
1
Feature b
0
0
2
Feature c
0
1
0
Feature a
0
1
1
Feature b
0
1
2
Feature c
1
0
0
Shape A
1
0
1
Shape B
1
0
2
Shape C
1
0
3
Shape D
1
0
4
Shape E

To illustrate our methodology for determining the spatial correlations, we use a simple 2-level hierarchical network shown in Figure 2. Assume that this network is trained
using the dataset shown in Figure 3. Each of the four elements of the dataset is a synthetic image of size 2x4. Each image can be divided into two halves, i.e. the first 2x2
grid and the second 2x2 grid separated by the dotted line in Figure 3. Within each of
the two grids, only three unique features occur: a horizontal line across the top (Feature
a), a vertical line on the left (Feature b), and a diagonal line (Feature c). Once the network is trained with each of the 2x4 images, each of the minicolumns within the Level
0 hypercolumns start to recognize any one of the three unique features. At the same
time, each of the four minicolumns at Level 1 starts to recognize any one of the four
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Fig. 2. Block level diagram of a 2-level hierarchical hypercolumn network

Fig. 3. Set of features used to train 2-level hierarchical network

different shapes. Table 1 shows the details about the patterns identified by each of the
minicolumns in different hypercolumns in the 2-level hierarchy.
Once the 2-Level hierarchy is in a stable state i.e. all the four shapes are recognized
by the Level 1 hypercolumn, the Level 1 hypercolumn starts to create spatial correlations among the occurrences of different features recognized by the minicolumns in
each of the Level 0 hypercolumns. These spatial correlations help in determining the set
of features sufficient for recognition of each of the unique shapes. A spatial correlation
is created between two features if they co-occur frequently. Once a spatial correlation
has been created, occurrence of a feature can be predicted by any occurrence of the feature it is spatially correlated to. For example, in Figure 3 feature a in the first 2x2 grid
always occurs with features a and b in the second 2x2 grid. This means that a spatial
correlation between feature a on the left 2x2 grid and features a and b on the right 2x2
grid is developed. Feature b on the left 2x2 grid co-occurs with features a and c on the
right 2x2 grid. Thus, a spatial correlation is maintained among these features. Finally,
feature c on the left 2x2 grid only co-occurs with feature b on the right 2x2 grid so there
is just one spatial correlation for feature c i.e. feature b.
Figure 4 shows the associations among various features that are created due to the
spatial correlations that exist among them. In the figure, we can see that Level 0 Hypercolumn 0 Minicolumn 0 (L0H0M0) is connected to L0H1M0 through L1H0M0 which
detects Shape A. Similarly, L0H0M0 is connected to L0H1M1 through L1H0M1 which
detects Shape B. Other associations in Figure 4 are also created in the same manner. Figure 4 details an association graph that shows the spatial correlations which exist among
different features that are detected by the Level 0 minicolumns.
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Fig. 4. A graphical representation of spatial correlations created among various features recognized by the Level 0 minicolumns after the hierarchical network reaches a steady state

4 Determining the Set of Features Sufficient for Recognition of
Unique Shapes
To determine the set of features sufficient for identifying the shapes exposed to the
network, we use the spatial correlation graph like the one shown in Figure 4. At each
level of the hierarchy, the spatial correlations between different minicolumns are observed and the associations that provide redundant information are pruned. For example, if minicolumn A is just spatially associated to minicolumn B and minicolumn B
is spatially associated to some other minicolumn a well, then the feature recognized by
minicolumn A is sufficient enough to identify the shape typically recognized by minicolumns A and B together. Thus, the association from minicolumn B can be pruned.
Finally, if a minicolumn has no associations coming out of it, then that minicolumn can
also be pruned.
To better explain our algorithm, we apply it to the spatial correlation graph shown in
Figure 4. Initially, L0H0M0 is selected. Since there are two edges out of L0H0M0 it is
left as is. Then L0H0M1 is selected. Since there is just one association from L0H0M1,
the association between L0H1M2 and L1H0M2 is declared useless and is pruned.
For L0H0M2, there is again just one edge connecting L0H0M2 to L0H1M1 through
L1H0M3. Thus, the edge from L0H1M1 to L1H0M3 is pruned because L1H0M3 can
recognize Shape 4 just by using the information provided by L0H0M2. The same is
true for L0H1M0. Thus, the edge between L0H0M0 and L1H0M0 is pruned. Note
that in many cases the pruning algorithm has the freedom to choose which redundant
connections to retain, and which to prune. After this no more changes to the network
connectivity take place because all of the remaining edges provide useful information
to recognize each of the unique shapes. The resultant graph after applying the spatial
correlation based algorithm is shown in Figure 5.
In Figure 5, we see that after applying our algorithm, five out of ten edges between
Level 0 and Level 1 are pruned. Furthermore, L0H1M2 has no more feed-forward edges
to the next level of the hierarchy which renders it totally useless. Thus, L0H1M2 can
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Fig. 5. Pruned graph obtained after applying the spatial correlation based algorithm on the graph
shown in Figure 4

be pruned. This reduces the amount of computations required as pruning connections
means less number of computations are required to recognize a shape by the minicolumns at Level 1 as the unnecessary connections are not considered for recognition.

5 Experiments and Results
To test and validate different properties of our cortical architecture and to evaluate its
learning and recognition performance, we used a subset of handwritten digit images
obtained from the MNIST database [17]. For this digit recognition task, we created a
hierarchical network with 6 levels. We initialized this network as described in Table 2.
Level 0 corresponds to the lowest level in the hierarchy. All the digits in the MNIST
database are in the form of 28x28 pixel wide black and white images. Out of the 28
rows, top 2 and bottom 2 rows were always black. Thus, in our experiments, we ignored
these rows to save on execution time. Each of the remaining rows becomes the input to
one of the twenty four Level 0 hypercolumns.
Table 2. Detailed description of the hierarchical network created for recognition of handwritten
digit images
Level Hypercolumns (HC) Minicolumns/HC
5
1
100
4
1
200
3
3
200
2
6
200
1
12
300
0
24
500

5.1 Experiment 1: Independent Feature Recognition
In the first experiment, we validate our feedforward information processing and learning algorithm. For this experiment, we disable the feedback processing and study how
the network learns independent features from the input patterns. Since there was no
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feedback, we anticipate that in Level 5 (top most level) of the hierarchy, variations of
same digits will be recognized by different minicolumns. For this experiment, we took
100 handwritten digit images (10 variations of each digit) from the MNIST database
and trained and tested our network with them till it achieved 100% recognition rate. In
steady state, top level hypercolumn contains 89 minicolumns that learned to recognize
various digit patterns present in the input dataset. 11 digit variations are pooled with
some other variation of the same digit due to spatial similarities.
5.2 Experiment 2: Feedback Processing and Invariant Representation
To test how our feedback processing algorithm generates invariant representations, we
use the same hierarchical network mentioned above. For the input dataset, we use the
same 100 digit images (10 variations for each digit) for training as used in Experiment
1 and train the network with these images till the network achieved 100% recognition
rate. At this point, we notice that there were only 10 minicolumns in the top level hypercolumn that were firing in response to the digits being exposed to the network. This
means that there is just one minicolumn firing for all the different variations of the same
digit. We also evaluate the resource optimization achieved through feedback processing.
To do that we calculate the number of active minicolumns in the hierarchical network
with and without feedback. In steady state, without feedback the network uses 3876
minicolumns while with feedback it only uses 1283 minicolumns. Thus, our feedback
processing algorithm results in about 3x resource optimization.
5.3 Experiment 3: Robustness to Test Images
In this experiment, we test the robustness of our cortical network to the patterns not
present in the training dataset. For this experiment we again use the same hierarchical
network described above. We use 400 handwritten digits images (40 variations of each
digit) training images and 40 test images (4 variations of each digit). We then train
the network with the images in the training dataset till the network achieves 100%
recognition rate and is in a stable state i.e. all the levels in the hierarchy have generated
invariant representations for all the input digit variations. Figure 6 shows the recognition
rate of the network as the number of images in the training dataset is increased from 10
to 400. For this experiment, recognition rate is defined as the percentage of the images
in the test dataset that were recognized correctly.
In the future we are planning to extend our cortical architecture so that it can run on
NVidia GPUs. This will let us create and test large hypercolumn based networks and
will improve the recognition rates further.
5.4 Experiment 4: Inherent Fault Tolerance
This experiment validates the inherent fault-tolerant property of our cortical network.
For this experiment, we use the same hierarchy as described above and use 200 handwritten digit images for training. To reduce the execution time for each epoch, we limit
the feedback processing to Level 5 (top-most level) of the hierarchy only. Initially, we
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Fig. 6. Recognition rate of the network for handwritten test digit images as the number of training
images is increased

train the hierarchy with all the 200 images till it achieves 100% recognition rate. At
this point we corrupt 5% of the total number of minicolumns throughout the hierarchy.
This was done by randomly selecting minicolumns and forcing their output to stay 0
permanently. Then we evaluate the recognition rate of the hierarchy with all the 200
training images to determine the amount of loss in recognition. Then we train the damaged hierarchy with the same training images and evaluate the peak recognition rate for
the training images. We repeat this cycle multiple times corrupting 5% of the original
number of minicolumns every time to observe how the hierarchy behaves as we inject
more and more permanent faults. Table 3 shows the behavior of our cortical network in
the presence of permanent faults.
Table 3. Evaluation of the inherent fault tolerance property of our cortical network. Initial Recognition Rate means the recognition rate (percentage) measured immediately after the faults are
injected. Peak Recognition Rate means the maximum recognition rate achieved through training
the damaged network.
Fault Injection Initial Recog- Peak RecogAttempt
nition
Rate nition
Rate
(%age)
(%age)
1
92
100
2
89
100
3
90
100
4
88
100
5
88
94
6
82
82
7
71
71
8
65
65

When Fault Injection Attempt is 5 that means that we have damaged 25% of the
total minicolumns originally present in the hierarchy. For this attempt, after retraining the damaged hierarchy, it achieves the peak recognition rate of 94%. This is due
to the fact that some of the hypercolumns ran out of the minicolumns that were idle.
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As a result the features being recognized by the minicolumns that were damaged could
not be relearned. This experiment also shows that as long as there are idle resources
available in the network, it can recover from permanent faults.
5.5 Experiment 5: Determining Set of Sufficient Features
For this experiment, we create a 3 level hierarchical network. Each of the hypercolums
in hierarchy is initialized to have 12 minicolumns. This network is initially expose it
to synthetic digit images from 0 to 9 shown in Figure 7. Each of the rows in the 7x7
digit image is exposed to one of the hypercolumns in Level 0 of the hierarchy. For
example, the highlighted row in Figure 7 is exposed to the first hypercolumn in Level 0.
Similarly, the second row is exposed to the second hypercolumn in Level 0 and so on.
Once the hierarchical network achieves the steady state, ten of the twelve minicolumns
available in the Level 2 hypercolumn fire for a unique digit image. The remaining two
minicolumns keep on thrashing because they do not have any new digit to recognize.

Fig. 7. Input dataset exposed to the hierarchical network to determine the set of sufficient features

Fig. 8. Set of features sufficient enough to recognize each unique shape. The features sufficient
enough to identify a digit are overlaid in black on top of the actual image.

Figure 8 shows the set of features sufficient to recognize each of the ten digits. The
sufficient features are shown in black. For example, to recognize a zero, the only feature
that matters is the horizontal line on top of zero. Similarly, to recognize the one, the
shorter horizontal line on the top is sufficient enough. In the absence of our spatial
correlation based algorithm to determine the set of features sufficient for recognition of
each of the digits, a total of 55 minicolumns are utilized to identify all the ten digits.
With the spatial correlation based algorithm, only 33 minicolumns are required. Thus,
there is an approximate 40% savings in computational resources.
Next, we again create a 3 level hierarchical network and initialize each of the hypercolumns to have 40 minicolumns. The input to this hierarchical network consists
of 36 7x7 synthetic images (10 digits + 26 alphabets). To evaluate the increase in the
sufficient set of features and in the number of minicolumns utilized in the presence and
absence of our spatial correlation based algorithm with an increase in the unique shapes
in the dataset, we exposed alphabets from A to Z to the hierarchical network along with
the digits from 0 to 9.
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Fig. 9. Increase in the number of features
sufficient to recognize all the shapes in the
dataset as the number of unique shapes in the
dataset is increased
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Fig. 10. Increase in the number of minicolumns required to recognize all the shapes
in the dataset as the number of unique shapes
in the dataset is increased

The graph in Figure 9 shows the increase in the set of features sufficient for recognition as the number of unique shapes in the dataset is increased. In this graph, the number
of unique shapes in the dataset are along the x-axis while the number of sufficient features identified by the hierarchical network is along the y-axis. A linear increase in the
number of sufficient features identified suggests that each of the new unique shapes
adds contains at least one sufficient feature.
The graph in Figure 10 shows the increase in the number of minicolumns as the
number of unique shapes in the dataset is increased. The solid line shows the number of
minicolumns in all the levels of the hierarchy identified as sufficient by our spatial correlation based algorithm while the dotted line shows the total number of minicolumns
used by the hierarchical network to recognize the same set of shapes if the spatial correlation based algorithm is not used. We see that the number of minicolumns required
when the spatial correlation based algorithm is used is far less than the number of minicolumns used in the absence of the spatial correlation algorithm. A linear increase in the
solid line in Figure 10 suggests that almost all the unique shapes in the dataset introduce
a feature that is not being used by any other shape.

6 Conclusions
We describe a biological plausible learning model that implements the working of cortical columns as its basic structural and functional abstraction. We demonstrate that
building models based on the properties of cortical columns can be computationally
efficient as well as biologically plausible. Using these models, we can study various
neocortical properties like independent feature identification, feedback, plasticity, invariant representation, and resource management. Our results show that such models
are inherently tolerant to permanent faults (either in hardware or in software). Using
our spatial correlation based pruning algorithm, we significantly improve the resource
utilization of our hierarchical hypercolumn networks.
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