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Sophisticated memory systems and intelligent machines 
may be constructed by creating an active memory system 
with a hierarchical architecture. Specifically, a system may 
comprise a plurality of individual cortical processing units 
arranged into a hierarchical structure. Each individual cor 
tical processing unit receives a sequence of patterns as input. 
Each cortical processing unit processes the received input 
sequence of patterns using a memory containing previously 
encountered sequences with structure and outputs another 
pattern. As several input sequences are processed by a 
cortical processing unit, it will therefore generate a sequence 
of patterns on its output. The sequence of patterns on its 
output may be passed as an input to one or more cortical 
processing units in next higher layer of the hierarchy. A 
lowest layer of cortical processing units may receive sensory 
input from the outside world. The sensory input also com 
prises a sequence of patterns. 
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Figure 1 
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Figure 2A 
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Figure 2C 



Patent Application Publication Aug. 17, 2006 Sheet 5 of 16 US 2006/0184462 A1 

Figure 2D 
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METHODS, ARCHITECTURE, AND APPARATUS 
FOR IMPLEMENTING MACHINE INTELLIGENCE 

AND HERARCHICAL MEMORY SYSTEMS 

FIELD OF THE INVENTION 

0001. The present invention relates to the field of 
memory systems and machine intelligence. In particular the 
present invention discloses methods, apparatuses, and archi 
tecture for implementing memory systems that exhibit 
machine intelligence. 

BACKGROUND OF THE INVENTION 

0002 The field of Artificial Intelligence (AI) has existed 
for over fifty years. Many useful programs have been created 
from artificial intelligence research Such as expert Systems, 
skilled game playing programs, and neural network based 
pattern matching systems. Many of the programs can 
accomplish feats that no human could possibly match due to 
the significant computational power of modern computer 
systems. However, no computer program has ever shown the 
type of understanding exhibited by the brain of even a young 
child. 

0003. There have been two main schools of artificial 
intelligence research: classic artificial intelligence research 
and neural network research. These two main schools of 
artificial intelligence research differ in how the problem of 
attempting to create machine intelligence is addressed. The 
main difference between the two schools is in how the two 
schools of artificial intelligence research are related to 
known information about the human brain. 

0004 Classic artificial intelligence proponents make no 
attempt to examine or replicate the manner in which the 
human brain operates. Proponents of classic artificial intel 
ligence attempt to create programs that mimic basic human 
behaviors or problem solving in a manner that does not 
incorporate any fundamental understanding of how human 
brains actually work. People that followed the classic arti 
ficial intelligence research school of thought felt that they 
should not be limited by the particular solution discovered 
by nature. This school of thought has some resonance since 
we created flying machines that do not operate the way birds 
fly and we created fast land travel machines that do not 
operate the way a cheetah runs. 
0005 To create classic artificial intelligence, a program 
mer examines the problem to be solved or the human 
behavior to be mimicked and then determines an algorithmic 
solution to the problem. The programmer then codes the 
algorithmic solution in computer Software. Examples of 
classic artificial intelligence programs include chess playing 
programs and expert System programs. These programs use 
an algorithm solution and a set of rules created by a human 
expert in order to solve complex problems, respectively. 
However, these programs generally have no ability to learn. 
These programs can only handle the single problem that was 
addressed. Nor can Such artificial intelligence programs 
generalize upon the knowledge incorporated into Such pro 
grams in order to address completely novel input data. 
0006 Neural network proponents have attempted to cre 
ate limited intelligent systems by replicating the operation of 
interconnected neural cells. There is a large body of knowl 
edge that describes how individual neural cells (neurons) 
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operate and how connected neurons interact. Neural network 
proponents have built systems, known as “neural networks'. 
based upon this knowledge about neuron operation. Thus, 
neural network systems operate in a manner similar to a set 
of interconnected neurons. Neural network researchers are 
therefore often referred to as connectionists. Interneuron 
connection strengths are known as Synaptic weights and are 
used to store the learned knowledge. 
0007 Before being used, a neural network must first be 
trained with a set of training information. The training 
information consists of input vectors with associated output 
vectors that are deemed to be the correct output for the 
associated input vector. During the training, the connections 
between the various simulated neurons in the neural network 
are adjusted Such that the input vectors generate the asso 
ciated output vectors (or a close approximation). 
0008. Once trained, a neural network is used by present 
ing a novel input vector to the neural network Such that an 
output vector is generated. With a proper neural network 
design and adequate training data, the neural network should 
generate the appropriate output vector for the given input 
vector. Neural networks have been proven to be useful in 
Some limited applications. 
0009. Although there have been some limited successes 
with neural networks, most neural network systems are 
relatively primitive. Most neural network systems are sim 
ply a three layer structure with a set of input nodes, a set of 
middle nodes (also known as the hidden nodes), and a set 
of output nodes. Although neural network systems are able 
to learn in a very simple sense and exhibit a limited ability 
to generalize, there is clearly no real understanding of the 
world. Neural network systems merely create an internal 
function that best maps the training input vectors to the 
associated training output vectors. Thus, a neural network is 
only able to generalize in a limited sense by applying the 
internal function to the novel input vectors. 
0010. To really advance the field of artificial intelligence, 
a new paradigm for artificial intelligence would be desirable. 
The classic artificial intelligence approach has probably 
failed since we do not fully understand the essence of 
intelligence. And without understanding the essence of 
intelligence, how can one be expected to encode intelligence 
in a computer program? The neural network approach has 
provided very limited results since neural networks gener 
ally emulate only relatively few interconnected neurons and 
does so in a manner that ignores most of the complex 
anatomy of the brain. Since current estimates postulate that 
the neocortex of the human brain contains approximately 
thirty billion neurons, such simple neural networks will 
never provide the real intelligence exhibited by the human 
brain. Thus, to advance the state of artificial intelligence it 
would be desirable to embark on a new approach that avoids 
the problems of the current main approaches. 

SUMMARY OF THE INVENTION 

0011. The present invention proposes creating sophisti 
cated memory systems and intelligent machines by con 
structing a memory system with a hierarchical architecture. 
Specifically, a system may comprise a plurality of individual 
cortical processing units arranged into a hierarchical struc 
ture. Each individual cortical processing unit receives a 
sequence of patterns as input. Each cortical processing unit 
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processes the received input sequence of patterns and out 
puts another pattern. As several input sequences are pro 
cessed by a cortical processing unit, it will therefore gen 
erate a sequence of patterns on its output. The sequence of 
patterns on its output may be passed as an input to one or 
more cortical processing units in next higher layer of the 
hierarchy. A lowest layer of cortical processing units may 
receive sensory input from the outside world. The sensory 
input also comprises a sequence of patterns. 

0012 Each individual cortical processing unit includes a 
memory that is used to help process the sequence of patterns 
received on the input. The memory may comprise previously 
encountered sequences of patterns that contain structure. An 
input sequence of patterns may be deemed to contain 
structure if that sequence of patterns has been encountered 
more than once. An individual cortical processing unit can 
use the stored sequences of patterns containing structure in 
order to later recognize Such structured sequences in the 
input stream. 
0013 When a previously encountered sequence of pat 
terns is recognized by a cortical processing unit, the cortical 
processing unit can report Such recognition to higher layer 
cortical processing units. The output to the higher layer 
cortical processing units may comprise an identifier of the 
recognized pattern sequence. Over time, the output stream 
containing identifiers of recognized sequences comprises a 
sequence of patterns itself. That output stream of patterns 
may comprise an input that will be processed in a similar 
manner by the cortical processing unit in the next higher 
cortical processing unit layer. The outputs of more than one 
lower layer cortical processing unit may be joined together 
Such that the joined outputs form a sequence of patterns that 
may be processed. 
0014. A cortical processing unit may also use the memo 
rized sequence of patterns in order to make predictions about 
the incoming sequences in order to resolve ambiguous 
information. Specifically, when a cortical processing unit 
determines that it is currently receiving a known sequence, 
the cortical processing unit may predict the next pattern to 
be received in the sequence. The processing unit may use the 
prediction to interpret the next pattern received. For 
example, if the input stream into a cortical processing unit 
is ambiguous, then that cortical processing unit may use the 
predicted pattern to help identify the next input pattern. 
0.015 The cortical processing unit may further provide 
the predicted next pattern down to the next lower cortical 
processing units. The lower cortical processing units may 
interpret this as a prediction of the next sequence that the 
lower unit will encounter (and hence output to the higher 
layer). Such prediction information may comprise informa 
tion that helps the lower cortical processing unit layers 
correctly identify the next sequence. 

0016. The prediction information may also be considered 
as useful predictions of what will occur in the outside world. 
And if an incoming pattern significantly differs from a 
predicted pattern or an incoming sequence of patterns sig 
nificantly differs from the predicted sequence of patterns, 
then there is a prediction failure. The occurrence of a 
prediction failure may be transmitted to a cortical processing 
unit in a higher layer. A cortical processing unit in a higher 
layer may be able to resolve the error. A detected error may 
be resolved in a number of different ways. One way to 
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resolve the error is to adjust the cortical hierarchy's model 
of the world by storing a new sequence of patterns. 
0017. Other objects, features, and advantages of present 
invention will be apparent from the company drawings and 
from the following detailed description. 

BRIEF DESCRIPTION OF THE DRAWINGS 

0018. The objects, features, and advantages of the present 
invention will be apparent to one skilled in the art in view 
of the following detailed description in which: 
0019 FIG. 1 illustrates a conceptual diagram of the 
visual processing portion of the brain concerned with rec 
ognizing forms and identifying objects. 
0020 FIG. 2A illustrates a revised hierarchical diagram 
for the human visual processing system of FIG. 1. 
0021 FIG. 2B illustrates an alternate hierarchical dia 
gram for the human visual processing system of FIG. 1. 
0022 FIG. 2C illustrates the alternate hierarchical dia 
gram of FIG. 2A with a local prediction feedback. 
0023 FIG. 2D illustrates the alternate hierarchical dia 
gram of FIG. 2A with a prediction passed from a higher 
layer to a lower layer. 
0024 FIG. 3A illustrates a grid of pixels in the limited 
visual world considered by a prototype program machine 
intelligence program. 
0.025 FIG. 3B illustrates the pixel grid of FIG. 3A 
wherein the pixel grid has been divided into a set of 
sixty-four pixel patches of four by four pixels that will each 
be examined by an individual processing unit. 
0026 FIG. 3C illustrates the pixel grid of FIG. 3B 
wherein the sixty-four pixel patches have been grouped 
together in groups of four to form sixteen meta-patches that 
are examined by the sixteen processing units of the second 
processing unit layer. 
0027 FIG. 4 illustrates one possible example of the 
hierarchy of the cortical processing units for the thirty-two 
by thirty-two grid of pixels illustrated in FIGS. 3A to 3C. 
0028 FIG. 5A illustrates the hierarchy of the cortical 
processing units to process information from thirty-two by 
thirty-two grid of pixels illustrated in FIG. 3A in a prototype 
program. 

0029 FIG. 5B illustrates the hierarchy of FIG. 5A with 
feedback information that provides context. 
0030 FIG. 6 illustrates an alternate view of the cortical 
processing unit hierarchy of FIG. 5A wherein the cortical 
processing units are each labeled with the addressing system 
set forth with reference to FIGS. 3B and 3C. 

0031 FIG. 7 illustrates a Bayes beliefnet for the cortical 
processing unit hierarchy of FIG. 5A. 
0032 FIG. 8 illustrates ninety training shapes that were 
used to train the prototype program. 
0033 FIG. 9 illustrates eight different possible sequences 
of four consecutive patterns. 
0034 FIG. 10 illustrates some result data from three 
different line drawing tests using a prototype program. 
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DETAILED DESCRIPTION OF THE 
PREFERRED EMBODIMENT 

0035 Methods, architecture, and apparatus for imple 
menting machine intelligence are disclosed. In the following 
description, for purposes of explanation, specific nomencla 
ture is set forth to provide a thorough understanding of the 
present invention. However, it will be apparent to one skilled 
in the art that these specific details are not required in order 
to practice the present invention. For example, the present 
invention has been described with reference to Bayesian 
networks for generating predictions. However, other types 
of systems may be used to analyze the learned information 
in order to generate predictions. The numerous teachings of 
the present invention are set forth with reference to a simple 
image recognition system that uses image information as 
sensory input. However, the principles of the present inven 
tion can be applied to any type of environment with any type 
of sensory input as long as there is detectable consistency 
within the environment. 

Theory of Operation of the Human Brain 

0036) The human brain consists of billions of intercon 
nected nerve cells (neurons). Like a computer system, the 
neurons of the human brain are connected to both input units 
and output units. The input units consist of the senses 
connected to our brain Such as hearing, sight, Smell, touch, 
and taste. The output units consist of controlled muscles that 
allow us to perform complex actions with our bodies and 
allow us to communicate by speaking. 
0037 But beyond that one similarity, computers and 
human brains are extremely different. A computer has a 
central processor that sequentially executes a set of instruc 
tions (with associated parameter information) retrieved from 
a flatly addressed memory system. In a human brain, there 
is no central processor. Instead, there are billions of neurons 
interconnected in some parallel manner wherein all the 
neurons operate concurrently. Nor is there a large flatly 
addressed memory system with perfect recall in a human 
brain. Instead, the human brain has billions of synapses that 
form connections between neurons. Each synapse in the 
network of synapses may be strengthened or weakened thus 
acting as a memory in the form of modified operation of 
that synapse. 
0038. As set forth in the background, independent efforts 
at creating intelligent machines have yielded many useful 
computer programs. However, nothing close to real human 
(or other mammal) intelligence has ever been created. No 
one has yet figured out how to independently program a real 
intelligent machine. Thus, in order to build an intelligent 
machine, it may be wise to determine the manner in which 
the human brain works in order to take advantage of the 
operational methods incorporated in that amazing product of 
millions of years of evolution by natural selection. 
0.039 The human brain has been studied by scientists for 
over a hundred years. This extensive research has lead to 
many independent discoveries that have revealed a large 
number of insights into the operation of the human brain. 
However, the overall operation of the human brain still 
largely remains a mystery. The teachings of the present 
invention combine a number of the discoveries about the 
human brain in order to create an overall theory on how the 
human brain operates. The operational theories mainly focus 
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on the brain's neocortex since only mammals, the class of 
animals generally regarded to be the most intelligent, have 
a neocortex. A full description of the overall theory of 
operation of the brain's neocortex can be found in the book 
"On Intelligence' by Jeff Hawkins, Times Books, which is 
hereby incorporated by reference in its entirety. 

0040. With an overall theory on how the neocortex oper 
ates, these teachings can then be implemented with a 
machine in order to create artificial intelligence. For 
example, the methods of the present invention may be 
implemented with Software on a computer system. However, 
the teachings can be implemented in many other formats 
Such as directly in an integrated circuit. 
Sensory Input Comprises Sequences of Patterns 

0041. The human brain is protected within the confines of 
the strong bone that consists of the human skull. There is no 
direct contact between the human brain and the outside 
world. To learn about the outside world, the human brain has 
millions of connections to sensory nerve cells located all 
over the human body. Millions of nerve cells on the surface 
of the human body provide the input of touch. Millions of 
rods and cones on the retina of the human eye detect light 
and transmit information about the detected light along the 
optic nerve to the brain. Thousands of sensor cells in the 
human ear detect different sound frequencies and transmit 
the detected Sound information along the auditory nerve to 
the brain. All of this sensory information is received along 
different nerve pathways to the brain. The brain must then 
interpret all of this information to form an understanding of 
the outside world. 

0042 All of the different sensory input signals that are 
transmitted to the brain have at least two dimensions: a 
spatial dimension and a time dimension. The spatial dimen 
sion constitutes a collection of related sensory signals that 
arrive at the brain at the same time. The collective activities 
on related nerve fibers that are received by the brain at the 
same time are deemed to be a “pattern” of information in the 
spatial dimension. Over time, different patterns are received 
by the brain from each collection of related nerve fibers. The 
consecutive patterns received by the brain along related 
nerve fibers constitute a sequence of patterns wherein 
consecutive patterns are closely related in time. 
0043. An example can easily be provided with reference 
to the human sense of vision. All of the input signals 
received by the brain from the optic nerve at a particular 
instant in time represent a pattern of visual information in 
the spatial dimension. Over time, different visual informa 
tion enters our eyes as we move our eyes (in movements 
known as saccades), move our head, or move our entire 
body. The constantly changing visual information received 
by our eyes is continually transmitted to the brain along the 
optic nerve. The constantly changing visual information 
creates different patterns on the optic nerve. The continuous 
stream of patterns transmitted on the optic nerve is thus a 
sequence of patterns of visual information. 
0044) The pattern in a spatial dimension and a sequence 
of patterns in the time dimension model applies to all of our 
different senses. With regard to hearing, different hairs in our 
ears are activated by different frequencies of sound. The 
collection of all of the different frequency signals transmit 
ted from the ear to the brain along the auditory nerve 
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represents a pattern of auditory information. Over time, we 
hear different Sounds such that sequence of auditory patterns 
is transmitted along the auditory nerve to the brain. Our 
sense of touch is actually much more detailed than simply 
touch pressure. Touch information has a wide variety of 
spatial dimension aspects including pressure, temperature, 
pain, and location. All of this touch information that the 
brain receives concurrently is a pattern of touch information 
in the spatial dimension. Over time, the body receives a 
sequence of patterns of touch information. 

0045. Much of the artificial intelligence research using 
neural networks concerns the use of neural networks 
attempting to learn pattern information Such that the neural 
network can later recognize similar patterns within novel 
input data. However, most of the neural network based 
pattern recognition research has been performed using spa 
tial patterns with no consideration of time. For example, 
during a learning phase, a neural network may be presented 
with a collection of static images, one at a time, such as an 
apple, a boat, a tree, a banana, etc. The neural network is 
taught what each presented pattern represents in order to 
train the neural network on different object patterns for 
object recognition. Later, novel image patterns are presented 
to the neural network such that the neural network attempts 
to identify an object in the novel image. There has been 
Some Success with Such pattern recognition neural networks, 
but the success has been limited. 

0046 Human brains do not receive information in such a 
static manner wherein a set of completely different images 
are presented with no respect to time. Instead, human brains 
receive information as a continuous sequence of patterns 
from the different sensory organs. For example, our eyes 
receive an ever-changing sequence of images that are trans 
mitted to the brain as a sequence of patterns on the optic 
nerve. Our brains learn to group different sequential images 
of the same object together by observing continuous motions 
in this world. 

0047 The sensory information in the sequence of pat 
terns is generally highly correlated over time. For example, 
when a person looks out a window, much of the visual 
information (such as buildings, tree trunks, the ground, etc.) 
remains static. Some of the visual information (Such as 
leaves blowing in the wind, a bird flying in the sky, a squirrel 
running across the grass, etc.) changes over time. But even 
the changing information is highly correlated in time since 
the leaves blowing in the wind do not move significantly, the 
bird travels in a straight line, and the Squirrel moves around 
only on the ground in the same area. 

0.048. The correlation of the information in the visual 
stream is very important for learning. For example, a baby 
looking out the window of the previous example will learn 
over time that trees and buildings do not move whereas birds 
and Squirrels do move. Thus, receiving a continual sequence 
of visual patterns provides a large amount of useful infor 
mation for learning. Therefore, the system of the present 
invention proposes that the consideration of time such that 
a sequence of patterns is examined to be an important aspect 
of in the ability to learn. Thus, in many embodiments, the 
system of the present invention uses sequences of patterns 
generated over time as the stream of Source information to 
learn from. 
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The Neocortex in the Brain Uses a Single “Cortical Algo 
rithm 

0049. The human brain is comprised of many different 
parts including the cerebellum, the basal ganglia, the hypo 
thalamus, the brain stem and the neocortex. However, it is 
generally agreed upon that the main area of the human brain 
responsible for abstract thought and Substantial learning 
capability is the neocortex. Only the animals that exhibit the 
best capacity for learning (mammals) have a neocortex 
structure in their brains. 

0050 Different regions of the neocortex are generally 
used to address different problems presented to the neocor 
tex. One region of the neocortex is used to process grammar; 
other regions are used for processing Sounds; multiple 
regions are dedicated to processing visual information; and 
so on. Over time, Scientists have attempted to map out the 
different functions performed by the different regions of the 
neocortex. The current brain function mappings of neocor 
tex functions are relatively complex. And it has been found 
that the functional mappings of the neocortex only tend to 
vary by limited amounts from person to person. 
0051. The relatively consistent mapping of neocortex 
functions has lead many brain researchers to assume that 
each area of the brain processes the information that it 
receives and solves problems in different ways. However, in 
1978, a neuroscientist named Vernon Mountcastle made a 
novel assertion. He noted that the entire neocortex had a 
remarkably uniform appearance and structure. The regions 
of neocortex that handle auditory input look the same as the 
regions that handle touch, which look like the regions that 
control muscles, which look like the regions that handle 
vision, which look like the regions that generate language, 
and so on. Mountcastle asserted that since all these different 
regions of the neocortex appeared uniform, then perhaps all 
of these different regions of the neocortex performed the 
same basic operation. He asserted that there is likely to be 
a single cortical algorithm that is used throughout the 
neocortex to handle all of the different sensory information. 
Assuming that this is true, then the different regions of the 
cortex that perform specific functions become specialized 
mainly due to the particular pattern information received by 
that cortical region and not because of any significantly 
different neural structure in that cortical region. 
0052 A number of subsequent scientific studies support 
Mountcastle's assertion. One of the strongest pieces of 
evidence is the “plasticity' of the brain. As set forth above, 
there are many different regions of the brain that seem to be 
dedicated to performing very specific functions. However, it 
has been learned that different parts of the brain can easily 
adapt to handle a different function that is normally handled 
by another region of the neocortex. The ability to adapt 
operation in order to handle different circumstances is 
referred to as the brain's plasticity. 
0053. In one set of experiments that supports Mountcas 

tle's uniform cortical algorithm assertion, Scientists have 
“rewired the output from one sensory organ on a baby 
animal to connect to a different region of the of the animals 
neocortex. For example, the optic nerve of a baby ferret has 
been rewired such that the information from the optic nerve 
flows into an area of the ferret's neocortex that is normally 
used to process sound information. When the ferret with the 
rewired brain grows up, the ferret is able to see. The area of 
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the ferret's brain that would normally be used to process 
Sound information was able to adapt to processing visual 
information. Such experiments show that the mammal neo 
cortex is very plastic in the sense that just about any region 
in the mammal neocortex can adjust itself to handle what 
ever type of input information flows into that region. 
0054 The same plasticity has been shown to exist in 
human brains. For example, if the region of the neocortex 
that is usually dedicated to processing grammar (known as 
Broca's area) is damaged in the brain of a young child that 
has not yet learned to speak, then the child's damaged brain 
will adjust itself accordingly in order to adapt. Specifically, 
the child's brain will tend to use a different region of the 
brain for processing grammar (such as the same area on the 
other side) such that the child with a damaged brain will 
easily learn to speak. Many other examples of Such human 
brain plasticity can be cited. Adults that are born deaf will 
use areas that are normally used to process Sounds for 
processing visual information. Blind people will often use 
the region of the rear region of the brain normally used to 
process vision in order to learn to read Braille. 
0.055 Since different regions of the neocortex can be used 
to handle any different problem, then there must be a single 
cortical algorithm that is used to handle every different 
problem presented to the brain. This is just what Mount 
castle proposed. Although Mountcastle's proposal may seem 
relatively simple, his discovery is actually quite profound in 
its implications. Specifically, if a single cortical algorithm 
that is used throughout the entire human neocortex can be 
deciphered properly, then that cortical algorithm can be 
reproduced in a machine to create machine intelligence. 
Within the context of a machine, the cortical algorithm can 
be used to process many different types of information 
streams as long as each information stream is presented as 
a sequence of patterns. There for, a single type of machine 
can be used to solve problems in vision, language, audition, 
and robotics. 

The Human Neocortex is Organized Hierarchically 

0056. Over the one hundred years of human brain 
research, many different aspects of the cortex of the human 
brain have been carefully examined. However, one of the 
most meticulously studied aspects of the human cortex is the 
processing of visual information. FIG. 1 illustrates a sim 
plified conceptual diagram that is commonly used by brain 
researchers to describe the visual processing portion of the 
human cortex concerned with recognizing forms and iden 
tifying objects in the visual information stream. 
0057. At the bottom of FIG. 1, raw visual information 
(the sequence of visual patterns) enters the V1 region 110. 
The V1 region 110 performs the initial processing of visual 
pattern information received from the optic nerve. The cells 
in the V1 region 110 are divided into cell groups wherein 
each cell group analyzes the information from a small area 
of the retina. In this document, all the neural cells in a cell 
group that process the same sequence of input patterns or an 
artificial device that emulates a cell group that processing 
the same sequence of patterns will be referred to as a 
“cortical processing unit' or a “processing unit.” For 
example, a cell group that processes the information con 
tained in sequence of input patterns directly from a small 
area of the retina may be referred to as a cortical processing 
unit. 
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0058. The information generated by the processing units 
in the V1 region 110 is then passed to the V2 region 120. The 
V2 region 120 performs processing on the information 
received from the V1 region 110 and then generates pro 
cessed output information that is passed to the V4 region 
130. Similarly, the V4 region 130 processes the information 
received from the V2 region 120 and passes processed 
information to IT region 140. Finally, the IT region 140 
receives information generated by the V4 region 130. In the 
IT region 140, the brain is known have been able to discern 
objects in the person's visual field. For example, certain 
cells will be activated if a particular face is visible anywhere 
in the person’s visual field. 
0059. As illustrated in FIG. 1, raw visual sensory infor 
mation is received at the bottom and then progressively 
processed by a series of visual processing regions. At the top 
region, the visual processing system is known to recognize 
and identify objects. Thus, the visual processing portion of 
brain concerned with recognizing forms illustrated in FIG. 
1 has a vertical hierarchy of Successive processing until a 
complex result (an identified object) is achieved at the top. 
0060 Laboratory tests indicate that the cells in the lower 
layers of the hierarchy (such as the V1 region 110) are 
Switching (activating and deactivating) very rapidly. This is 
understandable since our eyes are constantly moving Such 
that different visual information is being presented to the V1 
region 110 of the cortex all the time. The V1 region 110 is 
also the largest cortex region of the four cortex regions 
conceptual illustrated in FIG. 1. Furthermore, experiments 
have shown that each cell group in the V1 region 110 is only 
receptive to a very small area of the retina. Thus, in the V1 
region 110 there are many individual Small cell groups 
responsible for processing information from each area of the 
retina. 

0061 As one ascends the layers of hierarchy illustrated in 
FIG. 1, the activity of the cells at each higher hierarchical 
layer become more stable than the lower hierarchical layers. 
Thus, as one proceeds up the hierarchy, cells respond more 
and more to objects in the world as opposed to simple visual 
constructs. Furthermore, the receptive visual fields of the 
cell groups in each layer become larger as one ascends the 
hierarchy. That is, cell groups in the low V1 region 110 only 
process information from a small area of the retina whereas 
the IT region 140 processes information from the entire 
visual field. Thus, each cell group in a layer above the first 
layer (the V1 region 140) processes information from more 
than one cell group from the layer below. This can be seen 
since a face can appear in any region of a person’s visual 
field and the person still recognizes it as a face Such that the 
IT region 140 must process the entire visual field. 
0062. As one ascends the hierarchy, the cell groups in 
each ascending layer process a larger and larger visual field 
such that each cell group in regions above the first layer (V1 
region 110) processes the output of many cell groups from 
regions in the lower layers. At the top of the visual form 
recognition hierarchy in FIG. 1, the IT region 140 processes 
the entire visual field since objects can be recognized in any 
part of the visual field. 
0063. This information leads one to revise the simple 
block diagram of FIG. 1 into a block diagram having an 
ascending hierarchy that generally has a large number of 
cortical Smaller processing units at the bottom and generally 
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has fewer but larger cortical processing units on each 
successive hierarchical layer. This architecture allows for 
distributed and relatively simple processing at the bottom 
but concentrated and more complex processing at the top. 

0064. As set forth in the previous section, there is a single 
cortical algorithm that is used throughout the neocortex of 
the human brain. Furthermore, using the teachings in the 
first section on input, each cortical processing unit receives 
sequences of patterns that must be processed. Combining 
these teachings, one may deduce that each layer of the 
hierarchy must comprise cortical processing units that 
receive input in the form of a sequence of patterns but output 
a sequence of patterns since those output patterns will 
become the inputs to the cortical processing units in the next 
higher layer. 

0065 Combining the information in the previous para 
graphs leads one to revise the simple hierarchy of FIG. 1 
into an ascending hierarchy of cortical processing units 
wherein each cortical processing unit inputs and outputs 
sequences of patterns. FIG. 2A illustrates a block diagram 
one embodiment of a revised hierarchical diagram for the 
human visual processing system wherein each rectangular 
block represents a cortical processing unit. As set forth 
earlier, the hierarchical organization may not always consist 
of progressively fewer cortical processing units on each 
ascending layer. For example, FIG. 2B illustrates an 
embodiment of a cortical processing unit hierarchy wherein 
the third layer from the bottom has more cortical processing 
units than the second layer from the bottom. 
0.066 FIG. 2A illustrates a very simplified version of the 
proposed hierarchical architecture of the visual processing 
portion of the human neocortex concerned with recognizing 
forms and identifying objects. In the illustration of FIG. 2A, 
each layer of the hierarchy comprises one or more cortical 
processing units wherein each cortical processing unit is 
represented by a rectangular box. Note that FIG. 2A is just 
provided for conceptual explanation purposes. In reality, 
there are certainly many more layers and there are certainly 
many more processing units on each layer. With the proper 
determination of the single cortical algorithm that drives 
each processing unit, an intelligent machine may be con 
structed using the hierarchical architecture illustrated in 
FIG. 2A in order to perform visual object recognition. 
The Cortical Algorithm Stores Structure in Memory for 
Later Recognition 

0067 Referring to FIG. 2A, we know that the sensory 
input information received at the bottom of the hierarchy 
consists of sequences of patterns from the sensory organs. 
Following the presumption that there is a single cortical 
algorithm that is used throughout the brain then each 
cortical algorithm processing unit would likely also output 
patterns (that, over time, are sequences of patterns) such that 
those patterns may be used as the inputs for the next higher 
layer of cortical processing units in the hierarchy. Thus, the 
challenge is to determine what algorithm is used internally 
in each cortical processing unit to process the incoming 
sequence of patterns and generate an outgoing sequence of 
patterns. 

0068. It is well known that the brain has a large distrib 
uted memory system. Following the single cortical algo 
rithm model, then each cortical processing must include 
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memory for storing information. Since each cortical pro 
cessing unit receives an input sequence of patterns, has a 
memory, and outputs information; then that memory must be 
used by the cortical processing unit to help process the input 
sequence of patterns in order to create the output sequence 
of patterns. 

0069. One of the great mysteries of the human brain is 
how it creates invariant representations of objects in the 
world. An invariant representation is an internal represen 
tation of an object (a physical object, a word, a song, etc.) 
in the brain that allows the brain to later recognize the same 
object in just about any different external condition. For 
example, a brains invariant representation of a particular 
person allows the brain to later identify that person in any 
lighting condition, from any viewing angle, and from any 
distance provided that there is enough information in the 
sensory input stream to identify that person. 

0070 The system of the present invention proposes that 
an invariant representation of an object can be constructed 
by using a hierarchy of cortical processing units. The 
invariant representation is formed by identifying invariant 
structure within the constantly changing sequence of pat 
terns and storing that invariant structure so that it may later 
be recognized. Every cortical processing unit performs this 
process of identifying, storing, and later recognizing invari 
ant structure at every level in the hierarchy. Thus, the overall 
invariant representation of an object comprises all of the 
invariant structures associated with that object that have 
been stored in a set of hierarchically arranged cortical 
processing units. Note that an invariant representation 
includes invariant structures at many different levels. All of 
these different levels invariant structures (including the 
entire invariant representation structure) can be used within 
the invariant representations of other objects. 

0071. The neocortex must create these invariant repre 
sentations of objects using the neocortex's only source of 
outside information, the constantly changing sequence of 
patterns from the various sensory organs. Thus, the neocor 
tex must create an invariant representation of an object by 
identifying invariant structures within the constantly chang 
ing sequence of patterns. The memory in each cortical 
processing unit must be used to store invariant structure that 
has been located in the incoming sequences of patterns. In 
this manner, the stored invariant structures may later be 
recognized in the incoming sequence of patterns in order to 
recognize objects that include that invariant structure. 

0072 But what exactly is an invariant structure in a 
sequence of patterns? A non-structured sequence of patterns 
is generally represented as a completely random stream of 
patterns. So a structured stream of patterns is not a random 
stream of patterns. But how can a cortical processing unit 
that has not had any learning identify a sequence of patterns 
that is not random? One possible method is to have the 
cortical processing unit look for a repeated patterns or 
repeated sequences of patterns. Repeated patterns and 
repeated sequences of patterns are unlikely to be random 
noise. Furthermore, the more times that a pattern or 
sequence of patterns repeats, the less likely that the repeated 
pattern or the repeated sequence of patterns is random. Thus, 
repeated patterns and repeated sequences of patterns are 
likely to be part of an invariant structure. A number of other 
methods may also be used to identify invariant structures 
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with the stream of patterns. For example, ordered progres 
sive pattern changes such as 1, 2, 3, 4, and so on are also 
mostly likely to be invariant structure. 
0073. In one embodiment, each cortical processing unit 
may search for repeated patterns or repeated sequences of 
patterns in the input stream in order to identify invariant 
structures contained within the input stream. The cortical 
processing unit may then store those repeated patterns and 
repeated sequences of patterns in memory for later recog 
nition. 

0074. In order to limit the amount of memory used, a 
cortical processing unit may only memorize the most fre 
quently repeated patterns or sequences of patterns. This 
limited number of repeated patterns or sequences of patterns 
stored in memory may be considered as a set of categories 
that are used to classify incoming patterns or sequences of 
patterns. Later, when a previously seen and memorized 
pattern or sequences of pattern (a learned invariant structure) 
is encountered again, the cortical processing unit can inform 
the next higher cortical layer about the identified invariant 
structure found in the input stream. 
0075 Upon recognition, a cortical processing unit may 
pass up a sequence identifier (or name) for the recognized 
sequence of patterns to the next higher layer in the hierarchy. 
As long as the incoming sequence of patterns continues to 
match the memorized sequence of patterns, the cortical 
processing unit will continue to output the same sequence 
identifier for that recognized sequence of patterns. Since the 
same sequence identifier is being output during the entire 
pattern sequence, one can see that higher layers will have 
processing units that Switch less frequently than lower 
processing units. 
0.076 Note that if a cortical processing unit fails to 
recognize a pattern or sequence of patterns, the cortical 
processing unit may output an identifier to the cortical 
processing unit in the next higher layer that indicates that 
nothing was recognized in the current input stream. Alter 
natively, the cortical processing unit may output an identifier 
that indicates that there was an error between a predicted 
pattern and the actual pattern received. 
0077. The sequence identifier itself is a pattern on the 
cortical processing units output. And the output pattern (the 
sequence identifier) becomes the input to the next higher 
cortical processing unit. Over time, a cortical processing unit 
will output different sequence identifiers as different 
sequences are recognized such that a sequence of patterns (a 
sequence of sequence identifiers) is output from the cortical 
processing unit. 
0078. The cortical processing unit in that next higher 
layer can then apply the same cortical algorithm to its input 
stream(s) from one or more processing units in lower layers 
of the hierarchy. Specifically, the cortical processing unit in 
that next higher layer can examine the input stream for 
repeated patterns or sequences of patterns and store those 
repeated patterns and/or repeated sequences of patterns. 
When the cortical processing unit recognizes a stored 
sequence of patterns in the input stream, that cortical pro 
cessing unit can inform a cortical processing unit in the next 
higher layer with a sequence identifier for the recognized 
sequence. In this manner, the hierarchy of cortical process 
ing units (as illustrated in FIG. 2A) is able to identify 
structures within structures. 
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0079. With a large number of individual cortical process 
ing units organized in a hierarchical manner, very complex 
invariant structures may be memorized and later recognized. 
The collective memory of invariant structures learned by the 
hierarchy of cortical processing units comprises a model of 
the Surrounding world. 
0080. The hierarchical structure promotes efficient usage 
of memory since simple structures in lower hierarchical 
layers can be combined in many different manners to create 
more complex structures in higher layers. For example, low 
level cortical processing units may recognize simple invari 
ant structures such as lines of different orientations (vertical, 
horizontal, 45 degree, etc.). Then higher level cortical pro 
cessing units may recognize more complex structures by 
combining together different permutations of the line orien 
tations in the lower-level structures. For example, a higher 
level cortical processing unit may recognize a rectangle as a 
first pair of parallel lines that are coupled at each end by a 
second pair of parallel lines with an orientation that is 
orthogonal to the first pair of lines. A square could be 
recognized as first pair of parallel lines that are coupled at 
each end by a second pair of parallel lines having an 
orientation that is orthogonal to the first pair of lines and a 
length equal to the first pair of parallel lines. Note that the 
same low level structures are used in both higher level object 
definitions. The rectangle structure itself may be primitive 
structure used to identify more complex objects such as a 
house, a billboard, a television, etc. 
0081. As one proceeds up the hierarchy of cortical pro 
cessing units illustrated in FIG. 2A, the cortical processing 
units in each Successive layer become more stable since the 
identified sequence of patterns will change less frequently. 
Eventually, at a high level, the information becomes very 
stable. For example, in a high layer Such as IT region in the 
human neocortex's system for identifying visual objects, a 
consistent visual pattern Such as a human face can be 
consistently recognized even when it moves about the 
person’s field of view thus creating very different visual 
input information that causes rapid Switching in lower 
regions such as the V1 region. Specifically, studies have 
shown that certain cells in the high levels such as the IT 
region remain activated as long as there is a human face 
within the field of view even when the face moves about the 
field of view. 

The Cortical Algorithm Makes Predictions. Using its Stored 
Memories 

0082. A core theory about the nature of intelligence set 
forth by this document is that intelligence is measured by the 
ability to make useful predictions. Intelligence allows 
humans (and other mammals) to use accumulated knowl 
edge about the world in order to make predictions about the 
world. Simply identifying invariant structure in the sur 
rounding world alone is not very useful. However, using that 
accumulated knowledge about the world in order to make 
accurate predictions about that world is a very useful adap 
tation for an animal struggling to Survive in the world. When 
an entity can make accurate predictions about an object or 
situation, then that entity has intelligence Such that the entity 
can be said to understand that object or situation. 
0083. An animal that is able to identify a previously 
encountered situation and then make accurate predictions 
about that situation will be better able to survive and 
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reproduce. For example, a gazelle that previously encoun 
tered a lion catching and eating another gazelle may learn 
from that encounter Such that it can predict that hanging 
around lions may get oneself killed. Based upon that pre 
diction, the gazelle may opt for behaving in a manner that 
prevents the undesirable prediction from coming true . . . 
Run! Similarly, an animal with the ability to predict may 
adapt its behavior to cause favorable predictions to come 
true. If an animal previously encountered a watering hole by 
the patch offive trees, then the animal may predict that going 
to those five trees would again provide a watering hole. 
Therefore, natural selection favored animals with a neocor 
tex well Suited for making accurate predictions. 

0084 As set forth in the earlier sections, the neocortex 
likely uses a single cortical algorithm in all the cortical 
processing units arranged in a hierarchy to address many 
different problems. Thus, both high level cortical processing 
units and low level cortical processing units make predic 
tions. Very high level cortical processing units may make 
Sophisticated decisions such as those presented in the pre 
vious paragraph that helped an animal Survive. However, 
even very low level cortical processing units constantly 
make very simple predictions. A person's neocortex con 
stantly makes many of these low level predictions with out 
that person being aware of those predictions. Those low 
level predictions are generally only of interest to the sur 
rounding low level cortical processing units. (But even low 
level predictions may escalate up the hierarchy if the pre 
diction does not match a sensed reality.) 
0085 For example, if you are sitting in a chair then the 
low level cortical processing units coupled to your sense of 
touch predict that pressure will continue to be felt by your 
body in contact with the chair as long as you remain in that 
chair. This prediction is constantly made but is generally of 
interest only to other low level cortical processing units such 
that you are not even aware of the pressure against your 
body unless you make a conscious effort to detect it. As long 
as the incoming reality matches with the prediction, there is 
understanding of the situation. (In this case, the understand 
ing is at a very low level.) 

0.086 When a prediction fails to match sensed input, 
there is confusion such that information about the failed 
prediction moves up the hierarchy for additional consider 
ation. Thus, if the chair you are sitting on Suddenly breaks 
causing you to drop then the low level cortical processing 
units that were predicting continued pressure from body 
contact will now signal a failed prediction. The nearby 
higher cortical processing units will not be able to resolve 
these failed predictions such that the failed prediction rap 
idly escalates far up the cortical processing unit hierarchy 
Such that you become aware that you are falling. Thus, many 
predictions are constantly being made at various low levels 
outside of our consciousness. However, even a failed low 
level prediction may escalate up the hierarchy Such that we 
become aware of the problem if no cortical processing unit 
in the hierarchy is able to resolve the failed prediction 

0087. One of the most common examples of failed low 
level prediction that escalates into our consciousness that 
almost everyone has experienced is that Sudden feeling of 
panic that you feel when you are walking up stairs and your 
foot passes through the plane where you predicted the next 
step should be. Your brain notes that reality does match the 
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prediction Such that the problem rapidly escalates up the 
cortical hierarchy. Since no intermediate cortical processing 
unit is able to resolve this failed prediction, the failed 
prediction escalates all the way up into your consciousness 
in order to bring your attention to the problem. 

0088 Our brain can adjust to mismatches between sen 
sory input and predicted reality in many different ways. If 
the sensory perception is deemed to be accurate but the 
prediction is not then the error indicates that the brains 
model of the world is not accurate. The brain may adjust its 
model of reality by learning. Thus, in the preceding 
example, you may learn that the set of stairs has fewer steps 
than you previously expected. 

0089 Assuming that cortical processing units make pre 
dictions then one must determine how these cortical pro 
cessing units in the neocortex can make these predictions. As 
set forth in the previous section, each cortical processing 
unit stores sequences of patterns in memory (Ideally, 
sequences of pattern that represent structure in the world) for 
later recognition. If the incoming patterns match a particular 
memorized sequence, then the cortical processing unit rec 
ognizes that particular sequence and informs the coupled 
processing units in higher layers that a known sequence is 
being observed. However, this sequence recognition can 
also be used to make a prediction. Specifically, if a cortical 
processing unit recognizes that it is currently in a known 
sequence of patterns, then that cortical processing unit may 
determine the next pattern that the processing unit expects to 
receive by identifying the next pattern in the recognized 
sequence of patterns. This next expected pattern constitutes 
a prediction by the cortical processing unit. Such predictions 
occur all the time in our brains at every level of the cortical 
processing unit hierarchy. 

0090 The next pattern prediction made by a cortical 
processing unit may be used as an input to that processing 
unit to be processed. For example, FIG. 2C illustrates the 
cortical hierarchy of FIG. 2A wherein cortical processing 
unit 231 has made a prediction of the next expected pattern 
(represented by the dashed line) and that prediction that is 
passed back into cortical processing unit 231 as input 
information. There are various different ways of accomplish 
ing this result. In one embodiment, the predicted pattern 
value may be delayed before being introduced into the input 
stream. In the book "On Intelligence', it was suggested that 
the thalamus may be used to perform this function in the 
human brain. 

0091. There are a number of uses for such predictions. 
One simple example is that the cortical processing unit may 
compare its prediction of the next pattern to be received 
from lower processing units with the actual pattern received. 
In Such a manner, the cortical processing unit may be able 
to use the pattern prediction to resolve ambiguous informa 
tion. For example, if the next pattern is very close to the 
expected pattern, then the cortical processing unit may deem 
that the next pattern was really meant to be the predicted 
pattern but it may have been distorted by noise. If the 
cortical unit presumes that the predicted pattern was really 
what was meant, then the cortical processing unit will deem 
that it is still within the recognized sequence. Thus, a pattern 
sequence that is very similar to a predicted pattern sequence 
may effectively be changed into that predicted sequence. 
Thus, a cortical processing unit may create a perceived 
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reality by combining an actual real but ambiguous input (a 
closely matching pattern) with a known model of reality (the 
expected pattern) to create a perception of reality. If the 
expected pattern is significantly different than the expected 
pattern, then the cortical unit may try to recognize a different 
known sequence of patterns, signal an error to higher units, 
signal the error to lower units, or act in another manner. 
0092. One should note that this use of prediction infor 
mation to resolve ambiguous input information is similar to 
the operation of existing auto-associative memories. An 
auto-associative memory is a memory that produces a full 
clean version of known pattern or sequence of patterns when 
give a noisy or partial version of that known pattern or 
sequence of patterns. Thus, in an auto-associative memory, 
a group of similar input patterns or sequences of patterns 
will all retrieve and output the same output pattern or 
sequence of patterns. This is a form of generalization that 
humans can do effortlessly. However, most auto-associative 
memory systems will fail if the input pattern is shifted, 
rotated, scaled, or otherwise distorted in a significant man 

. 

0093 Human memories are often linked together by their 
own content like auto associative memories. For example, if 
you wish to recall information about a house that you lived 
in long ago, you may wish to view a photograph of that 
house to prime your memory (the photograph being a 
partial input of the full house memory). Upon seeing the 
photograph of the house, a flood of memories about that 
house (the full clean version of the house memory) may be 
produced. Thus, memories of the house were addressed 
using the house itself, hence the term auto-associative 
memory. 

0094) Auto-associative memories can be used to store 
sequences of patterns. To store a sequence of patterns in an 
auto-associative memory, one can associate the current input 
pattern with the previous input pattern, then associate the 
next input pattern with the current input pattern, and so on. 
Then, the output of the auto-associative memory is coupled 
to the input of the auto-associative memory. In this manner, 
when the auto-associative memory is primed with a spatial 
pattern that is associated with the first pattern in the 
sequence, the entire sequence will be recalled. 
0.095 Auto-associative memories may be used to con 
struct primitive versions of the cortical hierarchy of the 
present invention. For example, auto-associative memory 
devices may be arranged in a hierarchical arrangement 
wherein the outputs from low-level auto associative memo 
ries are coupled to the inputs of higher auto-associative 
memories with some additional circuitry. In Such a system, 
the auto-associative memories store, recognize, and recall 
the pattern sequences mentioned earlier. The additional 
circuitry is needed to transform the output sequences into 
names of output sequences that will be provided to the next 
higher level of auto-associative memories. 
0.096 Referring back to next pattern prediction made by 
a cortical processing unit, the next pattern prediction may 
also be passed between different cortical processing units. 
FIG. 2A illustrates the different hierarchical layers with 
information flowing both upwards and information flowing 
downwards. As set forth earlier, each individual cortical 
processing unit attempts to identify invariant structure in its 
input stream. When a processing unit recognizes a memo 
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rized sequence of pattern, information about that recognition 
(an identifier for the recognized sequence) is passed upward 
to the next higher cortical unit layer(s). Furthermore, infor 
mation about failed predictions may flow upward. The 
downward information flow may include next pattern pre 
dictions made by higher cortical processing units in the 
hierarchy to lower higher cortical processing units. 
0097 FIG. 2D explicitly illustrates a conceptual example 
of such a downward flow of prediction information. Spe 
cifically, cortical processing unit 231 has made a prediction 
(represented by a dashed line) that is passed to the two 
cortical processing units (221 and 222) in a lower cortical 
layer that are coupled to cortical processing unit 231. 
0098. Each cortical processing unit memorizes sequences 
of patterns that the cortical processing unit receives on its 
input. Those inputs are actually identifiers of recognized 
sequences from the cortical processing units in the lower 
layer. When an upper cortical processing unit recognizes that 
it is currently within a memorized sequence of patterns then 
the cortical processing unit may predict the next pattern in 
the sequence it is currently receiving. If that predicted 
pattern is passed to the cortical processing unit in the 
hierarchical layer below, that predicted pattern represents 
the next sequence of patterns that is expected from the lower 
cortical processing unit. Thus, the lower cortical processing 
unit receives a prediction about the next expected sequence 
of patterns it will likely encounter. 
0099 Such a prediction about the next expected sequence 
may help a cortical processing unit resolve ambiguity on a 
sequence of patterns level. A cortical processing unit may 
not be able to match a new incoming sequence of patterns to 
any of the stored sequences of patterns. Or worse, the 
incoming sequence of patterns may closely resemble two 
different stored sequences of patterns. To determine how to 
properly categorize Such an ambiguous current incoming 
sequence of patterns, the cortical processing unit may con 
sider the prediction information received from a higher 
cortical processing unit. Thus, if a cortical processing unit 
cannot determine if a current sequence of patterns matches 
memorized sequence A or memorized sequence B and the 
higher level cortical processing unit predicts that it will 
receive sequence B, then the cortical processing unit may 
use that prediction from the higher cortical processing unit 
to resolve such ambiguous cases and thus select sequence B. 
0.100 This complex prediction system that creates pre 
dictions both within individual cortical processing units and 
between coupled cortical processing units creates a Sophis 
ticated prediction system that operates throughout the entire 
hierarchy in a coordinated manner. Specifically, every cor 
tical processing unit in the hierarchy may use its own 
memory to predict the next pattern to be received in the 
currently recognized sequence of patterns. And every cor 
tical processing unit in the hierarchy may pass that predicted 
next pattern down to the lower connected cortical processing 
units. A cortical processing unit may use a prediction 
received from a higher cortical processing unit to predict the 
next sequence of patterns that will be received. 
0101 AS long as each pattern or pattern sequence pre 
diction matches the received input, things run Smoothly. And 
predictions may be used to resolve ambiguous patterns or 
pattern sequences. But when a prediction is significantly 
wrong, an error signal or the unexpected input is propagated 
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up the cortical hierarchy. If a cortical processing unit higher 
up in the hierarchy is able to resolve the problem, then 
correction information will flow from that cortical process 
ing unit back down the hierarchy. If a problem propagates all 
the way to the top of a hierarchy, then some new learning 
may need to occur in order to address the novel situation in 
the future. 

0102 As set forth in an earlier section of this document, 
the collective memory of invariant structures learned by the 
hierarchy of cortical processing units comprises an invariant 
representative model of the surrounding world. By combin 
ing incoming sequences of patterns from sensory organs 
along with sequence and pattern predictions that are con 
stantly made by all the cortical processing units using the 
invariant representative model of the Surrounding world 
stored in the memory, our neocortex generates a full per 
ception of reality. Thus, our understanding of reality is 
more than simply what we can detect with our senses at any 
particular moment. Instead, our perception of reality is 
created with both sensed information (from our sensory 
organs) and information recalled from memory (our model 
of the world). (In fact, the majority of our perception of 
reality may come from memory.) 

0103) This combination of sensed information with 
memorized information is very useful since our individual 
sensory organs alone do not provide enough information to 
completely understand the surrounding world. Only the 
combination of sensory information with information 
recalled from memory Such that accurate predictions can be 
made leads to a real understanding of the Surrounding world. 
The more invariant structure that has been deduced from the 
Surrounding world and stored into memory, the more accu 
rate predictions can be made about that Surrounding world. 
And consequently, the more accurate predictions can be 
made about that Surrounding world, the better understanding 
of the outside world. 

0104. There are numerous examples that illustrate how 
our neocortex combines sensory input with our model of the 
world in memory to create a full perception of reality. For 
example, it is well known that people do not always hear 
every word that is spoken by another person in a typical 
conversation. However, our ability to predict the proper 
word that would be appropriate at the time of an unheard 
word allows us to understand what the other person said 
without hearing every word. This only occurs when a person 
is sufficiently fluent in a language. Before becoming fluent, 
a person learning a language will often need a speaker to 
slow his rate of speaking and annunciate every word. A 
similar type of prediction occurs when reading difficult to 
read handwriting. Specifically, our learned knowledge of 
sentence structure, grammar, the material being discussed, 
and other memorized information allow us to decipher 
handwritten words that could not be deciphered if presented 
alone. 

0105. A very interesting example of combining sensory 
information with memorized information occurs with the 
blind spot in our eyes. Our eyes have a blind spot where the 
optic nerve couples the rear of the eyeball. The blind spot 
exists because there are no light detecting cells on the retina 
where the optic couples to the eyeball. This blind spot only 
fully exists when one eye is closed since normally the other 
eye covers the field of vision containing the eye's blind spot. 
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But even when a person has only one eye open, that person 
does not notice a gaping hole in his visual field. In fact, a 
person must make a concerted effort to even become aware 
the blind spot when looking with only one eye. How can this 
be possible? 

0106 The reason that the blind spot is not easy to detect 
is that our brain combines the sensed visual information with 
predicted visual information such that the hole from the 
blind spot is filled in to create the full visual perception. 
Specifically, the brain fills in the hole with information from 
the Surrounding visual scene and makes intelligent predic 
tions to fill in the hole. If the blind spot hole is within the 
pattern of a carpet, then that carpet pattern will be used to fill 
the hole. If a straight line passes through the blind spot, then 
a straight line segment will be filled into the blind spot in 
order to complete the straight line. Since our brains are very 
good at making predictions about our Surroundings due to 
years of learning, the predicted information appears to be 
just as real as the actual sensed information. Thus, you really 
cannot always believe what you “see'. 
Cortical Algorithm Makes Predictions from Invariant Rep 
resentations and Input Data 
0.107 Feedback or information flowing down the cortical 
hierarchy serves a number of functions. As set forth earlier, 
the feedback information can be used to resolve ambiguous 
input data. But the feedback data is also used for other very 
important functions. 

0108. The feedback information may be required for 
learning. As every cortical processing unit and region of 
neocortex learns sequences of patterns, that cortical process 
ing unit or region of neocortex learns the sequences in a 
particular context that is provided by the next higher cortical 
processing unit or region of neocortex. The context specifies 
a state of the higher cortical processing unit or region of 
neocortex. The context may be specified as the current 
element of a sequence being experienced by that higher 
cortical processing unit or region of neocortex. This context 
feedback information provides a means for the cortical 
processing unit or region of neocortex to properly group its 
input patterns together. 

0109) Another very important use of feedback informa 
tion from higher layers is to provide the ability to perform 
specific predictions using invariant representations. Predic 
tions based on invariant representations occur when a high 
level pattern moves down the hierarchy towards the input. 
Such predictions occur in two different manners. A first 
manner occurs when the system predicts something that has 
not yet happened. For example, our neocortex allows us to 
predict (and hear) the next note of a song before it has 
happened. The other invariant representation type of predic 
tion occurs when a system fills in missing information in 
Something that is happening now. For example, our neocor 
tex fills in missing or occluded parts of a visual image as 
previously described with reference to the blind spot. 
0110. In both of these scenarios the system has a chal 
lenge in making the desired specific prediction. The chal 
lenge presented is that a pattern high up in the cortical 
hierarchy is in an invariant form. The invariant form lacks 
the details to generate a prediction that is precise and 
relevant to the current situation. But ideally, the system 
should generate as precise of a prediction as is possible. 
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Thus, the invariant representations must be combined with 
Some specific feed forward information to make specific 
predictions. 

0111. A couple of examples will illustrate the concept. 
Imagine that you are expecting to see a dog (perhaps you 
heard a dog bark). In the high-level IT region in the 
neocortex's visual processing region, the neocortex knows 
that it should be representing “dog”. However, without any 
additional current information, the IT region of neocortex 
cannot predict what type of dog you will see, where the dog 
will be, and in what position the dog will be seen. However, 
if you are already seeing part of a dog (such as a foot or tail), 
the neocortex can use this partial feed forward information 
to help predict where the rest of the dog will be and what the 
dog will look like. Similarly if you are expecting to hear a 
particular note interval in a song, such as an octave step up, 
there is no way to determine what will be the precise next 
note without additional information. However, if your neo 
cortex is able to combine this “invariant’ octave step up 
prediction along with the last note that was heard then the 
neocortex will be able to precisely predict the next note that 
will be heard. 

0112 As set forth above, invariant representations must 
be combined with some feed forward information in order to 
generate specific predictions. The general method to do this 
is as follows. As feed forward inputs arrive at a cortical 
processing unit or a region in a memory hierarchy from the 
units below, those feed forward inputs may be combined to 
form a spatial pattern. As part of the learning process, this 
spatial pattern must be stored as one type of example of 
whatever higher level context information is being fed down 
to this cortical processing unit or region. As different feed 
forward inputs (combined into spatial patterns) arrive, the 
feed forward inputs (spatial patterns) are stored as part of 
different higher-level contexts that are provided at that time. 
For example, a cortical unit or neocortex region may expe 
rience the following learning: pattern A (feed forward input 
pattern) is a dog (context), pattern B is a dog, pattern C is a 
cat and pattern D is a cat. Those A, B, C, and D patterns are 
the components of invariant representations that are learned 
for future reference. 

0113. The stored patterns are later used during recogni 
tion. For example, when feedback information to a cortical 
unit or neocortex region specifies an expectation of seeing a 
dog, then the cortical units or neocortex region partially 
invokes all the stored patterns that were stored in the context 
of “dog”. In the example from the previous paragraph, the 
cortical units or neocortex region will partially invoke 
patterns A and B since those patterns were stored in the 
context of “dog”. To complete the prediction process, the 
partially invoked invariant representation must be combined 
with current information. Thus, partial feed forward input to 
the cortical units or neocortex region will preferentially 
match pattern A or pattern B such that the combination of the 
feed forward input and its matching pattern results in a 
precise prediction. The prediction is a specific prediction 
(pattern A or pattern B) created by combining the feed 
forward input to the known examples of the “dog” context. 

0114. The book “On Intelligence” sets forth the details of 
one mechanism that may be used within the human neocor 
tex. This mechanism uses sparse distributed spatial patterns. 
In the described mechanism, layer 2 cells in the six layer 
columns of neocortex are a Superset of all relevant invariant 
representation patterns. Feedback information from above 
activates an invariant representation in layer 2 and the 
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activated layer 2 cells signal layer 6 cells in the same 
column. Feed forward input information from below repre 
senting the current situation is provided to layer 6 of the 
columns relevant to the feed forward information. The 
intersection of feedback created layer 2 cell activity that 
signals layer 6 and feed forward activity in layer 6 deter 
mines the specific prediction. 
0115 There are many other methods of performing the 
same function in other systems. The requirements of con 
structing a system are relatively simple. First, the system 
must have multiple different representations of multiple 
different objects (the different contexts). Each of the mul 
tiple different representations must be associated with a 
specific type offeed forward (or input) information such that 
the feed forward information will partially activate the 
representation. Feedback information that specifies a par 
ticular context (object) must be able to partially activate the 
different representations associated with that context 
(object). Any representation that is partially activated by 
feedback information and partially activated by feed forward 
information is considered fully activated. In Such a system, 
a specific prediction can be made by specifying a particular 
context with feedback information (to partially activate a 
relevant set of representations) and specifying current feed 
forward input information (to partially activate representa 
tions related to the feed forward information) such that a 
fully activated representation is generated as a prediction. 
The prediction may then flow down the hierarchy. 
0.116) Initially, this may seem to be a very impractical 
method of operation since there are a nearly infinite number 
of possible ways objects can appear (different representa 
tions). If one attempted to store a different pattern repre 
senting each possible input, this would require an impossi 
bly large amount of memory. But as set forth in the previous 
sections, a hierarchical memory organization is very efficient 
at representing very large numbers of different things Such 
that this apparent limitation can be overcome. In essence the 
lower regions of the memory hierarchy form representations 
of lower level primitives that are shared among many 
higher-level object representations. This dramatically 
reduces the amount of memory required to represent a very 
large number of different items. 

An Intelligent Machine Architecture 
0.117 To construct a sophisticated memory systems or an 
intelligent machine, the present invention proposes using 
aspects of the architecture and the operation theory of the 
human brain set forth in the previous sections as a blueprint 
for creating Sophisticated memory systems and intelligent 
machines. By attempting to emulate important aspects 
deduced from the Sophisticated intelligence system honed by 
evolution (the human neocortex), significant advances in the 
field of artificial intelligence may be achieved. This 
approach avoids the pitfalls of the current main two 
approaches of artificial intelligence. 
0118. The subsections of the previous section set forth the 
main principles that have been derived from the mammal 
neocortex. Specifically: 
1. Sensory Input Comprises Sequences of Patterns 
2. The Neocortex Uses a Single “Cortical Algorithm for 
many different problems 
3. The Neocortex Is Organized in a Hierarchical manner 
4. The Cortical Algorithm Stores Structure in Memory for 
Later Recognition 
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5. The Cortical Algorithm Makes Predictions Using. Its 
Stored Memories 

6. Cortical Algorithm Makes Predictions from Invariant 
Representations and Input Data 
0119 Using these six principles, various different sophis 
ticated memory systems and ultimately an intelligent 
machine may be constructed. Not all of these different 
principles must be used in every embodiment that uses the 
teachings of the present invention. Many useful systems 
may be created by combining together only a few of these 
teachings. 
0120 An intelligent system may comprise a plurality of 
individual cortical processing units arranged into a hierar 
chical structure. Each individual cortical processing unit 
receives a sequence of patterns as input. Each cortical 
processing unit processes the received input sequence of 
patterns and outputs another pattern. As several input 
sequences are processed by a cortical processing unit, it will 
generate a processed sequence of patterns on its output that 
will be passed to cortical processing units in higher layers. 

0121 Each individual cortical processing unit includes a 
memory that is used to help process the input sequence of 
patterns. The memory may comprise previously encountered 
sequences of patterns that contain invariant structure. An 
input sequence of patterns may be deemed to contain 
structure if that sequence of patterns is repeated. An indi 
vidual cortical processing unit can use the stored sequences 
of patterns in order to recognize Such sequences in the 
input stream. 
0122) When a previously encountered sequence of pat 
terns is recognized by a cortical processing unit, the cortical 
processing unit can report Such recognition to higher layer 
cortical processing units. The output to the higher layer may 
comprise an identifier of the recognized sequence of patterns 
in the incoming sequence of patterns. The output stream 
containing identifiers of recognized sequences comprises a 
sequence of patterns itself. That output stream of patterns 
may comprise the input to a cortical processing unit in the 
next higher cortical processing unit layer. 

0123. A cortical processing unit may also use the memo 
rized sequence of patterns in order to make predictions about 
the incoming sequences in order to resolve ambiguous 
information. Specifically, when a cortical processing unit 
determines that it is currently receiving a known sequence, 
the cortical processing unit may predict the next pattern to 
be received in the sequence. The processing unit may use the 
prediction to interpret the next pattern received. For 
example, if the input stream into a cortical processing unit 
is ambiguous, then that cortical processing unit may use the 
predicted pattern to help identify the next input pattern. 

0.124. The cortical processing unit may further provide 
the predicted next pattern down to the next lower cortical 
processing units. The lower cortical processing units may 
interpret this as a prediction of the next sequence that it will 
output. Such prediction information may comprise informa 
tion that helps the lower cortical processing unit layers 
correctly identify the next sequence. 

0125 The prediction information may also be considered 
as useful predictions of what will occur in the outside world. 
And if an incoming pattern significantly differs from a 
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predicted pattern or an incoming sequence of patterns sig 
nificantly differs from the predicted sequence of patterns, 
then there is a prediction failure. The occurrence of a 
prediction failure may be transmitted to a cortical processing 
unit in a higher layer. A cortical processing unit in a higher 
layer may be able to resolve the error. A detected error may 
be resolved in a number of different ways. One way to 
resolve the error is to adjust the cortical hierarchy's model 
of the world by storing a new sequence of patterns. 

One Visual Pattern Recognition Implementation 

0.126 The previous sections have described a system that 
has a hierarchy that stores sequences and makes predictions 
of future events. However, like the human visual system, the 
system can be used to solve spatial recognition problems. 
This section presents one example embodiment of a proto 
type program that uses the teachings of the previous sections 
to recognize visual object patterns by first learning about the 
object patterns. As one skilled in the art of computer knows, 
there are many different ways to implement the methods and 
architecture presented in the previous sections of this docu 
ment. However, the principles of operation and the archi 
tecture are set forth with sufficient detail such that many 
different systems that incorporate the teachings of this 
document may be created. 
0127. The prototype pattern recognition program is con 
structed of a hierarchy of cortical processing units that 
analyzes input training information consisting of line draw 
ings in order to identify structures within that training 
information. The prototype program is also informed about 
the names of objects in some of the training information 
Such that the prototype program can associate particular 
learned structures with particular object names. After the 
prototype program completes its learning phase, the proto 
type program can then accurately recognize objects in novel 
input data using the learned information. 
0128. In this example prototype pattern recognition pro 
gram, the hierarchical processing units of the prototype 
program receive pattern information that is presented as a 
continuous stream in the form of animated movies. Thus, 
sequences of patterns are presented to and learned by the 
prototype program. The prototype program then uses the 
learned information to create probabilistic models about the 
outside world. The probabilistic models are then used to 
recognize objects in novel pattern data using Bayesian belief 
propagation as is well-known in the art. Explicit details on 
Bayesian belief propagation can be found in the book 
“Probabilistic Reasoning in Intelligent Systems: Networks 
of Plausible Inference' by Judea Pearl from Morgan Kauf 
man Publishers, Inc. However, other implementations that 
incorporate the teachings of the present invention may 
process the learned information in different manners and 
may use other methods of inferring a final result. 
The Visual Pattern Recognition Problem Addressed 
0129. The visual pattern recognition problem addressed 
by the prototype program implements the hierarchical archi 
tecture of the present invention with computer software. To 
keep the size of the software, the amount of memory 
required, and processing requirements of the prototype pro 
gram under control and to quickly create a functioning 
prototype, Some simplifications were made from an ideal 
implementation of the present invention. 
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0130. Furthermore, the visual pattern world of the pro 
totype program was limited to a small pixel grid. Specifi 
cally, FIG. 3A illustrates the thirty-two by thirty-two grid of 
black or white pixels that make up the limited visual world 
of the prototype program. However, the thirty-two by thirty 
two grid of black or white pixels presents ample room to 
create a variety of line drawings and closely related versions 
of those line drawings that should be identified as belonging 
to the same group. Examples of some of the line drawings 
created in the thirty-two by thirty-two black and white pixel 
grid are presented in FIG. 8. 
The Sensory Input Used for the Visual Pattern Recognition 
Problem 

0131 The hierarchical arrangement of cortical process 
ing units in the prototype program analyzes the entire 
thirty-two by thirty-two grid of pixels first during a learning 
phase and then later during a pattern recognition phase. In an 
example embodiment of the prototype program, the lowest 
level of cortical processing units each process an input 
sequence of patterns from a four by four patch of pixels. 
FIG. 3B illustrates the thirty-two by thirty-two grid of pixels 
divided into a set of four by four patches of pixels. Each 
individual four by four patch of pixels is analyzed by its own 
first level cortical processing unit. There are sixty-four 
individual four by four pixel patches illustrated in FIG. 3B 
Such that the first cortical processing unit layer of the 
hierarchy will have sixty-four cortical processing units. 

0132) Patch 310 illustrates an example four by four patch 
of pixels taken from the full thirty-two by thirty-two grid of 
pixels. Each patch of pixels can be addressed using the row 
and column numbers illustrated on grid of FIG. 3B. A full 
address should also include an identifier of the layer of the 
cortical processing unit hierarchy layer. In this example, the 
lowest hierarchical layer will be deemed layer “X”. Thus, 
the address for the example patch could be given as X17 
wherein the first character specifies the cortical unit layer, 
the second character specifies the row, and the third char 
acter specifies the column. 
The Cortical Processing Unit Hierarchy 

0133. In the next higher cortical unit layer, each cortical 
processing unit was assigned to examine the sequence of 
patterns created by four adjacent cortical processing units. 
Specifically, FIG. 3C illustrates sixteen groups of four by 
four pixel patches on the grid that are examined by the 
sixteen cortical processing units of the second cortical layer. 
As with the lower layer X, the sixteen patches of FIG. 3C 
(and their respective cortical processing units) can be 
addressed using a row and column index. Thus, if the second 
layer is designated as layer Y then the corner patch 320 can 
be addressed as Y03 wherein Y is the layer, 0 is the row, and 
3 is the column. 

0134) Successive cortical processing unit layers would be 
implemented in a similar manner. FIG. 4 illustrates one 
possible example of the hierarchy of the cortical processing 
units for the thirty-two by thirty-two grid of pixels illustrated 
in FIGS. 3A to 3C. In the example of hierarchy of FIG. 4, 
a third layer has four cortical processing units wherein each 
processing unit handles data from four cortical processing 
units in the second layer. A fourth cortical processing unit 
layer consists of two cortical processing units wherein each 
considers the outputs from two cortical processing units in 
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the third layer. Finally, fifth and top cortical processing unit 
layer processes the output from the two cortical processing 
units of the fourth layer. 
0.135). Note that the cortical processing units in the suc 
cessively higher layers of the hierarchy in FIG. 4 process 
information from more than one cortical processing unit in 
the layer below. Thus, the receptive field of successively 
higher cortical processing units grows larger as one ascends 
the hierarchy of cortical processing units. This is designed to 
be similar to the visual system of the human neocortex that 
operates in a similar manner. 
0.136 Note that FIG. 4 presents only one arbitrary 
selected hierarchical arrangement for the pattern recognition 
problem. Many other hierarchical arrangements could be 
created. For example, the processing units in the lowest 
layer of the hierarchy of FIG. 4 each consider an input 
consisting of sixteen pixels in a four by four pixel patch. But 
many other divisions of sensory input could be used such as 
having the cortical units on the lowest layer only consider 
input from four pixels in two by two pixel patches. The same 
principle applies to all of the different cortical processing 
unit layers in the hierarchy. For example, the cortical pro 
cessing units on the third layer 430 could consider the output 
from five or six cortical processing units in the second layer. 
In another embodiment, the cortical processing units on the 
third layer 430 may each only consider the output from four 
processing units in the lower second layer. 
0.137 In the prototype program, a smaller cortical pro 
cessing unit hierarchy was constructed. FIG. 5A illustrates 
the cortical hierarchy architecture used to construct the 
prototype program. As illustrated in FIG. 5A, the lowest 
cortical processing unit layer, the X layer 510, has sixty-four 
cortical processing units for processing the sensory input 
from the thirty-two by thirty-two pixel grid in individual 
four by four pixel patches as set forth with FIG. 3B. The 
second cortical processing unit layer, the Y layer 520, has 
sixteen cortical processing units wherein each cortical pro 
cessing unit processes the output from four cortical process 
ing units in the X layer 510 as set forth with FIG. 3C. 
Finally, in the prototype program hierarchy of FIG. 5A, a 
single cortical processing unit comprised the top layer, 
named the Zlayer 530. The single processing unit on the Z 
layer 530 processes the output from all sixteen cortical 
processing units on the Y layer 520. 

0.138 FIG. 6 illustrates an alternate view of the cortical 
processing unit hierarchy of FIG. 5A. In the alternate view 
of FIG. 6, each of the cortical processing units is labeled 
with an address using the addressing system set forth with 
reference to FIGS. 3B and 3C. 

The Visual Patterns for Training 
0.139. To train the prototype program, a set of line draw 
ing shapes were presented to the prototype program. FIG. 8 
illustrates an example set of ninety training shapes that were 
used to train the prototype program. The line drawing shapes 
of FIG. 8 were presented to the prototype program in the 
form of animated movies that had the line drawing training 
shape moving about in the thirty-two by thirty-two pixel 
world. This training allows the prototype program to learn 
about various geometric shapes in FIG. 8 that make up the 
world of the prototype program and the movements of those 
geometric shapes in its limited visual world. 
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Unsupervised Training 
0140. During initial training, the cortical processing units 
of the prototype program each memorize the most frequently 
occurring sequences of patterns that are encountered. For 
example, the cortical processing units in the lowest X layer 
510 of the prototype program memorizes the most fre 
quently occurring sequences of patterns that are encountered 
on their local four by four pixel patch. In one embodiment 
of the prototype program, the cortical processing units in the 
lowest X layer 510 memorize sequences of four consecutive 
patterns. Similar pattern sequence learning also occurs at the 
Y layer and the Z layer. This unsupervised learning allows 
the prototype program to learn the various primitive struc 
tures that make up its world. 
0141. The unsupervised training was initially performed 
with animated movies of the specific objects that were to 
later be recognized. For example, the unsupervised training 
may have used the letter line drawings in FIG. 8. However, 
another unsupervised training session used a set of shapes 
that did not include any of the shapes that the system would 
later attempt to recognize. It was discovered that as long as 
the line drawings used in training included the same low 
level primitive structures that exist in the line drawings to be 
recognized (such as the letters) then this unsupervised 
training without the letters worked fine. The low-level 
primitive structures in the letters include structures Such as 
vertical lines, horizontal lines, corners, boxes, and parallel 
lines. Thus, it was immediately apparent that the hierarchical 
arrangement learned about low level primitive structures 
that consistently existed in its world. The prototype program 
then combined the low-level structures in various manners 
to create representations of many different higher level 
objects. 
0142 FIG. 9 illustrates eight different possible sequences 
of four consecutive four by four pixel patterns that could be 
seen by the cortical processing units of the lowest layer of 
the cortical processing unit hierarchy (X layer 510). The four 
horizontal sequences of patterns S. S. S. and Sa represent 
four pattern sequences commonly encountered during the 
animated movies of the unsupervised training. S and S 
depict a vertical line moving right and a horizontal line 
moving upward, respectively. S. and S depict the motion of 
a lower left corner and an upper-right corner, respectively. 
The four vertical sequences of patterns S5, Se, S7, and Ss 
depict very random pattern sequences that never (or almost 
never) occur. Thus, frequently occurring (repeated) 
sequences of patterns such as those of S. S. S. and S and 
other frequently occurring sequences were memorized by 
the lowest X layer 510 cortical processing units as sequences 
that contain invariant structure. 

0143. In one embodiment, only the thirteen most fre 
quently occurring sequences of patterns were stored in the 
memory of cortical processing units in the X layer 510. Each 
of the memorized frequently occurring sequence of patterns 
is given a unique identifier. In one embodiment, each of the 
different memorized sequences were very different such that 
the X layer 510 cortical processing units could immediately 
recognize which memorized sequence was being experi 
enced. (The sequences had no or almost no shared patterns.) 
0144. The identifiers of recognized sequences of patterns 
are passed up to the next layer of cortical processing units, 
the Y layer 520 of FIG. 5A. As illustrated in the particular 
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hierarchical arrangement of FIG. 5A, each cortical process 
ing unit in the Y layer 520 receives information from four 
cortical processing units in the lower X layer 510. The four 
sequence identifiers from the four X layer units are com 
bined to form a spatial pattern received by the cortical 
processing unit in the Y layer 520. In one embodiment, the 
sequence identifiers from the four X layer processing units 
are simply concatenated together to form a unique pattern 
that is presented to the cortical processing unit in the Y layer 
520. Note that the Y layer cortical processing units under 
stand higher level concepts since Y layer processing units 
combine together sequence information from four individual 
X layer processing units. 
0145 As previously set forth, one embodiment memo 
rized thirteen different commonly encountered sequences in 
the X layer 510. With sequence identifier information from 
four different X layer cortical processing units wherein each 
layer may be in one of thirteen different sequences; the Y 
layer 520 processing units may experience 13'-28561 pos 
sible different input patterns. However, only seven hundred 
and forty-four (744) different input patterns were actually 
experienced. Thus, as predicted, only a small percentage of 
the possible input patterns into a cortical processing are ever 
experienced by the cortical processing unit. 
0146 The cortical processing units in the Y layer 520 
may perform the same learning operation as the cortical 
processing units in the X layer 510 as set forth above. 
Specifically, each cortical processing unit in the Y layer 520 
identifies and then memorizes commonly experienced 
sequences of patterns on its input stream. The Y layer 
processing units would later attempt to recognize those 
memorized sequences in their input streams. The Y layer 
processing units could then report recognized sequences of 
patterns to the next higher cortical processing unit layer, the 
Z layer 530. The Z layer 530 receives sequence identifiers 
from all sixteen different processing units in the Y layer 520. 
The sixteen sequence identifiers from the Y layer 520 may 
be combined to form a spatial pattern received by the Zlayer 
S30. 

0.147. In one particular embodiment, the prototype pro 
gram also collects a set of statistics about the patterns and 
pattern sequences that are detected during the unsupervised 
learning phase. The collected Statistics may include how 
many times a particular pattern or sequence is encountered 
and how many times a particular input value is encountered. 
As set forth in the in the earlier section on making specific 
predictions from invariant representations, one very impor 
tant statistic to keep track of is the specific context when a 
particular pattern or sequence encountered. In one embodi 
ment, the particular higher-layer pattern may be the context 
for the lower layer patterns and sequences. It is during this 
training phase that the system constructs a Bayes network 
Such that Bayesian inference using Bayesian belief propa 
gation may be used to perform pattern recognition. Details 
on Bayesian inference will be set forth in greater detail in a 
later section. 

Supervised Training 
0.148. After the unsupervised training, the prototype pro 
gram has collected sequences of patterns and developed 
higher level object concepts from the lower layer sequences. 
Since the prototype program already understands object 
concepts at the top level, the training from layer Y to layer 
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Z can proceed in a Supervised manner. The Supervised 
training links specific object names to object concepts that 
have been learned at the high Z layer. In this manner, the 
prototype program may later infer the specific object names 
when giving novel input data. 
014.9 The supervised training may be performed by 
presenting an object name to the top Z layer 530 while 
presenting an animated movie of the particular object shape. 
The prototype program thus links the high level concept at 
the Z layer (the current sequence with the object name 
currently being presented. 
0150. For example, during supervised training with the 
third geometric shape from the left on the top row of FIG. 
8, the memorized sequences recognized at the Z layer are 
associated with the name 'cat'. Similarly, during training 
with the sixth geometric shape from the left on the top row, 
the memorized sequences recognized at the Z layer are 
associated with the name “dog”. And so on with all the 
different geometric shapes during training. 
0151. As with the unsupervised training phase, the pro 
totype program also collects a set of statistics about the 
detected patterns and pattern sequences during the Super 
vised learning phase. These statistics will be used to build 
probability tables in order to perform Bayesian inference as 
will be described in a later section. 

Pattern Recognition using Bayesian Inference 
0152 The learning pattern recognition prototype pro 
gram uses Bayesian inference techniques in order to gener 
ate very accurate object name using pattern recognition. In 
the prototype program, the objective is to have recognized 
sequence information at the top Zlayer 530 associated with 
the correct object name. Ideally, even novel input patterns 
should output recognized Zlayer sequences (and the object 
name associated with the recognized Zlayer sequence) due 
to generalization of the knowledge acquired by the prototype 
program. 

0153 Bayes' rule allows for a system to determine the 
probability of a particular result R outcome based upon 
available evidence E. To compute this probability, one needs 
to have observed a fair amount of information about the 
different possible results R and the different possible evi 
dence E. The fundamental rule of Bayesian learning is that 

This states that the probability of a particular-result R when 
given certain evidence E is equal to the probability that the 
particular evidence E given the result R times the prior 
probability of encountering the result R divided by the 
probability of encountering the evidence E. 
0154) To perform the desired pattern recognition with the 
prototype program, the prototype program must attempt to 
determine the output sequence Z at the top of the hierarchy 
(and thus the associated object name) when given particular 
input information at the bottom (X layer 510) of the hier 
archy. Since this is a bottom to top determination, it is 
technically referred to as an inference. The input information 
is supplied in the form of a static thirty-two by thirty-two 
pixel drawing that is provided into the lowest layer, the X 
layer 510. The lowest X layer 510 processes the thirty-two 
by thirty-two pixel drawing to determine the mostly likely 
sequence at the X layer. If given time, the X layer could also 
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receive and consider real pattern sequence information to 
generate more accurate results. 

O155 To make the desired determination of the Z 
sequence, it would be desirable to know the probability of 
different possible output Z. sequences when given the spe 
cific input sequence X. This probability is expressed as 

Therefore, to determine the probability of a particular Z 
sequence when given the input information of X, the pro 
totype program must know: 

0156) P(X,Z) which is the probability that the specific X, 
input is causing sequence Z. 
0157) P(Z) which is the probability encountering of the 
particular Z. sequence; and 
0158 PCX) which is the probability of encountering the 
specific input sequence X, 
The information to determine all three of these needed 
probability values was collected during the learning phase. 

0159. It should be noted that the probability of a specific 
X sequence input value given a particular Z sequence, 
P(XZ), is not directly learned and placed into a probability 
table. Instead, the problem is broken down into a Bayes 
belief net. Thus, different probability tables are created 
during learning such that those probability tables can then be 
combined with a Bayes rule network to obtain the desired 
probability value. FIG. 7 illustrates the Bayes belief net for 
the pattern recognition system of the prototype program. 

0160. As illustrated in the Bayes belief network of FIG. 
7, a Y sequence value can be selected using a probability of 
the Y sequence value given specific X sequence inputs 
P(Y|X)). Subsequently, the Z sequence value can be 
selected using a probability of the Z value given selected Y 
sequence inputs P(ZY)). These probabilities may be com 
puted using Bayes' rule. In order to perform this, all of the 
individual Y layer processing units can observe the prob 
ability of a particular Y sequence value given a specific Z 
sequence value, P(YZ). Similarly, all of the individual X 
layer processing units can observe the probability of a 
particular X sequence value given the specific Y Sequence 
value, PCXY). 
0.161 To store the needed probability values, one must 
have contextual feedback that is presented from higher 
cortical layers to lower cortical layers during training. FIG. 
5B illustrates examples of the contextual feedback that may 
be presented from higher cortical layers to lower cortical 
layers in order to allow the needed probability tables to be 
created. For each cortical processing unit in the Y layer, the 
current Z. sequence context information is provided. This is 
illustrated in FIG. 5B as the current Z. sequence value being 
fed back to Y layer processing units. (Note that the context 
feed back is only illustrated for the two left-most Y layer 
processing units but the current Z. sequence is provided to all 
of the sixteen Y layer processing units.) This Z sequence 
contextual feedback allows each cortical processing unit in 
the Y layer to create a probability table that specifies the 
probabilities of all the different Y sequences when given a 
specific Z sequence, P(YZ). The sixteen probability tables 
in the sixteen processing units in the Y layer may appear as 
follows: 
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0162 The same type of feedback is provided to the next 
lower layers as well. Specifically, for each cortical process 
ing unit in the X layer, the current Y sequence context 
information is provided from its associated Y layer process 
ing unit. This is illustrated in FIG. 5B as the current Y 
sequence value from Y layer processing units Y00 being fed 
back to two associated lower X layer processing units. (Note 
that only two feedback paths are illustrated from a Y layer 
processing unit to two X layer processing units. Howeverall 
sixteen of the individual Y layer processing units would 
feedback their current Y sequence to their four associated X 
layer units.) This Y sequence contextual feedback allows 
each cortical processing unit in the X layer to create a 
probability table that specifies the probabilities of all the 
different X sequences when given a specific Y Sequence, 
P(XY). These sixty-four probability tables in the various X 
layer processing units may appear as follows: 

Overall Operation of the Prototype Program 

0163 The prototype program is first trained during a 
training phase using shapes such as the shapes illustrated in 
FIG. 8. During this training period, each of the cortical 
processing units will extract structure observed in its world 
in the form of commonly repeated sequences of patterns. 
Such training may take place unsupervised. Furthermore, 
Such training doesn't even require the specific objects that 
will later need to be recognized. The training may be occur 
with any shapes that have the same types of primitive 
structures that exist in the objects to be recognized. During 
the unsupervised training, each of the cortical processing 
units in the prototype program creates memories of the 
invariant structures that it detects during its exploration of its 
world. 

0164. Later, supervised training is performed. During the 
Supervised training, an object name associated with a par 
ticular object is presented to the prototype program in 
addition to an animated movie of the object that is being 
using for training. During Such Supervised training, the 
prototype program learns to associate the object name with 
the sequences on the Z layer. 
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0.165. In an operation phase, novel data with an object 
image is presented to the prototype program. When the 
novel object data is presented, the prototype program 
extracts the structure from the object image in the form of 
stored structure recognized in the X, Y, and Z layers. The 
recognized structure is used to identify associated sets of 
probability tables. The identified probability tables are then 
used to calculate the probabilities of each object name being 
the correct name of the viewed object. Finally, the object 
name with the highest probability is inferred to be the name 
of the object in the novel image. 
0166 The prototype pattern recognition program has 
provided highly accurate results. Furthermore, the prototype 
program has exhibited a strong ability to generalize. FIG. 10 
illustrates some result data from three different line drawing 
tests. Column A presents the original training line drawing. 
Columns B and C illustrate human made line drawings that 
were Successfully identified as belonging to the same class 
as the object in the Column A. Columns B and C illustrate 
human made line drawings that were successfully identified 
as belonging to the same class as the object in the Column 
A. Column D contains human made line drawings that were 
not successfully identified as belonging to the same class as 
the object in the Column A. Column E contains the line 
drawing class that program believed the line drawing of 
column D belonged within. 
0.167 The foregoing has described methods, architecture, 
and apparatus for implementing machine intelligence are 
disclosed. It is contemplated that changes and modifications 
may be made by one of ordinary skill in the art, to the 
materials and arrangements of elements of the present 
invention without departing from the scope of the invention. 

1. A memory system, said memory system comprising: 

a hierarchy comprising a plurality of cortical processing 
units, each of said cortical processing units comprising 

a first output, said first output for outputting a first set 
of pattern information, 
first input for receiving a second set of pattern 
information, said first input coupled to a sensory unit 
or to a first output from another cortical processing 
unit, 

memory, said memory storing information about 
patterns that may appear in said second set of pattern 
information on said first input, and 

a processing method, said processing method compar 
ing said second set of pattern information on said 
first input with said information about patterns stored 
in said memory. 

2. The memory system as claimed in claim 1, said 
memory system further comprising: 

sensory units, said sensory units generating a third set of 
pattern information. 

3. The memory system as claimed in claim 2 wherein a 
lowest layer of said hierarchy of cortical processing units is 
coupled to said sensory units. 

4. The memory system as claimed in claim 1 wherein said 
pattern information comprises a sequence of patterns. 
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5. The memory system as claimed in claim 1 wherein said 
memory containing information about recognized patterns 
comprises a set of sequences of patterns that have been 
repeated on said input. 

6. The memory system as claimed in claim 1, said 
memory system further comprising: 

a second input, said second input for receiving a predic 
tion from a cortical processing unit in a higher layer of 
said hierarchy. 

7. The memory system as claimed in claim 6 wherein said 
prediction comprises information about patterns in said 
memory. 

8. The memory system as claimed in claim 6 wherein said 
prediction comprises an identifier of a next sequence pat 
terns expected. 

9. The memory system as claimed in claim 1, said 
memory system further comprising: 

a second output, said second output comprising prediction 
information. 

10. The memory system as claimed in claim 9 wherein 
said second output is coupled to a cortical processing unit in 
a lower layer of said hierarchy. 

11. (canceled) 
12. A system, comprising: 

a first level of modules, the modules each arranged to 
store a sequence of patterns; and 

a second level of at least one module, the at least one 
module arranged to store a sequence of patterns, 
wherein the first level of modules and the second level 
of at least one module form at least part of a hierar 
chical network structure, 

wherein, at least partially dependent on the sequences of 
patterns stored in the first level of modules and in the 
second level of at least one module, an object causing 
at least one pattern is determinable by information 
passing through the hierarchical network structure. 

13. The system of claim 12, wherein the stored sequence 
in each module in the first level was determinable over time, 
and wherein the stored sequence in the at least one module 
in the second level was determinable over time. 

14. The system of claim 12, wherein the object is deter 
minable at least partially dependent on inference passing 
from a module in the first level to the at least one module in 
the second level. 

15. The system of claim 14, wherein the inference passing 
is at least partially dependent on a probability distribution 
generated in the module in the first level. 

16. The system of claim 12, wherein the object is deter 
minable at least partially dependent on prediction passing 
from the at least one module in the second level to a module 
in the first level. 

17. The system of claim 12, wherein sequences stored in 
the modules in the first level and the at least one module in 
the second level each form at least a portion of an invariant 
representation of the object. 

18. The system of claim 12, wherein the hierarchical 
network structure comprises a Bayesian network structure. 

19. The system of claim 12, wherein any of the modules 
are at least one of at least partially represented in Software 
and at least partially implemented in hardware. 
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20. A method, comprising: 
accessing a first module having a stored sequence of 

patterns; 

accessing a second module having a stored sequence of 
patterns, wherein the first module and the second 
module form at least part of a hierarchical network; and 

determining an object causing a pattern, the determining 
comprising at least one of 
passing first information from the first module to the 

second module dependent on the sequence stored in 
the first module, wherein the first information is 
indicative of at least one possible cause of the 
pattern, and 

passing second information from the second module to 
the first module dependent on the sequence stored in 
the second module, wherein the second information 
is indicative of an expectation of a next pattern 
caused by the object. 

21. The method of claim 20, further comprising: 
learning and storing the sequence of patterns in the first 

module; and 
learning and storing the sequence of patterns in the second 

module. 
22. The method of claim 21, wherein any of the learning 

occurs over time. 
23. The method of claim 20, wherein the stored sequence 

of patterns in the first module and the stored sequence of 
patterns in the second module each form at least part of an 
invariant representation of the object. 

24. The method of claim 20, wherein the first module and 
the second module form part of a hierarchy of modules each 
arranged to perform a function Substantially identical to the 
first module and the second module. 

25. The method of claim 20, wherein the hierarchical 
network comprises a Bayesian network. 

26. The method of claim 20, the determining further 
comprising: 

passing third information from the second module to the 
first module, wherein the third information is arranged 
to modify a probability distribution in the first module. 

27. A method, comprising: 
inputting a first sensed pattern to a first processing unit; 
inputting a second sensed pattern to a second processing 

unit; 
in response to inputting the first sensed pattern, determin 

ing a first distribution having at least one possible cause 
of the first sensed pattern dependent on at least one 
sequence of patterns stored in the first processing unit; 

in response to inputting the second sensed pattern, deter 
mining a second distribution having at least one pos 
sible cause of the second sensed pattern dependent on 
at least one sequence of patterns stored in the second 
processing unit; 

passing the first distribution and the second distribution to 
a third processing unit; and 

determining a cause of the first sensed pattern and the 
second sensed pattern at least partially dependent on at 
least one operation performed on the first distribution 
and the second distribution by the third processing unit. 
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28. The method of claim 27, wherein at least one of the 
first processing unit, the second processing unit, and the 
third processing unit is at least one of at least partially 
implemented in hardware and at least partially represented 
in software. 

29. The method of claim 27, further comprising: 
determining a third distribution having at least one pos 

sible cause of the first sensed pattern and the second 
sensed pattern dependent on at least one sequence of 
patterns stored in the third processing unit; 

passing the third distribution to the first processing unit 
and the second processing unit; and 

modifying the first distribution and the second distribu 
tion dependent on the third distribution. 

30. The method of claim 27, further comprising: 
inputting a first plurality of sequences of sensed patterns 

to the first processing unit; 
inputting a second plurality of sequences of sensed pat 

terns to the second processing unit; 
the third processing unit determining at least one coinci 

dence between the first plurality of sequences and the 
second plurality of sequences; 

storing the at least one sequence of patterns in the first 
processing unit dependent on the at least one coinci 
dence; and 

storing the at least one sequence of patterns in the second 
processing unit dependent on the at least one coinci 
dence. 

31. A system, comprising: 
a first processing unit arranged to input a sensed pattern 

and further arranged to generate an inference as to at 
least one possible cause of the sensed pattern dependent 
on a plurality of sequences stored in the first processing 
unit, wherein the inference comprises a probability 
distribution; and 

a second processing unit arranged to, dependent on the 
inference, generate a prediction as to a next inputted 
sensed pattern dependent on a plurality of sequences 
stored in the second processing unit, 

wherein a Subsequent inference by the first processing 
unit is dependent on the prediction. 

32. The system of claim 31, wherein the prediction is 
arranged to serve as a context for the Subsequent inference. 

33. The system of claim 31, wherein at least one of the 
first processing unit and the second processing unit is at least 
one of at least partially implemented in hardware and at least 
partially represented in Software. 

34. An apparatus, comprising: 
a representation of a lower level of processing units, 

wherein the lower level processing units are arranged to 
output information regarding possible causes of 
sequences of sensed input patterns dependent on stored 
sequences previously learned by the lower level pro 
cessing units; and 

a representation of a higher level of at least one processing 
unit, wherein the at least one higher level processing 
unit is arranged to input the output information from 
the lower level processing units and output information 
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regarding at least one possible cause of the sequences 
dependent on stored sequences previously learned by 
the higher level processing unit, 

wherein the lower level of processing units and the higher 
level of at least one processing unit collectively repre 
sent at least part of a hierarchical network. 

35. The apparatus of claim 34, wherein the output infor 
mation from the lower level processing units is dependent on 
output information from the at least one higher level pro 
cessing unit. 

36. The apparatus of claim 34, wherein the hierarchical 
network comprises a Bayesian network. 

37. The apparatus of claim 34, wherein at least one of the 
representation of the lower level of processing units and the 
representation of the higher level of at least one processing 
unit is in at least one of hardware and software. 

38. A method, comprising: 
storing sequences associated with an invariant structure of 

an object in a hierarchy of modules forming a hierar 
chical network; 

receiving a sensed pattern; 
first comparing the sensed pattern with a first part of the 

stored sequences; 
determining at least one possible cause of the sensed 

pattern at least partially dependent on the comparing; 

second comparing information associated with the at least 
one possible cause with a second part of the stored 
sequences, the second part representing a larger part of 
the invariant structure than the first part; and 

determining the object as a cause of the sensed pattern at 
least partially dependent on the second comparing. 

39. The method of claim 38, wherein the hierarchical 
network comprises a Bayesian network. 

40. A system, comprising: 

a hierarchical network of processing units, the hierarchi 
cal network having: 
a first level of processing units each arranged to store 

at least one sequence of patterns associated with an 
object, and 

a second level of at least one processing unit arranged 
to store at least one sequence of patterns associated 
with the object, 

wherein a cause of input data received by the hierarchical 
network is determinable at least partially dependent on 
belief propagation through the hierarchical network, 
the belief propagation being at least partially dependent 
on the sequences stored in the first level of processing 
units and the second level of at least one processing 
unit. 

41. The system of claim 40, wherein the hierarchical 
network comprises a Bayesian network. 

42. The system of claim 40, wherein at least a portion of 
the hierarchical network is at least one of implemented in 
hardware and represented in software. 

43. The system of claim 40, wherein the cause comprises 
the object. 


