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Abstract- Despite the enormous power of present-day com-
puters, digital systems can not respond to real-world events
in real time. Biological systems, while being built with very
slow chemical transistors, are very fast in such tasks like
seeing, recognizing, and taking immediate actions. This pa-
per deals with the issues of how we can build real-time intel-
ligent systems directly on silicon. An intelligent LSI system
based on the psychological model of a brain is proposed. The
system stores the past experience in the non-volatile analog
vast memory and recalls the maximum likelihood event to
the current input using the association processor architecture,
where circuits are working in the analog/digital-merged deci-
sion making principle. Hardware-friendly algorithms have
been developed to deal with real-time image recognition
problems based on the association processor archiotecture.

Key Words: Association, neuron MOS, recognition, vector
quantization.

1. Introduction

     Over the past decade, we have witnessed a phe-
nomenal progress in the computer technology. It is
now possible to enjoy the super computer performance
of some 15 years ago with our laptop PC’s. With such
overwhelming computational powers of present-day
digital systems, however, it is not possible to respond
to real-world events in real time. Namely, seeing, rec-
ognizing, and taking immediate actions are almost
impossible for digital computers, while they are just
effortless tasks for human beings, or biological sys-
tems in general. It is worth pointing out that biological
systems are built with very slow chemical transistors,
typically operating nine to ten orders of magnitude
slower than short channel transistors available in cur-

rent VLSI technology. We are missing something es-
sential.
     The strategy of our tackling the subject is in three
folds. Firstly, the functionality of an elemental tran-
sistor is enhanced. Namely, the conventional MOS
transistor working as a simple switch in digital circuits
is replaced by a functional device and assigned more
jobs to carry out at the very elemental transistor level.
The subject is described in§2. Secondly an association
processor architecture has been developed as the hard-
ware core of intelligent data processing. This is the
realization of our very naïve model of a brain that re-
calling of the maximum likelihood event in the past
memory is the bases of recognition [15,16]. The hard-
ware model and its application to some practical prob-
lems are discussed in§3 and§4, respectively. In§5, the
third part of our strategy is presented, concerning the
development of hardware-friendly algorithms, i.e., the
algorithms for recognition that are most efficiently
conducted in the association processor architecture. We
have developed a very versatile method of extracting
characteristic vectors from image data. The new vector
representation has been applied to medical X-ray im-
age diagnosis as well as to the recognition of hand-
written patterns. Some preliminary results are pre-
sented.

2. Functionality Enhancement in Elementary
Device

     The concept of Neuron MOS Transistor (neuMOS
or νMOS for short) [1] is shown in Fig. 1. The floating
gate potential is determined by the multiple input sig-
nals via capacitance coupling and controls the on and
off states of the transistor. Due to its functional simi-
larity to the neuron model [2], the device bears the
name. Applications of νMOS to binary digital circuits
[3-7], real-time reconfigurable logic gates [3,5], self-
learning neural networks [8], image processing [9,10],
and analog multipliers [11] have been demonstrated.

Usually νMOS’ are utilized in a CMOS inverter
configuration to form a logic gate[3,4]. The accuracy
of multivalue logic computation as well as the reduc-
tion in the power dissipation has been achieved by the
introduction of clocked νMOS schemes [12-14].
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3. Associatrion Processor Architecture and
ννMOS Circuits Implementation

3.1 Right Brain Computing Model
What are the intelligent functions to be imple-

mented on integrated circuits? See Fig. 2. "Seeing and
recognizing objects" is a very intelligent function of
our brains. Then, what does "seeing" mean? "Seeing"
is not mere optical imaging of objects onto the retina
but that memorized images in the brain are recalled
with their full richness of details triggered by the stim-
uli produced on the retina. Recalling past memory in
immediate response to the current sensory inputs is the
very bases of recognition. Based on this postulate, or
so to speak a psychological brain model, we are tack-
ling the subject of building "intelligent" electronic
systems on silicon [15].

Our hardware recognition model is schematically
illustrated in Fig. 3 [16]. An image captured on a two-
dimensional pixel array is compressed into a charac-
teristic vector consisting of a relatively small number
of analog/mulitivalued variables each representing one

of the salient features of the image by a respective
code number. Then the association processor performs
a parallel search for the most similar code vector in the
vast memory where past experience is stored as tem-
plate vectors. The association is conducted by calcu-
lating the distances between the input code vector and
the stored template vectors and searching for the
minimum distance vector by the winner-take-all
(WTA) circuitry [17]. In building such systems, the
analog/digital merged computation scheme using
νMOS circuitry is utilized as a guiding principle.

3.2  ννMOS Association Processor
     The architecture of the νMOS association processor
is shown in Fig. 4 where X is an input vector and A-Z
template vectors down loaded from the vast memory.
At each matching cell, the absolute value of difference
|X i - Z i| is calculated and transferred to the floating
gate of a νMOS source follower and accumulated.
Therefore the output of the νMOS source follower
yields the Manhattan distance, the dissimilarity meas-
ure between the input vector and the template vector.
The WTA is composed of νMOS inverters having two-
equally weighted inputs. At time t = 0, all νMOS
inverters are in on state. This is because VDD is fed to
one of the inputs and a non-zero distance value to the
other, thus biasing the inverter above the threshold of
VDD/2. When the common voltage is ramped down,
the νMOS inverter receiving the smallest distance
value turns off firstly. At this moment, the feedback
loop in each inverter is closed and the state of the
inverter is frozen. The location of the smallest distance
vector is identified by a flag appearing at the off-state
inverter. Substantial computation is conducted by
analog processing which is immediately followed by
binary decision. This analog/digital-merged decision
making operation is an essential feature of the νMOS
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Fig. 2 “Seeing” is not objects imaging onto the
retina but recalling of past memory triggered by
the stimuli on the retina.

Fig. 3. Hardware recognition model.

Fig. 4. Basic architecture of ννMOS asso-
ciator.
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circuitry.
     The absolute value circuit is simply composed of
two floating-gate NMOS’ connected at their source
terminals [18,19] to form a source-follower MAX cir-
cuit. In order to achieve a mass storage of knowledge
in the form of analog template vectors, a high-
precision analog EEPROM technology has been de-
veloped [20]. The chip does not require time-
consuming write/verify cycles [21] to write mulitivalue
or analog data in the cell.

4. Applications of Association Processor Archi-
tecture

4.1 Vector Quantiation (VQ) Processor for Motion
Picture Compression

As a straightforward application of the association
processor architecture, the vector quantization (VQ)
chips have been developed for motion picture com-
pression and about three orders of magnitude faster
performance has been demonstrated as compared to
typical CISC processors. The VQ chips were imple-
mented in conventional CMOS digital circuitry em-
ploying a fully parallel SIMD architecture [22,23] as
well as in the νMOS circuitry [24], resulting in the
eight times higher integration density in the νMOS
implementation. This is briefly described in the fol-
lowing.

4.2 VQ Algorithm
     The vector quantization (VQ) [25] algorithm em-
ployed in the system is explained in Fig. 5. A fragment
taken from the original picture (4x4 pixels for in-
stance) is an abstract pattern of gray patches, which
can be approximated by one of the template patterns
stored in the code book. Thus the pixel data are com-
pressed to the code number of the template. Although
the algorithm is straightforward, the template matching

is an extremely expensive computation. However, this
is what the association processor can carry out most
efficiently.

4.3 Digital VQ processor
     In order to prove the VQ algorithm is effective for
motion picture compression, we first implemented a
VQ processor in a pure digital CMOS technology. The
most important concern of the system is the real-time
encoding of motion pictures. In order to encode a
640×480 full color picture in a 4:1:1 format within 33
msec, a single VQ operation must be completed within
1.1 µsec. Our strategy toward this end is as follows.
Firstly a fully parallel SIMD architecture has been
employed. Secondly a single VQ operation is con-
ducted in two pipeline stages, each pipeline segment
consisting of 19 cycles. As a result, a single VQ op-
eration is finished in every 1.1 µsec at a clock fre-
quency of 17 MHz. Thirdly the chip is extendible to 8-
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Fig. 5. Vector quantization (VQ) algorithm
for image compression.
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chip master-slave configuration, enabling us to per-
form a fully parallel search for maximum 2048 tem-
plate vectors in 1.1 µsec.
     Fig. 6 shows the block diagram of the VQ chip
module, which is composed of eight VQ chips, namely
one master chip and seven slave chips. Each VQ chip
stores 256 template vectors in the embedded SRAM.
The input vector is given to all the chips at the same
time and the parallel search for the minimum-distance
template vector is carried out in three stages of com-
petition using digital winner-take-all (WTA) circuits.
     Fig. 7 shows a photomicrograph of the chip fabri-
cated in a 0.6-µm single-poly triple-metal CMOS
technology. A single VQ operation for 2K template
vectors on typical CISC processors requires roughly
1.2 M operations. This number was derived from the
estimation: (38 operations/element)×(16 ele-
ments/vector)×(2048 vectors/VQ) = 1.2 M opera-
tions/VQ. The present VQ system in the eight-chip
configuration can do this job in 1.1 µsec, which is
equivalent to a CISC processor performance of about
1000 GOPS (1.2M operations/ 1.1 µsec).

4.4 ννMOS VQ Processor
An analog vector quantization processor has

been also developed using the neuron-MOS (νMOS)
technology [24]. In order to achieve a high integrating
density, the template-merged matched cell [19] is em-
ployed in the absolute value circuitry. A new-
architecture νMOS winner-take-all (WTA) circuit has
been developed to resolve the trade-offs between the
search speed and the discrimination accuracy.
     In Fig. 8, the WTA architecture is illustrated. All
256 comparator outputs are fed to an OR gate and its
output is fed back to the reference voltage terminal of
each comparator, thus forming a multiple-loop ring

oscillator. The loop gain is controlled by the variable
resistance inserted in the loop. At the start of WTA
activation, all the νMOS comparators turn on and the
OR output starts an 1-to-0 transition. This transition is
fed back to all comparators and provide them with a
descending reference voltage. If one of the compara-
tors upsets, the OR gate upsets also and starts a 0-to-1
transition. Detecting this transition, the controller in-
creases the value of the variable resistance. In this
manner the feed back gain is step-by-step reduced and
the winner search accuracy is gradually increased from
the coarse search with a low scan rate to the fine
search with a high scan rate. As a result, the discrimi-
nation accuracy of 5mV has been achieved in five scan
steps.
     A photomicrograph of the analog VQ processor
chip is shown in Fig. 9. The chip was built in a 1.5-µm
double-polysilicon CMOS technology and has the chip
size of 7.2mm×7.2mm. A single chip contains 256 16-
element template vectors. This is equivalent to one
eighth of the chip size of our previous digital CMOS
implementation (built in a 0.6-µm CMOS technology)
when the same design rules are assumed for both
chips.

4.5  CDMA Matched Filter
     The fully-parallel self-correlation matching tech-
nique based on the νMOS association processor archi-
tecture was first developed for the motion vector de-
tection [16]. This principle has been extended to build
a CDMA matched filter, one of the key components in
the next-generation WB-CDMA wireless communica-
tion systems [26]. In this application the templates are
binary vectors representing the short PN (pseudoran-
dom noise) codes with varying phase shifts.
     The chip architecture is shown in Fig. 10. An input
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signal train captured by sample and hold circuits is
simultaneously matched with a group of templates
having all possible shifts in the phase of an identical
PN (pseudorandom noise) code. The maximum corre-
lation is detected by fully parallel comparison using
the binary-search νMOS winner-take-all circuit. Such
a parellel architecture enables us to perform very fast
peak detection as well as the detection of second or
third correlation peaks arising from multi-path delays.
A photomicrograph of the test chip fabricated in a 0.6-
µm double-poly triple-metal CMOS technology is
shown in Fig. 11.

5. Characteristic Vector Extraction from Im-
ages

     So far we have been discussing the hardware im-
plementation issues of the association processor archi-
tecture and have demonstrated its powerful nature in
several practical applications. In the following the ap-

plication of the architecture to image recognition
problems is presented.

5.1 Linear Vector Formation
     Image data are usually represented by a two-
dimensional array of pixel data, i.e., by a matrix, con-
taining voluminous data. Effective dimensionality re-
duction in the input image while retaining the charac-
teristic features is the most important concern. In order
to fit the problem to the association processor archi-
tecture in Fig. 3, we must generate a one-dimensional
array of numerals, which we call hereafter “a linear
vector.” The two linear vectors representing two re-
sembling images must be closer in the vector space. A
new linear vector representation method we have de-
veloped is described in the following.
     An image of 64×64 pixels was first subjected to
pixel-by-pixel spatial filtering to extract four-direction
edges, i.e., horizontal, vertical and ±45°. The detected
edges are indicated by digital flags at their locations,

Fig. 10.  Block diagram of ννMOS matched fil-
ter.

Fig. 11.  Photomicrograph of a test chip of the
ννMOS MF fabricated in a 0.6-µµm double-
polysilicon triple-metal CMOS technology.
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Fig. 12. Linear vectors representing circles and
letter A’s.

Fig. 13. Template patterns memorized
for pattern matching.
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thus generating four feature maps from an original
image. However, the representation is still two-
dimensional and needs to be reduced to one-
dimensional representation. For this purpose, we have
introduced a new technique called “Principal Axis
Projection.” By Principal Axis Projection (PAP), we
mean the flag bits are accumulated in the direction
normal to the edge detection gradient, namely the hori-
zontal edge flags are projected onto vertical axis, the
vertical edges to horizontal axis, and ±45°edges to
respective 45°-direction axes parallel to their edge de-
tection gradients. The projection data obtained in each
direction are reduced to a 16-element vector after
merging and spatial averaging of the sum results. The
four 16-element vectors obtained from four directions
are cascade-connected to form a 64-element vector in
the order of horizontal, +45°, vertical, -45°, which we
call a characteristic vector of the image.

5.2 Recognition of Simple Patterns
     The powerful nature of the vector repre-
sentation obtained by the PAP method is
exemplified in Fig. 12, where the represen-
tations for hand-written patterns and char-
acters are shown. The vectors representing
the same pattern, i.e., letter A’s or circles,
all look alike. It is worth noting that one of
the two hand-written A’s is drawn in thick
lines while the other is in thin lines, but
resultant vectors look almost the same. This
is due to the procedure of retaining only
edge information by flag bits and summing
and averaging them.
     In order to test the performance in the
pattern matching, linear vectors are formed
from 16 simple patterns as shown in Fig.
13, and used as templates. The matching
results are shown in Fig. 14 where the
Manhattan distance between the input im-
age and the templates are shown. Even with
such distortions in the presented images,
correct patterns are recalled as the shortest-
distance vectors. So far the recognition of
overlapping patterns is a very difficult
problem. However, the present linear-vector
forming technique has been successfully
applied to such a difficult recognition
problem as is demonstrated in the follow-
ing.
     Fig. 15 shows what happens when the
system was presented with two hand-
written patterns overlapping each other. The
top row represents the distance between the
input image and each template vector. The
shortest and the second shortest indicated
by arrows are a circle and a square, thus

recalling correct candidates contained in the original
image. How can such candidates be separated? In the
middle row, the template vector of the square is sub-
tracted from the vector of the input image and the resi-
due is again matched with templates. Then the circle is
recalled as the most similar. When the template vector
of the circle is subtracted in the vector space, the
square becomes the most similar template. From such
observations we can infer that the original image pre-
sented is an overlapping of circle and square patterns.

5.3 Application to Medical X-ray Image Analysis
     Automatic cephalometric landmark identification
on radiographs is an important subject in establishing a
fully computerized cephalometric analysis. The linear-
vector formation technique developed in this work has
been applied to this subject. In the following the pre-
liminary results are presented.
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     Fig. 16 represents the procedure of forming a linear
vector from the image of Sella (pituitary gland) . Since
the image is not a simple binary but a delicate gray
scale image, the threshold value in the edge detection
filtering process was determined taking the local inten-
sity distribution into account. In Fig. 17, are shown the

linear vectors formed from Sella images of three dif-
ferent patients. Evidently the vectors look very similar

in shape and seem to work for identification by
vector matching. In order to investigate the per-
formance, the landmark identification experiments
were carried out based on the vector formation
method developed here.
     Eight samples of cephalometric radiographs
obtained by digital roentgen were prepared for
experiments. One of the samples was selected as
an input image for identification and the others
were used as templates. Template vectors were
generated by taking a 64×64 pixel block contain-
ing the image of Sella and transformed to a 64-
diensional linear vector according to the procedure
illustrated in Fig. 16. Using the seven template
vectors as a template group, the position of Sella
in an input image was detected by scanning the
template group over the search area of 320×240
pixels. Namely, at each point in the search area,
the 64×64 pixel block is converted to a 64-
dimensional linear vector and matched with the
template group, and the highest score (the shortest
distance) within the template group was recorded.
The top 50 highest-ranking points were selected as
candidates and indicated on the radiograph as
shown in Fig. 18. The top 25 are indicated by

white dots and the next 25 are by black dots. The pro-
cedure was repeated for all of the eight samples. The
results are shown in Fig. 18.
     Except for samples  #8 and #11, nearly correct lo-
cations are identified. In sample #8, in addition to the
correct location, false positions are also identified with
higher rankings. After examining the matching results,
it was found that the false identification is due to the
similarity between the image at the false position and
the template generated using the image of sample #4.
We feel their similarity is acceptable to our eyes. This
indicates that the pattern recognition based on the pre-
sent vector representation is in some sense very analo-
gous to our human processing and is likely to make
mistakes like humans. In sample #11, the results are
totally false. This is due to the fact that the sample
itself is very different from others. Certainly we need
more samples for templates and appropriate statistical
manipulations on template vectors. The study on the
subject is in progress.
     The same procedure was conducted for identifica-

Vectorization

Feature Map Generation

Fig. 16. Linear vector formation from radiograph of
Sella (pituitary grand).

Fig. 17. Vector representation of pituitary grand
images.
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tion of Nasion and the results are presented in Fig. 19.
The results are much better than for Sella identifica-
tion. It is interesting to note Nasion is characterized by
its unique feature that clear curved lines running verti-
cally and dark less-structured images on the right. It
seems that this fact contributed to facilitating the vec-
tor-matching search.
     Although the experiments are still in a preliminary
stage, the present results are not very bad and seem
promising. At present, these experiments are carried
out by simulation on workstation and it takes a lot of
time. The computation time for forming a single linear
vector takes several minutes and the matching with a
large number of templates takes much longer time. The
design of a special hardware engine for feature map
generation is in progress now using the νMOS tech-
nology. Our target is to finish the vector formation

within a 1 msec.

6. Conclusions

     The association processor architecture has been
developed as a hardware core conducting the right-
brain computation on silicon integrated circuits. The
architecture has been applied to image recognition
problems as well as to a number of practical applica-
tions and its powerful nature has been demonstrated.
The architecture we have developed here will work for
a general-purpose system and the specific application
will be implemented in the system by installing tem-
plate vectors deliberately prepared for each applica-
tion.
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