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1. Introduction

Pattern recognition and learning are basic functions, which
arz needed to build enificial systems with capabilities similar
to the human brain [1]. Their effective implementation in
integrated circuits is therefore of great technical importance.
We are developing & flexible memory-based architecture for
this purpose, which can be expected to allow intelligent data
processing similar to the human brain such as object-feature
extraction, object recognition and learning or even judgment,
The architecture is envisaged to improve the traditional neural
network approach, which emphasizes the role of the processing
elements (neurons) and their interconnection network, but
neglects sufficient exploitation of the third powerful system-
component, which is the memory.

2. Envisaged System Structure

The aimed-at system structure is depicted in Fig. 1 for the
case of a visual input and is illustrated with the example of
recognizing and learning different types of cars. It contains 4
functional stages, for which efficient solutions have to be found.
The front-end stage has the task to extract the object of interest
from the input data [2]. For an image s input data, this stage
requires an image segmentation function and a procedure for
selecting the segment (or object) of interest, as will be explained
in more detail in section 4, The second stage prepares the data
of the selected object for a comparisen with the knowledge
base of the system by extracting the objects characteristic
features. The detailed construction of this second stage is
extremely dependent on the type of object and knowledge base
involved in the recognition/learning process. Ideally a solution,
which can adapt itself to different types of objects, is desirable.
The third stage represents the knowledge base of the system
and must include a search function for finding the best match,
known by the syster, to an input pattern from the second stage.
Especially the best-match-search function requires an enormous
computaticnal effort and an efficient solution is a crucial issue.
We discuss our asscciative-memory solution to this problem
in more detail in section 3. The final learning stage includes a
feedback to the third stage, the knowledge base, and possibly
also to the second stage for the characteristic-feature extraction.
1t must decide two issues: the addition of new objects two the
knowledge base as well as possible modifications of the
characteristic-feature extraction,

3. Associative Memory Core

We have developed the fast and compact architecture for
associative memories of Fig. 2, to efficiently implement the
knowledge base of the envisaged system with learning and
recognition capability [3, 4]. Key innovation is a fully-parallel,
combined digital/analog realization of the search function,
which allows short nearest-match times (<100ns) with the
Hamming as well as Manhattan distance measures. The chosen
associative-memory approach has in particular a high
probability of being superior to the neural network appreach,
because there is no restriction on the type of the stored patterns.
Therefore, a large variety of applications can be covered with
the same hardware, which opens also the chance of adaptability
{even self-adaptability) of the system to different applications.
Furthermaore, integration in conventional CMOS-technology
is expected to be easy.

Figures 3 and 4 show structure and test-chip implementation
of a pattern-matching engine with self-adaptability to Hamming
or Manhattan distance, which exploits our new associalive-
memory architecture. The self-adaptability 1s realized by
distance-measure encoding as shown in Fig. 3. The test-chip

of Fig. 4 achieves very high performance data of > 107 pattern/
sec throughput, corresponding to about 1 TOPS processing
power, at very low power dissipation of 43 mW [4]. A direct
realization of the Manhattan distance by implementing the
subtraction and absolute value circuitry into the unit-
comparison part (UC in Fig. 2) of the associative-memory
architecture is also possible (see Refs. [5, 6]). The application
examples of Japanese character recognition for a Hamming-
distance associative memory and image compression by
codebook-based vector quantization [7] are depicted in Fig.
Sia) and 3{b), respectivelty,

4, Image-Preprocessing Front End

The structure of a possible front-end for image processing is
explained in more detail as part of the moving object and
trackingfrecognition system for intelligent vehicle guidance in
Fig. 6. Such an intelligent vehicle-guidance system can be
regarded as a special application of the general system
architecture with recognition and learning capability, shown
in Fig. 1. Core of the image-processing front end is the image
segmentation and extraction block. We have developed a digital
CMOS-based architecture for real-time color-motion-picture
segmentation, which is explained in more detail in Refs. [8, 9,
10].

5. Implementation of the Learning Function

COur planned architecture for implementing the learning
function is depicted in Fig. 7. It utilizes the associative-memory
core explained in section 3, a recognition-decision unit and an
adaptive pattern-learning unit in a feedback-loop connection.
For each input pattern from the feature-extraction unit, the
associative-memory core will search for the pattern with
minimum distance within its knowledge base,

The nearest-match pattern and its corresponding distance to
the input pattern will then be transferred to the recognition-
decision unit. On the basis of the distance information and a
single- or multiple-threshold scheme, the recognition-decision
unit will decide whether the input pattern is a known pattern
or an unknown pattern. If the input pattern is found to be a
known pattern, the recognition result, namely the information
associated with the input pattern and possibly an error
probability information, will be the system output. On the other
hand, if the input pattern is found to be unknown, the adaptive
pattern-learning unit will be activated.

The adaptive pattern-learning unit will use the distance
information, knowledge-base-related similarity-reasoning
algorithms and information about unknown patterns, which
appeared previously as inputs, and will decide whether the
present unknown pattern should be added to the knowledge
base of the associative memory. Once a positive decision 15
reached, the update of the associative-memory core is done
with a simple writing operation. Presently, we have not yel
finished the development of the detailed algorithms and the
corresponding CMOS circuits for the adaptive pattern-learning
unit. This will therefore be one of our challenging research
suhjects in the near future,

6. Conclusion

We have presented our architecture concepts for an associate-
memory-based system with recognition and learning capability
as well as our present development status. A number of
important milestones for making these architecture concepts a
reality have been reached. Most important research results are
architecture development and CMOS implementation of:
@ 3 compact associative-memory core with fully-parallel

nearest match function [3, 4, 5, 6],
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@ adigital real-time color-motion-picture segmentation

front-end [8, 9, 10, 11].
The next sieps in our research effort towards the complete

system include:

@® architecture/circuit development for the adaptive pattern-
learning unit

@ architecture/circuit development for the feature-extraction
unit, which requires also the selection of concrete
application examples

@ prototype development of a complete system with
recognition and learning capability.
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