In Proceedings of the IASTED International Symposium on Expert Systems and Neural Networks, pp. 12-15, 1989.DNA: A New ASOCS ModelWith Improved Implementation PotentialGeorge L. Rudolph and Tony R. MartinezDepartment of Computer ScienceBrigham Young UniversityProvo, Utah 84602Abstract. A new class of high-speed, self-adaptive, massively parallel computing modelscalled ASOCS (Adaptive Self-Organizing Concurrent Systems) has been proposed. Currentanalysis suggests that there may be problems implementing ASOCS models in VLSI using thehierarchical network structures originally proposed. The problems are not inherent in themodels, but rather in the technology used to implement them. This has led to the developmentof a new ASOCS model called DNA (Discriminant-Node ASOCS) that does not depend on ahierarchical node structure for success. Three areas of the DNA model are briefly discussedin this paper: DNA’s flexible nodes, how DNA overcomes problems other models haveallocating unused nodes, and how DNA operates during processing and learning.Introduction. A new class of high-speed, massively parallel, adaptive computationalmodels called ASOCS (Adaptive Self-Organizing Concurrent System) has been proposed [3].These present neural networks with fast, well-bounded learning algorithms using simple,asynchronous digital nodes [4] - [7]. One area of current ASOCS research focusses onbuilding VLSI implementations of ASOCS using current technology. Chang and Vidaldescribe one possible implementation of an ASOCS model in [1]. More recent analysis ofASOCS shows that current ASOCS models may make inefficient use of limited networkresources. This is not due to a problem inherent in the models, but in VLSI implementation.This paper introduces a new ASOCS model, called DNA (Discriminant-Node ASOCS), that isdesigned to overcome these inefficiencies. Some basic ASOCS terms are defined, and ideasbriefly discussed. An example of how ASOCS models learn is presented, leading into adiscussion of the problems of inefficient use of nodes in a hierarchical implementation of anetwork. The section following that discusses how DNA overcomes these problems. Thepaper concludes with a brief summary of DNA’s advantages and limitations, possibleapplications for DNA and finally, the direction of current research.Definitions and Ideas. An ASOCS network can be viewed as a function machine thatcan compute a mapping of arbitrary Boolean inputs to arbitrary Boolean outputs. A network iscomposed of computing nodes that operate asynchronously and in parallel. ASOCS networkshave two modes of operation--processing and learning. During processing, the network actslike a parallel hardware circuit. During learning, nodes may change the functions theycompute, or be deleted from the network altogether, as new information is presented. Thenetwork adapts itself so that the overall function it computes is consistent with the informationit has received. The network learns incrementally, using rules that express a particularfunctional mapping. A given mapping or rule is known as an instance. The following areexamples of instances:

2AB’C -> Z ACD -> Z’ ED’ -> Y’The variables on the left side of the arrow represent the inputs, and those on the right sidethe desired outputs for those inputs. Instances may specify high or low outputs for one ormore output variables. An instance has positive polarity for a given output variable if itspecifies that variable to be high, and negative polarity for that output variable if thevariable is specified to be low. Nodes that specify opposite polarities for the same outputvariable are called discordant instances. In the examples above, AB’ -> Z is positive for Z,while ACD -> Z’ is negative for Z. These instances are also discordant instances. ED’ -> Y ispositive for X. It is not discordant with either of the other two instances because the specifiedoutputs are different variables. For simplicity, the instances presented in the discussion willbe limited to a single output variable (i.e. all outputs will be Z or Z’ only). Implementingmultiple outputs is an easy extension of the ideas presented here [3], but will not beaddressed.The collection of instances presented to the network is the instance set. The instanceset is not stored explicitly in most models. Rather, the network will store some internalrepresentation that allows it to execute the same function as the particular instance set it hasbeen given. It has been shown that the number of instance sets that potentially represent thesame functional information is infinite, and that therefore instance sets are not unique [3].Furthermore, internal representations for the same instance set are diferent for differentmodels. A network is said to fulfill a given instance set when the function it computesmatches that specified by tthat instance set. Conflicts occur when a set of inputs could causethe network to output both high and low for some variable at the same time. The networkresolves conflicts (is made consistent) by adding new nodes and variables to the network ordeleting old conflicting ones. Precedence is given to the most recent instance presented to thenetwork which is referred to as the new instance (NI).Whenever a NI is presented to the network, each node independently determines itsrelationship to the NI. The nodes act in parallel, without information from any other nodes.This means they can also act asynchronously. Nodes take different adaptive actions based ontheir relationships to the NI. Each node, and by extension the network, reconfigures withoutcontrol external to the network, the network is self-organizing.After enough variables have been added so that the instance set is consistent with the NI,the network can enter the Self-Deletion (SD) phase. Nodes and variables that are nolonger needed in discriminating inputs are deleted. The network does not lose informationduring SD, and will work properly without doing SD. Whereas consistency is absolutelynecessary, SD is optional. SD allows the network to free nodes, an important factor whenresources are limited (as in any physical implementation).Learning in ASOCS. What follows is a brief example of the learning paradigm used incurrent ASOCS models. This is a brief overview of the process, presented to help the readerunderstand the sections that follow. This discussion deals only with instances and instancesets, not with particular models or networks, because internal representations differ frommodel to model. (It should be noted however, that as the "instance set" changes, a networkmust reconfigure to reflect those changes.) Assume the following instance set:AB’ -> ZThen, the instance AB’CD -> Z’ is added. There would be a conflict between the NI and theinstance set when AB’.is matched To resolve the conflict, variables C and D must be added tothe instance set. When this is completed, the instance set above will be replaced by thefollowing one:AB’C’ -> Z

3AB’D’ -> ZAB’CD -> Z’During SD all, or only parts of some instances may be eliminated from the instance set.Two simple cases are given to illustrate this (by no means an exhaustive explanation).Suppose the following two instances are contained in some instance set:ABC -> ZABCD -> ZThe second can be deleted because that case is covered by the first one. Consider theinstances:AB’ -> ZAB -> ZThese two can be replaced by:A -> Zwhich covers the same cases with less variables (and instances).Once consistency is established, the instance set fulfills the NI asnd all parts of previousinstances that do not contradict the NI. Once SD is complete, the instance set may containfewer variables and instances than before. The NI presentation, comparison, adaptive actionsand possible self-deletions occur only once for each NI. No iterative loops are necessary toobtain the correct instance set. This is reflected in the networks in that no iterative trainingloops are necessary to cause a network to learn properly.Problem: Implementing Current Models in VLSI. The basic structure of a nodein current models has two parts: a two-input logic gate capable of performing the 16 possibleBoolean functions on two variables, and a control unit that tells it which function it is toperform at any given time. The node structure is illustrated in figure 1. Current models usehierarchies of the two-input nodes to represent instances in the current instance set. Theproblem that occurs is not a problem inherent in using the hierarchical structures in thesemodels. Rather it is a problem of implementing the hierarchy in VLSI: the technology doesnot fit the models.Recall that instances can have positive or negative polarities. Current models use twotypes of nodes to represent instances. The first type is called a primitive node, or P-Node.These "building-block" nodes have no real polarity, but compute their functions and feed theiroutput to other nodes Figure 2 shows a representation of a P-Node, which has the function itcomputes written in, but no letter at the top representing the output and polarity.(Representing the nodes this way does not imply that this information is stored in the nodeitself--it may not be.) The other type is called a discriminant node or D-Node. Figure 2also shows a D-Node, which has Z or Z’ (Z bar) at the top, indicating the output variable andits polarity in addition to showing the function it computes In DNA, there are no "building-block" nodes. Every node is a D-Node. This distinguishes it from all previous models.Even though DNA is different, it still uses the ASOCS learning paradigm. Hence the name"Discriminant-Node ASOCS", or DNA.

4Logic Gate

. . . . . . CU

Fig. 1 - General Structure of ASOCS nodeBoth dynamic and static interconnect schemes [2] are found among current ASOCSmodels [3]. In considering a VLSI implementation of these hierarchical models, a problemassociated with allocating unused nodes efficiently arises because the technology does not fitthe models. Figure 3 shows how the instance set:AB’C’ -> ZAB’D’ -> ZAB’CD -> Z’might be represented using a dynamic scheme, which uses a router to change and set the linksbetween nodes.Implementing dynamic interconnect, routing through or around other nodes will becomea problem as the number of allocated nodes in the network increases. A static interconnect isalso preferred because it would be cheaper and simpler to implement. Figure 4 shows the

A B C D_Z

A B C DD-NodeP-NodeZFig. 2 - Representaion of an ASOCS P-Node and D-Node

5instance set above represented using a static scheme. This one is a Binary Decision Tree [11]in which the links between nodes are fixed.The problem is that it is not possible to decide beforehand which physical branch willrequire more nodes than the others, and thus which nodes will remain unused. In both thedynamic and static cases, allocating nodes from different parts of the network complicates thelogic of the network. Each node represents only a small piece of some instance in the currentinstance set. Different pieces, i.e. nodes, have to be logically ordered so that the instance setis fulfilled. The physical position of a node in the network thus becomes important to thesuccess of the network. Where the unused nodes are has an impact on how easily they canbe allocated by a logical chain that may need them. It is the hie-rarchy of nodes that causesthis problem. Yet it is the very nature of the computing nodes that makes the hierarchynecessary. The basic structure of an ASOCS node was discussed earlier (see Fig. 1). The fact thatthese computing nodes have only two inputs is very important. The nodes are simple andcomputing their functions is very fast. They fit naturally into a hierarchical scheme that allowsfor bounded, O(log n) training and processing times. Because the nodes are limited to twoinputs, each node is limited in the amount of information it can physically represent. Asshown in figures 3 and 4, it may take several nodes to represent an instance or an instance set.(Refer again to figures 3 and 4. In these models each node computes the AND of its inputs).Representations of instances are "built" by feeding the output of some nodes into the inputs ofothers.

ABCD Z

ABD Z

ZABC

C DC D D

AA B

BCDynamic Router

Fig. 3 - Dynamic InterconnectThus, it is clear that the problem with allocating unused nodes is tied to the existence of thehierarchy of nodes, which exists in turn because of the structure of the nodes. DNA’ssolution to the problem is to get rid of the hierarchical structure. As will be seen in the nextsection, this necessitates a change in the node structure.

6DNA’s Solution. DNA offers a solution to the problem of the unused nodes. There is noneed for direct communication between nodes, so there is no hierarchical structure betweennodes. This is because each DNA node in the network represents a complete instance in thecurrent representation of the instance set. (For this reason DNA and similar models that arecurrently being developed are called Node-Per-Instance, or NPI models.) DNA nodes arecapable of dynamically changing to represent new and modified instances. DNA nodescontain more information than nodes in other models. This is an important difference fromprevious models which, as explained above, must use a hierarchy of nodes to represent aninstance. DNA nodes are logically independent of one another, so nodes can be placedanywhere in the network. Figure 5 shows the instance set of Figures 3 and 4 as it might berepresented in the DNA model:

Root

AABABCAB ABC ABCD

ZZZZ

ZAABBCCDDFig. 4 - Static Interconnect

A B Cf r e eA B D

A B C D ZZZ

OUTPUT

INPUT

Fig. 5 - DNA nodes are independent

7The bus represents the communication mechanism for broadcast of inputs and collection ofoutputs. ("Bus" here describes the functionality of the interconnect, but does not imply aspecific implementation.) DNA has the ability to use any node in the network easily torepresent instances, whereas this is not true of other models.In order to get this flexibility and still maintain the advantages that other models have,the DNA node structure must capture what the hierarchy was doing in other models. Thereare a variety of ways to do this. One is to build each node as a separate hierarchical structure.Another is to time-multiplex input variables across a two-input logic gate with some extramemory at the node. A third is to use a PLA-like structure. How ever the node is actuallyimplemented, it can logically be thought of as a control unit and an n-input logic gate, shownin figure 6 (as compared to the two-input gate of Fig.1). This difference in nodes (whetherlogical, physical or both) is the foundation of the differences between the DNA model andmodels that use node hierarchies.CU

Logic GateO1OI2O2I1InnFig. 6 - Logical Structure of DNA nodeProcessing and Learning in the DNA model. As in other ASOCS models, DNA hastwo modes--processing and learning. In processing mode, the inputs are broadcast to each ofthe nodes in parallel. Each node, independent of all others, determines whether or not itmatches the inputs, and thus whether or not to put its outputs on the output bus. Since therepresentation of a given instance set is consistent, the outputs will always be consistent [3].In the case that the input is matched by no node, two choices are available: either the networkcan output a "don’t know" state, or choose the output for the instance that most closelymatches the input. Which one is used is a matter of preference in implementation, but doesnot affect the model.

8 Figure 5 uses a bus, which has linear propagation time, to connect the nodes.However, because they are logically independent of one another, it does not matter how thenodes are arranged topologically as long as they can receive input and send output. Thereforea mesh, a cube, a tree, or some other polynomial or logarithmic structure can easily be used asan interconnect. It is important to note that while signals may have to pass through nodes toget to other nodes, the latter’s computation is not influenced by the former.In learning mode, the network uses the same hardware as in processing mode.However, the output must be broadcast to the nodes as well as the input (i.e. a NI is presentedto the network). As above, each node independently determines how well it matches theinformation. A node does not put its outputs on the output bus as it might do above at thispoint. Instead, a node may change its function based on the result. The goal of any change isto make the overall function represented by the network consistent, so that there are noconflicting outputs. Since each node has all the information it needs, adaptation can take placeasynchronously and concurrently among nodes (as in the other models).Conclusion. The development of the DNA model is an important step from the abstractmodel toward the physical realization of an ASOCS machine that can be used to solveproblems. It is designed to better fit the requirements for VLSI implementation than itspredecessors. The advantages and limitations of the model should be seen with this in mind.Its advantages are:1. It alleviates the unused node allocation problem that current models have.Unused nodes are easier to use in DNA.2. The network no longer depends on a logical hierarchy of nodes for success.Physical location in the network is no longer a factor.3. As a result of #2, instances can be placed anywhere in the network, andeasily relocated without affecting the logic.4. Different interconnect schemes may be used: dynamic, static, trees,hypercubes, busses, etc. without affecting the success of the network (although sometopologies may be preferred over others).5. As a result of #4, it is still possible to obtain fast processing a n d l e a r n i n g times as in other models, using the proper interconnect.Its limitation is:1. The node will be slightly more complex than nodes in current models, owing tothe need for flexibility in what it represents.Applications for ASOCS have been found in adaptive logic, system fault management,robotics and dynamic control. As an ASOCS model, and potential implementation, DNAcould be used for any of these.Current research focusses on five main areas:1. VLSI implementation of DNA and other NPI models.2. Use of a priority scheme with instances to limit the growth of a network.3. New learning algorithms that improve and extendthe power of current models.

94. Methods of extending functionality beyond Boolean to higher-order functionsand more complex data.5. Finding new applications for DNA.Bibliography[1] Chang, J. and J.J. Vidal., "Inferencing in Hardware," Proceedings of the MCCUniversity Research Symposium, Austin TX. July 1987.[2] Feng, Tse-yun, "A Survey of Interconnection Networks," Computer, Vol. 14, #12. pp.12-27. December 1981.[3] Martinez, T.R., Adaptive Self-Organizing Logic Networks., UCLA, Ph.D.Dissertation.May 1986. [4] Martinez, T.R., "Models of Parallel Adaptive Logic," Proceedings of the 1987IEEESystems Man and Cybernetics Conference, pp.290-296, October 1987.[5] Martinez, T.R., J.J. Vidal, "Adaptive Parallel Logic Networks," Journal of Parallel andDistributed Computing, Vol. 5, #1, pp. 26-58, 1988.[6] Martinez, T.R., "Digital Neural Networks," Proceedings of the 1988 IEEE Systems Manand Cybernetics Conference, pp. 681-684, August 1988.[7] Martinez, T.R., "Memory Efficient Adaptive Logic," submitted.