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Abstr.net 

« t«. P^nin, (TP*, co.,sl ,u of a ...at of statcOCT,ts 

; Mn b° “Sed “ WU«. traa Marebas 
- .yate, is i„bsd.loa ln rosm,, so a u;;8r hav<) fuu bcn8fit of 

language. Houois.ic i. of,on use. on pÄ Khic„ ^ ; 

non-unifori.i tone .„a fonosUon. Thc Tt, la 

«aaigneO to haniie sucC £aCa etrvctuoea ,..ith f;,oiHt>, Heuri.tio pro¬ 

ving usually consists of seatoMng t.ooagh a ia,ge space of soiution 

attenpts using whatever dues or trids ate avaiiade te cut do,, the 

quantity of seatching requited. Decisions about each succeeding step i„ 

construction of the seax-ch tree are made automatically either on the basis 

TPS P IflCatl°” °r IMChln' “P«rlence. As a search tree is assembled 

the TPS recess variou, ...cor,., difference, vhioh are used to caiculat. 

chance of occurence. Such estioated prebabiiities are stered a, learning 

paraneters" to aff.ct future decision, regarding the grevth of the tree 

The user, therefore, can specify preciseiy heu the pruning .houid eccur or 

can permit the TPS to adapt automaticaUy to the particular problem. 

The basic application used in research «. v 
resear-h leading to the development of 

the TPS was a reduced chess game, it served a«- * 

Served as efficient and appropriate 

vehicle for initial development end conduction of learning .„perWs. 



KeCMltly th. «ffort Invoivod in th, 
of s ï atinjj Combinations Program" 
of Baylor and Simon* has been duplicate 

P cated» rather successfully, to 
illustrate the power of the TPS f«„ .. 

the TPS for use on such problems. It i8 ant* 
cipated that the TPS win 

Jrs will also prove effective ln 
t 1Ve ln t"e0reni Proving. 

“ lDt~" “d -rl.ral ln..stlsatloM. 
Future developrrcnts of the TPS 

for ...COPlne furct. „ ar° ,XP0Cted it ror. ,..cful 
»coring 1 unction" research in eh.» ^ . 

«»ode. Possihi «^'Oharing or conversational 
"wae. Possible use of the TPS ^ 

•u ure parallel computers is discussed 

Ä» cotó!„aUo„s 
Conference, pp. 431-447, i95 
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CHAPTER ONE 

INTRODUCTION 

With the advent of modern computing machinery considerable speculation 

and research effort have gone into the study of Artificial Intelligence. 

Artificial Intelligence research attempts to make information machinery 

exhibit intelligent performance. The study has practical implications, 

for theoretical concepts of today will result in applications of tomorx'ow. 

Artificial intelligence studies are concerned with mechanization of such 

qualities as learning, manipulation of language, generalization, analogical 

reasoning, induction, etc. Artificial Intelligence research directly 

involves such practical problems as information retrieval and language 

translation. Other intellectual tasks such as game playing are suitable 

for investigating useful techniques. Particular valuable results of such 

research are the programming languages that are formed as by-products. Two 

outstanding examples are IPL2i and COMIT5* which are results of research 

on the General Problem Solver (GPS)22 and natural language translation. 

These languages were forerunners to the more outstanding list languages 

such as SNOBOL and LISP. Computer communications have a profound influence 

on the research that can be conducted. Powerful basic languages are needed 

for creating programsj while sophisticated higher level descriptive lan¬ 

guages are needed to enable easy and convenient specification of the 

problem situation. 

Research on the Tree Pruning System (TPS) described in this report is 

concerned mainly with the aspect of machine learning and its use in a pro¬ 

gramming language. While most machine learning schemes have been theoretical 
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studies,, it is desirable to study the possibility of making machine learning 

available to a user on a practical level. The TPS forms a specialized 

language meant specifically for problems involving "heuristic programming," 

a technique of artificial intelligence. The system will automatically 

prune the search tree involved in the heuristic search, on the basis of 

experience. The user can thus have the advantage of flexible (learning) 

automatic tree pruning in addition to normal use of the language. 

Although the meaning of the term "learning" is quite illusive when 

applied to humans, it is generally given a simple definition. Hilgard"» 

has defined learning as "... the process by which new or altered behavior 

comes about as a reau.lt of prior response, ..." or practice. The definition 

used here is stated simply as the making of decisions as a function of 

previous experience or 

Decisions s f (Previous experience) (1.1) 

Although this definition is simple, its actual implementation on a meaningful 

basis becomes very complex. The criterion that makes the machine learning 

used by the TPS significant is that it can gain experience, in a specific 

way, over a large class of inputs; i.e., it will gain pruning experience over 

an infinite class of possible applications (scoring functions). Often a 

novel input can be given containing available information which the TPS 

cannot discern. Since the system is not designed to learn such information; 

it would be repeatedly overlooked. This may appear to be a flaw in the 

system; however, it must be remembered that certain abstract concepts exist 

that cannot be recognized by many humans. If it is desirable to have the 

automatic system distinguish certain ri-.*.™,, r 
o rta_n closes of new concepts, the system 

itself must be re-designed. 
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Chapter 2 EiveS a genera! dle=uns1on of the goals, accoapUshnents and 

methods of research In the field of artificial Intelligence. Thi. outline 

forms a basis for understanding the goals, purposes and methods of solution, 

for the research described hero. 

Chapter 3 discusses essential background information for a thorough 

understanding of the TPS. A summary of performance of current learning 

programs is given which forms both a foundation and a basis for comparison. 

An introduction to heuristic tree searching is given „hieb forms a foun¬ 

dation for understanding both the TPS application and the following 

discussion on gam- playing programs. 

Chapter » gives n general outline of the total TPS. A complete 

description is given of the Tree Pruning Game (TPG); a hypothetical game 

used particularly to characterise the basic probiem of tree pruning. Game 

.«perienee hes been ee,aired during the TPS development. The TPS i. a 

simulation of tb. methods a TPG player would use during play. r„e remaIndcr 

of th. chapter discusses the TPS es a TPG simulation. Dynamic scoring i. 

di.cu.sed as used by a human pl.yar of the TPG end the simulating TPS pro- 

eram. Chapter S contains detailed discussion of the process for making 

searching (pruning, deeisiens on th. basis of experience, chapter 6 give, 

. formel classifie.,tien of the learning parameters (LP'a, „s.d to .tor. 

experience that inUuencea future decisions. The next chapter (,) describes 

the learning procedures used to extract information on th, basi. of exper¬ 

ience for use in adjustment o, the IP's. Chapter 8 gives . flow diagram for 

structuring a general tree. This example illustrates the use of aeveral 

specific TPG instructions. A further exampie la given to illustrate how the 

IPS can be used for structuring a search tree where a distinct system of 
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hierarchical goals and sub-goals are available. Such tree structuring is 

referred to as the use of plausible branch generation. This chapter con 

eludes the existing system description. 

Experimental results are given in Chapter 9. All experiments shown 

were performed in the course of TPS development. Examination of these 

experiments revealed the need for some additional TPS instructions which 

are included in Chapter 8. Experimental results have shown that the TPS 

can adapt to prune the search tree in accordance with the change in needs 

of the application. Changes in pruning needs generally occur in 3 ways: 

1) during the natural progression of a game or application 2) when a change 

is made in the scoring function (SF) whether it is predetermined or due to 

learning and 3) due to a change of application itself. All experimentation 

during development was with reduced chess, primarily for reasons of 

efficiency. The duplication of the results of MATER I10 using the TPS as 

a programming language is reported here. 

Chapter 10 discusses possible modifications for future research. 

Possible technical improvements are discussed, which are straightforward 

in principle but require some programming effort. Research into modifi¬ 

cation and improvement of learning procedures is next discussed. 

Modifications will depend on results of further experimentation. illy, 

some possible applications, using the TPS as a programming 

described. Most of the interesting applications would resi 

research projects before completion. With such continued a 

research, further feedback for major system modifications could naturally 

be expected. 
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progress of artificial intelligehce and iwforhatioh machinery 

..«lon initially discusses .«a e.nly phll0sophlcil vlw. ^ 

uscanisalion of tMousMt Processes. ,hen th. »slant Lnaln,» of th. 

of th”’ 0r n0t 'MChlM8 a,,d’ ,lnally' th* <=“«••« usage 
of tho tom "Artificial Intelllpencc» Tk- . . , 
., J E • The te™ Artificial Intalllganc. is 
discussed with regard to its ontotn 

8ln’ "0anln£: “O f«ure Implications. Pro- 

Rroas of information machinery is directly dependent on Artificial 

intelligence for such theoretical concepts „in result ln the practical 

computer implementations of tomorrow. 

erliest philosophers »ere concerned uith discovering rule, govcm^ 

• human thought processes Onf»« i ß P utesses. once rules are laid dnu« i 
*aia dOMn ** is natural, if thev 

J de,lnit° e"°UBhl t0 Implementation. Throughout 

th! m7hMi" 7 'n<lMV°r,d t0 th‘ 0PeMtl0" ^ ^ -tms of 

ITT mmC" °f th* d*y- ISrly thl"k°ra Stand 
o anical system, of gear, and lever, to explain th. performance of the 

êxplâi TP ,'1,h 'b” ,dV‘M °f ’leCtrletty’ fUnCtl°"S 0f th' «re 
Pained in electrical terms. Today, molecular electronic, is the model 

' Ih* deylM“ °f “ - - electro-chemical Ccloser to th. 

physicel hrain,, Pr involve Recules .„d radiation. . neu and rapidly 

.«loping field. It is agreed thet gear, were not .efficient to explain 

.OS t. particularly from the aspect of building .dels f0r test purpo... 

.us hatter, present day device, are .till i„suffieie„t f.r practical 

-ling. Kith continued research on „.„ron simulaticn. houever. the 

situation must improve. 
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Many descriptions of hunan thought procesa., ara so hroad a. to alud, 

consideration for nechanical equivaience. On. such description 1. that of 

Locke.80 »... lf overy particuia]r. idea that w. take in should have a 

distinct nane, nane. nust be endless. To prevent this, the „i„d nakcs the 

particular ideas, received fron particular objects, to becone general ... 

Ideas taken fron particular beings becone general representatives of all 

of the sane kind; and their nanes, general nanes.» It is not clear ho» 

such generalisation procedures can be realised by nachine. These are only 

descriptions of what is done, hut nlssing are the details of how it is 

Cone. Descriptions used by cost psychologists today are equally evasive. 

There is sonethiug inscrutable about Ws ability to generalise. Psycholo¬ 

gist, have hoped that present day infornation nachinery would help then 

realise son. of their nodels (usually quit, abstract) and test the validity 

of their theories, „aturally there has not been wholesale succ.. 

initial expectations were too great and the problen very difficult. Success 

•t an elenentary but significant level has been achieved, however, and 

ultimate expectation is high as illustrated in the renainder of this chapter. 

In the early 1940's the tern »gi.„t brains» .as largely a fad of the 

press; however, real progress was already being „ade. Such authorities*' 

as Wiener, McCulloch and Craik suggested that it was possible to build goal. 

P P es into a machine; to have a machine use concepts of logic and 

abstraction, and have it us. models and analogies to solve problems. It 

was not until the mid-1950's that machines with sufficient capacity were 

available to permit the implementation of such complex processes. By 1,56 

considerable progress had been made. Samuel had already written a checker 

program that improved its performance on the basis of experience. Newell, 
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Sha» and Sinon had a thooran-pr„„l„g progrM, a„d had on th<¡r Gps 

(General Probien Solver), »hll. Hl„sky was „„rKlng on a progra» «o prove 

theorena In plan, «eonetry which h. hoped would eventually use .n.logic.l 

reasoning „„ dlagraos. Since then, progress on several projects. In 

particular chess playing program, ncchanlcsl translation, theorem proving 

and information retrieval among others has not hecn as rapid as expected, 

for example, approximately 10 years ago Newell, Shaw and Simon predicted 

that a machine would heat the world chess champion In 10 years hut little 

Improvement In chess programs has resulted. The discrepancy Is not so 

much In underestimating :.,achine potential as 1„ underestimating the In¬ 

herent difficulty of those problems. In fact, those problems are so 

difficult and complex, the machinery involved so expensive, and the work 

involved so immense that progress can be expected to take piece as more of 

an evolution than a revolution as previously predicted. 

In 1902 Selfrldg." said •'There .re many factor, that compris, intel¬ 

ligence, and no one factor has been shown that machines an« now Incapable 

Creativity, ability to generalise, general language abilities, 

learning, have all been programmed, ■'albeit In a limited domain with special 

examples.'' By small bits and Increments we sh.ll be able to reproduce most 

and surpass many of the cepahllitle. of man in machinery. The editors- of 

"Information" suggest that to descrlh. the potentiality of the computer, w. 

«cd . na» „am. auch as "information machine." This put. the „.chin, 1„ 

the .am. class with such information processors es th. hr.In, the legislature 

and scientific end eductions! Institutions. Such activities were hitherto 

peculiar to man and to no other species and certainly to no machine. 
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»ethod is the best. Of the papers listed in the bibliography at the end 

of this report nost of the authors, who are Indeed son. of the foremost 

authorities in Computer Soience, have a positive view of Artifioi.l Intel- 

Uence. There seems to be a striking oorrolation between the suooess (or 

ot least imagined sueeess) of an individual's researeh and his positivism. 

»«ong the people in and near Artifiei.J Intelligente there is ambi¬ 

valence and shifting of level of feeling. Minsky's elassieal paper,’ 

"Steps towards Artificial Intelligence" drew attention to and added unity 

to the field of study. Periodically Artificial Intelligence research 

using the game of chess and motives for theorem proving have been criti¬ 

cised. Recently, Dreyfus, an H.I.T. philosopher, has compared Artificial 

Intelligence with Alchemy.2* 

The reason negativists feel the way they do is largely because of the 

"sins of the positivists" or their exaggerated claims of accomplishments. 

It is true that Artificial Intelligence is an attention attracting 

terminology. Armer» suggests that if the term is disagreeable, another 

title such as "ability to process information" should be used. In Russia 

Artificial Intelligence research is part of cybernetics, a Soviet household 

wrd. The term Artificial Intelligence tends to humanise the computer by 

Attributing a human quality to it. The term is more understandable when it 

is realised that it had its origin mainly through people looking for "key." 

to Artificial Intelligence. The search was for the equivalent of a "seed" 

from which a super structure could result. Many believed they might find a 

key through a device, such as a simulation of a neuron, which in a random 

network would produce highly intelligent activity. Such notions have now 

been largely dispelled and it is realised that Artificial Intelligence must 
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be achieved through deliberate hard work, analysis and a thorough inner 

understanding of the problems involved. Some of the really valuable 

by-products of many attempts at computer modeling of human behavior are 

the resulting computer languages. 

2.1 Chess Playing as a Measure of Intellect 

Game playing machines have occupied a prominent role in the history 

of Cybernetics and Artificial Intelligence, standing as easily understood 

examples of levels of accomplishment. Chess is favored because of its 

well known reputation as a pure contest of intellect. Other games such 

as checkers or "GO" may be considered either as a simplification or a 

parallel contest thnt differs mainly in its ground rules. Wiener himself 

devoted an appendix in Cybernetics^ to observing how a chess automaton 

might be accomplished and returned to the theme repeatedly in later writings. 

Many prominent scientists in this field often support or substantiate their 

theories by reference to chess. 

Chess has proven to be an exciting intellectual activity, existing 

under 200 years of intensive study and play without becoming exhausted or 

barren. Former champion Frank Marshal spent two hours a day for 52 years 

studying chess. Not only is chess knowledge and insight accumulated, but 

each move may provide a unique intellectual exploration. Humans must gain 

much of their prowess at chess through actual experience. This is strongly 

evidenced in the well-known book on Chess Tactics” used to teach mid-game 

strategies. The author lists page after page of actual game examples with 

very little annotation. He suggests that the only way to teach or learn 

mid-game chess is through the actual experience of reworking classical 

examples. One must generalize by use of his own intuition. One cannot 
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learn quality chess through tutoring alone, partly because tutoring pro¬ 

cedure is unknown and partly because it is necessary to establish habits 

which are not clearly defined. Specific chess strategies have not been 

completely specified. Great mastery has been attributed to the achievement 

of sacrificial combination because of difficulty of definition. To program 

the computer to discover and define that which man must arrive at by 

intuitive insight is beyond immediate expectation. If Artificial Intel¬ 

ligence is to be a reality, techniques for such programming will be 

necessary. 

Newell and Simon55 and deGroot56 have made studies of the "psychology 

of playing chess". They have examined protocols of chess players in great 

detail even to the extent of attaching mirrors to the eyes of subjects for 

more accurate observations. These chess programs have been used to test 

theories of human thinking, with such analysis in turn providing for 

development of better chess programs. 

One reason for using chess for the task environment is that it provides 

a symbol manipulation problem with a limited set of symbols that can be 

coded into numbers for convenient and economical execution on present 

machines. 

Considerable work has been performed in chess programs at such notable 

institutions as Carnegie Tech., M.I.T., Stanford and in Russia by Botvinik. 

Techniques required of chess playing systems are useful in diverse appli¬ 

cations. Our goal has not been to program the computer to win at chess; if 

so, more specific means would have been selected. The goal has been to 

discover more about the information processing required for such a problem, 

i.e., use and meaning of the required tree structured search and the use of 
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learning that would function for a general tree. For this reason, it 

was decided to emphasize work related to the required programming languages 

for the problem area rather than to attack a specific segment of the prob-, 

lern itself. Not only do we feel that a computing machine can and will 

shortly be programmed to play championship chess, but it is felt that 

sufficient language and computer power will soon be available to enable 

an average chess player to write such a program in a matter of hours 

rather than weeks. 

—Thr-C M,tn Sctlools of Thousht °n Artificial Intelligence 

The first approach discussed deals with the relatively new viewpoint 

of achieving Artificial Intelligence through duplication of the evolu¬ 

tionary process. A second school of thought Is based on neuron simulation. 

This involves a thorough investigation of the basic building blocks of a 

physical brain, and a search for an economical and accurate electronic 

simulation of these elements with effective system connections. The third 

school of thought, the one of main concern herein, deals with contemporary 

computer equipment for macroscopic simulation. This method, often using 

heuristic programming. Is already resulting in the display of Intelligent 

behavior at an elementary level. The section dealing with the computer as 

a brain model discusses ho- these three schools of thought may be combined 

in a unified effort towards Artificial Intelligence. 

2^2..1 Artificial Intelligence through Duplication of Evolution 

The duplication of the process of evolution suggested by Fogel” is 

a new approach and probably the most difficult in which to make progress. 
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As previously suggested attempts to set up a kernel for an evolutionary 

process have met with little success. 

Fogel observed that evolution was apparently a combination of mutations 

or random changes in structure and a natural selection process. In attempt¬ 

ing to duplicate this procedure directly, he has set up a machine that 

contains a model of its environment. When the model is perturbed at random, 

selectors attempt to evaluate the change. Though this procedure does not 

produce a phenomenal machine, it is indeed an important study, First, the 

introduction of random noise generally tends to produce destruction and it 

is extremely difficult to understand or create a process where introduction 

of noise can result in a useful percentage of meaningful mutations. 

It must be remembered that very little is known about evolution and 

there are even some who believe the classical macroscopic description to be 

incorrect. Perhaps some of the most important results of Fogel's work will 

be to shed more light on basic evolution theory. The fact is, however, 

that the third group, (heuristic programmers) is already discussing machines 

that develop basic changes in their own structure. Certainly there is a 

wealth of knowledge to be gained about evolutionary processes. 

2,2;2 Artificial Intelligence through Simulation of Neural Nets 

This school of thought was publicized by McCulloch and Pitts7 in the 

early 1940's when they produced models of neural networks. Since then great 

effort has gone into the study of neural networks and into attempts at 

precise electronic simulation of neurons. 

An older school27 of thought on neuron structure was that connections 

were random and changed with usage with almost the entire behavior of a 

person due to the influence of his past environment. More recent theories27 
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Indicate that the structure of neural network is determined by heredity and 

that information obtained through experience is presumably stored as "the 

strength of the synaptic contacts." In the late 1950*s, Rosenblatt** 

constructed a "partial" model of the neuron and its synaptic contacts in 

the form of the Mark II perceptron. This led to a great deal of speculation 

as to what could be achieved if 10** (number of neurons in human brain) 

Mark II perceptrons were connected together at random.** 

Around that period of time Uttley,** Hawkins,*0 Ashby,*1 Reiss** and 

many others were discussing their own individual devices and speculating 

upon what would happen when large numbers of them were connected at random. 

Perhaps that was the age of the "hippogrif" where speculative creations of 

such devices were released to interact with their environment. 

Perceptrons may be considered as models of an eye (which has consid¬ 

erable pre-processing logic between the retina and the brain) rather than 

a brain model. They can discriminate certain visual patterns as evidenced 

at an elementary level by McCulloch’s simulation of the frogs eye.** 

Perceptrons have been criticised as being unable to detect whether patterns 

contain closed curves. Most perceptron experiments involve a "one look" 

classification. A human scans and continues to reprocess pictures in his 

"minds eye". Perceptrons so far have shown little or no ability to organize 

a search but detect only that which is within instant grasp. This involves 

the distinction between parallel and serial processing. 

An exciting project on neuron simulation is in the initiation phase at 

the University of Arizona. Their intention for the 20 year project of 

excellence*11 is to build a robot operant purely on neuristor logic. The 

form, shape and capability of the robot is not an important consideration. 
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The goal is to have a mechanism that avoids contact with standard com¬ 

puters in order to place research emphasis on the new logic. 

The group has already accomplished the structure of an excellent 

neuristor model. They have carried the model to the extent of slowing the 

rate a pulse travels down a "fibre- to the same speed as that in a real 

neuron; approximately 1/1000 the speed of computer logic. The neuristor 

logic developed is able to simulate the inhibitory property of neurons; the 

most critical neural property that is missing in perceptrons and threshold 

logic. It is interesting to note that when the inhibitory property is 

implemented, neuristor logic will be able to realize more logical functions 

then the present threshold logic. It will then more closely resemble 

present computer logic then does perceptron logic. 

2-2-3 Artlficialjntelljgcncc through,Attempted Realization of Ma-rir 

Definition of Intelligent Behavior 

This group is concerned with realizing Artificial Intelligence on the 

macroscopic level without direct simulation of microscopic processes. It 

is of no concern to the heuristic programmer if his microscopic specifications 

are to be executed on a machine made from neuristor logic or standard com¬ 

puter logic. What is important is that the machine have capability for 

executing his instructions. This group develops specification of desired 

behavior, with the required algorithms to carry out that behavior on a com¬ 

puter. Machines can certainly exhibit intelligent behavior if they are 

programmed to do so. The problem is to specify intelligent behavior in such 

a manner as to be programmable. 

It is easy to either underestimate or overestimate the advances, for 

intelligence is a slippery concept. Turing2* and Armer22 have done 
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considerable work to clarlfv ui,-.*- t 

Uy What 18 "«">* hy thinking or lnt.lllgenc. ln 

itachlnery. Intelllgenc, 1. „ot »„.undents of any 0„. faetop „ , 

calculated on tho baala of an "N'' dlnensl if ' U ^ 
„ k( , dimensional factor apace. Clearly the . 

:: r rto orbettor than Mn in ^ °f --—-,. ^ 
addition’, ft is certainly reasonable to aspect machinery to become equ.l 

o or better than man ..dimension by dimension... Authorities do not argue 

o Po nt, disagreement Is on the rate, the limits and those dimensions 

to be first approached. 

Th. word heuristic as defined by Webster means ..serving to discover 

and ouf.. Heuristic can be further defined as a Vule of thumb» that 
generally gives useful result- hn+ 

th. h , bUt UnllkC a" odßonithm does not guarantee 

partiT "i, COr,'OCt a"S“er' A hCUrlStlC — “888 8 combination of 
application of algorithmic procedures In an attempt to achieve an 

nr Th° “* - —. - .»ample of a heuristic 
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“g the — - — — combinations, this heuristic 

Queen711 ^ ^ ^ ‘8 81,eCUt,!d alierithmlcally in that th. 

never put in danger (for that class of conditions defined ., 

Jr . .„d it will „ever .„acute an obvious Queen sacrifice. A heuristic 

Z' hUma"S 1S t0 attaCk * ^ ™.-»ds that have solved similar 

- -Ugh at ’Okas, fail In love wo I ^ ^ 
a, .. P god' are Prejudiced, sleeo or 
ream, but indicates that when IntelH 

when intelligent programs are written these 

characteristics may be by-products of such behavior. 
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2.3 Simulation of Hunan Thought Processes 

The simulation of human thought processes is of importance both to 

Artificial Intelligence and to psychologists. 

.2.3.1 Simulation of Human Thought Processes for Artificial Intelligence 

For those who are concerned with Artificial Intelligence, the descrip¬ 

tion of thought processes can be th<¿ greatest source of computer programs 

or, equivalently, for the design of riachines. Such descriptions are also 

useful to help form clearer definitions of intelligent behavior. Simulation 

encompasses the spectrum of programs reaching from abstract translation of 

language to the replacement of a clerk at a routine job. The method 

generally used is introspection rather than protocol. Often a programmer 

may simply learn to do the routine job himself, thus acquiring the necessary 

knowledge to develop the program. In difficult problems like chess, however, 

the results of introspection are vaguely specified procedures which are 

To program. For this reason the use of considerably more instru¬ 

mentation for program development is strongly recommended for the future.** 

One need only look to human activity to predict functions that will be 

easy to program on a computer. If the human generally concerns himself 

with a topic with some enthusiasm (e.g., chess, language translation, poetry, 

etc.) it will likely be difficult to implement on a machine. On the other 

band, if a human finds a task routine and boring it will probably be easy 

to program. 

2.3.2 Benefits to Psychology 

Psychologists had hoped to receive aid from present or future infor¬ 

mation machinery to help them realize and test models for some of their 
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»ore abstract theories. Parhaps TOre benoflt „U1 be derlved „ , ^ 

elementary level, namely, ,h. ps,ehclOEy of teaching and learning, for 

example, a great deal of -or* has been period on pattern recognition 

with letters. This resulted in clearer definitions of the important 

characteristics of letters. At the same time children have been observed 

to see how they recognize letters in ©»’der that tM« « ^ 
u.aer mat this procedure night be 

duplicated by machines. As a partial result of this research a teaching 

method has been developed whereby the average child can be taught the 

alphabet at the age of two and to read by three. The reason is simple. 

It was not previously realised, as evidenced by the children's books on 

any bookshelf, that the phrase "A is for apple," is meaningless to a 

2 1/2 year °ld- ''A ^ “ith = crossbar between" makes more sense 

^ Achievements in Artificial Inte n 

Descriptions of the results of several programs representing some of 

the most outstanding achievements in Artificial Intelligence to date are 

given. The elementary nature of these projects is striking but the basic 

difficulty in producing them is also strikine as i«s 
»V airiKing as is the progress they 

represent. 

Probably the most outstanding .sample of activity in this field is 

Samuel's eheckor program.« It has been sited on several occasions as boi„f 

the only really successful attempt at machine learning , problem solvlng 

situation.22 It has been a successful operating program for over 10 years. 

This model i, an illustration of a learning program that Improves it, per- 

forman« by gathering esperience over a long period of time, other 

program, have used only short term learning (the TPS. developed herein. „5e. 

Short term learning although it has potential for long term classification,. 
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Samuel's goal has not been to make the best possible cheoker player but to 

simulate human learning. „e suggests that ''there Is obviously a very 

large amount of work, no,, done by people, which is guite trivial in its 

demands on the intellect but does, nevertheless, involve some learning." 

and that this should eventually be done by machines. 

The macroscopic performance of a program is usually more Impressive 

before its internal implementation is understood. The checker program does 

not emulate and create concepts but merely classifies a list of given 

concepts, e.g., it only determines the relative worth of "mobility" and 

"center control". Each term is clearly defined. The long term learning 

procedure involves a system for classifying board positions in accordance 

with their frequency of occurrence during actuai games. 

When described in such simple terms, en otherwise elegant performance, 

appears trivial. 1, must he remembered however, that eatremely efficient 

coding and cievcr techniques are required to aetuaiiy make the teeming 

P rform on a functional level. Samuel's checker player Is specific 

cr checkers and could not he easily modified by others for their purposes 

n. benefits are tbe tried and tested set of concepts and techniques wbicb 

car be eppii.d in other teaks. Practical use of such techniques win occur 

when tbe, are incorporated into computer systems and languages. 

The theorem proving program of „olden and Johnson” is outstanding 

example of tbe si nation of a high school student proving trigonometric 

Identities. In fact, it easily outperforms a student in certain .5pects 

(as well as tbe designer) as it starts with no information other than five 

basic identities and builds a large collection of useful identities in . 

matter of minutes. EmpheeU has been placed cn tbe discovery of general 



20 

heuristics, e.g., the heuristics used in the trigonometry program were 

subsequently applied successfully to discovery of proofs in Boolean algebra 

(with minor modifications). 

Although the program performs brilliantly in a specific selected task 

environment, the problem of extending performance to other task areas is 

severe. There is, however, hope and definite potential for combining 

programs in the "distant" future for good overall general performance. 

Student capability is usually measured by his ability to make progress in 

a new and novel environment. With the above program, however, the designer 

is an expert in the task field with the capability of visualizing a general 

algorithmic procedure which yields the desired results. It seems unreason¬ 

able to expect this program to progress in a novel field, for which it was 

not designed. Progress of this typo must ultimately be accomplished in the 

process of achieving Artificial Intelligence. Eventually complete 

hierarchical systems must be assembled that combine the work of many inde¬ 

pendent designers. Combination of methods may then be applied to a 

situation novel to any single designer. Some day, with sophisticated input 

xanguages, we may teach a computer in much the same way as one teaches a 

student. The computer will digest, understand and associate the methods 

and symbols that have been correlated in the past. A major step in this 

direction is the development of better languages for communication with the 

machine. 

One of the most outstanding recent programs in the field of Artificial 

Intelligence written by Evans** performs analogical reasoning on geometrical 

figures. The problem is to recognize analogies between geometric figures 

found on standard IQ tests. Precisely, the problem is written "A is to B 
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«s c 1S to (D,, d2... ?)". This program, which Minsky** suggests may be 

the most complex program ever written, is believed to be the best** example 

of use of descriptive language and analogical reasoning. Descriptive 

language is concerned with the input and internal representation of the ' 

geometrical figures in such a way that they can be easily manipulated and 

their features revealed. Minsky believes it will be possible for programs, 

by resorting to analogical reasoning, to apply experience gained in solving 

one kind of problem to the solution of another. 

Although this program performs well on segments of a standard IQ test 

(10th grade level*',it is by no means a measure of the machine's IQ. It 

SÍmPly "ICanS “ ““ - »-* —ted for that particular class of 

problems used on tests. It determines that sconce of transformations from 

a selected available set which is needed to transform "A into B”. That 

precise sequence is applied to "C" to produce the answer; a member of 

(■>*. bt ...). The program algorithmically produces answers to problems 

within this class and algorithmically fails to produce an answer for any 

problem falling outside that class. A problem within this class may be so 

complicated that a person would require a pencil and paper to keep track of 

the transformations. When the program is examined in detail, it appears to 

be solving trivial problems. In fact, this is the nature of the problem. 

«hen simulating human behavior, it generally takes a great deal of effort 

to accomplish what appears to be very little. Research on descriptive 

languages will max. it easier to break the problem down in useful ways 

(into subproblems). 

Another Important program is that of L. e. Roberts** which endows a 

computer with some ability to analyse three dimensional objects. This is 

on. of man’s greatest capabilities; to visualise in his minds eye how a 
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figure would appear from, various profiles. Again, a major problem is the 

use of descriptive language so that a figure can be broken down into its 

component parts and manipulated internally. 

A program by Bobrow”0 is the most recent attempt to have a computer 

"understand" a limited range of ordinary English. It converts or inter¬ 

prets formal English statements of high school algebra problems into a 

corresponding set of equations. The program cuts across the formal dis¬ 

tinctions between syntax and semantics. 

GPS19 stands as a major effort in Artificial Intelligence, though it 

is one of the projects that have encountered more difficulty than original]y 

er.pected. Research on GPS has progressed diligently with an outstanding 

version being developed at the University of Washington.-1 GPS is a theorem 

proving program for which the user specifies a set of axioms in his chosen 

problem area and then simply submits theorems to be proven. The user can 

use considerable ingenuity in his choice of axioms. One such project 

detected geometrical patterns representing houses imbedded in line drawings. 

A representation similar to that of Evans” for geometrical analogies was 

used as the descriptive language and a suitable set of axioms formed to 

define a house. 

As in the use of high level programming languages, the GPS user does 

not have to know the internal workings of the system. GPS research can be 

expected to lead to more insight into the problem of generalization. 

Learning has not yet been incorportated into GPS. An excellent example of 

a practical application resulting from such a theoretical study is production 

of the first list processing language (IPL series) as a consequence of 

preliminary GPS studies. The important concepts of threaded lists and 
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polish string internal representation are now used in both the GPS and 

in modern compilers. 

A rather ambitious project, BOGART” searched for a method to make a 

general gane playing program. Input would involve board configuration and 

legal rules while the program planned Internal methods and strategies that 

would learn and improve quality of play. The program displayed elementary 

success at tic-tac-too and GO MOKU. 

Minsky21 suggests that there exist only approximately 30 experiments 

approaching the level of those described above. Each project takes a great 

deal of time and effort, partly because sufficient sophisticated techniques 

and programming languages are not yet available. Other applications such 

as chess, language translation and speech production and recognition have 

progressed more slowly than expeotod for the same reason and because their 

difficulty had been grossly underestimated. 

2J> Future Developments Toward Artificial Intelligence 

Progress through implementation of macroscopicaily defined intelligent 

processes or heuristic programming is intimstrly dependent on hardware and 

software as well as lower and higher level languages. A major part of 

Artificial Intelligence will manifest itself in the form of high level 

languages and communication capabilities. 

AS early as 1959 Strachey suggested the necessity of time sharing many 

input - output units (I/o units) on a single central processing unit (CPU). 

The observation was apparent due to the relative operation speed of CPU's 

compared with I/o units. Significant development is taking place In time 

sharing, but progress has been held back by the voluminous amount of soft¬ 

ware (programming) that must be developed to make it operational. To 
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emphasize the importance of software it is often claimed that the software 

cost is at least half that of the total system. A most interestinß charac¬ 

teristic of computers is that hardware and software are interchangeable. 

Rather than implementing a function in hardware it can be incorporated as 

software. Once the software is thoroughly tested it can be converted to 

hardware. A substantial body of knowledge has not yet emerged in this new 

field of study. 

In the future, computers can be expected to increasingly participate 

in important modification of their own structure. By modifying software, 

which is interchangeable with hardware, the machine can effectively change 

its own structure. A present difficulty is encountered when changes occur 

in the basic machine language and all the available software must bo 

reprogrammed. Although some human capability is required to reprogram 

efficient code, the job is largely routine* and suitable for automation. 

The very capability of the machine would thus make it feasible to experiment 

with basic modification of its own logic. It is then plausible that, with 

the introduction of a new basic hardware device, the computer could deter¬ 

mine a complete new design for itself. It is possible that just as a human 

makes a model for his own mind, a computer could have internal models of 

its own structure. The model could be considered as a blueprint containing 

all the information for the complete structure. It is also feasible that 

the machine could make changes in its own model and calculate the effective¬ 

ness of the change. If the change proves effective in automated simulation, 

the machine could request the actual change in structure and make the cor¬ 

responding modification to its model. The computer appears to be the first 

* See Section 2.3.1 
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man-made structure wJth the capacity to effectively modify its own structure. 

Such an evolutionary process is suggested on a theoretical basis by Fogel.1* 

Computers have already made calculations for design of computers that 

could not have been otherwise realized. Minsky believes that once the 

machine starts making its own modifications, the evolutionary process will 

become rapid. The difficulty, however, is that although tho processes 

described are perfectly logical they are not clearly understood. It is 

difficult to estimate the amount of work and time required for those 

accomplishments. 

2.5.1 Future Application of Intelligent Systems 

It has been suggested by Perils52 that the greatest impact of computing 

machinery was yet to come and would be outside the field of science. Com¬ 

puters have had continuous and exhaustive use in the mathematical sciences. 

In many instances programs are modified for each new generation of computer 

to acquire more precise results. Social problems are more difficult and 

also more important. Progress is only starting in the fields of education, 

administration, technology, translation and literature. Many do not yet 

admit the computer's potential in literature but it has the capacity to store 

virtually unlimited rapid access dictionaries and meaningful associations 

between entries.2* It should be possible to make information processing 

systems which will do intellectual tasks that human beings cannot or will 

not perform. 

2.5.1.1 Inquiry Systems and Information Retrieval 

The general field of information retrieval and inquiry systems can 

range from the recovery of information from simple rote memorization to the 
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intricate performance of a highly intelligent mechanism. A good example of 

a successful inquiry system is the airline reservations network where one 

can find out if there is space available on any airplane in the country 

from any place in the country. Many more such inquiry and information 

retrieval systems can be expected in the foreseeable future. 

With progress has come the realization that the ultimate goal for 

information retrieval is far more difficult to achieve than earlier 

believed. Man is far from endowing machines with the capacity of the human 

intellect to associate ideas and to recognize underlying similarities in 

things expressed in different ways; but the need, trend and potential 

exists. Saltón17 has attacked the problem of information retrieval directly 

in an attempt to obtain immediate results. He suggests that a fruitful 

approach would be to concentrate on the basic, associated programming lan¬ 

guages underlying the total problem. There has already been important 

advances in techniques for copying records, making microphotographie images 

and use of aperture cards. Information retrieval will advance rapidly once 

special purpose equipment becomes available for input and output of 

literature. 

Contemporary teaching machines are extremely pedantic and unresponsive 

to the personal needs of the user. It is necessary to give the user a 

better communication language for selection of study topics and facilities 

for posing meaningful questions. The magnitude of the problem is apparent 

when one realizes how difficult it is to teach well. Good teaching is an 

art! Since it is a difficult task for man it will be difficult to implement 

on the machine.* 

* Section 2.3.1 
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Pr«»«nt question-answer systems* are fore-runners of the acre difficuit 

question-answer proMo„s to 0. encountered in information retrieval and 

teaching machines. Y.rshov" thinhs machines must he given the capacity for 

fluent communication in natural languages while W believes a world 

language will be established. Such a language win greatly reduce some of 

«h. programming problems. The problem, are so complex and the corresponding 

•quipment and development so expensive that it will be by an evolutionary 

rather than revolutionary process that a highly automated, electronic 

society will develop. 

——A-.C-omPuter System as a Brain Model 

Although considerable effort has already been expended on brain research 

essentially nothing 1, Known about its organisation, sir francis Crich" 

suggests that brain study may be the greatest long term research project to 

he anticipated with computers undoubtedly playing , major roU ln thes(> 

investigations. 

The macroscopic behavior of computers, heuristically programmed to 

exhibit intelligent behavior, has more closely approached that of the human 

kraln than any other mechanism ever realistically anticipated. Thus a 

suitably programmed computer can be considered the best available model of 

the brain even though the basic components are different. Kew component 

development will result in „e„ design and it is entirely possible if „ot 

»ary likely that the basic components of the computer of tomorrow win i»aced 

have increasing resemblance to the basic components of the human brain. 

Hodern computers have the potential of developing into the most complex 

* Bobrow - Section 2.4 
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system ever anticipated. This is the characteristic that makes it more a 

model of the brain than any other ever proposed. Complexity is undoubtedly 

the most distinguishing characteristic of the brain. 

2.6,1 Time Sharing by the Brain and Computer 

The central processing unit (CPU) of a large time sharing computer is 

analogous to the central nervous system (CNS). Indeed, the CNS processes 

information from the five basic sensory inputs on a time sharing basis. 

Although the bulk of computer input is in the form of punched cards, present 

development is rapidly covering the complete range of senses. Computers can 

scan pictures,21 process audio input21 and receive input from many other 

transducers, as well as activate effector organs such as motors, etc. 

Sensors for computers are characterized by having the capacity to handle 

broader input frequency spectra of light and sound and greater sensitivity 

of touch, temperature and smell than humans. It is reasonable to expect 

"eyes and ears" for computers of the future** which are limitea out more 

functionally effective. The construction of time sharing systems analogous 

to the CNS is no attempt at simulation but is the most functional simulation 

system. It is generally true that whether one programs for Artificial 

Intelligence or more general simulation he is likely to end up with the same 

result. Likewise, neuron simulation may eventually result in production of 

the most functional computer components. 

jj;-6._2 Size Limitation of Brain and Computer 

It is suggested by Wiener in Cybernetles2* that the human brain may 

have evolved close to an optimum size. The large animals of the dinasaur 

age evolved to such a large size that they had a tendency to be crushed 
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by their own weight, h .tallar opttataatlon of brain si., likely oecurred. 

Other animals have larger brains and It Is known that brain quality Is not 

a function of sise. An optimum brain has convolutions for short connections 

and therefor, rapid pulse transmission. There is also a general correlation 

between high intelligence and mental instability, wiener attributes this to 

pulses overflowing excessively short connections. 

Computer development Is row reaching , stage where the same optimi¬ 

sation In sise is occurring. As computers are getting smaller they are 

alsc getting faster due to the shorter distance of impulse transmission. 

There eLviously must exist an optimum computer si... at least for computers 

of contemporary function and structure. 

---—Distributed Memory for Computer and Brain 

» distinctive functional difference between the computer and brain Is 

that most computer memory Is lumped in a physical region of the machine and 

access can only be made to one word at a time. The brain does not have 

memory In any single unique region but it Is apparently distributed. It is 

apparent that It 1, desirable to develop a more versatile memory where 

access can be had to more than one word simultaneously. 

Considerable research has already been performed on associative 

memories and the corresponding distributed logic. Associative memories 

allow all memory elements with the sane information content to Initiate 

action. Special memory devices are needed along with associated logic for 

each element. The greatest difficulty so far 1, the great expense which 

will be Involved until further basic development takes place. All the 

possible applications are still not clearly defined. There is little 

question that lumped memories, addressable on. word at a time, will give 
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way to more functional distributed memory. The computer will then have 

advanced another step toward being a better brain model. 

2.6.4 Parallel Computation in Computer and Brain 

A brain acquires its great capacity to process information, not from 

speed, but through parallel computation. Computers are largely sequential 

machine's although they may process bits in parallel. The development of 

parallel machines11* such as the proposed "Illiac IV", to be built by 

Bourroughs for the University of Illinois, may lead to a new generation of 

computers. 

With development of parallel computation the macroscopic difference 

between operation of the brain and computer further diminishes. Although 

there was considerable difficulty getting support for such a large, complex 

project there is no question, from the bionics point of view, that it will 

provide valuable information. The future will yield more intricate and 

highly refined parallel computer development limited mainly by cost and 

complexity. 

2.6.5 Speculation of Future Machine Behavior 

Future developments of computers and their use by humans are unknown; 

philosophers and scientists can only speculate about their ultimate 

ability and place in our society. Cric^'1 thinks a man-machine symbiosis 

will develop where man is almost completely dependent on the machine. 

Hoyle*7 thinks computers will take over. Man has traditionally had 

trouble controlling his inventions - gunpowder, atomic bomb, perhaps next 

the computing machine. The system will be so complex that no one person 
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understands It. The entire society, beine intimately dependent on this 

machinery, could end up being controlled at random (the machine's will) 

if something went wrong. 



CHAPTER THREE 

LANGUAGES, LEARNING AND GAME PLAYING 

Computer language represents one of the most important fields of 

advancement in computer science. Learning and language must eventually 

be related for machines as well as for people. Game playing forms a useful 

task environment for experimentation with both machine learning and pro¬ 

gramming language development. The introduction to heuristic tree searching 

in Section 3.3 forms the basic principles on which the Tree Pruning System 

is constructed and a basis for game playing programs. 

3.1 Programming Languages 

Some interesting developments have taken place in programming languages 

and computer communication. Such devices as the "Rand tablet"*1 provide 

direct input to the computer from a man-made drawing. A stylus and com¬ 

puter may eventually become easier to use than pencil and paper. It will 

be equivalent to having a computer between the pencil and paper where sketchy 

lines can be machine straightened, curvatures specified, etc. Programming 

languages based on both pictures and typewritten instructions may be much 

more convenient for specifying some problems for the computer. Oettinger*1 

views a computer as a tool much like a microscope or telescope where, for 

example, a molecular model can be displayed on the basis of its quantum 

mechanical theory. The language of computers serves increasingly as the 

language of science where a physical theory can become dynamic when written 

into a program. 

It is generally believed that the greatest progress for programmers 

will come from research on meaning rather than syntax. An example is the 
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command "typset", used by project MAC,21 which calls up the program for 

text editing. The word is defined by the existing program. It is stated 

by Fano21 that more than half the crmmands now being written into systems 

were developed by users rather than professional programmers. This 

indicates that the evolution of computer languages is analogous to that of 

natural language. Also, since development of languages shape the changes 

in hardware design, the computer itself is undergoing a similar natural 

development. Development of lower cost computers will have great effect on 

the development of languages; enabling them to perform the communication 

tasks that would otherwise be required of humans. 

Computer languages of the future can be expected to communicate in a 

way that will appear to cause computers to exhibit intelligence. Machinj 

learning and languages are intimately related as whatever is learned by the 

computer must be communicated to a user in a practical situation. Such 

systems will likely have some learning capacity to generalize from examples. 

The TPS, described herein, has the capacity to learn from examples in an 

elementary but practical manner. The user can present the TPS with a sample 

search tree and the system will direct the structuring of further tree 

searches on the basis of information extracted from the sample. 

3.2 Learning Programs 

Only learning programs that do not involve game playing are treated in 

this section, leaving the game learning for Section 3.4 on game playing. 

In particular, learning in maze solving, perceptron simulation and theorem 

proving is discussed. 

Learning and memory are intimately related in that learning cannot take 

place without memory. The most critical aspect of memory in learning is the 
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generalization procedures that decide what is to be remembered and how it 

is to be organized and used. Little is known about the intricate, 

generalization procedures that constitute human learning. Researchers are 

only beginning to realize how little they know. 

Psychologists attempting to study the basic nature of learning have 

performed extensive experimentation with rats running mazes. Programmers 

soon became interested in seeing how computers could perform or model such 

learning tasks. Most early maze-solving programs did little more than make 

use of memory to trace the best sequences. One of the best known learning 

programs related to this general class is Ernst’s computer operated 

Mechanical Hand. A difficult problem was assembling the actual mechanisms 

whereby the computer could control the hand. By these mechanisms, the hand 

would move between objects (discovering some the first time) and construct 

a representation of its environment. 

Concern for machine learning rose considerably when the perceptron2' 

was produced in 1958. The key to machine learning with this model was 

believed to be the reward-punishment procedure which varied the contents 

of a memory cell (potentiometer) as a function of output performance. This 

procedure resulted in an algorithm for a statistical analysis over a small 

group of classification problems. Considerable effort has been spent 

simulating various modifications of perce crons and like character recog¬ 

nition procedures on the computer. Research has since been performed to 

use similar learning parameters in a variety of applications on the computer. 

One of the most effective learning programs, outside of game playing, 

is the trigonometry theorem prover'11 of Johnson and Holden. This program 

starts with a set of five basic axioms or identities and as it continues 
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proving theorems it adds them onto the list of axioms. The most elementary 

form of learning used is the frequency parameter which classifies the list 

of transformations in order of their history of success. Most interesting 

is the fact that any new identity automatically crewed by the system can 

be added to the list to be later used as a transformation. In addition, 

general characteristics are extracted from each new theorem encountered and 

this information is used to guide search for other solutions. This is 

similar, in principle, to the learning scoring function proposed by Uhr"2 

and described in Section 3.4.2. It is this generality which makes that 

program a noteworthy learning system. The system has been expanded to 

concept formation work. The great problem in machine learning is to extract 

information from one set of experiences (problem solutions), then organize 

and apply that information to the solution of a different problem. Indeed, 

the generality with which significant information can be extracted and 

applied in a diverse situation is a good measure of learning capability. 

Many of the most significant programs in Artificial Intelligence have 

not concerned themselves with learning, although several have discussed this 

possibility. Gelernter22 suggest that learning could be introduced into his 

geometry theorem prover by allowing the machine to adjust all the parameters 

modifying its specific heuristics. GPS22 is a heuristic theorem prover 

simulating human thought but there is no particular concern for learning 

capacity. Other outstanding heuristic programs such as that of Slagle,“ 

Tonge,22 Evans,2* Bobrow“ and Roberts2* have not been concerned with learn¬ 

ing. Most of these systems have been too complicated to allow addition of 

learning procedures. 
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—Introduction to Heuristic Tree Searching 

In order to give a description of heuristic tree searching and to form 

a foundation for later detailed discussion of the TPS, a description of 

the basics involved in structuring a chess program is given. Chess is used 

because it represents a very difficult problem for which heuristic processes 

and a large trial and error search are required and also because of the 

simple but illustrative scoring function (SF) which it allows. It is 

extremely simple to program a computer that would go through an exhaustive 

search for chess, thereby, guaranteeing a win (if one is at all possible to 

achieve). This procedure is iJlustrated in Figure 3-1. 

Choose move that 
guarantees a win 

Initial board 
position 

Choice of alternate 
moves available from 
the starting position 

Ply 1 ply 2 ply 3 

f f'v 
ply 2 

opponent replies 

Minimax 

principle 

Tig. 3-1. An Exhaustive tree search for chess. 

Definition of total available search 

space and minimax criteria. 

From the initial board position all legal machine moves are listed. 

From each machine move all legal opponent moves are listed (ply 2), from 

each corresponding opponent move all machine moves are again listed (ply 3) 

etc.; until each possible sequence terminates in a win, loss or draw 
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(an average game may last 80 ply). Once the tree is completed, as indi¬ 

cated in Figure 3-1, one simply examines the terminal positions resulting 

in wins and traces back through the tree to determine which moves (ply 1) 

guarantee a win. 

It is important to illustrate minimax criteria both for this example 

and for further discussion of game playing. One cannot choose a single 

sequence resulting in a win but must trace a win back to each and every 

possible opponent reply (all even-numbered plys). Since it is basic to 

game playing, further discussion of the use of minimax criteria, in a 

actual search using a SF, is given in Appendix A. 

A tree thusly produced from the initia] board position contains the 

total history of all games that ever have or ever will fce^played. The above 

procedure is very simple to program on a computer but the difficulty appears 

in the fascinating phenomenon of the inquired meta-astronomical search, which 

is clearly prohibitive. There is only one answer to improving program per¬ 

formance. That is simply to preprogram more information about the game, 

whether this be from a direct analysis of the game itself or the production 

of a system which itself performs such an analysis. It is sufficiently 

difficult to program information about the game (forks, pins and X-ray 

attacks are the striking game features that are desirable to preprogram), 

let alone to consider a canonical form or higher order system that would it¬ 

self extract such information. Such a system, although desirable, is not 

foreseeable in the immediate future. 

Additional information about the game can be introduced into the system 

in the form of a scoring function (SF), a trivial but illustrative example 

of which is given by Eq. 3.1. 
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S = lO'(K-K') + 900(Q-Q' ) 500(R-R* ) + 300(N+B-N'-B') 

♦ lOO(P-P') + a(HOB-MOB') (3.I) 

In the score, S, the factor 10* is simply a very large number representing 

a mating score and the (K-K') gives a ±1 if either one of the Kings is 

captured. The variable K stands for the number of Kings the machines has 

(either 1 or 0), Q, R, N, B and P for the number of Queens, Rooks, Knights, 

Bishops and Pawns, while the primed variables represent the corresponding 

number of opponent pieces. The numbers 900, 500, 300 and 100 modify the 

number of pieces on the board and are the classical relative values of the 

chess pieces. An exhaustive meta-astrononical search, referred to classi¬ 

cally and discussed previously, would use the first term of Eq. 3.1, 

checking only for the presence or absence of the Kings. The portion of 

the SF described in Eq. 3.1 preprograms the following additional specific 

information about the game; 1) the fact that it is important to attempt to 

choose moves that capture pieces when a win is not foreseeable and 2) the 

relative importance of the various pieces is given (not with absolute 

validity but considerably better than equating a Pawn to a Queen). The term 

MOB as defined here means simply a count of the number of legal moves that 

can be made from a given board position while the primed value is the same 

quantity for the opponent. This additional term amounts to preprogramming 

the information that it is important to maximize this form of mobility. If 

the modifying parameter, "a" is made small, mobility is used to select moves 

that cannot be discriminated on the basis of capturing pieces. If "a" is 

made sufficiently large (set to a critical value), decisions will be made to 

sacrifice pieces (e.g., Pawns) to gain mobility. 
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A number of additional terms are needed to produce a non-trivial SF. 

In conclusion, the use of the trivial SF of Eq. 3.1 will allow an astro¬ 

nomical reduction in search over the exhaustive method but will still require 

prohibitive search to play championship caliber chess. In fact, to remain 

within the realms of a realistic search it is necessary to have a non¬ 

trivial SF (such as the one assembled for the proposed EXCHANGER program of 

Chapter 10), which is considerably more complicated. This function evaluates 

various specific chess features such as pins, forks, attacks. X-ray attacks, 

various threatening features and safety checks. The resulting scores are 

produced specifically either for comparison purposes or for pruning. The 

scoring program (SP) has essentially lost its identity as an equation or 

function; hence, it could be referred to as a SP rather than a SF. 

The use of a SF wx~_ allow two main functional changes over an 

exhaustive search. 

1) It permits the machine to change its goals. The goal is no longer 

that of directly attempting to choose a move that guarantees a win, but to 

choose a move that Improves relative board position. An exhaustive search 

is so elementary to chess strategy that one often does not realize its 

futility. For example, an exhaustive search always allows an equal choice 

between two board positions one of which may have lost nearly all its 

pieces while the other may have gained nearly all the opponent's pieces. 

The SF of Eq. 3.1 establishes the intermediate goal of gaining pieces and 

mobility. Assembling a SF basically involves sorting and determining 

important intermediate goals and subgoals and establishing their relative 

values or weights. This generally simulates one part of human perfr^mance 

which accounts for his marvelous ability to choose the right sequence of 

moves. 
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2) The sr permits the use of techniques for pruning the sesrch tree, 

ror exemple, if . sequence of moves tehee place in the search tree resulting 

in • loss of 900 points or more (which is equivalent to being a Queen 

behind), whet is the chance that eontinued search from that position will ' 

win? On the average the chance is very small indeed. If such 

branches eould be pruned from the exhaustive search, the saving 1„ search 

-Id be great. Pruning, as used here, means that when a sequence of moves 

or branches results in a sufficiently low score, search from that position 

is discontinued. The critical question is to determine at what score 

values pruning should take place. 

The use of such a SF converts what was originally described as an 

algorithmic search into a heuristic search. Kith the original exhaustive 

search there is a definite guarantee that the best move can be chosen if 

one exists. When a Sr is used, there is no longer a guarantee that the 

best move will be chosen. It only chooses an alternative with a degree 

of certainty that it will eventually lead to the achievement of the final 

goal. It must be assumed that the total search space is not exhausted or 

th. SP would be of „„ value. It is presumed that search is to be terminated 

« soon as the limit of time or space is reached and the best move deter¬ 

mined by that directed but limited search is selected. 

opposite extreme to the exhaustive search would be the use of a 

relative improvement of board position would be chosen. Such an SP would 

be possible for a simple game such as tic-tac-toe. for which all possi¬ 

bilities have been previously exhausted and complete Knowledge is available 

for SP creation. Per more difficult problems, a perfect Sr is so complex 
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as to be out of the question, and a look-ahead procedure is necessary. 

This is evidenced fron a human player who must trace out the consequences 

of his hypothesis. 

3.4 Existing; Game Playing Prop,rams 

Some of the early chess programs produced in the 1950's were discussed 

in a previous report12 and shall not be discussed here. It was stated by 

Baylor and Simon10 that "most of the earlier chess programs" spent their 

analysis time processing the wrong moves-. Since then, the only publication 

of a working chess program is that of Baylor and Simon, although other 

groups* are doing considerable chess research on a long term basis. 

Samuel's checker program2 still stands alone both as a game player and a 

learning program. 

3.4.1 Samuel's Checker Program2 

Samuel's checker player is described here since it falls within the 

general framework of SF use described in Section 3.3. The checker player 

is discussed because it relates to the research herein in several ways. 

1) Samuel's program uses a specific high quality SF for checkers: 

the TPS operates on a SF presented by a user. 

2) The TPS is a general tree pruning system: Samuel uses specific 

pruning effective for checkers and the corresponding SF. 

3) Both systems use learning, although for different reasons and in 

different ways. 

Due to the outstanding quality of the checker program it is worthwhile, 

giving a detailed general description here. Basic reasons for Samuel's 

* Section 2.1 
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choice of checkers over chess were that 1) checkers is sufficiently dif¬ 

ficult to challenge the nethods and techniques incorporated into the 

program and the principles tested would be applicable to chess and 2) the 

simpler board configuration allows considerably greater computer efficiency. 

3.4,1,1 SF for Checkers 

The heart of the checker program is the high quality SF which was 

assembled. Samuel's SF consists of 38 terms (using 16 at one time) repre¬ 

senting characteristics which are considered important to checkers. Each 

term was weighted by a variable learning parameter (LP), as the term for 

HOB in Eq. 3.1, except for the fixed piece - King ratio of 2/3. This ratio 

forms a criterion by which other LP's are adjusted, otherwise, at the 

expense of extra learning time the ratio could be automatically adjusted. 

Uch term of the SF was carefully selected as meaningful to checkers. 

Several more casual terms, such as moment of inertia of pieces about the 

central axis, were found to be of questionable value. The computer 

adjusted the coefficients to a nearly stable level in 40 games. 

3.4.1.2 Search Tree 

The tree searching procedure used by Samuel is: 

1) carry out an exhaustive search to ply 3 

2) essentially any node or position at ply 3 offering an exchange 

possibility is searched further in depth until no more exchanges 

are evident, as illustrated at the node marked A in Figure 3-2. 

Thus the tree is pruned to exchange possibilities from ply 3 on. 

Once the search described above is completed, a score is assigned to 

each branch at ply 3 and the minimax procedure applied to carry these 
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scores back to ply 1 to pake a final choice of move, first, the board 

position at every ply 3 „ode Is matched »1th a laree group of frequently 

occurring board positions which are stored In memory. If a match occurs, 

marked X in figure 3-2, the backed up score for that board position becomes 

the score of that hranch. The score, stored along »1th the board position, 

»as obtained from a similar search in a previous game. When a particular 

node does not have a match »1th a stored board position, the machine checks 

to see if any exchanges are possible; If not, the score for that branch is 

computed using the scoring function. In the case that exchanges are possible, 

the system continues the search (as sho»n at branch A of figure 3-2) until 

all exchanges are exhausted. Then the scoring function is used to score all 

the branches that have been searched far enough beyond ply 3 that no more 

exchange possibilities are available. The minimax principle Is applied to 

carry a resultant score back to branch A »here It is considered ns the score 

for that branch. As all the branches at ply 3 no» have scores, minimax Is 

applied to determine the best move at ply 1. 

3.4,1,3 Rote Learning 

The process of storing board positions (marked X) Is referred to as 

rot. learning. The classification of board positions Is designed for quick 

access, and Infrequently used position, are dropped. The Initial board 

position (ï) is stored along vith Its mlnlmaxed score. Suppose that some¬ 

time later, after many more board positions have been stored on tape, 

the position ï occurs as the Initial position. This time many more matches 

(marked X) may occur at ply 3, possibly resulting In a much better mlnl¬ 

maxed score. The score for position ï, stored on tape, is then updated. 
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Score for this position, 
calculated in a previous 
game, is inserted here 

Example scores to illustrate 

generalized learning procedure 

Sl ^Exchange possibilities only 

A minimax is performed on this 
set of branches and the score 
referred to Branch A 

I 

/ 
Scores are not S ^ 
calculated for ply 2 branches. 

Ply 1 Ply 2 Ply 3 

Memorized search for'board 
position at X 

Fleure 3-2. Search Procedure Used by San,uel'e Checker Proera». 

AS »ore positions are stored on tape, the calculated sccr. b.cc»e, the 

equivalent of havine been produced fro» a lareer tree. The rote leami„g 

described is a long ter» process and assu»es an i»por,a„t role in develop^ 

high quality play. 

3.4.1.4 Generalized Learning 

Samuel referred to the adjustment of the coefficients of the SP terms 

as esneralized learnin*. The Co»pUter adjust5 the coefflclcnta to a neap 

stable level in ao ga»es. The numerical vaines on branch B and succcedin, 

branches of „sure 3-2 represent scores computed by the SP. Suppose the 

.sure of 10 is computed by the SF for the position at B and the minimasad 
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score of 15, computed by the same SF, Is carried back to branch B from 

ply 3. The score of 15 is obviously more meaningful, as it occurs after 

a look-ahead procedure is applied. The LP's of the SF would then be ad¬ 

justed to make the score for branch B, itself, closer to the minimaxed 

score (15). This is an excellent illustration of successful credit 

assignment in learning. 

Consider the situation where a good move is a temporary sacrifice for 

a long term gain. The above procedure would tend to assign the wrong 

credit based on short-term consideration. This problem was cited by 

Minsky7 as one of the most difficult in machine learning. 

Samuel's checker program verified the utility of SF's, illustrated 

credit assignment and demonstrated the effectiveness of long-term learning. 

Possibilities for future research might consist of extracting some general 

techniques not peculiar to checkers alone and making them available in the 

form of a language. Samuel, himself, is investigating a self-evolving SF, 

but this is an extremely difficult problem. The TPS, developed in the 

research described in this thesis, is a language that attempts to perform 

« majority of the tree structuring problem and pruning automatically 

leaving che user free to investigate whatever SF he chooses. 

3.4.2 BOGART*7 

A discovery and induction program for games, called BOGART attempts 

to modify terms of a generalized SF. A process which uses a SF with con- 

.tant coefficients is classified as deductive, that with variable parameters 

is calleJ induction and that with variable terms is termed discovery. A 

proposal for a similar process was proposed by the University of Washington 

group in an AFOSR Report*2 and is repeated here as Appendix B. 
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**•« is attempt to produce . self-evolving Sr for the game class 

of tic-tac-toe, hexapavm, G0„0KU. aissionary-cannibal problems and perhaps 

eventuaUy for checkers. A valuable improvement over the proposal of 

Appendix B is their testing and evaluating (learning) the significance of 

multiples of US* rotations (symmetry evaluation). The program learns, 

from actual encounter during play, that three X-s in a rou is a significant 

ti=-tac-toe pattern. It later learns that tvo i„ a row (xith specific 

«l.tiv, position in the rov, is significant. It is anticipated that the 

system »ill be able to generalise to two in a row in any relative location. 

It has been emphasised that there is a need to build significant patterns 

loom subpatterns. such as a cross »ith unoccupied intersection built up of 

two rows (GOMUKU). 

The basic nature and level of achievement of the project is striking. 

It should be emphasised that the goals of the project are very ambitious 

and the apparent elementary level of ¿.ok».., ^ s , 
y of achievement is due to the difficulty 

of the project. 

~3 H ‘ K Hltlim,,’ling. Alpha Beta Procedure18 and Learnln|, 

A discussion of the Alpha Beta procedure is of considerable importance 

because (as »ith the TPS, it examines relative scores on . search tree that 

have been produced by whatever Sr is given, and makes decisions affecting 

«nal results. In addition, the procedure incorporates learning. . dis¬ 

cussion of which conclude, the general discussion of learning program, here 

ncluded. Future research could involve combining the methods of alpha 

beta and the TPS 

The purpose of M t „ .inimaxl„?/CÜ^or the uncertainty of 

«b. result, of the SF. If ordinal minimaxing (Hl min,maxing) i, applied 
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to th. tr«. in ligure 3-3, branch 2 is chosen uith . score of 10. When 

the meaning of a heuristic SF Is considered, it is clear that branch 2 

need not be the best choice. Th. relative .cores of 8 and 27 give , pre¬ 

diction. not a guarantee, that th. opponent would choose branch 4 if the 

machine took branch 1. I, the machine selected branch 2. the opponent •. 

n°r* *Xt'nSl''e •■^»ration tree (starting at the end of branch 2) would 

likely make a clear choice between branches 5 and 6. By selecting branch 

the opponent's alternatives are restricted - important criterion under 

conditions of uncertainty. 

Ih. MSN min.'maxing and alpha beta procedure uses an arbitrary 

(heuristic) function to account for uncertainty. Equation 3.2 is used to 

determine effective minimum scores (m. m„. m«m ..., for 2 g 2 minimaxing. 

s * Si - 2(r " - Si)) 

S * Si + 2(r + 9(s2 - Si)) 

(3.2) 

(3.3) 

s, represents th. minimum and Sj the next lowest score. "r" .„d V are 

IP's which are automatically adjusted on th. basis of experience. S la 

then th. equivalent minimum score used in pl.c. of s„ ror dot.rjlnatlon 

of an effective maximum score (M. Mm MmM t r » « , 
1 ’ MmM *••>» E<1- 3-3 is used. For M6N 

minimaxing th. first score, <S„ s, are used in .«tension 

ci *q. 8.3 and the first scores (S,. S¡ - s,, fer minimum equivalent 

scores. 

ror 2 « 2 minimaxing as illustrated In Figure 3-3. using r . 1 ,„d 

q 8 1; the equivalent minimum scores are S « 9 - 2l-(27-9) A c , 

s * io - 2i-(lo-io) ‘ 9 and 
8 • The equivalent maximum score is S s g + 2l+^®"9^8 
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27 

minimaxing 

2 8 2 
minimaxing 

Fig. 3-3. A„ example illustrating MIN .Minimaxing. 

The MS» alpha beta procedure is equivalent to MS» minimaxing except 

for efficiency. By calculating initial scores in . specific order and 

monitoring results, it is possible to éliminât, the need to ealeulat. 

ethers. Th. 'V ,„d IP's are adjusted or calculated on the basis of 

collections of data. 

Since some of the results of Baylor and Simon (MATER I) «re duplicated 

end are reported in detail in Chapter 9, only a brie, summary and history 

of MATER is gi,.n Although ...eral other, have continuously worked 

on chess programs. MATER is th. first major publication since that of Samuel 

«ATER is excellent illustration of th. basic difficult!., involved in 

making a chess player. 

A. suggested by Baylor. "MATER ha, led a checkered life", foundations 

for th. Mater program were laid by Simon and Simon* in 1903 when they con¬ 

ducted research into the th.ory underlying chess playing. Their goal was 
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to resolve the puzzle to psychologists, presented by prominent chess masters 

who supposedly perform Immense feats of memory and discovery unreconcilable 

by ordinary people. They used observation of subjects performing chess 

analysis. Results of that research was a set of instructions written on 

paper that could be handod to an individual who would interpret them 

literally and thereby discover mating combinations in chess. The main 

heuristic discovered is stated simply ass give priority to checks that 

leave the opponent with the fewest possible replies. Hand simulations were 

made to test and verify the heuristic procedures. Next, a program that 

played legal chess and "performed a few other functions" was coded in IPL-V 

by Newell and Prasad.1 # This they overlaiu with the beginnings of a mating 

program. It remained for Baylor, Simon and Simon to implement Mater I as 

a working computer program while Baylor made additions to form Mater II. 

MATER I solves combinations which consist of uninterrupted series ef 

checking moves, given that the defender for no move in the mating sequence 

has more than four legal replies. Figure 3-4 represents a completed 

search tree for which mate is unachievable. Although the program is heuristic 

with regard to an overall chess program, it is an algorithm for the limited 

puzzle described. It can easily outperform human play for this specific 

problem. The 4 branch limit is mainly an efficiency restriction. If there 

are 5 or more replies, the chance that at least one will prevent mate is 

large. This principle of restricting opponent replies is similiar to that 

of the alpha beta procedure of section 3.4.3. The detailed dynamic structur¬ 

ing of the tree is described later. 
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Fig. 2-4. A search tree illustrating HATER's 

capacity to discover mating sequences. 

It is apparent that MATER I is inherently limited in the class of 

mating combinations it can discover. MATER II remedies this situation by 

incorporating more specific information about chess tactics. A very limited, 

but carefully selected, number of moves are added at ply 1 as first move 

alternatives. A limited number of replies to non-checking moves are specifi¬ 

cally: moves that capture the threatening piece, defend the mating square, 

interpositions of a piece between the threatening piece and mating square 

and King moves. All moves beyond ply 2 are limited to checks and legal 

replies. As should be expected, the incorporation of more specific infor¬ 

mation about chess improves system performance. 

The main features of MATER arc: 1) it illustrates and emphasizes the 

heuristic of restricting the number of replies 2) it is a tested program 

which could serve as a subroutine to be called by an excutive routine of 



som« other chess player and 3) it illustrates the effectiveness and power 

of dynamic scoring - a principle incorporated into the Tree Pruning System 

and described fully in Chapter 4. A next obvious extension of MATER 

techniques would be to construct a Queen trapping program. By such continued 

extension, a championship program may eventually be created. The TPS has 

demonstrated some facility as a language for such tasks. The proposed 

EXCHANGER program, of Section 10.3,2 is an attempt to produce a similar 

program for mid-game combinations that win pieces. 
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CHAPTER FOUR 

OUTLINE OF THE TREE PRUNING SYSTEM 

Th. previous ch.pt.r provided b.ok8rouud In playing, loarnlnf, 

.yet.»-, .„d language. ..rvln, a, . foundation for description of th. Ire. 

Pruulng System or TPS. Th. TPS consists of a set of system statements 

which can be used .. instructions for programming heuristic tree searches. 

It is to be emphasized at this point that the purpose of the TPS Is to 

enable a user, using the TPS a, . programming language, to structure his 

search tree and Implement th, tree pruning function vlth ease. Th. problem 

of assembling a Sr is unl,u, to each Individual problem (or game) and th. 

«ser must be responsible for Its production. Since this project originally 

started as a study of machine learning vlth regard to the pruning feature, 

such Ideas have been Incorporated Into the system. Th. TPS will auto- 

matically perform cert.in decision making tasks and. further, do so on th. 

basis of system .»perlene.. Essentially user can take advantage of th. 

learning capabilities of th. TPS to relieve certain programming and decision 

«king tasks. Of course, th. machine learning compare, uith humans learning 

only on a very elementary level. It does, however, compare favorably with 

other machine l.ernlng programs end. In addition, makes this learning 

available to a user through a language. 

On. purpose of th. preceding chapter Is to provide an example of the 

general type of application considered and to discuss the difference and 

Interaction between scoring and pruning. This chapter continues with a 

short discussion of th. separation of th. function, of pruning and scoring 

In relation to th. TPS. Before a detailed description of th. TPS itself Is 

given, the Tree Pruning Game (TPG) 1, described for th, purpose of provid¬ 

ing unity to th. purpose and explanation of th. TPS. Section 4.J gives a 



simplified discussion of learning parameters (LP's) before their use in the 

TPS is described. A description of the TPS itself is then given as a 

simulation of the TPG. Integrated into the TPS description is a fundamental 

coverage of the learning mechanism. Learning is covered in terms of simple 

examples for the purpose of clarity. 

The foundation of the TPS is based on dynamic scoring. Dynamic scoring 

refers to the production of scores simultaneously with the creation of 

branches and the use of those scores for guiding further search. Of the 

previous game playing programs described only MATER has attempted to use 

dynamic scoring. Other programs have used static scoring, where the tree 

is first rigidly determined and later all the existing tree branches are 

scored. A human game player naturally uses dynamic scoring in his search 

procedure.* This procedure is, of course, used in both the TPG and the TPS. 

One purpose of this section is to define the role of pruning as accom¬ 

plished by the TPS and its interaction with scoring. The basic assumption 

is that the TPS will be given a SF. The system will facilitate structuring 

of the search tree and making pruning decisions on the basis of experience 

with the given SF. The TPS must be able to make good pruning decisions for 

the trivial SF as vrell as for the sohpisticated one. In fact, all initial 

investigation took place with the use of the simple SF of Eq. 3.1 applied 

to a reduced game. This SF proved quite sufficient for investigating many 

general pruning requirements and contributed to efficiency both of total 

machine execution time arid development. 

The basic function of the TPS, then, is to take a given SF (be it simple 

or sophisticated, accurate or inaccurate, good or bad, etc.) and attempt to 

build an optimum search tree for it. By optimum tree is meant one which is 
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structured in such a way as to yield the most valid 
information to be used 

1» determining mev. nel.ction. In other nord», the .«plor.tion .pec. in 

extremely lerg. end the goel 1. to .elect the most y.lunbl. p.r, that 

•pec. for ectuel examinetion. Exactly .hat is meant by .tructuring the 

tree 1. detailed in the .implifled examples which follow. 

4el The Tree Pruning Game 

An Introduction to and description of the Tree Pruning Game or TPG 1. 

given here before discussing the TPS itself. This is particularily 

eppropriate since the TPS is essentially a simuUtion of-th. way a human 

plays the TPG. Imagine two people pl,ying . fop uMch thor<¡ e)¡¡sts a 

SP. Each player does not see the board or configuration of the actual game 

but instead look, at a display of the corresponding search tree. When the 

complete tree, limited in .u. by avallablc tlM or apaM> ,, 

the player then examines that tree and choose, hi. corresponding move or 

alternative action. The player only pick, a branch that he expect, will 

lead to the best score. He doe. not know what course of action it corres¬ 

ponds to in the actual gam. configuration. The player must display .kill 

in two ways. 

1) After the tree is completely structured he must us. skill and 

experience to determine which move or alternative to select. Considerable 

research on this topic has been performed by McCarthy and Slagle” with 

thair well-known alpha bet. or M and N minimaxing procedures. Research on 

this particular topic has not been conduct.d here. The two aspect, of 

research can be considered independent and mutually compatible. 

i) The second aspect of player skill involves the direction of the 

search. Any tree produced is one of the many possible tree, available i„ 
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tb. total «arch .pac I«aei„c the situation „h.r. a large screen is avail- 

•hie and a machine display, branches of the search tree .ith corresponding 

scores. The player then points to the nod. he wishes to have explored 

further and the corresponding branches and scores are automatically displayed. 

This procedure is continued until a tree with a predetermined maximum number 

of branches is created. A simple example follows to illustr .e the TPG. 

The following example uses typical scores produced when Eq. 3.1 ls uscd 

a. an SF for 5x5 chess. The number of branches, however, is non-typical as 

there actually exists an average of over 10 branches per node with a total 

branch limit in the neighborhood of 1000. 

used as an example for the TPG and the TPS. 
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Fig. 4-1 represents a display of a search tree after 19 branches have been 

produced and displayed. The encircled numbers are branch numbers in order 

of their creation while the regaining numbers are corresponding branch 

scores. The player would first call for search from the initial position 

whose score is assumed to be ”0". The machine would then display the 

branches numbered 1 through 4 ordered with the highest score first, followed 

by successively lower (higher on opponent ply) scores thereafter. If these 

were all the branches permitted, the player would then probably choose 

branch number 1 unless, of course, he wished to nu-ke a random choice between 

the 3 high scores. It is emphasized at this point that the SF makes a 

relative value judgement on the available alternatives. Therefore, it would 

be unreasonable for him to choose branch 4 with the lowest score (unless he 

eventually discovered that the SF had a high tendency to give false scores). 

Since relative scores by np means guarantee that the judgement is correct 

it is necessary to examine the results of further search. 

For the purpose of this example it will be assumed that each time the 

player specifies a node to be searched, all legal alternatives are displayed. 

The problem could, incidentally, be further complicated by allowing the 

player to call for limited number of branches to be produced at once with 

additional branches attached later if desired. He may be able to call for 

the best scored branch or may have the condition imposed that branches be 

selected at random and then scored. This condition can be varied and shall 

not be considered in this chapter. 

On the player’s ply, the score generally has a positive increase from 

the score of the previous node (this does not have to be the case for every 

On the opponent ply, however, the score generally tends to decrease. branch). 



57 

This occurs because the player makes a move to maximize his score while 

the opponent will make moves to minimize the player's score. The player 

will assume the opponent will tend to make moves that minimize his score, 

in accordance with classical minimax theory as described in Appendix A. 

Accordingly, the opponent moves are ordered with lowest score first and 

the next highest consecutive scores thereafter. For a non-game situation 

the alternate ply would simply be omitted. 

After the first set of branches are established the player would point 

out branch number 1 for further search, causing branches 5 and 6 of Fig. 

4-1 to be displayed. In order to make a comparison he would probably call 

search from branch 2, establishing branches 7 and 8. He might next evaluate 

the chances of searching branch 3 and acquiring a better minimaxed score 

than the 10 already achieved at the ply 2 level. He might note that the 

best* change of score obtained from both node 0 and 1 is 135 (from node 0 

to 1 and from node 1 to 5) while that from node 2 (node 2 to 7) is 125. 

From this he might expect that the best change of score from node 3 of less 

than 125 is unlikely, since previous changes were greater; and direct search 

to node 7 (the most logical next search). Let us assume that this causes 

the creation of branches 9 and 10. At this point, using node 2 as a base 

and examining the subtree consisting of branches 7 through 10, the same 

decision is required as for the subtree of node 0 including branches 1 

through 6; the role of the player and his opponent are reversed in the two 

subtrees. 

* The player specifies search for a complete branch set at a time- e.e 

ofath«eLt ?nd f -re ^°dUC?d toßcther- Only the best achievable score 
of the set is of immediate interest, i.e., the score of 0 on branch 5 
is of more cor. ;ern than the 100 on branch 6. oranen a 
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The player has previously noted that a change of score of considerably 

less than 165 is expected,* thereby he would be wise to search node 8. 

With the display of branches 11 and 12, the score of 125 is now the best 

minimaxed score for branch 2 (the opponent can choose branch 8 making the 

high score of 175 of no value to the player). The player could then con¬ 

clude that if a search of node 5 yielded the expected change of roughly 

135, it would better the score of 125 for node 2. He may conclude that 

searching node 6 would only have to yield a very small change to be an 

improvement over the score for node 13 and he could ignore it for the present 

(the opponent would not likely select branch 6). It is a reasonable assump¬ 

tion that searching node 3 may result in a minimaxed score of about 135 at 

ply 3. The player thus continues the search generation until he uses up his 

maximum branch limit. Clearly, the tree constructed will be a selective one 

and a high percentage of the paths in the available search space will not be 

explored. The skill with which the player learns to choose the most meaning¬ 

ful paths in the available search space will determine the quality of the 

selection he can make from the available alternatives. The TPG is discussed 

above primarily to form a foundation upon which the TPS is based. 

It is apparent that the human player has a great deal of flexibility in 

his examination of the tree. Indeed, many decisions will be made on the 

basis of intuition; i.e., the player is unable to precisely specify the 

decision criteria. This does not imply that a definite set of underlying 

criteria does not exist but simply that they are nebulous or have not, at 

* For example, the best scores available as samples are 135, 135, 125 

7 to 9* yielding an average or expected best change in 
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that instant, been clearly defined. When a problem presents that degree of 

complexity as to require a human to rely largely on intuition, discovery of 

a pure algorithmic solution for that problem is unlikely. Simulating the 

TPG is such a problem where one could not expect to determine an algorithmic 

procedure to guarantee the best decisions for directing search. 

and Massification of Learning Parameters to be Used by the 

■TPS for Making Search Decisions 

Before describing the Tree Pruning System as a simulation of the Tree 

Pruning Game, the information that may extract from a given tree is con¬ 

sidered. In this simulation the information extracted from the tree is 

stored by varying learning parameters (LP's) to be used in the decision 

making process of the TPS. An understanding of the evaluation and classi¬ 

fication of information available in a search tree is basic to the 

understanding of how this information is used in decision making. Various 

expected changes in score are calculated and stored as IP's just as a 

human evaluates expected changes and stores them in his memory. These LP's 

are evaluated on the basis of information available in existing or pre¬ 

viously created trees and are used in current decisions. A simple example 

is given to illustrate evaluation and use of the most elementary LP's. 

Differences between various types of LP's and their classification are 

treated. 

Suppose, for example, the simplified tree of Fig. 4-2 were to be used 

as a sample tree to evaluate the LP's before considering the decisions 

required to produce the search tree of Fig. 4-1. Fig. 4-2 contains a 

simplified tree for illustration purposes. 
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Sample values 
for 3 ply span 
AS 

Sample value for 
** ply span AS 

Fig. 4-2. A simplified tree to illustrate how sample changes of 

score are obtained for the purpose of adjusting LP's. 

This tree then forms the historical background to precede the structuring 

of the tree of Fig. 4-1, i.e., LP's are evaluated solely on the basis of 

information available in this tree and held constant while making decisions 

for structuring the tree of Fig. 4-1. The first 14 branches would be 

placed in the tree as shown in that figure. It is readily seen that, on 

the basis of Fig. 4-2, one could say the estimated change of score <ís) per 

ply is 130. This change of score then becomes or is used to determine the 

corresponding LP value. The score changes from opponent plys are normalized 

and averaged together with score changes from the machine plys; the above 

example yielding 4 samples all of the same value (the number of samples 
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needed to form a ,alid estimate la left to the oner). Thia i. the average 

expected change of score or improvement over a one-ply ,pan. It is pos- 

aible and reasonable to calculât, expect.d improvements separately for 

each ply level. The example vould then yield on. sample for each parameter 

representing expected improvement over a one-ply span at plys 1, 2, 3 and 

■>. The formal notation for governing set of IP's is given in Chapter 6. 

for improvements or changes of score over a 2 ply span there are 3 

sample values all equal to 0. They are taken between node 0 and 3. node 1 

5 and node 3 and 7. There are 2 sample values over a 3 ply span, each 

of a value of 130, from node 0 to 5 and 1 to 7. There is only 1 sample for 

« * ply span. All of these samples for each ply span may be grouped 

together or considered separately with varying ply level, i.e., the expected 

changes of score <fè> may be recorded as a function of ply level. 

We con thus observe the development of bp’s for an "IP ply tree. The 

largest span LP can obtain only 1 sample value for each completed repre¬ 

sentative tree. It, in turn, would only govern search that went 1 ply 

deeper than the given sample tree. The .ample values for different classes 

of LP s shown in rig. 4-2 generally acquire different numbers of samples, 

therefore, special consideration is needed to determine validity of prob¬ 

ability estimates. It can be noted that the greater the ply depth of 

search the larger the total number of governing IP’s is needed. 

It should be noted that in order to have valid sample values, it is 

necessary to first validly search a representative tree. This Implies that 

in order for the tree of fig. 4-2 »0 be a valid tree, a full set of reason¬ 

able decisions should have been made with regard to broadening that tree. 

As an example, suppose the system was constrained to produce a tree with 

only one set of branches per ply, as in Fig. 4-2. The sample values obtained 
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«y then represent einest random changes of score from a non-selecti.e 

portion of the available search space. Such a constrained tree would, 

therefore, tend to cause IP's to he adjusted In such a way as to result in 

future searching of a less effective portion of the available search space. 

The purpose of the LP evaluation Is to determine what can be revealed in 

the available search space through a selective search. The problem of 

choosing the most valid samples for LP adjustment is crucial: a human may 

us. considerable Intuition In evaluating his expected values. This topic 

is further discussed in Section 7-2. 

Developing a single ply LP on the basis of the example of rig. 4-2 

yields a value of 130 with a 2-ply span LP of 0 to be used as the expected 

change in score for the production of the tree in Fig. 4-1. Only these 

tuo LP's are needed for this example. Of course, these values would 

continually change as more experience was accumulated during further search 

Along with the estimated mean score changes can be stored as an estimate of 

the standard deviation (a TPO player would remember deviations). This 

Information can be used in making decisions to direct the growth of the 

succeeding tree. Such us. 1, fully described In the following ..«ion. 

The basic assumption allowing the us. of ,h. above mean is the existance of 

a symmetrical probability distribution (which 1. indeed not always the case) 

Special treatment of various possible distributions is necessary and TPS 

statements or instructions have been assembled to consider that problem, as 

discussed in Section 7-3, 

As described here. Information is .»traced from on. tree and used to 

guide the search Involved in another. Of course, Information may be compiled 

over several trees before calling for an adjustment of LP's, or adjustment 
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of LP's may take place over any portion of a tree. In order to have reli¬ 

able estimates of large span LP's it is necessary to gather samples over 

several trees. For small span LP's there are many more sample values 

available. For those LP's, adjustment of their values may take place 

almost continuously along with the production of a tree. If the user has a 

variety of search problems; he may store LP's on tape for each or use the 

same LP's, permitting them to adjust continuously to each new problem. 

It is apparent that there is a definite need for TPS instructions that 

enable control of the various possible LP adjustments. Precise procedures 

for LP evaluation and manipulation used by the TPS are described in Section 

7-3 through 7-5. 

iLi Tho Tree Pruning System - Simulation of the TPG 

The TPS is primarily a simulation of human play in the TPG. This refers 

primarily to the adaptive or learning mechanism of the TPS which automatical¬ 

ly makes decisions for directing search based on experience with the given 

SF. The mechanism is referred to as machine learning primarily because it 

is a simulation of one way the human player learns to prune in accordance 

with a given or changing SF. In addition to the simulation, the TPS consists 

of a set of programming statements which enable a user, with his own SF (for 

his own problem) to easily assemble information in his search tree. The 

description of the TPS makes use of Fig. 4-1, the same diagram as used to 

explain the TPG. This will enable a comparison of the exact procedure 

followed by the TPS simulation and the intuitive approach used by a human 

player. 

Suppose that branchas 1 through 6 of Fig. 4-1 have been produced as a 

starting position. The basic criterion governing search decisions is based 
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on probabilities for achieving .cores within a desirable range. The TPS 

then asks the following question! If a set of branches were produced 

from node 2 (branch 2), using th. expérience contained In the LP's, is the 

estimated probability greater than 0.5 that a better score will be achieved 

than the best current score? If there is a greater then Sot chance of 

improvement (f> > 0.5) the search 1. directed to take place. If the chance 

of improving that score is less than (or equal to) 50% if < .5) the search 

i. directed not to take place end succeeding search would necessarily follow 

from node 5. The probability Î is not computed directly by the TPS but only 

its range of possible values estimated. 

The concern hero is to determine if producing branches 7 and 8 will 

likely yield a better resultant minimaxed score than the current value of 

0 on branch 5. Prom the previous section, the estimated change of score is 

130; therefore, the expected score on branch 7 i, 5. For illustration 

assume that the probability distribution for expected minimum score on 

branch 7 is given l„ rig. 4-3 .long with a partial repeat of Fig. 4-1 

Eq. 4.1 

Fig. 4-3.. Partial repeat of rig. 4-3b. Hypothetical probability curve 

Eige 4-1. , 
tor the score on branch 7. 

Fig. 4-3. Use of threshold on the probability distribution to 

nake search decisions. 
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Any .cor. on bench 7 b.t»..n 0 .nd - win „.„a ln , better „aim.x.d 

•ooe .nd it i. desirable for this decision, to know if the .stinated 

probability for achieving a score in that rang. i. greater than 0.5. The 

current beat ninlaaxed .core la referred to as the threshold in fig. 4-3b. 

If the distribution ia ayemetrical it la merely necessary to ask if the 

threshold falls on either side of the mean value to know if the probability 

greater than or less than 0.5. In the more usual case of a non- 

•ymmetric.l distribution comparing the threshold with the mean does not 

ylald the desired probability condition. This case is further discussed 

in Section 7.5. To make the decision of rig. 4-3 the difference of 0 - 135 

(branch 5 and 2), Is compared, in Eq. 4.1, with the expected change of 

•core of 130 to sec if it is larger. 

existing score 
difference fis 

In thi. case, th. existing .cora difference i. larger than that .»pasted 

ao th. decision i. mad. to ..arch node 2. The threshold clearly fall, to 

the left of th. mean in rig. 4-3b and P > 0.5. After branch.. 7 and 8 are 

produced with a resultant .cor. of 10. a score difference i. preaent to 

be compared with the average in Eq. 4.2. 

existing score 

difference 

♦ * 0 10 - 135 130 (4.2) 
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This does not satisfy the relation, so the decision is made not to search 

branch 3. If it is desirable to make decisions on a basis of other than a 

50% probability of improvement of resultant score, the expected of 
» 

Eq. 4*1 and 4.2 must be modified (Section 7.4). 

After the search from node 2 (branches 7 and 8), the TPS would next 

inquire if searching node 3 would likely reveal a better score as described 

above. If the decision was made to search node 3, the same inquiry would 

occur for the search of node 4, and so on until no more branches wer«! left 

to search (node 4 is the last one for this series of decisions) or the 

decision is made to stop. Assuming the decision was made not to search node 

3, branch 7 would logically be searched next, resulting in the placement of 

branches 9 and 10 on the tree. 

At this point it can be noted that branches 7 through 10 form a subtree 

that is identical in form to that of 1 through 6. The former subtree is 

based at node 2 (branch 2) while the latter is based at node 0. The decision 

to determine whether or not branch 8 is to be searched is basically the same 

as the decision mode for branch 2. Of course, the role of the machine and 

opponent is reversed. As previously described, the decision would be made 

to search node 8. Decisions for this same subtree are then made recursively 

throughout the whole searching procedure and at various ply levels. 

Suppose the first 12 branches are assembled into the tree with a mini- 

maxed score of 125. The next question asked by the TPS is: If the branch 

with the best minimaxed score (examined one ply back) is searched (branch 5 

with score cr 0), and the corresponding fill-in search is added if necessary 

(branch 6), is the estimated probability greater than 0.5 for improving the 

best representative score of 125? If so, search takes place (branches 13 
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and 14) otherwise it does not. The best score is now 135 and it is decided 

not to search branch 6. Next it is asked if the best minimaxed score, 2 

plys back, (branch 3) is searched, what is the likelihood of improving the 

Binimaxed score (such as the score of 150 on branch 18). It should be noted 

that the decision to search branch 3 is based on the chance of achieving a 

acore higher than 135 after the decisions for search on branch 16 and 17 

were completed, not just on the chance of a temporary improvement. 

It can be seen by induction how the TPS can continue making decisions 

and adding branches until the tree reaches the maximum permissible size. 

The exact sequence of decision making is thoroughly explained in the 

following chapter and is not considered here. The decision mode described 

required that before a search takes place there be a 50% or better chance of 

improving the score with which it is compared, otherwise search is extended 

deeper into the tree instead. 

We should at this point question whether or not a 50% chance of improve¬ 

ment is an optimum value. The answer is that although this criterion does 

not give unreasonable results, it is not optimum. Since the number of 

branches tends to grow exponentially with ply depth, it is apparent that 

lower ply level search should take place with even a small chance of improve¬ 

ment. At high ply levels, where the tree develops large numbers of branches, 

search should take place only if the chance of improvement is large. There 

should, therefore, be a continuous graduation of estimated probabilities at 

which search takes place as a function of ply level. In the present 

implementation there are instructions which enable the user to control 

(depending on the problem) those probabilities to be used as a function of 

ply level as described in Section 7-3. 



CHAPTER FIVE 

RECURSIVE ORDER OF DECISION MAKING AND INTERNAL REPRESENTATION 

The purpose of this chapter is to discuss the operation of the decision 

making process of the TPS and other internal operations in detail. The 

previous chapter gave an elementary description of the TPS in terms of sim¬ 

ulating human thought processes and discussed the basic threshold decision 

used. It has been indicated how and which resultant scores can be compared 

to make a single searching decision. What has not been previously considered 

is the order of sequencing through successive decisions; e.g., after a 

specific decision is made using Eq. 4.2, "which pair of scores is chosen for 

the next decision?" This chapter considers the order in which various score 

pairs are chosen for comparison, resulting in a particular sequence of 

decisions the results of which structure the total tree. All decision 

sequences considered have a recursive structure. The specification of that 

structure for use can lead to the production of a tree of arbitrary ply 

depth. Internal representation for the tree structure and implementation 

of the decision making routine are discussed. 

The score pairs to be used in decision making must necessarily be obtain¬ 

ed from the tree in some specific pattern or order. This is done independent 

of learning. It is indeed possible to have LP's that determine decision 

order on the basis of experience; that possibility however has not been 

considered here. The search space of all possible decision sequences has 

not yet been clearly defined. When it does become more clearly evaluated, 

effective learning adjustment procedures may still be rather unwieldy. The 

heuristically chosen "best" decision sequence is used herein. 
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When considering the simulation of the TPG, the decision order cor¬ 

responds to the less flexible aspects of the human's almost inherent 

to focus his attention on places that give relevant information. 

In this respect the human plays the TPG without direct reference to the 

application. To summarize, the learning mechanism discovers the importance 

of relative values between various obtainable scores. It does not learn 

where to go in the tree to find relevant scores. 

A prime objective is to establish an efficient decision ordering and 

yet leave no branch on the tree defined as permanently pruned. Any branch 

may be selected for further search if relative scores in the tree and the 

corresponding values of «-he LP's so dictate. If a branch is not to be 

searched further under any condition it must be given a score with value 

greater than (less if opponent ply) the "mating" score. For example in 

chess, after a King is captured, there is no need to examine the recapture 

of the opi jnent King or vice versa. The mating score is declared using 

the TPS statement HATE SC (N)* where N is an integer numbar (or variable) 

large enough to represent a win or desired result. 

It is desirable to have a system for which it is possible to adjust 

the LP's so as to cause any desired search tree within reason to be produced. 

An example of a "reasonable" tree is one where no particular branch has been 

searched if another in an equivalent position but of higher score (lower for 

* Use of TPS commands is described thoroughly in Chapter 8. At present each 
command is implemented as a call for a FORTRAN subroutine. A TPS user 
would write the majority of his program directly in FORTRAN and have the 
use of TPS commands in addition. All available TPS commands are listed 
in Appendix D. 
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opponent possibilities) is available. An efficient pattern of decision 

ordering is considered to be one where attention is given first to the most 

frequently searched possibilities; i.e., decisions are made first for that 

portion of the tree where a positive decision (requesting search) is 

believed most likely to be made. Complete analysis would require the 

examination of large numbers of scores relatively inaccessible to calcu¬ 

lation; therefore, attention must be paid to efficiency of time and space 

during computation. 

5.1 Recursive Pattern of Decision Ordering 

The pattern of decision ordering will be described using a hierarchy of 

stages or processes each of which assigns tasks to the lower processes. 

The first process to be described will be the two-ply process shown in 

Fig. 5-1. 

5.1.1 Two-Ply Process 

The process is referred to as two-ply because it governs search for a 

two-ply subtree. The node labeled "I" in Fig. 5-la represents a node any¬ 

where in the main tree while all branches extending 2 ply beyond node •'I", 

as shown in the figure, represent the two-ply subtree. 

A description of the decision mechanism for the two-ply tree follows. 

If search has been directed to take place at node A it is apparent that the 

system should initially decide whether B should also be searched and then 

C and D, etc., before transferring to another part of the tree. On the 

first failure (D in Fig. 5-1) attention would be directed elsewhere with the 

reservation that D may be searched again if later results so dictate. Only 

one double lined pair of branches of Fig. 5-lb with 2 "X's" (cross hatches) 
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1 
The set of branches with two 
crosshatches represents the 
searching of a variable num¬ 
ber of nodes, e.g., search 
from A, B and C of Fig. 5-la. 

b) ’ 

Fig. 5-1. Abbreviated representation of a two-ply process. 

Fig. 5-2. Illustration of the application of a two-ply process. 

inside will represent the entire two-ply process of Fig. 5-la. With the 

new notation a single crosshatched branch set will be drawn to represent 

the variable number of branch sets of Fig. 5-la. Therefore, the notation 

5-lb can represent a tree where branch sets were extended from 

node A alone, node A and B, etc. This notation is necessary to obtain a 

uniform representation for a tree whose exact configuration cannot be known 

until it is produced. 

It should be noted that, as discussed in Section 4.1 on the TPG, 

branches are ordered in such a sequence to allow first consideration of 

those nodes with highest scores (or lowest scores on an opponent ply). Each 

"Next Score" will then be the next highest (or lowest) score appearing on 

the section of the tree considered. 

An example of the decision mechanism for a two-ply process is shown In 

Fig. 5-2. The threshold equation used to make the decision about the 

repeated trials of search is 

(Nm - NS ♦ &) < 0, (5.1) 
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wh«re "NS" (next search) Is the maximum score remalnlnj at the machine ply 

that has not been searched, e.g., NS = 3 in Fig. 5-2a. "Nm" (next minimum) 

i» the maximum minimum .cor.» at the opponent ply that has not been searched 

further, "hile "fî" Is a "learning parameter" normally adjusted to some 

value on the basis of experience. In this example let Û • 1. When Eq. 5.1 

Is true, the node from which the score of NS was acquired Is to be searched, 

for Fig. 5-2 the equation 1. evaluated to be less than zero 3 times; the 

fourth time It equals zero causing the two-ply process to terminate. Rever¬ 

sal of the roles of the opponent and machine Is simply accounted for by a 

sign reversal of Eq. 5-1. 

5.1.2 Three-Ply Process MxUng Recursive Use of the Two-Ply Process 

The three-ply process, which Is a hierarchy of lower ply processes 

is illustrated in Fig. 5-3 

The set of branches with 

3 crosshatches represents 
the whole process des¬ 
cribed on the left side 
of this diagram. 

rig. 5-3. The abbreviated representation of a three-ply process 

®.g.t in Fig, 5-2d the set of minimum 
maximum minimum score is +1 

scores is {-1,-2,0,+1} so that the 

i 
I 
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It is apparent that if the tvo-ply process is tried at R it should ha 

asked if it should be tried at S before going on to other parts of the tree¡ 

then to T and so on until failure occurs. Notice that it is assumed that S 

takes precedence over I so that if the process fails at S. it does not try 

I. i.e., a hierarchical ordering is assumed (R, s. T, etc. sets of branches) 

for the quantities by vhieh the decision is made. 

As soon as the suceossion of tvro-ply processes fail, a different 

sequence follows. The process jumps back one ply represented by the arrow 

E and applies a one ply lower process to node P. If it fails to search at 

P then the three-ply process is finished. If search takes place at P, the 

system reverts to the original procedure of applying two-ply processes 

represented in rig. 5-3 by the arrow labeled G. The arrow G does not imply 

the search must again take place from the branch set labeled T but merely 

indicates that a decision for the application of a two-ply process is again 

nade, as at R, S, and T. 

The process keeps cycling recursively between alternate ply levels 

until a failure on ,hc lowest ply decision finally finishes the whole three- 

Ply process. A single sot of branches with 3 X’s win represent the entire 

three-ply process regardless of how many sets of tranches with 2 X’s 

(two-ply process) occur. 

An example of the decision mechanism for a three-ply process is shown 

in Fig. 5-4. The resultant tree of Fig. 5-2 is permuted in the order of 

second ply scores and assumed as the base tree for the application of the 

three-ply process Illustrated in Fig. 5-4. Repeated trials of search are 

governed by 

(NnM - Nm + ) < o 

(NmM - NS t ítéj) < o 

(5.2) 

(5.3) 



FIE. 5-4. Illustration of the Application of a Three-Ply Process. 

»her, NS and m are the sane quantity as in píe. 5-2 and •« („ext mini*,, 

«ax «um) is the maximum „„searched minimum maximum at the third le.el. for 

the example^assume ß, . -2 .nd ß, .j In rlg_ 

hSi - l-0-2<0, causing the search shoun in rig. 5-4b. There 

E” 5'2 fallS in<1 Eq- 5-3 15 - »S t ßs s 2-2-KO causing 

the search of Pig. 5-cc. The evaluation of Eq. s.2 (2-l-2<0) causes the 

..arch shoun in Pig. 5.4d uhlle the ne)„ evaluatlo, of Eq. , faiis (j o_w) 

followed by a failure of Eq. 3 (2-1-1«) to end the process. 
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' X 'y 

Fig. 5-5. 

-- - • - >-• • • s- i * V. »a rr X L I i * 

crosshates represents the 
whole process described on 
the left side of this diagram. 

Dotted lines indicate a one-ply process which 
is given special treatment later. 

Tho abbreviated roprosonutl«. of a four-ply proeoes. 

of JTbrce, Two and One Ply 

Processes 

Th. four-ply process» which rakes recursive use of three and two-ply 

processes, is illustrated in Fig. 5-5. •'I" is a specified node somewhere 

within the total search tree from which the process is to take place. 

Before a four-ply process can be applied, it is necessary that search be 

.«tended 3 plys beyond I and it is required that 3 plys of search be com¬ 

pleted according to the decisions of the processes that applied. 

A three-ply process at X (at the highest nininawed score) starts off 

th. four-ply process after which the decision is made about repeating the 

three-ply process at ï. then at 7. etc. until failure occurs. Upon failure 

to apply another three-ply process, the procedure shifts as directed by the 

arrow labeled H to. try a two-ply process at V one ply back. The decision 

at the two-ply process results in a 2 way branch. If the decision is made 
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carry out the «wo-piy process It is first carried out and then the procedure 

shifts as shewn by the arrow labeied K to try to perforn, another three-ply 

process at the four-ply level (note that a three-ply prpcess ca„ b„ ,ppHcd 

the 3 ply level only once, i.c., at the becinninc of the search). It 

then continues perfor„i„E three-ply processes until failure and the procedure 

is again directed as shown by d. if the decision at the two-ply process is 

to cany out that process then the procedure reverts along L to make a 

decision on a one-ply process at ply 3 or at w. If the decision is to carry 

out the search at W, the procedure will then revert a)o„,. „ to repeat the 

decision on the two-ply process at the third ply level. I„ the event that 

the decision mechani:--, failed to specify a ‘-nrrr ^ i-i 
i -¿ly a -evu oh for the one-ply process, 

the procedure would tend to revert bad cue rote ply. „„ ^ 

•re left, however, so the whole four-ply process would then be completed. 

«ote that the entire process will cycle arong various paths until it finally 

finds its way out at h, the only exit. The set of branches with a X-s can 

be performed only once at ply 4, from thon on it must he performed at a 

higher ply level, for a five-ply process the branch sets labeled W, V and 

2 "°Uia aPPear aS in FiC- 5-5 addition of several sets of branches 

with 4 X's at the 5 ply level. 

It shouid be noted that the ply processes appear more regimented in the 

illustrations than in an actual search tree. Notation is chosen for that 

reason. A set of branches with 3 X's represents a two-ply process or a 

variable r ,„ber of nodes to be actually s.arehed; a branch set with 3 X's 

1. even more complicated involving a variable „„cher of two-ply processes; 

and a set of branches with 4 X's is roro complex v.t rhf> , 
PiP-- S' * ■ "no form of an H-Ply 

process, represented by x's 
*1 Ai», Cell] DC canil V \ ï ^ 1 * -I 1 î V, _ » V . , 

by induction. 



77 

5,1,4 Possible One Ply Process 

The dotted arrows labeled N and P in Fig. 5-5 represent a possible 

one-ply process not previously discussed. A one-ply process was not used 

for initial investigation because a sir,pie scoring function v/as used and 

all possible branches stcining from a node were given simultaneously and 

arranged in hierarchical order with highest or lowest score first. If, 

however, a search procedure gave one branch at a time, a one-ply process 

would be added with the corresponding extension one ply backwards on each 

ply process, 

A possible onc-ply process is illustrated in Fig. 5-6. 

Fig. 5-6. A possible one-ply process for the TPS. 

This process has not been implemented as such in favor of a presently more 

satisfactory method. It is necessary, however, to discuss the natural 

extension. The decision for the one-ply process is made through Eq. 5-4. 

(SC»ax(mln> ‘ SC ♦ AS) < 0 (5.4) 

where sCmax(min) represents the maximum score available on the set of branches 

(minimum for opponent ply). SC is the base score (0 for initial starting 

position) used for comparison with the beat score and the LP. The operation 

of this process assumes one or more branches have been produced and loaded 
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into the subtree. The system asks if the best score as compared with the 

starting score meets the expected value. If not, then further search is' 

produced to try to meet that standard. Any number of branches could be 

added at once, not just one. 

5,1,5 Special One-Ply Procedure for the TPS 

Assuming the allowed transformations are taken at random and then 

scored, the procedure for the one-ply process applies directly. Under this 

assumption the "N"th branch produced has the samo chance of reaching or 

bettering the expected score as the first branch. That assumption is not 

generally true and was not true for applications used herein. In fact, 

when producing search from a single node there are usually mechanisms for 

selecting first the branches that are most likely to give success. For 

chess this could be the result of hierarchical goal ordering such as examin¬ 

ing attacking moves first, center control next, etc. In the simplified 

chess examples used for experiments in Chap. 9, the whole available set of 

legal moves was examined and only a small set of best representative moves, 

as determined by the SF, were loaded into the tree. That resulted in the 

possibility of storing considerably fewer branches. The same problem 

generally does not occur for a two-ply or higher process. 

It is apparent, from chess experiments, that the one-ply process 

requires special treatment including both an automatic and a user controlled 

course of action. When an initial set of branches is produced from a node 

no immediate one-ply decision is made. This is based on the fact that the 

user usually assembles the complete set of branches that he wishes to have 

loaded into the tree at one time. The only time it is desirable to load 

additional branches is when search that has been continued from branches 
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already present has yielded unfavorable scores. Use of the special pro¬ 

cedure in place of a direct one-ply process is intricately related to 

expected applications. Further discussion of this topic is, therefore, 

delayed to Chapter 6 where the use of TPS instructions is discussed. 

■Li. A Possible Alternative Order for Decision Making 

In the foregoing paragraphs each ply process is described recursively 

in terms of lower ply processes. The important point is that the recursive 

searching order as stated in Section 5.1 is definite and specific. It is 

emphasized that the choice of decision making order is heuristic in nature, 

i.e., what is believed to be the best order is chosen, but there can be no 

guarantee that it is the best. It is considered heuristically to be the 

best and has proven effective. In fact, as mentioned previously, it would 

be possible to use LP's and learn to adjust the structure to the problem. 

In practice, such parameters may depend on manual adjustment rather than 

automatic learning; although, after experience with manual adjustment the 

procedure for automatic adjustment may become clarified. 

An .ffectiw alternativ, order of decision caking to that described Is 

Illustrated In rig. 5-7. rig. 5-7 Is to be compared vlth rig. 5-5 »hereby 

the difference In procedures becomes readily apparent. Specifically, If 

the decision 1. mad. to search back as Indicated by the arrow labeled J In 

both diagrams, the procedure of rig. 5-7 »... . three-ply process whereas 

that of rig. 5-5 uses only a two-ply process. It Is dear that use of the 

higher ply process Introduces more complexity, more decisions and requires 

mor. U", to govern the decisions, ror the higher ply procedure then, each 

ply process 1, defined In terms of Its lower processes. In rig. 5-5 the 

two-ply process mad. decisions governing ..arch only from the subtree labeled 
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V. In Fig. 5-7 the three-ply process would govern search for the whole tree 

below the level of the branches labeled V, i.e., including W and generally 

all branches from the node labeled I. 

Fig. 5-7. The abbreviated representation of a four-ply process 

with alternate decision order. 

There is considerable merit to be attributed to the higher ply pro¬ 

cedure. Some basic experiments have shown that in the event that the 

two-ply process at V produced branches with low scores it is better to make 

the decision in the direction of the arrow L to try and achieve a better 

representative rather than to revert along K and make the decision for 

further searching the poor results just achieved. There is no question 

that the procedure of Fig. 5-7 offers superior versatility in order of 

decision making and allows the possibility of definite capability for build¬ 

ing a better tree. Although that procedure offers more versatility it does 
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Involve other drawbacks. The higher ply ordering method makes decisions in 

a place where the lower ply method does not decide but follows a definite 

sequence. When the additional decisions are made, obviously some will show 

improvement over the definite alternative and some will be worse. The 

present TPS avoids the possibility of bad decisions and sacrifices the 

possibility of taking advantage of the good ones. 

The disadvantages of the more complicated higher ply ordering system 

are that 1) it requires the storage and adjustment of a larger number of 

LP's, and 2) it could result in some poorer decisions, particularily in the 

period before the LP's are well-adjusted. The difficulties presented above 

could be relieved by placing constraints on the additional LP's as a 

function of the original ones. They could be constrained against values 

that are known to often give bad decisions. The method described here is 

equivalent to the lower ply ordering if all the additional decisions prune 

or fail to cause search. A reasonable constraint is to require these 

additional decisions to prune equal to or more than decisions common to both 

procedures. Constraints are further discussed in Chapter 7. In conclusion, 

the original is used in preference to the alternate procedure described here 

primarily for the purpose of using the simpler version for initial investi¬ 

gation. 

Two logically reasonable orders of decision making have been described 

above. There are certainly several other possible procedures that could be 

described or suggested, probably some better for various reasons and poorer 

for others, some simpler and some more complex, some more efficient and 

some less efficient, etc. A project for possible further analysis could be 

to classify all possible decision orders for an "N" ply tree. Such 
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cl.ssific.tlo,, implies th.t firm relstiosships m,y be estsblished .ll„„i„g 

on. to optimally choose certain classes for various purposes. One could 

investigate such relationships and map the •■space» of possible decision 

orders. 

S.3 Implementation .„a T-terna! Reores.etee.^ 

ms section describes the method used for storing the necessary infor- 

nation associated with a tree and for retrieving that information when it is 

needed for decision mahiug. it i, necessary to beep tracb of various scores 

«hat may be used in the decision mabing process, otherwise loobing for these 

scores would in itself be a big search. On the other hand, unless only a 

United number of scores can be stored in immediate access memory, the size 

set of stored scores may approach that of the tree itself. Infor- 

nation is stored in the form of strings, gach branch is represented by a 

.«ring whose name is a number. The original board position is numbered 

0" and as the branches are created by new searrh 
cu oy new search, they are numbered 

consecutively. 

£anjon_Access Memory for KencraQnput-Outnut of .. 

Stored on Tree Branche« 

Certain basic infection is always .tored on each branch. This infer- 

nation is discussed in Chapter g along with the system statement DI„(N). 

(dimension, whet, the application r.quir„ that N words of information be 

ach branch of the tree. It is obvious that such information 

anillar list languages, but should be stored in random access memory. 
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Block storage in connection with dimension N is shown in Fig. 5-8b. 

The first column of numbers outside the rectangle in Fig. 5-8b represents 

the branch number and each entire row represents the corresponding infor¬ 

mation stored with each branch. The number '0' represents the initial 

starting position or node and has no real branch corresponding to it: 

hence, the storage of X's in the first N+l locations except for a star in 

the first location as a special tag and a "0" in the N+lth position to 

represent a "0" starting score. As new branches are created they are num¬ 

bered consecutively and loaded in successive rows of the matrix of Fig. 

5-8b. It is predetermined by the user that N words of information are to 

be stored on each branch including the resultant scores in the Ntlth position 

upon which the decisions for search are made. It is clear that, in addition 

to the required user information, it is necessary to reserve at least one 

location for a pointer, represented in column 1 within the rectangle, on Fig. 

5-8b. This pointer is necessary for if any branch in the tree is designated 

as the node to be searched it is necessary to trace through preceding branches 

down to the starting position in order to regain the information necessary to 

reproduce the situation represented by the designated node. The N+l columns 

are therefore accounted for by the pointer in the backward direction and the 

user's information. 

It I. appropriate at this point to discuss the modification to the 

•tora*, procedure d.acrlbed In conjunction with rig. 5-8b with the 3 possible 

■odes of operation. The previous paragraph describe, the mode caUed for by 

»0 L TIE („0 lateral ties) which is the simplest mode of operation though it 

must be called for specifically If desired. This mod. doe, not permit the 

us. of any one-ply process. HO L TIE requires that all branches Issuing from 
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internal random access memory 
locations for each branch 

Branch 
numbers 

Pointer in T 
the backward*^ 
direction 

Two optional 

additional lateral 
pointers are used 
for the standard 
mode of operation 

comprises 1 location for a 
pointer and N locations for 
user informtion 

NS 

Nm 

NS' 

SC 

Corresponding 
information 
stored with 

each pointer 

"Forward 
pointers 

NmM 

1 Ply 2 ply 3 ply 

\ . t 
Resultant scores 
for each branch 

Storage of the user's 

per branch information 
in addition to the 
resultant score 

.-./ 
Position of the forward 

pointer gives the ply depth 
ahead of the corresponding 
branch for which the cor¬ 

responding minimaxed score 
is stored 

Me- 5-eb. A corresponding data structure for the tree of rig. 5-ea. 

Mg. 5-8. Storage of Necessary infomation to represent the search tree. 
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a single node must be numbered consecutively; therefore, only one pointer 

is needed per branch. 

If the statement DB TIE (double brauch tie) Is used, two or more 

branches must be loaded into the tree toeether. If two or more branches 

are loaded, each branch needs space for only one lateral pointer. In this 

case N+2 spaces must be reserved for an N dimensional branch. 

for the normal or standard mode of operation any number of branches 

can be loaded into the tree at once. In such a case, 3 locations (1..3 total 

locations) must be reserved for pointers, namely, that pointins backwards 

and the other two pointing laterally to either side. Thus any branch having 

consecutively numbered branches before and after may use the "0" and "-1" 

storage location. 

—■ -3 *2 Pointers in the Forward Direction in the Tree 

It is necessary to be able to trace all branches stemming from any 

branch in the tree. A minimum of information is stored pointing to 

succeeding branches. The forward pointers shown in rig. s-eb on each branch 

designate only numbers of succeeding branches, e.g., branch can point 

only to branches 1, 2, 3 or ». The position of the pointer tells the maxi- 

mum depth of current branches. It it is desirable to obtain the branch with 

the best minimaxed score, it is necessary to thread through branches 0, 2, 7 

and finally 9, in rig. s-8. From any branch all succeeding branches can be 

retrieved by using stored pointers and searching laterally; e.g., if branch 

11 existed with a smaller score than Km, that information is not stored with 

branch “O". If that information is needed, it is searched for by threading 

laterally from branch 1 through 2 and 3, » by use of a lateral pointers 

if necessary and to 11 by the pointer on branch 4. 
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Th» »cee» stored »Ith each pointer, as shown rie. 5.ab. .rc roqulr. 

ed and fr.q„e„Uy used hy th. syst,» tor decision „a»„g i„ Equatlons 5, 

5.2 and 5.3. A ressonabl. slternative procedure »ouid he to search for 

these scores whenever needed rather than storin, the, separate!,. It is ' 

"Ot critical, however, for the .e»ory space used for pointers is not 

excessive and execution time for pointer eanipulation is relatival, snail. 

» a new set of branches is •'loaded., into the tree the branch infornation 

is immediately updated. Ti,e number of branches and m ^ v 
ranchcs and Piy depth of the tree 

s limited only by memory space. 

llj-Zi°ü_Piagan for Decision Hakin- 

* partial flow diasrae for the decision process described above is 

ahown in ri8. 5-3. The upper scicirele in pig. 5-3 represents the user's 

Prd8ran for searchi„s. scorin, and £enoral control of the syste„. Ihe 

over semicircle represents the updating of Internan, stored information 

•a escribed for rig. 5-3. Rectangular boxes represent the assailing of 

».cessar, information for the next decision and for learning, while diamond 

3. li ! rePreSent "“ay deClSW °f the tyPS — 5.1, 3 and 
cks for up to a 5 pi, search are shown in rig. 5-9 but it is 

,»it. .as, to see b, induction what an „-pi," search would be. „otic, the 

correspondence between the pi, processes in rig. 5-3 and those of rigs 5 1 

to 5 The flew diagram of fig. 5-9 expands without limit as pi, depth of 

lnCrCaSM- “ 1S apparent, from both rig. 5-, and rigs. 

5-1 to 5, that .11 the decisions are similar witx 
similar. With proper indexing it is 

onl, necessar, to include the single basic decision of rig. 5-9 The d- 

•ion of the indexing variables is set at 35 for thi • 
at 25 for this implementation and is 
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the only factor limiting ply depth. Pointer indexing could be readily 

implemented if no ply limit is desired. 

Fig. 5-9. Partial Block Diagram of the Computer Program 



CHAPTER SIX 

DESIGNATION OF LEARNING PARAMETERS 

The previous chapter described the order in which score pairs are 

extracted fron, the tree for making search decisions and indicated the use 

of LP's with each decision. The formal classification and manual adjust¬ 

ment of LP's is treated here, while the following chapter discusses 

learning or automatic LP adjustment. 

^_Classification_o£ the fundamental Sot of Learning Parameters 

Each decision automatically made by the TPS is dependent on the truth 

of a threshold statement of the form’'« 

SC, SC*? + 
J ÛSI,J,K,L < (6.1) 

SCj is used to represent the compared scores made up of NS, Nm, NmM ... 

as described in Chap. 5. Index values I, J, K, and L designate the tree 

position from which the scores for comparison are taken and the correspond¬ 

ing LP for the decision. With each decision the TPS will automatically 

print SUCCESS if Eq. 6-1 is satisfied or FAIL if it is not satisfied, along 

with the score difference, the LP value and designation numbers. 

The indexing parameters for the terms of Eq. 6.1 are shown in Fig. 6-1. 

The tree segment shown in heavy lines, or any other with the same I, J, K, 

and L characteristic, is the only one subjected to the particular LP 

* t^eüeo?aín ba-iS i°r lyarnfnC "achines arose through neuron modeling two 
fH-earninß brCanC evident adjustment of the synaptic strengths 

and 2) adjustment of threshold values for neuron firing hnrvi 

equally logical thou-h the forr ar ewre*LTh'«tir vfih^ , Í 
The TP<? i-ore r , 1 c-nti.r vnth a real neuron. 

U''?S the thrc'-;i:old type of learning (added constant) while S-uel', 
checkers player used the synaptic type (multiplicative weights ) 

Obviously, the type that is used must be dependent on the application. 
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designated L represents the maximum ply depth that the tree has 

reached. If desirable, backed up fill-in search may be treated differently 

than initial exploratory search. I represents the depth into the tree of 

the node under consideration. Specifically, in Fig. 6-1, node I is 3 nodes 

deep or the basic set of branches under consideration are ply 3 branches. 

The index J represents the depth beyond ply I that the score, SC, used in 

Eq. 6.1 is found. SCj is the best resultant or minimaxed score J+I plys 

ahead of the particular node under consideration at ply I. The index K 

represents the ply distance back from score SCj that the score SC^, used in 

Eq. 6-1, is found. The score ScJJ is the best resultant or minimaxed score 

(J+l-K) plys in front of node I. This score is obtained on branches having 

no further search emanating from them, e.g., in Fig. 6-1 the score SC2 
J 

could not appear on the branch set labeled A. K can only take on values 

from 1 to J. Very often a tree is such that sor..a of the scores SC1 — SCK 
J ‘ J 

are non-existent; the system then ignores the corresponding decisions. 
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Th. user of the IPS has a choico of tvo »othods of operation. The 

first is to let the TPS learn or autonatically adjust the LP's on the 

basis of experience as described in Chapter 7. Otherwise if the user is 

sufficiently familiar with the tree that will be produced (or SP that 

produces it) he may Know exactly how it should be pruned. He could then 

»he the system statements that follow to precisely set the hP-. manually. 

* user can manually adjust the LP's by repented use of the system 

•tatement SET LP (I,J,K,L.M). The I. d. K. and L indexes represent LP's 

governing decisions indicated in rig. 6-l ,„d Eq. 6.1. „ is the value „ 

which the LP will be set. The more positive the value of H. the more that 

hP will cause pruning; the more negative, ,hc more it will cause search 

Setting .11 LP's to a large negative value therefore, causes exhaustive 

search. 

The complet, set of LP's can bo adjusted by use of repetitive loopings 

through the instruction SET LP for the full range of allowed index values 

in rig. 6-7. Mply is the maximum ply depth the tree will reach and 

t e -100 in the fifth argument position of SET LP is the value at which the 

corresponding LP will be set Tn 
• n this example an exhaustive search will be 

earned out if no scores greater than eloo appear on . machine branch and 

•cores no less than -loo appear on an opponent branch. It is apparent from 

«g. 6-1 that if an LP is to be represents r 
represented, I cannot be larger than Mply 

*"i » J cannot be larper than r _ r v 
S than L I and K must not be larger than J. if a 

•« of indexes occur for which no legal LP exists, the instruction will be 

snored. Adjusting the total set of LP's to desired values will usually 

‘ directly^in^PORTRAN^*61, 8 S“Ch be implemented 
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Fig. 6-2. Manual adjustment of LP's 

require a series of iterative ioops and »edifications thereof. The maxi™ 

number of Independent LP's available for an „ply search. is glven by 

Kb . Ty (Hply . 
(6.2) 

This formula is arrived at simply by counting all allovable combinations 

of the indexes shown on rig. 5-1. for an 8 ply search. Eq. 6.2 gives 210 

Independent LP-s, a l,ree number to adjust indeed. 

*n 8 ply search is the maximum depth used herein and controlled with 

variable LP's. Search beyond ply 8 would make decisions based on ply 8 

U> adjustments. It is necessary to choose some arbitrary maximum ply depth 

to be covered by variable parameters to limit storage for LP's. Th. number 

of U"s given by Eq. 6.2 corresponds to the recursive searching order 
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used is sho„„ in rig. 5-5. The procedure of rig. 5-5 employs e„ additionei 

constraint on the number of LF's. Specifically, »hen I = 1, only the 

*alue of J equal to L is permitted. With this constraint on possible IP’s 

the number of adjustable parameters is given by Eq. 6-3. 

Mply 

N° = J=i (<Mply " - J>+1)(J-1) (6.3) 

With an 8 ply search, this constraint reduces the number of independent LP's 

to 15.. This procedure »as chosen for Initial experimentation because the 

reduced number of IP's results in more rapid learning at the sacrifice of 

seme versatility. Of course, if the 56 extra LP's, afforded by Eq. 6.1, 

were set sufficiently large to cause pruning, the tvo methods vould perform 

identically. 

It becomes readily apparent that various learning schemes for automatic 

adjustment of LP's could impose arbitrary constraints on the existing LP's. 

One constraint has been to adiusi- tp»« 
adjust LP s independent of ply depth. The state¬ 

ment SET LPX(J,K,M) operates similar to SET LP(I J K L * v. 
* iurvi,J,K,L,M), except that it 

«ts all LP's independent of I and L. i.e., LP's »ith different I', »in be 

•et to the same value. SET LPX, therefor, sets a group of LP's each time 

It is used »hil, SET LP set. only one at a time, with this constraint there 

are 

Mply 
N<> B Z (J-l) 

J*1 (6.4) 

independent LP's for a search depth of Mply. This number corresponds to 

.11 possible, acceptable d. K su«m,ations to the maximum ply level .. sho»n 

in rig. 6-1 and indicated by the system statement SET LPXÍJ.K.M). Por an 
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» Ply search Eq. 6., gl,„ only 2e ^ , rel,t£vcly smU ^ ^ 

Jr1" adlUStment' fiCt- "lth thl* *- -3 can rapidly 
«aka automatic adjustments to adapt to a chanat er 
LP. . w P t0 * Changln« SF‘ This reduced set of 

»as been used most frequently and is considered the standard mode of ' 

opérât on, i.e., the TPS will use the constrained set of LP-8 for automatic 

adjustment unless otherwise instructed. 

The statement SET LPY it .t w m\ (l.J.K.H) the tndepMdent of the 

” Ply dopth L- «th thl. constraint there are 

Mply 
No “ ¿ (Mply - J)J 

J=1 (6.5) 

independent .djustahl. Parare tars, this 1. .qual t0 „ for an , piy 

ca'usTth USe °f the deClaratl0n Statement VAR PLY i^iabl* ply, win 
cause the LP 8et given by Eq. 6.5 to be adjusted ^ 

using the statement ST MODE (standard mode). 

~ Class Two Learning Parameter« 

TO thl. point, only the nain governin, olas, of (cl.M g 

b'e" dl*cu*”d- Two other classes of LP', .xi,t. fc , 
or 8 ex*st:s, each of which is 

capable of independent pruning action 
P g action. Independent pruning by the,, two 

01.,.., doe. not compare favorably with the original ,« but a 
wigmai set, but form valuable 

«.plantation when u..d .i.ult.„..u,ly. Th... LP'. govern thre.hold 

decision, of th. type .„own in Eq. but. a ..psr.t. d.ci.ion i. Md. 

Tor each olas. 2" LP in .ddition to all those of th. Mi„ ,.t. In th. 

.»0.1 node Of operation ''class 1" LP'. are sot tc cause exhaustiva search 
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•nd their effect is not realized unless specifically requested, rig. 6-3 

Illustrates the need for and the use of the second class of IP's, 

-200 

Fig. 6-3. Illustration of the.Class Two Threshold Decision 

on a typical set of branches from 5x5 chess using 

Eq. 3.1 for the SF. 

showing a typical, complete set of branches from a sample position in 5x5 

chess. The set of branches in this figure is characterized by having , 

small number of branches showing a definite improvement in score along with 

« large number showing little improvement. It is apparent that it may be 

wise to search the high branches and avoid the low ones. This would be 

normally achieved by the threshold decision of the class on. IP's. Difficulty 

occurs, however, if unusually low scores should appear as a result of search¬ 

ing the high scored branches, e.g., the scores of -200 in Pig. 6-3. The 

two-ply process would then call for the searching of the next low scored 

branch, shown with a score of "0". Unless the expected score was achieved, 

the two-ply process would recursively continue to request search from the 

low scored branches until no more existed. If a large number of low scored 

branches existed such a run-avay search could result in a rather largo 

expenditure of effort In a restricted area of the total search 
tree. It Is 
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apparent that ,t nay he highly desirable to prevent further search as soon 

•a the poor results „ere obtained fro. the high scored branches and direct 

that effort to searching .ore pro.ising portions of the tree (costing less 

in required nunber of branches). The class 2 decision „hich ccparcs the ’ 

SCj ' 100 and SCJ = ° ln “n clearly prevent the other„ise 

recursive decision that .ay cause an exhaustive 2 ply search. 

Whether or not it is desirable at this point to prevent the search of 

the ..0.. branches depends on a nunbor of factors such as. l, the ratio of 

the number of lo„ (zero, scores branches to high ones, 2, the nueber of 

branches required to produce the exhaustive 2-ply search if it is requested 

and the time and efficiency envolved to produce that search. 3, the chance 

. of getting a valuable improvement if these branches are searched, and 4) 

the certainty of the quality of the branches „ith high scores as co»pared 

With the low. Early experience with search trees has she«, these LP's to 

be particularity valuable for preventing clustering of excessive search in 

duced reasonably good search though not generally as good as class 1 decisions. 

Learning for the class 2 decision procedure takes place when system 

statement AW LP2 is „Sed as described in Chapter 7. Though it is possible 

to adjust class 1 and 2 parameters simultaneously, this has not been 

implemented because EP2 parameters are usually adjusted rapidly and inde- 

pendent learning is often desired. It is * 
it is apparent fron Figs. 6-1 and 6-2 

that for every class 1 decision „ith both d and K designation equal to »l.. 

there is also a class 2 decision which checks to see if the branch to be ’ 

searched has itself made a sufficient scorn 
rricient score increase over its predecessor. 

Learning takes place by averaging, just as with class 1 IP's, with the 

Choice of standard mode (ST HOPE, or us. of VAR Pby. The decision to prevent 

L 
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search on the basis of a user determined condition is even more important 

with such auxiliary LP's in order that their effect on the class 1 system 

can be entered gradually. Manual adjustment of LP's occurs using the 

statement SET LP2 (I.L.M). This statement is essentially the same as 

SET LP with the J and K omitted (as they are both 1), while the I, L and 

M serve the same function as described for Fig. 6-1. 

6.3 Class Three Parameters 

The third class of LP's is based on the same principle as the second 

class, the prevention of search concentration in clusters on various parts 

of the tree. Rather than compare scores, as with class 2, this method 

counts the total successive number of branches searched without a change of 

ply process, and on that basis makes a modification of the class 1 decisions. 

The modified decision is based on Eq. 6.5 where NIjJ>k>l is the number of 

times a positive (SUCCESS) decision has been made. 

SCJ * SCÍ + %,J,K,L * N I.J.K.L ílpi,j,k,l) < (6.5) 

"b*" NI,J,K,L becon,es sufficiently large, the truth of Eq. 6-5 must be vio¬ 

lated and search on that subtree terminated. The corresponding Nj j R L is 

set to zero when the decision procedure reverts to a higher ply-process. 

In order to manually adjust the class three paranaters (LP3's), one must 

find the average difference on scores plus the class 1 LP and divide by the 

number of permitted trials as shown in Eq. 6.6. 

,J,K,L 

sc. - sc1: ♦ is; , 
J J I.J.K.L 

N 
I.J.K.L 

(6.6) 
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rig. 6-4 illustrates the use of a class 3 LP for a two-ply process. 

The decision to search the third branch is evaluated as -1000 - 0 + (2)(200) < 0 

and search takes place. If the score of -300 had been achieved on searching 

the second branch, the third would not be searched. (-300 - 0 ♦ 400 * 0). 

With low scores, such as the -1000's shown in Fig. 6-4, it is obvious that 

more trials should be made to attempt to better that score than if those 

scores were -300’s. On the other hand, if enough low scores arc obtained, 

there comes a time when that line of search should be abandoned as unpro¬ 

mising. There is considerable similarity between this reasoning and that 

used in the Alpha Beta system of McCarthy and Slagle where uncertainty of 

given scores was discussed. 

Fig. 6-4. Tree segment limited in search by LP3 s 200 

assuming AS . . > -100 
JL i w i In ÿ L 

Class 3 LP’s are set using SET LP3 (I,J,K,L,M) where all the arguments are 

as shown in Fig. 6-1 and the use of the statement is the same as the use of 

SET LP (I,J,K,L,M). Learning has not been implemented for this third class 

of LP’s. On the 5x5 chess experiments this mode of controlling search 

appeared less effective than the first two, but is operable, and compli¬ 

mentary to the first class of LP's. 
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This additional class of IP control enabl.s use of an entirely ne» 

method of scoring. It is conoelvable that instead of numerical scores, 

branches could be ordered in relation to their relative importanee. There 

would necessarily have to be some score indicating an achievement of the 

desired result to allow oholco of moves »hen all the soores „ere otherwise 

equal. Scoring could be as simple as 0 or 1 to indicate echievement of 

the result, or there could be a complete graduation of desirable results 

represented by different scores. The search, however, would not be directly 

controlled by the scores, which would be used only to determine the most 

desirable final move. This selection, on the basis of branch ordering, 

could result from making the 1P3 class of parameters predominant. An 

eventual learning system may make automatic judgements on relative qualities 

of goals without relative scores being given, finally, there .mists the 

possibility of combining the two modes for optimal function. 



CHAPTER SEVEN 

LEARNING PROCEDURES OF THE TPS 

In Section 4.2 a simplified discussion was presented of how a human 

might extract information from a search tree for use in decision making. 

For that example a simple tree was chosen from which the available infor¬ 

mation is obvious. In Chapter 5 the basic decision making structure was 

discussed upon which the learning procedure is overlaid, while Chapter 6 

specified the LP's that are to be used. At this point, the TPS will per¬ 

form as follows: given any SF, it is possible to adjust the LP’s to cause 

the production of any desired search tree within reason.* The system 

statements in Chapter 6 enable a user to fix LP's manually if desired. 

This chapter discusses procedures by which the TPS automatically adjusts 

LP’s on the basis of experience. The first consideration is the acquisition 

of valid sample values from the tree. Next, statements that enable the user 

to control adjustment procedures are discussed. Finally, the mode of 

operation caused by the statement EX SEAR (expanded search) is treated. 

This procedure uses a repetitive process to produce a tree "effectively" 

several fold larger than the standard method permits. 

7.1 Selection of Sample Values for LP Adjustment 

The LP’s, or expected changes of score are estimated by 

collecting and averaging sample values. The accuracy of the estimated score 

change depends on the number of samples obtained and the validity of their 

selection. Fig. 7-1 indicates how a valid sample is obtained for a "J=i" 

(two-ply process) subtree. 

* Page 69. 
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Fig. 7-1. Determination of a valid sample value for 

use in LP adjustment. 

Only one sample AS can be obtained from this subtree for the purpose of 

calculating the expected best achievable score. When branch set 1 is 

first loaded into the tree, the learning procedure immediately records the 

score difference -900-175=-1075 as a prospective sample value. When the 

set 2 branches are added to the tree, yielding a better minimaxed score, 

that score difference, -300-175=-475 replaces the one previously stored. 

With the addition of set 3, the sample value becomes -100-75=-175. The 

samples are all normalized and recorded as machine ply score changes. 

Assuming the setting of the Æs controlling the decision prevented a 

fourth set of branches from being added, the value of -175 recorded is 

considered the valid sample. It can be seen that by requesting an exhaus¬ 

tive search, the recorded samples may be made smaller; or, by purposely 

pruning, the samples can be made larger. When samples obtained from an 

exhaustive tree are used to control search, the next tree will not be 

exhaustive. Likewise, samples taken from a highly pruned tree tends to 
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produce a „ore exhaustive tree. A, saapie values accumulât., the LP's tend 

to converse to values that produce »hat Is referred to here as a 'Veil- 

pruned tree". 

^ The accumulation of sample values for a three-ply process, or 

“l.J.K.L (J=2) parameters Is Illustrated in Ms. 7-2. 

Sample value 

AS = 14 0 -130 = io 

Eaeh score shown represents 
the best minimaxed score for 
the corresponding subtree. 

fig. 7-2. Collection of two valid samples for the 

three-ply process LP's. 

The basic assumption mad. for the collection of samples for the three-ply 

process 1. that -oil-pruned subtrees are produced by the ,„o-ply processes. 

For tel, the successively recorded sample values are 120-0.120 and 

1*0-0.140. The value 130-(-100) Is omitted because 130 is not the best 

minimaxed score, for K=2 the successively recorded sample values are 

120-130.-10 and 140-130..10, the .10 replaces the -10. Again. 130-30.100 

1. not recorded because 130 Is not the best minimaxed score. The third 

subtree also contains a valid sample (i.recst AS) but It Is not recorded. 

Such additional possible samples did not occur frequently for experiments 

conducted. 

It can be seen by Induction hov samples are accumulated for an "II" 

Ply process. This procedure assumes well-pruned subtrees for all lower 
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Ply Pr0CeSS0S t0 °btal" -P^3. I„ the trM of F1e. ,.2 a ma , 
of «rw» , ■‘■ti’ t a maximum 

sample for each of the 2 three.ply process Lp,s (j=2> 

be obtained, for the.two-ply process (J-l k-1) ^ 

aval ' a n’aXlmum of 4 samples are 
-e from the given tree configuration n 

the Ith m , Sample WOUlC be based at 
1th ply level while the other 3 occur at ply m Ir . 

the relative „umher of lower to hi h ^ 

. e V Pr0CeSS SanPlM ^speeds on the 
breadth of the tree. 

I:j-^^iS^aabesj!lJLmnlmum Breadth T-.. 

The purpose of this section i- t-o m 
LP samnl í " lústrate the number of available 

amples in a complete tree Fore 

in Fig 7.3 th . ‘ °f mÍr,Írr'Um breadth* aa shown 
Pte. 3, there is one sample available for each IP eov , 

It is Of n« covering that tree. 

-.: .. - - - - 
•' -...-..,.::::: ::;r: •“ — 
- . ., *™ •• 

There are 3 samples shown available for the two 
v__Ä. . tfte two-ply process (J=l. k=1> 
based at nodes I through I« labeled with J.l for w 

tree there would be w , ’ Ply ”1"ln’al breadth 
be »-1 samples available. The three-ply process (d-y, 

J ter the Index K=1 .„d k-2. There , 
are 2 samples shown in the firur#» 

for each LP with ne rißure 

labeled is, p .„g ^ ' a"d Tba aa"Pl» 

Tb. sample ¡s’2 TlV ^ " 

- th. minimal^treo , ^ ^ ‘W.l -, 
tree, though they control decisions based at ply j and 

1+1 nodes respectivelv p . P y and pectively. For each ply of depth addod to 

et tw^piy ip samples bccoM avaUaMe- ror ^ 

*. . only one samplo is avtIi 

n the 4 ply tree, for each LP while J==4 samples are 
not available 
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Fig. 7-3. Available samples for use in I.P evaluation 
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"ntl1 the trM IS 5 Ply5 d“P- ion of Tig. 7-3 readily ahons 

that for an „el Ply oinleal fro, th. aoore difference x x would aleo 

be used as samples for N+l other LP's TH« « i , v ’ ’ 
• The sample labeled X would be for 

• one-Pl, yrocoaa If „»ion in „or „and. It i, aPPare„, that .s the tree ' 

flUS °Ut ln breadth relat1-^ — samples become available to lover 
processes. 

Some difficulty occurs in Mki„g . progra„ to ex(ract each 

samPle. Tbe present implementation records sample values for each process 

as they are produced by that process, „ben .„amining a set of branches 

m edded in a tree, it is not possible to specifically determine which 

.Cisión process caused that search as several possibilities often exist 

-ugh all available samples are not generally used, the bfs tend to con¬ 

verge rapidly, particularily for lover ply processes, to give sufficient 

per ormance. Rather than collecting samples simultaneously with the decision 

process, an alternative procedure vould be to scan a given tree or portion 

thereof, to determine all possible alternative Lf samples. 

1-,3 Control of Lf nes^r—.- 

— main „odes for automatic adjustment of LP's are used. r„r both 

■odes. LP's .re adjusted independent of the current search depth penetration 

of the tree given by the index "L" tv,- e. j 
that«, , - standard mode of operation assumes 

the given gf performs independent of ply level. ror .«ample, the 

samples for 3 independent LP's but are considered as 3 independent 

samples for a single LP corresponding to sl„Uarly, othar 

•re collected and accumulated independent of ply level. This method of 
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accumulating sample* tends to increase the rate of convergence of lower 

level IP's as compared with higher ones. Lower level Lf, have tended to 

converge rapidly from experience with a very small portion of a tree. 

The other main mode of operation adjusts Lfs as a function of ply 

level. This mod, of LP evaluation is particularily. important because for 

«et complex problems the Sr will vary as a function of ply level. The TPS 

is Instructed to use this adjustment procedure by the declaration statement 

V*R PLY. If „et Instructed to do otherwise, the standard mode described 

•hove is used. To change bach to standard mode in the course of producing 

. sequence of trees, the statement ST KOBE (standard mode) is used. This 

method is chosen as standard, because it is rrr,™ • 
, ecause it is more efficient of learning time. 

It is possible to employ a combination of the two main mode, by using 

the declaration statement VER PLY (J); (variable ply,. The argument, 1, i, 

the same index used in designating or is one less than the ply 

Process number. With the use of this statement, samples sre collected 

independent of ply level for all process designation numbers greater than 

d and are colleeted as a function of ply level for all values less than or 

•Ruai to d. This method is particularily useful because the lower processes 

coll.« many „ore samples. The low processes can then collect a sufficient 

number of samples to make a fin. discrimination of LP differences as a 

function of ply level, „igber processes collect so few samples that it may 

he more effective to collect values over several ply levels to form a more 

accurate probability estimate. In order to discriminate probability esti- 

function of ply level, the estimates must be sufficiently 

accurate to make the variation meaningful. The statement VER PLY (d, can be 

used in place of ST KOBE by setting d.O and in place of VAR PLY by making 

J large. 
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7.4 Control of LP Evaluation 

System statements or instructions are available to enable the user to 

control the evaluation of LP's. The TPS will initially produce an exhaustive 

search, unless initial LP values are set manually or read in from tape or 

cards. Sample values are automatically collected continuously with the pro¬ 

duction of a tree and stored on a temporary sample list. No change occurs 

in the LP's until the statement ADJ LPS (adjust LP's) is used. This state¬ 

ment causes the collected samples to be distributed to a cumulative sample 

list for each corresponding LP. This list contains the number of sample 

values for each LP, along with the mean value and standard deviation* of 

the samples. These values are initialized at zero after which each employ¬ 

ment of ADJ LPS removes samples from the temporary list to update the 

information on the cumulative sample list. Each time, the corresponding 

LP is fixed at the new mean value. When the production of a new tree begins, 

the temporary list is initialized and the samples are lost unless otherwise 

removed. 

The TPS operates under the condition where expected AS's are continual¬ 

ly changing either due to a changing SF or through a varying sequence of 

problems. As a large number of samples is collected for a LP, the change of 

mean value becomes small with the addition of new samples. As the actual 

probability changes continuously, it is necessary that the mean value change 

* The standard deviation, o, is given by 

N 

,2 
I (x. - 5)2 I (x 2 - X2) 

i=l _i=l i 
N N 

and the cumulated collection of sample values squared, in addition to the 
mean value and number of samples, is equivalent to storing the standard 
deviation. 



107 

accordingly. One solution is to reduce the effective number of samples 

stored on the cumulative sample list. The statement S SAM N0(N); (set 

sample number) fixes the sample number for every LP on the cumulative list 

equal to N, the mean value and deviation remains. Thus if this statement 

is repeatedly used, with N as a small number, the accumulation of additional 

samples will have a pronounced effect on the mean value and the LP value. 

By use of this statement, the LP's can readily adapt to a changing problem 

sequence or a changing SF. Alternatively, if N is made too small, and only 

a small number of samples are collected between successive use of ADJ LPS, 

erratic variation could occur. A more specific alternate statement that 

can be used is S S N(I,J,K,N) where N, as before, is the number of samples 

while I, J and K are the LP indexes. The statement S S NX(I,J,K,N,M) is 

the same as above except the M is a new mean value. 

The statement ADJ LPS assumes that the decisions are to be made on the 

basis of 50% probability of improvement with a symmetrical distribution as 

described in Section 4-3. An obvious means of modification of the prob¬ 

ability of success at which search takes place is to use the recorded 

standard deviation. The statement ADJ LPX (N) does not set the LP's to the 

recorded mean value but to the mean value plus the modification of N/100 

standard deviations; e.g., if the N=100, the LP's are set to the mean value 

plus one standard deviation. If the distribution is Gaussian, the resulting 

decision will cause search to take place if there is a 84% or better chance 

of getting an improved resultant score. By setting H=0 this statement 

performs identically with ADJ LPS. Making N very large causes severe prun¬ 

ing. Making N very large and negative would cause an exhaustive search. 
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The statement ADJ LPY (I,JfK,N) permits the use of different deviations 

for various IP's. As discussed in Section 4-3, it is necessary to use 

different deviations as a function of ply level (index I). 

Learning for class 2 LP's, described in Section 6.2, takes place when 

the statement ADJ LP2 is used. This is a declaration statement causing 

class 2 samples to be collected on the temporary sample list in place of 

class 1 LP's. Present implementation permits use of ST MODE or VAR PLY 

adaptation along with the statement ADJ LPS which causes the actual LP 

adjustment. The statement ADJ 2 LP (I,N) permits the use of different 

deviations as a function of ply level similar to ADJ LPY above. 

7.5 Non-Uniform Probability Distribution 

If the probability distribution for the change of score (AS) is 

Gaussian, the mean value and the standard deviation provide sufficient 

information to calculate the probability of an event. When the distri¬ 

bution is skewed, the mean value is no longer the threshold value at which 

a 50% chance of score improvement occurs. One possible solution is to 

store the third moment about the mean along with the standard deviation 

and the mean itself. The third moment is an estimate of skewness which 

could be used to more accurately set the threshold for the desired prob¬ 

ability. Generally SF's can be expected to produce a non-uniform 

probability distributions for score changes. 

A complimentary approach to use of the deviation measures is to use 

the TPS "limiting" statements for more accurately setting the threshold 

for the desired probability. Limiting statements permit the elimination 

of erratic samples for inclusion in the probability estimates and alleys 
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the operator freedom to control the search and for une of goals. An example 

follows to illustrate the use of the limiting statements. An estimate of 

the probability distribution for scores produced by the SF of Eq. 3.1, and 

used for 5x5 chess, is shown in Fig. 7-4. 

Although the only possible events are discrete, a smooth curve is used for 

convenience on the illustration. From experience it is known that the 

most likely event is the capture of a pawn worth 100 points. The term for 

mobility virtually always makes a contribution greater than zero. With a 

normal setting of the parameter, "a" multiplying the mobility term in 

Eq. 3.1, the contribution from mobility is less than 100 to avoid sacrificing 

Pawns. Mobility produces close to a Gaussian distribution. As shown, the 

capture of a 300 point piece like a Bishop or a Knight is less likely then a 
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Pawn, while capture of Rooks, Queens, No capture or King capture (10000 

points) are less likely respectively. 

The purpose of the TPS is to make a hypothesis about such probabilities 

as shown in Fig. 7-4. Those distributions will change during the course 

of a game and as a function of ply level. The ST MODE of learning should 

account for changes during a game, while VAR PLY mode should account for 

fluctuations as a function of ply level. 

Experience with 5x5 chess shows the mean value of score changes falls 

between 200 and 300 (a range of values for which the expectation is zero). 

The statement ADJ LPX (H) is then ineffective for a relatively wide range 

of N and the error due to the skewed distribution is large. In fact, each 

mode of Fig. 7-4 can be thought of as the score for an independent goal and 

the apparent Gaussian variation of each as the score for a subgoal. It 

would therefore be desirable to limit consideration to the goal of capturing 

and protecting Pawns and let searching discrimination take place on the 

basis of the mobility subgoal. Otherwise, if the LP threshold is set between 

200 to 300, the variation due to mobility is ignored. Therefore, for better 

discrimination it is desirable to collect only sample values between 100 

and 300 and consider the rest as erratic occurences. 

The use of the statement LIMIT (300) will prevent any available sample 

value over 300 from being recorded. Likewise, LIMITL (100) prevents any 

sample smaller than 100 from being recorded. Similarily the statement 

LIMET (J.K.M) sets the upper limit as M for the J,K parameters. Likewise 

LIMETL (J.K.M) marks the lower limit. As such, the new expected value falls 

in the center of the distribution for Pawn capture, where use of ADJ LPX (N) 

is effective. Thus the searching will now expect to capture Fawns but not 
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larger pieces. At the same time, search will be toward a better than 

average mobility increase. With the LP's set between 200 and 300 the 

system searches to capture Pawns or larger pieces regardless of mobility. 

The use of limits is made practical by having the TPf. print out all 

sample values that are available. This is accomplished by the statement 

OUT SAM(Nl) where N1 is a logical input variable. The user can then observe 

the region of clustering of sample values and set the limits accordingly. 

7.6 Use of an Expanded Exploration Search 

The use of the declaration statement EX SEAR (expanded exploration 

search) causes an entirely different method of performance than any pre¬ 

viously discussed. Normally there is a maximum available memory that will 

hold a limited sized tree. This procedure, which uses a method of exploring 

and re-exploring, can produce an effective tree which is equivalent of being 

orders of magnitude larger than the allotted memory space can hold. The 

method uses an alternating exploration and adjustment of LP's until the 

available space is used. Learning no longer takes place in the form of cal¬ 

culation of probabilities based on a large number of samples; LP's are set 

at precise values that best prune the specific tree under consideration. 

Thus, the procedure will result in a set of LP's that produce a more 

selective tree at the expense of extra exploration. Experience with 5x5 chess, 

using Eq. 3.1, has shown that the corresponding LP adjustment can be an 

effective collection of learning experience to be used in other explorations. 

The basic concept is illustrated by the following hypothetical example. 

Suppose that we are interested in an 8 ply search for chess, which approxi¬ 

mates the maximum depth used by human players. If the computer were to 

produce an exhaustive 8 ply tree it is apparent that an observation would 
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reveal which branches of the tree were searched unproductively. Ignore, for 

the present, the fact that to produce a single exhaustive 8 ply tree would 

require weeks of computation time. The criterion for judging unproductive 

search is based on whether or not the same selected move will result. It 

becomes immediately apparent that the determination as to whether or not a 

certain part of the tree could be eliminated does not depend on the creation 

of the entire tree. In fact, many branches can and must be pruned at an 

earlier stage to save a large amount of search from pursuing routes already 

determined to be unproductive. A time balance optimization must be obtained 

to allow sufficient search to properly influence move selection without the 

inclusion of excessive unnecessary search. 

Optimization of search spent in the process of learning or determining 

where search should take place is accomplished by the heuristic procedure 

that follows. Learning by adjustment of parameters is obtained on a per-ply 

basis. Rather than total search over a several ply range and the processing 

of that search, the tree is processed at single ply intervals. Suppose 

learning has taken place and the LP's are adjusted to give optimum selection 

up to ply "N" but no consideration has been given beyond that level. The 

next step in the learning procedure is then to fill in the search between 

ply "N" and ply "N+l". As soon as the tree is filled in to the "N+l" level, 

the tree is processed to see how pruning can best take place before contin¬ 

uing search between ply "N+l" and "N+2". It must be emphasized at this 

point that the search between ply "N" and "N+l" specifically means that the 

procedure starts as soon as the maximum ply depth reached is "N" and ter¬ 

minates when the maximum depth is "N+l" without precluding fill-in search 

at lower ply levels. During the above procedure, a constraint on the 
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parameters is assumed which will enable the system to take advantage of 

the learning at lower ply levels for temporary use at higher levels. 

The basic criterion for determining whether certain branches of the 

search tree are needed or not is based cn the concept of "the selected 

move" and a "change in minimaxed score" of the selected move. The selected 

move is determined by examining the tree at the maximum ply depth reached 

and considering the move with the best minimaxed score as the selected move, 

A change in score of the selected move occurs whenever further search 

yields a different minimaxed score for either the same or a different move 

(ply 1 branch). An increase in score gives the indication that the machine 

can choose a better alternative than was known before, while a decrease in 

score indicates that the opponent has better opportunities to counter than 

were previously realized. The premise is made that when a change in select¬ 

ed score is made, the search contributing to that change must be conserved. 

Such search has revealed valuable information about the move determination. 

Each change in selected move is recorded in the catalog of decisions des¬ 

cribed in the following paragraph. The following paragraph describes the 

processing of this stored information to determine the adjustment of the 

LP's. 

For every decision that is made, the following information is kept: 

(1) the number of the branch at which the decision is made; (2) the desig¬ 

nation of the LP controlling the decision which includes the "Ply-Process" 

number or J parameter as described in Chapters 5 and 6; (3) whether the 

decision caused or prevented a search from taking place; (4) if the decision 

causes a search the threshold required to prevent the search is stored and 

finally; (5) all "changes" in selected move are stored. 
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The LP's Bust now he adjusted so that if the search were repeated free 

the same hoard position under the same scoring function, a tree would he 

created with Jus, those hranches retired to determine aii of the selection 

cháñeos. The catalog of stored decisions is processed to form two new 

lists, each containing LP-s and thresholds that caused parts of the tree 

that (1) can be pruned and a. ». 
. nd (2) can.iot be pruned. The catalog of stored 

decisions is processed in reverse order from which rh 
rrom which they were created. The 

first rule followed in forming the two lists is to cause everything to he 

pruned h.ch to the first change of the selected move. Phe thresholds of all 

«he IP’s involved in those decisions arc put on the first list to await 

possible future adjustment. After a "change" has occurred (going hachwards 

rom the order of creation, only search produced by lower "ply-processes" 

can he pruned (the cerrespending Ifs are stored on the first list described 

above, untii the search of a higher ply process intervenes between the 

original "change" .„d the present location. Prom that point tho original 

Ply-process may he pruned, but the higher one must he maintained. After a 

higher-order change tabes place the restriction on the previous iower order 

change may be ignored. If a change at a low™ i 
nge at a lower ply process takes place after 

a previous higher one the restrictiors for 
. fictions for both processes must be observed. 

This procedure is continued until all th« y 
decisions stored between ply "N" 

and "N+l" have been covered. 

Once the two lists are compiled, the neXt function is to compare them 

•nd mobe the permissihi. pruning adjustments. The list of hP-, Ca„si„g 

changes must tab. precedence over the list containing hP.s controlling 

prunable hranches in order to Insure that parts of the tree contributo 

valuable information would he produced again in the sane situation. 
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If a tree from a single initial position is optimally pruned, the tree 

produced from a slightly different board position may not include all avail¬ 

able changes or likewise may not prune parts that could be easily removed. 

One solution is simply to compile the two lists over several representative 

board positions, before the comparisons tc make the actual LP adjustment. 

By such an approach searching from a new board position will usually result 

in the inclusion of all the available changes together with extra search 

which does not reveal valuable information for that specific board. The 

necessary guiding criteria for determining when a sufficiently complete 

spectrum has been covered must be based on the probability of revealing 

useful vs. useless search. The method for making that judgement must be 

based on the convergence of the rate of data accumulation on the above two 

lists. Some initial experimentation has shown that accumulating information 

over a spectrum of positions can give effective adjustment of LP's. 

Use of the mode of operation called for by EX SEAR with the SF of Eq. 

3.1 has giyen effective results in actual play. Its comparative performance 

in an actual game is given in Chapter 9 (Game 4). Generally this method is 

more effective than the standard mode of learning at the expense of extra 

exploration effort. 
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" CHAPTER EIGHT 

THC USE OP TFS CO’I.'ÍAHDS I!¡ WRTTIN’C GL’ARCJI PEOGHAMS 

The purpo« of ,M. chapter la to ¡Uootroto the function aal uso of 

soto „f tho „sin TPS 00:,-,0,,= . This sy=to„ consists of 0 sot of sounds 

thst facilitate structuring a scorch tree and controlling tho systc. loam- 

*"8 PraMd',rCS- Th0 rK ¡= or,hf dded in FOR'lTfi:; IV so thst a user can have 

tho honofit of tho fscilitioc of that la»au„Ce. for convcnionc,. each TPS 

statorcont is implooontod in HMKAK as a call for a subroutine. „0 attonpt 

has boon Bsdo to uso «achina longusgo for a coro c-fficl.-ut i-rplcuntstion. 

Such nork would not ho =-mired until cvidcnco <' wldvapwai use of tho TPS 

should appear. The pec :,t syu; a, ho,-,vor, h„ the of Mng 

largely „achino indo, nient. Intended future <', v-lo;,M„t could yield a 

pre-rORTR/iH conpilor the, compiles TPS stnt. : ,,ts directly into FCIÎTRAH. 

This would allow a coro convuniont eonesad nanlpulatton terminology and also 

result in moro efficient program execution. 

The following section contains a flow ding,,-,-, for a program of general 

application. A corresponding sample program is given to illustrate tho use 

of tho available TPS statements in conjunction with rORTRA». Section 6.2 

describes some additional TPS statements and use of plausible branch gener¬ 

ation. All available TPS commands ara listed in Appendix D. 

— * r,0a Dt^!2îJgL-a Renerel Gone and , Corresponding TPS-fORTKAn 

Sample Program 

A skeletal flow diagram is given in rig. 6-1 with only the minimum 

number of TPS statements necessary to rake a co„.uleto program. This diagram 

la applicable to a general game whether it he ,: „„„-a, Go::UKO. etc. or to 
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« non-carne application involving a corrcspondinc tree structured, juided 

trial and error searcl,. Specific system statements, are enclosed in solid 

restáñelos. It is emphasised that the detailed prof.ranis enclosed in the 

dotted rectancles must he procrammod by the user directly in FORTRAI'. The 

rain procramminc effort, dependinc on appHeati-.n. involves the creation of 

those FORTRAN pro-rams. Each block in the di,-ram 1= explained separately 

along With possible alt-mate procedures and additional system statements. 

rig. 8-2 is a simplified example program corresponding to the flow 

diagram. The program statement numbers correspond to the block numbers of 

the flow diagram. Each block of Fig. 8-1 and the corresponding instructions 

in Fig. 8-2 are discussed together. A user rust be f.miliar with FORTRAN 

both in order to use the system and to understand the subroutine notation 

used in the TPS statements. The pro-rai., of Fig. 8-2 is an executablo program 

when the CHESS subroutine is supplied. 

Block 1 of Fig. 8-1 is the space allotment statement. Space for the 

use of the system and for tree storage must be rererved by dimensioning all 

available space in the first locations in COMMOil and giving the same number 

to the statement SPACE(N). In the present implementation SPACE is the name 

of a FORTRAN subroutine where N is an integer argument alloting the system 

space. This number must be greater than 6500. The TPS uses the first 6500 

words* of COMMON for internal operations. In the sample program of Fig. 

8-2 the dimensioned variable 2(15000) reserves the first 15,000 locations 

of COMMON for the system. Of this. 8,500 locations are available for storing 

the search tree. The remaining variables in COMMON are for the user's 

* With modifications this figuro could be improved. 
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The dotted blocks Bust be progracred by the user In FORTRAN. 
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/% . C0‘,!tî0N 2(15000),I,JfK,SQ(6,l),NSQr(25),NSQT(25i MPRÍ9S) * 
r lUn VARIAÎ5lT: Z RESERVi:s 15000 LOCATIONS OF CONMOH FOR SYSTEM USE 
C AND TREE STORAGE. TEE lUNIAINING VARIARLES IN COMMON ARE^USEn^TO 
C COMilUNICATE WITH SUBROUTINE CHESS—THE USER'S PROGR/.M 

INTEGER SQ,SC,PL,SQF,SQT,PR 
LOGICAL EXH, NEW MV 

1 CALL SPACE(15000) 
2 CALL START 
3 CALL DIM(4) 

C READ IN NEW INITIAL BOARD POSITION 
30 
31 
4 
5 
6 
7 
70 

8 

10 

11 

12 

13 

14 
15 
16 

'q:\sqt,PR 

FORMAT (3212) 
READ (5,30) SQ 
CALL SEI.ECT(ND,PL,EXH) 
IF (.NOT. EXH) GO TO 9 
CALL TREE 
CALL MOVE (NU.SC) 

SWUŒ*',,> 11,110 w«s.. is. 

CALL UNLOAi'(’."j|I ,SQF) 
CALL UNLO/.DC'n, ;>tsqi>) 
CALL l'N! r,\D(!. 1,: , PR) 
WRITE (6,70) 
CALL ERASE 
GO TO 31 
HU = ND 
1*0 
J * 0 
K * 0 
IF (NU ,EQ. 0) GO TO 14 
1*1 + 1 
J r J + 1 
K * K + 1 
CALL UNLO.\D(NU, 1,SQF) 
CALL UHI.0AD(r.U,2,SQT) 
CALL UNLOAD(NU,3, PR) 
NSQF(I) = SQF 
NSQT(J) = SQT 
NPR (K) = PR 
CALL PR NODE(NU) 
GO TO 10 

CALL CHESS (SQF,SQT,PR,SC,NEW 
IF (.NOT. NEN~MvTG0 ¥0 4 
CALL NEW ER(NJ) 
CALL LOAD (NU,1,SQF) 

(NU,2,SQT) 
0’U,3 PR) 
(NU,4, SC) 

MV) 

CALL LOAD 
CALL LOAD 
CALL LOAD 
GO TO 14 
END 

Fic. 8-2. U.-C cf a Chess Submutire, TPS SU.tc~or.tr. end 

FORTRAN to Make a Tree Structuring Program. 
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protrair.. All variables used with the TPS staterrcnts must be declared 

Integer or logical as in normal FORTRAN usage. 

Block 2 of Fig. 8-1 is the START statement which must occur as one of 

th. first statements in the pregra,,. It serves the purpose of sotting up 

necessary initial conditions and controls needed to start building the tree 

In tho normal nodo of operation. Declaration statements such as. VAR PLY, 

KATE scot), EX SEAR, MEET (J,K,M), etc. may be used following START to 

change modes of operation. Several auch statements are described in Chap¬ 

ters 5 through 7. other statements, such as SET 11' (J.K.M) of Chapter 6, 

may bo used to set IP's to desired initial values. An exhaustive search’ 

would be performed unless otherwise instructed. Another way to initialise 

the IP's is to use REED LP (read IP's) which reads in values for LP's that 

were previously punched on cards using FUN LP. 

Block 3 of Pig. 8-1 (statement number 3 of Pig. 8-2) contains the 

statement DIM(N) where » is an integer input argument indicating the number 

of storage locations to be reserved for each branch of tho search tree. 

«hen building a search tree one must first decide how much information to 

•tore on each braneh of the tree, e.g., for chess the following list might 

be desirable: SQF S,T PR SC - - - SCH SCE. Each branch of tho chess tree 

represents a move or transformation from one board position to another; 

hence, SQF represents the square from which a piece is to be moved, SQT re¬ 

present, th. square to which the piece is moved and PR represents the value 

of th, piece promotion if a promotion occurs «... queening a pawn). SON 

is tha resultant score for that branch and is the score which will be used 

by the system to make decisions about ensuing search. SCR to SCM represent 

vector or individual god scores (illustrated in Section 10.3.1), that will 
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be used to effect resultant scores deeper In the tree* or any other infor¬ 

mation that may be desirable to store. The specific sample program of 

Fig. 8-2 uses only 4 storage locations per branch. The statement, DIM(N) 

ny bo used at any time during execution except in the course of production 

of a tree. It may be desirable to change dimension when sequencing through 

a series of trees. 

Block 4 uses the main system statement, which selects the node on the 

tree from which further search is to take place. The first argument of 

SELECT(ND,PL,EXH) is an integer variable and is the: number of the branch 

(node) to be searched. Consider the example illustrated by the tree in 

Fig. 8-3. When search is initiated NO will be automatically returned with 

a value of zero. Pranches 1 through 4 are then produced, scored and loaded 

into the tree at node 0. On the second pass I.'D = 1 resulting in branches 

5, 6 and 7, while next NH s 2 resulting in branches 8 end 9. The fourth 

pass may give ND = 8 resulting in 10 and 11 and so on until the tree is 

completed. 

Fig. 8-3. Illustration of the use of system statement SELECT(ND,PL,EXH). 

Thus, the system automatically makes decisions about ensuing search based 

on past experience. It is through this instruction that past experience is 
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made available. Each time this statement is used, a decision is nade 

internally accordinß to the procedure described in the previous section. 

The second argument for the SELECT statement is an integer variable 

giving the ply level at v/hich the possible moves or alternatives are to 

be constructed; e.g., when ND * 8, PL » 3 (ply level s 3). That information 

has been found to be generally Important since one would normally want to 

use different SF's at different ply levels. For example, for the ply 1 set 

of branches it would be efficient to use a very discriminating SF, at the 

cost of greater evaluation time por bi?nch, both because thcro are not many 

branches to score and because this would tend to result in more effective 

initiation of search in the correct direction. At deeper ply levels, 

however, the number of branches is usually too great for time-consuming 

evaluations; e.g., one would not look for all forking opportunities (for 

chess) several moves ahead in play, but this would be necessary at a low 

ply level (such as one move ahead). The third argument is a logical vari¬ 

able indicating .TRUE, if all allotted machine memory space has been used. 

If the available memory space is used, the next statement could be to 

call TREE, as indicated in Block 6, for a visual output of the tree produced. 

This statement could be used at any intermediate point of the search process 

for convenient output display. ADJ LPS causes the LF's to bo adjusted in 

accordance with the new information learned since the last use of this 

statement, whether it be compiled over several trees or only a portion of 

one. Use of this or similar statements is necessary if the learning facility 

is to be operant. The program of Fig. 8-2 which does not use this statement 
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will always give an exhaustive search. For effective use statements like 

S S N(I,J,K,M) or S SAM NO(M) must be used.* 

Block 7 represents options that the user must program. In a normal 

game he would make the machine move by calling MOVE (NU4 SC) to obtain the 

branch number and minimaxed score (if desired) of the best move, and then 

extract the actual necessary move information from that branch. He could 

then accept the opponent's reply and continue the game by ERASE-ing 

(block 8) the old tree and returning to SELECT to initiate a new one. Often 

several trees must be produced in the course of determining a single move; 

e.g., the first my be used for exploration with resultant information used 

to assemble a scoring function for the next tree, etc. Specific information 

such as "Priority move extraction"12 (search for special moves to be loaded 

into a succeeding tree), may be developed to be used directly in aiding the 

search in the next tree. Each tree will require its own particular set of 

LP's, each of which must be stored on tape in a record using the statement 

TAPE LP(N) where M is the tape number. The LP's can be recalled by using 

TP READ(N) along with standard tape handling instructions. 

Every tree should not be extended until space is exhausted. Other 

means of terminating search are by number of branches, maximum ply level 

reached, by achievement of a predeterminad minimaxed score or by detection 

of a situation equivalent to Check Hate in chess. The depth of maximum 

penetration of search is given by the integer variable MPLY used in the 

system statement MAX PLY (MPLY). The best minimaxed score can be examined 

by the use“of MOVE (MU,SC) where SC is the best resultant score and NU is 

the ply 1 branch number from which this score occurs. "Mate" is detected 

* Section 7.4 
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automatically after the statement MATE SC(N)* is used where N is an integer 

giving the minimum value of score representing a win or achievement of 

desired result. "Mate" in this case means achievement of the desired score 

under all possible opponent replys, not all necessarily at the same level. 

On the condition that memory space is still available or the tree is 

not otherwise terminated, the next tack iu to set up the state represented 

by the node to be searched, for example, ND in Fig. 8-4. If ND is equal to 

branch 7, obtaining that state or position requires making 4 transformations 

or. the original state (node 0). Usually transformations, rather than the 

entire state itself, ?.rc stored on each branch. 

the best move is to be determined. 

Fig. 8-4. Setting up the board position represented by the node, ND 

from which a set of moves is required. 

Block 9 assigns temporary storage to the node number before it is tested 

(for zero) to see if it already represents the starting state. In Block 11, 

information represented in Fig. 8-4 by branch 7 is unloaded and recorded 

'Block 12). In Block 13 the statement PR NODE (NU); (previous node) is 

used to obtain the preceding branch number; e.g., the number 7 would be the 

input and 5 the output value of NU. The program would then loop back, test 

* Page 69 
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NU for zero and continue the cycle through branches 5, 3, and 1. In block 

14A, the set of transformations extracted and stored as a push down stack 

are applied to the original state in the reverse order from which they were 

removed, to produce the state represented by ND. 

In the corresponding program of Fig. 8-2 each move transformation is 

unloaded from its corresponding branch and that information is stored in 

the dimensioned arrays NSQF, NSQT and NPR. A maximum ply depth of 25 is 

assumed which corresponds to the array dimension. It is assumed for this 

program that the user’s CHESS routine uses this recorded information to 

transform the initial board position into that represented by node ND. 

Block l*i3 calls foi' the user to write a program that produces the desired 

moves or transformations from node ND and assigns a score to each branch. In 

Fig. 8-2 this function is performed by the user's CHESS routine. This routine 

as used here must produce one move each time it is called. In addition the 

logical variable NEW MV must return the value .FALSE, if no more moves can 

be generated from node ND to be loaded into the tree. 

Block 14B represents the bulk of the work required of the user, particu- 

larily for a complex program requiring a sophisticated scoring system. As 

pointed out in connection with the discussion of BOGART,* this system does 

not attempt to automatically solve the whole problem but certain fundamental 

policy-making has been allowed for the user; this in some cases may require 

considerable programming. Additional use of TPS statements in block 14B is 

considered in Section 8.2. The user has the option to order the branches 

produced with highest scores first for machine moves or lowest first for 

* Section 3.4.2. 
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the opponents possibilities before loading them into the tree. If it is 

desirable to order branches to gain efficiency the statement ORDER B 

(order branches) may be used. Otherwise, the TPS must search for the best 

score when needed. 

Block 16 forms part of an iterative loop which loads a new branch into 

the tree with each pass through the loop. Block 14B would be included 

in this loop if branches were loaded as created. NEW BR (NU): (now 

branch) returns a new branch number; then, a branch with highest resultant 

score (if ordered) is taken from the bin and all tV require information 

for that branch is loaded into position 1 thron;,h .'I. This process of 

selecting new branch numbers and loading the required information for each 

continues until no r,o~e branches are available. At this point, control 

returns to Block 4 to select a new node to be searched and the cycle 

repeated. 

Various outputs are needed (in addition to TREE) to enable the user 

to obtain visual indications of the decision making process. The statement 

0UTP(N1,N2,N3) (output) with 3 logical arguments causes output when the 

arguments are .TRUE, and stops that output when .FALSE, inputs are given. 

For each decision (using SELECT) that causes a node to be searched, N1 

calls for the printing of: the word SUCCESS, the branch number, LP desig¬ 

nation and the threshold difference to which the LP would have to be set 

to prevent that positive decision. Usually, for every positive searching 

decision (Eq. 6.1) there are several negative decisions. N2 requests the 

above information for every negative decision with the word FAIL in place 

of SUCCESS. N3 causes the complete designation of each LP adjustment when 

a learning adjustment is-made. The statement OUT SA?'(N1): (output sample 
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LP values) causes sample values* to be printed in a block, as they are 

transferred from temporary storage to the cumulative list.** 

8.2 Plausible Branch Generation and Necessary Additional TPS Commands 

This section deals with additional programming possibilities for Block 

15 of Pig. 8-1. Before discussing further TPS instructions a simple 

example is given to illustrate the need for the described procedure. A 

more general example using a hierarchy of goal arrangements is discussed 

before describing the flow diagram for actual use in Section D.2.2. 

8.2.1 Plausible Branch Cmcration 

It is necessary to have TPS statements which allov loading of portions 

of a set of branches at a time. For example, in standard chess there are 

approximately 40 legal moves from each node. If all 40 alternatives were 

loaded as branches each time SELECT (HD,PL,EXH) was used (and as implied 

by the flow diagram of Fig. 8-1) a 2-ply search would exhaust available 

memory space. What must occur is that a few representative alternatives, 

as determined by the user, are first selected and loaded into the tree. 

Later, if it is found desirable to add more branches (to that set) there 

must be TPS statements which facilitate the addition. This procedure causes 

small loss in time per branch, but the same results in play quality could 

not otherwise be achieved within search storage limitations. This method 

has been used to some extent in early chess programs*2 and is referred to 

* Section 7.5 

** Section 7.4 
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as "plausible branch generation". It is generally believed that plausible 

branch generation is essential for successful chess programing. 

The one-ply procedure of the TPS, discussed in Section S.1.5, is 

designed to account for plausible branch generation. Use of plausible 

branch generation was also f~.~. essential for effective u-e or bq. 3.1 to 

play 5x1 chess. Plausible moves were generated for the goals of raterial 

gain and material defense as shown in Fig. 8-5. 

respective goals, at distinctly different times in the 

tree structuring procedures. 

For the first set of branches produced from node 0 it is desirable to pro¬ 

duce (and load into the tree) only the plausible moves for the goal of 

naterial gain. Material gain is here considered the main goal so if further 
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look ahead search from thosa moves proves successful, it would not be neces¬ 

sary to consider alternatives for the other goal, i.e., branches 11 through 

21. If further search proved unfruitful, as indicated by the scores of 

-200 in Fig. 8-5, plausible moves for the next priority goal (branch 11 

for defense) are assembled. This process would continue until an alter¬ 

native was found that met the expected standard or no more plausible move 

generation was possible. The example indicates an expected standard of 

success obtained for the third generation of defensive mover.. This proce¬ 

dure can be considered both a search (in number of branches) and a time 

saving device since branches for the lower goals nny not have to be 

produced. 

The proposed EXCHANGER program of Section 10.3.2 has considered the 

goal of material gain in terms of the subgoals of forks, pins and attack¬ 

ing moves. The relative scoring relationships between these subgoals have 

not been evaluated. As is apparent from the above example, and as suggested 

by Newell, Shaw and Simon * the use of a hierarchical goal system is 

necessary but can lead to considerable complexity. It is expected that the 

use of the learning capacity of the TPS could facilitate the implementation 

of such a system. 

8.2.2 A Flow Diagram Using Instructions for Segmenting Branch Sets for 

Plausible Branch Generation 

This section deals with the use of TPS instructions in Block 15 of 

Fig. 8-1 when plausible branch generators are employed. Such a procedure 

is necessary to assemble branches into the tree as shown in Fig. 8-5. 
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Having set up the state representing the node to be searched (ND), 

the next step is to produce a new set of branches from that node. The 

first statement used in this procedure is (Block 1) FST SER(r); (first 

search) with a logical argument F. The argument F is .TRUE, if no branches 

have been extended from this node previously; while, F is .FALSE, if the 

TPS requests additional branches added to the set already existent. 

Suppose, for example, the first 10 branches of the tree of Fig. e-5 

exist and ND=0 is returned by the statement SELECT. Then F = .FALSE, if the 

block 3 the statement ADJ ND (NU); (adjacent node) would give an output of 

NU=2. It is imperative that the adjacent node number be available for 

information regarding plausible branch generation, for the next goal must 

be stored in that or adjacent branches. Block 4 shows the unloading from 

the adjacent branch (number 2) of information needed for the next goal, 

while block 5 records this information in temporary locations N ADJ ND 

(NO, EXISTS); (next adjacent node) would use NU=2 as input and output 

NU=1, while the logical variable, EXISTS, would be .TRUE, meaning the new 

branch has the same predecessor as the old one. If the varie ble EXISTS is 

.TRUE., the program loops back to unload more information if needed. If 

EXISTS is .FALSE., that indicates that there are no more branches issuing 

from that node (ND). Upon reaching the last branch the program proceeds 

to make and score the required set of branches in Block 8. The block is 

identical to the statement of Block 15 in Fig. 8-1. In the event that the 

logical variable F of Block 1 is .TRUE., it means no branches have pre¬ 

viously been produced from that node and branches for the priority goal may 

be created (Block 8) immediately. 

Block 9 asks if more branches could be produced from this node if the 

TPS made that request in the future. If more branches are available, the 
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Statement MOR BRS (more branches) or an alternate statement must be used. 

The statement SET SC(N) allows the user to estimate the highest expected 

score of the available but uncreated branches.* MOR BP.S is equivalent to 

using SET SC(N) with N equal to the lowest score of the existent set r>f 

branches. If neither statement is used, the TPS will not request further 

search from that node. Block 11 indicates that necessary information must 

bo assembled to enable proper production of plausible branches for the next 

goal if requested. This information must be loaded into the tree with the 

current branches. The next function is to LOAD all necessary information 

into the tree as indicated by Block 16 of Fig. 8-1. The declaration state¬ 

ments** NO L TIE, D3 TIE end ST TIE effects the available storage space on 

the branches as a function of the number of plausible branches to be loaded. 

* Section 5.1.5. 

** Section 5.3.1. 



CHAPTER MME 

LEARNING EXPERIMENTS AND RESULTS 

The original application fcr initial investigation vms a reduced ches 

game. The reduced gane was used primarily because it contributed to ef¬ 

ficiency both of computation time and development. Remo of the learning 

experiments conducted with the- reduced gamn arc described in this chapter. 

No att":"‘5t v,a3 rado to ¿«sisn controlled enprriments to formally test the 

TPS, but all r. Juecvi chor.u expnrimnnts'played an esso-tial role in actual 

TPS development. Some of the most intoresling re.-.ulta obtained is the 

duplication of some of the effort of Brylor and Siren10 in their "Eating 

Combination Program, foe Chess". The purpose of this effort was to 

illustrate the use of the TPS and give cor.o indication of the type of pro¬ 

blem for which it is applicable. Having been stimulated by the general 

interest in the HATER program, some effort was channeled towards the 

development of an EXCf•'\NCER program (exchange combinations program for 

chess) as described in the next chapter. 

9.1 Experiments with Reduced Chess 

As was emphasized previously, the basic purpose of the TPS is to prune 

the tree or direct search for whatever SF the user cares to provide. 

Experiments with 5x5 chess were conducted with the primary concern of tree 

pruning, no attempt was made to build a proficient chess player. The basic 

SF shown in Eq. 3.1 is the entire extent of preprogrammed information about 

game strategy. By varying the parameter "a" modifying the term for 

mobility, different SF's arc acquired for comparison purposes. 

The following section giv\ s a short discussion of the SF that is used 

and of the expected quality of play. Section 9.1.2 gives an exemple of the 
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adjustment of LP's as a function of ply level. These adjusted LP's were 

used to guide the structuring of a tree for a different SF in the next 

section. Adjustment then took place for the new SF and the corresponding 

trees were compared. The LP's were observed to converge to their mean 

values from either higher or lower initial settings. Section 9.1.3 shows 

two games played with a static, unchanging SF but using various LP adjust¬ 

ment schemes. 

9.1.1 A Simplified SF for Chess 

The present implementation of the TPS does not directly provide the 

user with information for modifying his SF. The TPS search will involve 

only use of game strategies programmed directly into the SF. For example, 

the SF of Eq. 3.1 does not define and employ the concept of an "exchange" 

(a series of capturing and recapturing moves on a single square). It 

merely contains the information that it is better to capture, e.g., a Knight 

rather than a Pawn regardless of any relative location of pieces on the 

board. This SF will avoid sacrifices even to the extent of avoiding a 

mating move where the King could recapture the checking piece. Such a move 

would not be examined until all others with less immediate threat (to the 

piece being moved) were first examined. The use of such a simple SF makes 

5x5 chess a very difficult game indeed. The performance of the mobility 

term is more direct. It does clearly attempt to choose a sequence of moves 

that maximize mobility. 

Eq. 3.1 has been used to evaluate a change of score (AS) for each 

branch and let the resultant score be an accumulation of AS's fron node "0" 

to each successive branch in the tree. Fcr material gain (piece ccunt) the 

result Is the same as if Eq. 3.1 (the score S) is evaluated directly. The 
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same is not true for mobility. The score for mobility at a ply 6 branch, 

for example, would be the sum of machine mobilities at plys 1, 3 and 5 

minus the opponent mobility at plys 2, 4 and 6. This gives a much simpler, 

if not better, evaluation for mobility. The accumulation of mobility is 

important because of the uncertainty that the course of the game predicted 

in the search will be the one chosen in actual play. If the parameter 

modifying mobility (a) is made negative, the TPS indeed chooses moves that 

minimize rather than maximizes mobility. In fact, the two trees produced 

are nearly a disjoint selection from the available search space, because 

the branches that maximize mobility axe the first to bo pruned from tho 

minimization tree. If the sign were reversed fox' the number modifying the 

Pawn term in Eq. 3.1, the TPS would choose moves that forced the opponent 

to capture Pawns while conserving the other pieces. 

In the experiments which follow, three different SPs were used. 

S = 10h(K-K') + 900(Q-Q*) + 500(R-R1) + SOOiB+H-B’-N') 

♦ lOO(P-P') + 0 (MOB-HOB') (9.1) 

S = lo'(K-K') + - + 1 (MOB-HOB') (9.2) 

S » 10%(K-K') + - + 7 (MOB-HOB') (9.3) 

The initial experiment uses Eq. 9.1 which is Eq. 3.1 with a=0 to eliminate 

the mobility term. For the next experiment Eq. 9.2 with a=l was used and 

the variable MOB was given the value of 1 for a non-capturing move and 6 for 

each legal move that captures a piece. An alternate SF (Eq. 9.3) used a=7 

with MOB given the value 1 for non-capturing and 2 for capturing moves. 
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9.1.2 LP Adjustnsnt as a Function of Ply Depth 

The purpose of the following experiment is to evaluate LP's as a 

function of ply level. This requires the use of the declaration statement ■ 

VAR PLY, which causes LP's to be distinguished by the index, I, as described 

in Section 7.3. All further experimentation is performed with LP adjust¬ 

ments made independent of ply level. The SF of Eq. 9.1 was employed. The 

LP's were evaluated from the tree produced from the initial* board position 

of the game. 

Initially all LP's were set to produce an exhaustive search (statement 

START). The procedure employed used ADJ LPS when a 3-ply search was com¬ 

pleted to cause LP evaluation. Upon LP evaluation the base tree was 

reproduced, to eliminate pruned branches, and search extended to ply 4. 

At each successive ply level ADJ LPS was used and search correspondingly 

extended one ply further. The portion of the tree pruned at each adjustment 

has no appreciable effect on LP evaluation, for that part of a tree seldom 

contains fruitful search. This method is equivalent to the use of con¬ 

tinuous adjustment except that too frequent use of ADJ LPS, in the present 

implementation, loses cross-over samples. 

Table 9-1 shows the adjusted LP values. Each LP is set to the mean of 

its corresponding sample values. The adjusted LP values are shown along 

with the corresponding number of samples taken and used to produce that 

adjustment. The I, J, and K designation indexes are described in Chapter 6. 

* íhLÍní«lal Ï°T- pOSÍtf°" has been used to mean any board configuration 
which is a starting position for structuring a tree. Every node in a 
tree represents a transformed board position. 
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2 1 -116 6 -113 22 -113 23 -112 24 

2 2 -16' 6 7 28 7 28 7 28 

3 1 120 5 175 8 200 13 

3 2 20 5 75 8 80 16 

3 3 120 5 116 12 111 17 

4 1 -175 4 -123 7 

4 2 -50 4 -14 7 

4 3 -150 4 -114 7 

4 4 -50 4 8 12 

5 1 150 2 

5 2 0 2 

5 3 150 2 

5 4 50 2 

5 5 150 2 

/ / 
^Number of samples used to 
evaluate the corresponding 
LP's (mean values in this 
instance) 

Table 9-1. Adjusted LP values and numbers of samples 

for each estimate. 
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The general trend of the LP values is to increase as a function of 

ply level. It can be noticed that the larger the ply span designation 

number, J, the fewer samples are acquired. The most accurate LP therefore 

is designated J=l, K=l, for it has the most samples. This LP indicates 

that the expected change in score, £s is larger at higher ply levels. The 

accuracy of t! 3 probability estimate could be calculated by use of 

Bernoulli's law of large numbers if the distribution wore Gaussian. The 

distribution is roughly that of Fig. 7-4 indicating some difficulty in 

estimating the accuracy of evaluation. It is clear that a trend seems to 

be established, and more importantly that these probability differences can 

be measured and used by the TPS if they exist. The I.P's shown v:ere eval¬ 

uated by accumulating all sample values. 'For example, the LP for J^-i, k=1, 

1=6 has 130 samples v:hich includes the 95 from the J=l, K=l, 1=5 LP. Cal¬ 

culated individually the corresponding LP values for I = 2,3,4,5 and 6 

would be 100, 100, 106, 116 and 106 respectively. 

The reason for such variation of LP values as a function of ply level 

is apparent from Fig. 7-4 showing a probability estimate for the SF of 

Eq. 3.1. From actual experience with the 5x5 game it is apparent that more 

Pawn captures and threats occur in the very early moves of the game. Later 

in the game, as Pawns become fewer and the larger pieces have mobilized, 

larger valued captures and threats will occur. Thus, it is known from chess 

experience that the area under the curve of Fig. 7-4 will shift to the 

right as the game progresses. It is noted that this same progression occurs 

in the exploration tree as it advances in depth. From the initial board 

position of the game, e.g., ply 1 branches would be beginning game moves, 

while ply 10 branches would be mid game exploration. Branches at a depth 

of 20 ply would actually be exploring end game possibilities. 
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The variation of the LP J=l, K=1 from 100 to 116 or hißher would not 

effect the decisions made. The purpose here, however, is to illustrate 

that the shifting of probability distributions is detected. In fact, such 

adjustment in the esramples that follow using mobility is quite critical. 

In addition to the shifting of the distribution for material gain as the game 

progresses mobility also varies as a function ply level. Mobility was 

observed to vary from under 10 legal moves at beginning game to approxi¬ 

mately 20 at middle game and then to taper off again at end game wlu.n fewer 

pieces are on the board. 

When ST MODE is used, the LP's do not adjust as a function of ply level 

but all samples are aroumulated to form a best mean estimate to be used at 

all ply levels. Although this mode will not prune differently at varying 

ply levels of each exploration tree, it will vary its probability estimates 

as it sequences through the course of a game or a sequence of exploration 

trees. This node is used in the experir^nts that follow. 

9.1.3 Adaptation of LP’s to a New SF During a Game 

The purpose of the experiment in this section is to examine how the 

LP's automatically adapt to a changing SF. Two garr.es were played both 

using Eq. 9.2 as the SF. The first game uses the LP's that were adjusted 

for the SF of Eq. 9.1 as described in the previous section. The second 

game started with the same initial LP's and allowed them to adapt to the SF 

throughout the course of the game. The standard mode of operation (ST MODE) 

is used where sample LP's are collected independent of ply level. Com¬ 

parisons are made of the moves and the size of tree required to select each 

move. 
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The games were not played as a contest but the machine played the 

sequence of 16 moves of each game (both sidos) in a single machine pass. 

In order to compare TPS performance for the two games it is necessary 

that both games be identical. For this purpose a pre-determined sequence 

of moves was chosen to be the standard game. Whenever the program selected 

a move that was different from that of the standard game the corresponding 

move from the pre-deterrnined move list was used to keep the gome on course. 

The criteria for judging TPS performance is not the quality of the game as 

a whole but the quality of the search used in selecting each individual 

move. The criteria for judging the quality of search is the size of the 

tree, in number of branches, required to reveal the bent move (which may 

or may not be that of the standard game). 

In Table 9-2 the moves of the gano arc Jisted using classical chess 

notation where the primed pieces represent the opponent move. The columns 

of numbers listed under Game 1 and Game 2 gives the number of branches in 

the tree needed to select the given move. Numbers separated by commas 

indicate the move was selected at the first number of branches, later re¬ 

jected and selected again at the next number given. Numbers encased by 

rectangles indicate the move was rejected at that branch count and an 

alternate move selected. The maximum permissible number of branches per 

tree was set at 912. 

Table 9-3 shows the LP values as they are varied with each move of the 

game. In addition to the initial adjustment only values at every fourth 

move is shown. After the first move the values of the LP's shifted uniformly 

upward to cause more severe pruning. This is because the of Eq. 9.2 is 

larger than that of Eq. 9.1. Also, as the game progressed, the LP's shifted 
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IHl 

Game played with un-adjusted 
LP's of values indicated at 
the top of Table 9-3 for-v 

Played with continuous 
LP adaptation as shown 
in Table 9-3^ 

JMovc No. I Pre-determined 
I moves of the game 

Game 1 1 Game 2 j Comments 

1 P-Q3 407 1 407 

1 2 (P-K)*_ 412 1 309 

1 3 I P-R3 146, 
. 337 
n/fii-t- 

1 203, 
J USte ir~selectcd P“B3(rQjCcted P-R3) J 

■j—selected P-N3 « j 
j 4 I (P-N3)' 248 I 359, 

527, 
672, 
784, 

J 872 

The game move (e.p., P-M3) j 
was selected at each branch J 
number separated by commas j 

j after having been rejected i 
j belw .en those branch counts. 1 

1 5 I P-B3 250 [ 478 

1 6 J (PxP/B3)* 165 622 -* j 

1 7 1 PxP/B3 31 1 31 ! " -j 

1 8 (PxP)' 34, 
cm 

34, 

dm 

selected NxP/B3 with a j 
6 ply search I 

selected HxP/B3 with a ~ | 
7 ply search | 

1 9 PxP 28 28 
10 ! (NxP/B3) ' 15, 

TütT 

, 15, 

-®3_. 

chose P-N4 at 181 BrsT 
NxP/B3 would have been I 
revealed as the best move 1 
with a few branches over 
the 912 limit 

1 11 1 NxN !4f 
f768l 1 

i», 
(Tsn chose B-N2 I 

I 12 ! (P-K4)' 46 j 46 j choce Q-Q2 J 

I 13 1 
14 
15 

16 

QxP/K2 
(K-Q2)* 
NxQ 
(KxN) ' 

23 
57 
23 
12 1 

166 j 

57 
23 
12 

These are obvious good moves. 
Better moves (if they exist) 
could not likely be detected 
without a large volume of 
search 

' --—-----—-— 

Table 9-2. The number of branches required of the search tree 

to select the indicated move of each game. 
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J i 1 2 2 3 3 3 4 4 4 4 

K 1 1 2 1 2 3 1 2 3 4 

1 104 -106 -13 128 18 120 -150 -16 -120 -100 

2 138 -106 -13 147 20 125 -131 5 -102 -105 

3 152 

4 155 -106 -13 201 50 123 -129 5 -102 -86 

5 161 

6 166 

7 173 

8 173 -106 -6 235 75 124 -J 01 48 -63 -73 

9 180 
' 

10 182 —— ~ “— 

11 192 

12 215 -106 -6 408 85 198 -101 48 -63 -73 

13 220 

14 219 «r 

15 236 

16 246 

00 
00 1 -67 551 106 191 -101 48 -63 -73 

Tabic 9-3. Variation of LP values during 

the progression of Gerne 2. 

* LP designation is described in Chapter 7 
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to larger values as suggested in the previous section. One LP in partic¬ 

ular with J=3, K=l, using 29 samples for evaluation, acquired the erratic 

value of 551.* 

It is apparent from Table 9-2 that LP adjustment did not always cause 

more efficient selection of the best move. There are two reasons for this 

result; 1) the number of branches for selecting a given move is not a 

complete criterion for judgement, and 2) the LP adjustment must be examined 

to determine any error in evaluation. It is thus necessary to examine the 

searching results for the game of Table 9-2 in detail. 

The first move of each game used identical LP's; while the tree used 

for the second move is displayed and examined in detail in Section 

It is worth examining the third move in sore detail. The portion of the 

tree that selected the desired move within the first 146 branches in Game 1, 

was pruned in Game 2 by a low level L? (1=1, J=3). This search was 

recovered in 178 branches of the Game 2 tree. Game 2 required 203 branches 

to reveal the desired move but this was done on the basis of a best score 

for a 6 ply search rather than a best 4 ply score that revealed the Game 1 

move. At 337 branches of Game 1 P-R3 was again selected when a low minirr.axcd 

score was revealed for P-N3. P-R3 was then re-selected cn the basis of the 

same subtree produced with the first 146 branches. 

The branches yielding the selected move at 203 branches in the second 

gamo did not appear in the tree of the first game. At 021 branches. Game 1 

selected P-N3 over P-R3 while at 897 branches Game 2 selected P-B3 which is 

generally considered a much better move. In fact, the minimaxed score for 

P-N3 of Game 1 was present in the tree of Game 2 for comparison. Game 2 

* Fig. 7-4. Estimated probability for the AS of £q. 3.1. 
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has searched P-B3 to a depth of 7 ply while Game 1 did not have sufficient 

branch storage left to pursue this investigation beyond ply 5. 

The search trees for each of the 3 following moves allow similar 

criticism. The search for move 8 revealed a better move than the actual 

game move at 631 and 621 branches respectively for games 1 and 2. The 621 

branch search of game 2 revealed NxP/B3 on a one ply deeper search (ply 7) 

and included the 6-ply results of game 1. 

The difficulty with the game 2 adjustments is that they caused severe 

pruning at low ply levels when initiating the tree. As a result, some 

search effort (in number of branches) was lost in recovering the good 

alternatives that were pruned. Generally, the game 2 adjustments enabled 

complete recovery and went on to produce superior search and select better 

moves within the 912 branch limit. Generally the game 2 adjustments 

caused sufficient pruning of unneeded search to enable extension of search 

a full ply deeper (7 instead of 6 ply). 

It is apparent from this example that if the maximum tree size were 

limited to something under 500 branches, the Game 1 LP values would play a 

better game. If a larger tree were permitted the Game 2 adjustment would 

give superior play. Thus, simple count of searched branches cannot be 

used as the sole criteria of learning. 

A specific TPS statement has been assembled to deal with the problem 

of excess pruning at low levels and insufficient pruning at higher levels. 

The statement ADJ LPX (N) causes LP adjustment where N is the per r 

standard deviation from the mean value at which the LP is fixr 

difficulty that affected the LP evaluation was the accumulatie 

I. 
samples. The estimated probability curve for the expected AS is .ted 

in Fig. 7-4. With the first adjustment for move 2, the mean value for the 

* Section 7.4. 
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J=l, K=1 LP was 138 which falls close to the middle of the Pawn plus 

mobility mode. After the eighth move, the corresponding mean value fell 

between the modes of the probability curve. The largest area under the 

probability curve is then to the left of the mean value and that adjust¬ 

ment causes more severe pruning then originally intended. TPS statements 

for limiting accumulation of erratic samples are discussed in Section 7.5. 

9.1.4 Machine Output for HOVE 2 of Game 1 

A portion of the computer output of a selection tree is displayed in 

detail in Fig. 9-1. The remainder of the output is shown in Appendix C. 

The tree displayed is for Move 2 of Game 1, The second move was chosen 

because it is the first move for which adjustment of the LP's occurred 

enabling comparison with the corresponding Garre 2 tree. A Game 1 move is 

displayed in order to illustrate which branches wore pruned by the cor¬ 

responding Game 2 search tree. 

Each line of output shown in Fig. 9-1 represents a single branch of 

the tree. For each branch, on this particular output display, is printed 

first the branch number (consecutive in order of creation) and then the 

resultant score. For any branch in the tree, all predecessor branches are 

displayed to the left and below that branch. This form is illustrated 

more clearly in Fig. 9-2. Ihe display never includes all the branches 

created. All branches with other branches stemming from them are displayed. 

For any portion of a branch set from which no other branches are extended, 

only the best representive branch (best score) is displayed. 

As shown in Table 9-3, the LP values were set to prune the Game 2 trees 

more actively. As a result, when the corresponding Game 2 tree had com¬ 

pleted the first 6 plys of search, the tree appeared as- shown in Fig. 9-1 



146 

with excess branches pruned out. The branches that were pruned arc 

enclosed in either dotted or solid rectangles. The Game 2 tree had com¬ 

pleted its 6-ply search with 520 branches. Since the tree of Fig. 9-1 

contains 912 branches, 392 were removed through pruning. After the 520 

branch, 6-ply tree was established, the remainder of the branch stor¿*gc 

was used to extend the search to ply 7. The branches in the dotted 

rectangles indicate search that was pruned for the 6-ply search but was 

filled in for the 7-ply search. The solid rectangles represent branches 

that were not created for the Game 2 tree. 

The results of the pruning for this particular cx^nple are veiy simple 

With one exception, none of the branches pruned revealed any useful infor¬ 

mation, therefore they represent a direct saving in search. The exception 

where valuable search was pruned is the block at the top of the tree, where 

branches 432 through 512 were not created for the 6-ply search. As a 

consequence, the resultant score of -48 was not created to replace the 

minimaxed score of -16. In this particular example, the score of -40 was 

indeed unexpected. Consider the sequence of moves used to acquire the 

resultant score of -48. Starting at branch 36 the move sequence is branch 

389, 443, 485 and 512 yielding score differences (AS's) of 129, 148, 123 

and 149 respectively. The small differences of 129 and 123 are for machine 

moves while the values of 148 and 149 are for the opponent. The expected 

per ply score change from Table 9-3 (J=l, K=1 for KO/F 2) is 138; approxi¬ 

mately mid-way between the extremes of those 4 branches. Though quite 

unexpected the sco-e of -48 was recovered by fill-in during the extension 

of search to ply 7. 
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In conclusion, every time a branch is pruned there exists a possibility 

that valuable information may be lost. The purpose of the LP adjustment of 

the TPS is to estimate that probability. V.'hen the probability of reveal in¬ 

valuable scores is small it is better to eliminate that invcstiEation and 

use instead a deeper tree search (v/hcre the probability of revealing valu¬ 

able scores is larger). A search tree should generally be extended as 

deeply as possible, but if the resultant scores at the depth reached are 

not satisfactory to a certain degree of confidence, it is better to perform 

a more exhaustive search at the lower ply levels. A criterion for judge¬ 

ment for the best us « of the statement* ADJ LPY (I,J,K,N) is necessary. 

Generally, if a largo fill-in search is used to disprove the validity of 

scores obtained, the tree search should be broadened to continuously trace 

the course of the best moves. 

9^.1.5 Effect of Other LP Adjustments on Actual Games 

Ihis section describes a game played using the declaration statement 

EX SEAR (expanded exploratory search) and a game using "class 3" LP's. 

These games are compared with a standard game (Game 3) played using LP's 

which adapted continuously during the course of the game as for Game 1 in 

Section 9.1.3. The other two games were forced to follow the same sequence 

of moves. All 3 games in Table 9-4 were played using the SF of Fq. 9.3. 

As described in Section 7.6, the statement EX SEAR caus.s an en¬ 

tirely different procedure for LP adjustment. Briefly, instead of 

averaging values over a wide range of sample, the LP's are set to best- 

prune one specific tree, i.e., that for the first move of Game 1. For that 

tree, extra exploratory search is used and trimmed. Having set the LP's on 

* Section 7.4. 
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move 1, they remained constant for the remainder of the game. It is 

apparent the EX SEAR performed a superior job in selectir" the required 

move for the next 4 moves immediately following adjustment. Later in the 

game, selection was not as good and several inferior moves were chosen. 

This might be expected as the game proceeds beyond the move at which 

adjustment took place and the LP's do not match the performance of the SF 

as well. The EX SEAR mode tends to adjust LP's exceptionally well for a 

specific position and positions closely related or similar to that position 

although it does not prune as well for a more random board position. 

The standard mode of LP adjustment takes samples over a wide variation 

of positions. As a result a single LP setting will prune better over a 

wide variation of positions but will not prune as well as possible for any 

small subset of available positions. An eventual combination of the 7 

modes of adjustment would be desirable and such possibilities are discussed 

in Section 10.2.3. 

Game 5 was played with all standard (class 1) LP's set to -1500, a 

value to cause exhaustive search, and all "class 3" LP's fixed at 800. 

Pruning thus took place at the direction of class 3 LP's alone. The par¬ 

ticular setting permitted a maximum of 3 or 4 positive searching decisions 

to be successively made by each ply process encountered. The search trees 

produced were rather uniform in structure and uniformly pruned. The results 

were relatively pood in the production of 5-ply search trees. The large 

discrepancy in choice of moves in Table 9-4 is due to the lack of sufficient 

ply depth of search. Performance could be improved by setting the standard, 

class 1 LP's to values that did not force such an exhaustive search 

(e.g., -500) and make the class 3 LP's coi'respondingly smaller. Phis adjust¬ 

ment would result in better interaction between the two LP's for mutual 



151 

Game played with 
continuous adjustment 
of LP's - ST modi: 

Move No. Move Game 3 

Use of EX SEAR adjust 
LP's on MOVE 1 only 
EX SEAR 

Use of cla 
LP's with 
1 LP's sot 
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--[51]- - 
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( 
<-Ql ?not a goocf 
love) 

12 (NxN)' 16 11 11 

Table 9-4 Three games using different pruning methods. 
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improvement. The trees thus produced would appear less uniform, at the 

same tine representing a pruning improvement. Although the class 3 LP's 

can influence adequate pruning independently, their function is to com¬ 

plement the pruning of the standard LP set. 

The class 2, LP's, described in Section 6.8, are also complementary 

in operation to the standard set. Instead of influencing the result of 

each class 1 decision, an additional decision is made each time a two-ply 

process decision is made, (J-l, K=l). The main function of the class 2 

LP's is to eliminate clustering of search as shown in subtree A Fig. 9-1. 

Learning adjustments for class 7 LP's is almost identical to that of 

adjusting the class 1 LP for J=1 and K”l. The recursive decisions made 

the LP for 1-4, J=.l , K=l, caused the entire 11 branch set of subtree 

A to be searched further (from branch 152 to 375). A class 2 decision 

could have prevented this search, terminating it at branch 341. The 

remainder of the branch set at 1=4 could not, then, be further searched 

until search was extended further from branch 330. 

For early experiments not using laterial branch tics,* the exhaustive 

2-ply search of subtree A would represent nearly a 200 branch search (11* 

for this subtree). Five such clusters would then use all available 

branch space. With lateral ties, and loading using only the best repre¬ 

sentative branch into the tree at the second ply, this clustering loss 

could be reduced at the expense of extra processing time. The use of class 

2 LP's then depends largely on the need to eliminate clustering in the 

search tree. In addition to clustering, class 2 LP's prevent the search of 

potentially inferior move transformations, e.g., branch 151 gives a small 

* Section 5.3.1 
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AS and should not be considered unless other possibilities are unavailable. 

Such an instance can be observed in a case when sufficient search from 

branch 149 and 150 failed to produce acceptable results. 

9.2 MATER I in TPS 

The main purpose of this effort was to evaluate and illustrate the 

effectiveness of the TPS for such problems. It is notable that MATER 

represents one of the most outstanding recent publications on chess play¬ 

ing programs and is an excellent example of the problems involved in 

making a chess player. The following discussion describes the MATER 

program with emphases on its tree structure and c method for scoring 

possible best alternatives. Attention is given to effects of automatic 

LP adjustment by the TPS. The example of a search tree for a mating 

puzzle, given in Fig. 9-2 is identical to the one given by Baylor10 for 

comparison purposes. 

With the aid of TPS, the MATER I program was assembled with nominal 

effort. The implementation of MATER I was relatively simple for 3 

reasons: 1) it is easy to program legal chess in FORTRAN, 2) programs 

producing checking moves and examining King safety are of about the same 

order of difficulty as legal chess and 3) the TPS enables the structuring 

of the required search tree with case, i.e., implementation of the flow 

diagram of Fig. 8-1. It is of particular interest that Mater 1 in TPS 

produced the tree of Fig. 9-2 in less than 2.5 seconds. This is estimated 

to be 5 times as fast as the original MATER. The time ratio can be 

attributed primarily to the increased time efficiency of FORTRAN over IPL-V. 

The procedure used on the original MATER I of Baylor and Sinon is 

described here in conjunction with Fig. 9-2. From the initial board 
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position, which is the configuration given as the mating puzzle, all 

possible checking moves are produced. For the board configuration of 

Fig. 9-2 the 4 checking moves are displayed as branches 1 through 4 where 

"Ch" stands for check. Next all legal replies are generated for each 

checking move. These are displayed as branches 5 through 11 in Fig. 9-2. 

It is noted that if the machine made the second checking move, there is 

only 1 legal reply; while if it made the first move, the opponent would 

have 2 legal replies. It is obvious that the machine, on the basis of 

knowledge presently available, should make the move that mort restricts 

the number of opponent replies. As a result; a score, which is the 

negative of the number of legal replies in a sot, is placed on each branch 

of the set as shown on branches 5 through 11. At thin point, all chocking 

moves are listed for that legal reply with the highest score, in the 

example, branch 12 from branch 7. Every time a checking move is produced, 

its legal replies arc generated and displayed with their corresponding 

scores. Branches 13, 14 and 15 are displayed from the previous check. 

Every time checking moves are to be produced, the unsearched branch set 

with the highest score is found and the checking moves are displayed for 

the first branch of that set. Branch 8 lias the highest score and checking 

moves 16 and 17 are produced. Immediately, the replies 18 through 24 are 

added to the tree. The next highest score is now -2 both on branch 5 and 

18. Since branch 5 is found first, checking moves 24 through 27 appear. 

No legal replies are available from branch 24, resulting in a mating 

situation. The program asks if there are any other possible opponent replies. 

If such exist, they must be examined to verify a mate for all possible 

opponent replies. In this exemple, a Mate was achieved with 37 branches. 
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It should be apparent ho»» this process continues until Mate is 

achieved( a maxiirun number of brancher» is exceeded or no more checking moves 

are available. Although this program has been described as heuristic, it 

operates algorithmically. If for a given puzzle, there exists a sequence 

of checking moves that will achieve Mate, that sequence will be discovered. 

There may, of course, be limiting conditions imposed with regard to time 

and memory space. The program is limited in that most mating combinations 

consist of some moves that are out of the range of calculation, i.c., 

non-checking moves. Otherwise, the program can make a large exploration 

of every possible checking sequence and easily discover combinations that 

would escape a human player, c.g., the TPS version could easily produce a 

1500 branch tree within a minute of execution time and possibly discover 

sequences incalcuable to a human player. 

The tree of Fig. 9-? and the procedure described was achieved with 

the TPS version by manually setting all LP's, based from an opponent 

node (I even), slightly negative or equal to -1. The value of 0 would 

cause branch 18 to be searched in place of 5. For LP's based on all 

machine ply nodes (I odd), any number slightly smaller than the mating 

score would be sufficient. This high pruning value would prevent branch 

6 from being searched, for example, until a mate was achieved from branch 

5. The score used on the checking branches could be any number greater 

than or equal to zero. 

It should be noted that convenient scores were chosen for the tree and 

the LP's adjusted accordingly to produce the desired search. For an alter¬ 

nate procedure all the LP's would be set to a constant (0 or -1) and the 

corresponding scores on the branches adjusted to cause the required search. 
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For example, the score on branch 6 would then be a largo positive value 

(but less than the mating score) to prevent it from being searched unless 

a mate occurred for branch 5. 

It is of particular interest to examine what would happen if learning 

was permitted to take place for LP adjustment instead of using the manual 

settings described above. Suppose the scores on checking branches v/ere 

zero. Calculation of the expected change of score for the LP with indexes 

J=l, K=1 in the tree of Fig. 7, reveals an expected change of +1 2/3. If 

this expected change of score as calculated from the tree of Fig. 9-2 is 

used to direct search from the same initial configuration or same puxzle 

again, certain differences in searching decisions occur. If branches 5 

and 6 were produced first, the score of -2 would be deemed as expected 

so branches 7 through 11 would be eliminated. In this case, search would 

be immediately directed out to reveal the checkmate. If branch 2 was 

searched first (branch 7 produced but noted by a different number), branche 

equivalent to 17 through 15 would be produced immediately before going 

back to search another ply 1 checking move. If branch 4 was searched first 

the score of -3 would not meet the expected value and another checking move 

would be searched. In these examples, some saving in search over the 

original MATER occurred. The case where a loss occurs is where branch 3 

is searched first, resulting in an immediate extension of search from 

branch 18 which may or may not turn out to be a mating combination. 

In conclusion, although the above example did not clearly show a 

completely general advantage of automatic LP adjustment over manual 

adjustment. It did not indicate any particular disadvantage and allowed 

for a higher exploration efficiency. The above learning adjustment can 
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be considered quite satisfactory when the original intent of the TPS ir, 

considered. The original purpose of the TPS was to automatically prune 

a tree for a new SF that a user had designed but with which he was not 

yet thoroughly familiar. It was intended that as he gained experience 

with his SF he would gradually learn hou the resultant trees should best 

be pruned. He could then manually adjust LP's or effectively override 

the automatic adjustment. Considerable capability in such a decision 

making environment is what would be expected of a human bein~. 



CHAPTER TEN 

FUTURE TPS RESEARCH AND APPLICATIONS 

This chapter deals with 3 main areas of possible future research. The 

first area describes possible technical improvements that arc clearly de¬ 

fined and would result in a more efficient, more general and more effective 

TPS language for a user. The next section discusses modifications and 

additions to the basic structure of the TPS itself. Such modifications 

would require investigation and research to determine best methods and 

needs. The third section is most interesting as it discusses some exciting 

possible TPS uses and applications. Considerable initial research has been 

performed on the use of directive vector scoring and on the EXCHAI.'CER pro¬ 

gram. A preliminary SF has been assembled for EXCHANGER which will look 

for chess combinations that win pieces. 

10.1 Possible Technical TPS Improvements 

There are several possible TPS improvements which arc readily apparent; 

in concept but may require considerable programming effort. Such improve¬ 

ments will likely be made as the need arises. Major changes can be made 

for collection of LP samples, basic data structure for information stored 

on branches, more convenient input-output function and imbedded use in 

other languages. 

10.1.1 Improvement of TPS Learning Capacity 

The present learning procedure does not collect all available sample 

changes in score. The reason for this limitation is that possible sampler: 

are recorded simultaneously with the production of a tree. As a result, 

samples are correlated with the particular parameter responsible for the 
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decision. When a„ cxisti„e ,r<,e is excined, however, it is not possible 

to determine which ply-process decision caused certain branches to be 

created (without cbeckine order of creation). Several different available 

decisions could have caused the production of any particular set of branch 

The possible TPS modification would scan the tree and extract every avail- 

«ble legal sample. Such a procedure would greatly increase the quality of 

probability estimates, particularly for the less frequently used bp's. It 

is of particular importance to design the system to automatically extract 

sample values continuously with the production of the tree, to avoid the 

repeated use of the statement AM LPS or its equivalent, if desired, 

Pregramming modifications could improve the efficiency of LP storage. 

It is apparent that th'' nuiaher of ip'q fr» = .. j 
cer or s fov a very deep tree could be 

enormous, while it is desirable te use a minimum amount of space for ,.P 

storage. Obviously, a user must specify a maximum ply depth for which he 

wishes independent IP variation. Beyond that maximum ply depth, one should 

have the facility te express equivalent LP variation as a predetermined 

function of ply. This would ensble variable pruning without using storage 

space for the corresponding IP's. Host applications would generally require 

pruning the tree more severely with greater ply depth. Future research is 

expected result in use of TPS learning to discover the best function of 

variation with ply level. This should result in improved learning capacity 

as well as better use of space. 

10._1.2 Modification of TPS Data Structure, 

* modification that would add to the general flexibility of the sysLe 

is to enable storage of variable amounts of information on each tree 
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branch as a function of ply level. The system dimension statement, Dlt'OO* 

declares that N words of information are to be stored on each branch of the 

tree. A new statement DIM(N, PL) would reserve N storage locations for 

branches that occurred at the PL'th ply level. A simpler possible modifi¬ 

cation could enable varying the dimension as a function of the order of 

creation. 

Another modification increasing general flexibility is to enable the 

use of a "chain tree" for use of auxiliary storage such as tape or disc. 

This would allow the building of a tree of unlimited branch si/.e. Some 

difficulties are involved that would reduce the general efficiency as a 

function of size. The overall decision process evaluates the entire tree. 

ton must be stored in the central memory to enable gross decisions 

covering the entire tree, while portions of the tree would be swapped 

back and forth from auxiliary memory to allow build up under decisions of 

lower ply level procès ses.Similar modification and development will be 

necessary to allow use of the TPS in the "Time Sharing" mode.»'«** For such 

operation the user will request the loading of certain portions of the tree 

into the central memory to specify his own investigations of the tree. 

Incorporating the facility for the trimming and renumbering of branches 

will improve the efficiency of TPS use. This facility will be of particular 

importance to the mode of learning requested by EX SEAR.**** The procedure 

this mode of opération is to build an exploratory tree, trim unneeded 

* Section 8.1. 

** Chapter 5. 

*** Section 10.2.7. 

**** Section 7.6. 
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branches and re-explore. With the SP of Eq. 3.1, which involves little 

scoring effort, it was efficient to discard the total tree and reconstruct 

the desirable portion of the old tree, rather than saving the "roots" and 

renumbering the branches (so that all branches are numbered consecutively). 

This will not be the case with use of a sophisticated, time consuming SF. 

In particular, such an SF would be more time consuming for initial low ply 

level search. It is this portion of the tree that would not have to be 

produced over again with repeated exploratory searches. Such re-shuffling 

of portions of the tree will prove particularly beneficial when the two 

prevalent learning modes are eventually combined. 

10.1.3 Improvement in Input and Output Facilities 

The TPS statement TREE causes the tree existing in memory to be printed 

out in standard format as shown in Fig. 9-1. Present implementation uses 

a maximum dimension of 4 and prints 0 plys of tree stepped across the page. 

Any deeper ply branches are folded back to the ply 1 level (modulo 8). As 

the total printing would be enormous; the less significant branches of the 

tree structure are not printed. It is apparent that a more flexible branch 

format specification should be permitted and the variation of the modulo 

number at which branches are folded back allowed. More flexibility is needed 

in screening the tree to decide which representative branches would give the 

most useful output display. For example, a portion of subtree A of Fig. 9-1 

could be omitted from the display in one possible screening mode. Another 

node might display only the verification tree10 and omit the remainder of 

the exploration treu. 

With more advanced use 

a pre-conpilcr to feed the 

of the TPS it would be desirable to make use o 

standard FORTRAN compiler. Besides increasing 
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the efficiency of program execution this would allow a more convenient in¬ 

struction format and return diagnostic information. An example of a more 

convenient instruction display would he to replace the LOAD statements of 

Block 16, Fig. 8-1 by the statement "LET ÍJU = SQF, 5QT, ... SCI!" whore N 

represents the dimensions loaded. 

10.1.4 The TPS in Si.’QROL 

The present TPS implementation is imbedded in FORTRAN to allow full 

use of its facilities. It is logical to investigate imbedding the TPS in 

another language such as SN0B0L. The TPS was originally implemented in 

SNOBOL, but changed to FORTRAN v;hich proved more efficient for TPS 

investigation and especially efficient for the basic chess application. 

An efficient use of TPS with SII0B0L would require a great deal of basic 

assembler language programming and basic modification. Such a version 

would be of considerable interest since SNOBOL is particularly suitable for 

many interesting problems in which the TPS may be useful. Such problems, 

discussed in Section 10.3, are symbolic intergration, theorem proving, and 

information retrieval. 

10.2 Possible Modifications for Learning Procedure 

This section deals with modifications of the TPS learning procedure 

that require further investigation as well as implementation. Such investi¬ 

gations would involve further clarification of relationship between 

existing LPfs as well as revision and addition to the meaning and function 

of LP's. Additional research in using automatic feedback of information to 

the user to aid in his SF research is discussed. Finally, the meaning of 

"mobility" in a general tree search is considered. 
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10.2.1 Correlation of Higher Index LP's with Lower Index LP's 

It is desirable in future research to establish all possible LP 

relationships to facilitate learning speed and accuracy of adjustment. As 

illustrated in Chapters 7 and 9, the lower process LP's (J=l) receive 

considerably more samples yielding a finer and more meaningful adaptation 

to a given SF. Ar example of the relationship between the two-ply proce 

LP's (J=l) and three-ply process LP's (J=2) is illustrated in Fig. 10-1 

The best expected 

score on each branch 

is 0. The deviation 
is il. 

Fig. 10-1. Relationship between two-ply and three-ply process LP's. 

For this example, suppose the expected change of score for a one-ply span 

LP is ¿8^=3. The expected resultant scores at ply 3 are then shown to 

be 0. As several alternatives are processed in parallel, some deviation 

from the expected score <§=0) will occur; i.e., the -1 and +1 shown. 

According to the procedure of Section 7.1 the expected resultant score from 

search of the three-ply process would be +1 or AS2 2= +1. The two-ply 

span LP, thus, gives a measure of tr< deviation of the one-ply span LP. 

Furthermore, the three-ply span LP's are measur ■cs of two-ply span LP 
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deviation, and so forth. Information about expected deviation of IP's for 

J=l, therefore, appears in two places; 1) in the I-P's for higher level 

processes and 2) in the sampJe collecting procedure described in Section 

This information can be correlated to produce a more effective 

learning system. 

10.2.2 i.nployment of a User Selected Representative Tree to Pre-set 

LP Values 

Rather than using the statements of Chapter 6 to pre-set LP's, it 

would be desirable to load a small typical sample tree and let the TPS set 

the LP's on that basis. For example, the loading of any 2 ply tree with 

all "0" scores, and the use of the statement S SA.'i KOvO) with 0 argument, 

followed by ADJ LPS would cause all LP’s to be set to 0. If a 2 branch, 

2 ply sample tree were loaded with scores of ICO and 0 respectively, all 

odd numbered ply span LP's would take on absolute values of 100, while all 

even span LP's would be given values of 0. The values of LP's for even 

numbered processes would be positive while those for odd numbered processes 

would be negative.* An N branch, N ply tree with alternating scores of 100 

and 0 would result in the same adjustment. It is interesting to note that 

it would be very difficult, if at all possible, to find a sample tree that 

would cause all LP's to be set uniformly to a constant, such as -100, as 

shown for the simple program of Table 6-1. Such a setting would, however, 

not likely be the best possible. It is desirable for future research to 

investigate procedures for constructing sample trees that would give precise 

ciasses of LP settings. Present implementation permits the presentation of 

* See Table 9-2. 
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an example tree to gain a corresponding LP setting. Future trees would 

then be pruned in accordance with the example presented. 

EX SEAR with the Standard 

In the present implementation the standard learning mode operates 

independently of the rode using the expanding exploratory search. It is 

readily apparent that some combination could take place. In particular, 

since the regular learning procedure requires very little extra compu¬ 

tational effort, it could be performed simultaneously with EX SEAR and the 

results compared. The results of standard adjustment could be employed 

to better guide initial exploratory search resulting in better and more 

efficient performance. Future research may develop methods for allowing 

the two adjustments to mutually effect each other. 

10.2.- Use of Separate LP's to GuiOc Parallel Sehtocc structures 

All use of IP's has been to control search as a function of ply level. 

With the possible fine and rapid adjustment of LP's (siimiltonoously with 

the production of search) that the TPS aiiows, i, is necessary to i„vestiEa, 

segmenting LP controi to guide search on parallel subtrees separately and 

according to the needs of each separate exploration route. An oxanple 

Illustrating possible difference in expected score changes is shown in Fig. 

10-2. Typical scores given by Eq. 3.1 are shown on the skeleton tree of 

Fig. 10-2. The tree shown depicts the situation where nova A transform 

the board position in such a way as to increase the «obility of both sides, 

while rove B results In a decrease in »ability of both sides. Both roves 

arc equally valid, as they end up with the sat = resultant score. It is 

quite apparent that LP's shouid be adjusted to further prune each subtree 
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O 

large AS 

small AS 

Fig. 10-2. An exr.'npie illustrating hor different LP’s could be 

used to guide the growth of parallel tree structures. 

in accordance with their respective discovered changes in expected score. 

Move B could, as an example, represent a Queen exchange resulting in lower 

mobility for both sides for all further search. 

10.2.6 Use of Generalized Mobility and Alpha Beta Procadure to Direct 

Search 

Mobility has been used, in Eq. 3.1, as a concept of scoring. It is 

apparent, however, that mobility in general could be used purely as a tree 

pruning concept. The mobility term of Eq. 3.1 is evaluated by counting 

branches in the search tree completely independent of the application. The 

scoring used in the MATER program is, also, purely a function of mobility, 

i.e.i count of the number of branches in various subtrees. This can be 

considered a pruning concept, with the goal of choosing the paths in the 

tree that require the least expenditure of search. The alpha beta or MSM 

miniir.axing procedure summarized in Section 3.4.3 is also clearly a measure 
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of various mobiliticr. of paths through the search tree. If sufficient 

development took place to relegate the problem of mobility to automatic 

treatment by the TPS, the user would be freed to program other concepts 

into his SF. The problem is not so simple, however, as to be able to 

automatically treat mobility; but a user-system relationship must be 

established. 

Alpha beta minir.axing was used in determining move selection for a 

completed tree. Considerable development may bo needed to extend its use 

for dynamic structuring of search. 

10.?.6 Automatic Fc ■lli of Informât ion for Use in SF Modification 

The TPS optimizes the structuring of a search tree for a given SF 

without regard for any inconsistencies that may occur in that SF (ns 

described in Section 0.1.1). It would be desirable to have a system that 

would extract information from trees produced, to indicate faults in the 

SF. A method that could be used is that described in Section 3.4.1.4 and 

proven successful in Samuel's checker player. Any SF faults detected 

would be displayed to the user. A comprehensive program for SF develop¬ 

ment cannot be purely automatic but must allow considerable communication 

between system and user. 

10.2.7 Use of the Conversational Mode of Computation for SF Development 

The development of a sophisticated SF for difficult problems must 

involve considerable experimentation. Development would generally start 

with a simple SF before adding, testing and revising new terms. The user 

would evaluate relative weights and term combinations, and create new 

scoring concepts needed to produce an effective SF to use in the TPS 
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structured tree. The TPS would provide «he adveníase that each esperin,entai 

SP would be tested using a well-prunod tree. To adjust these relative 

weights and combinations would require the production of many trial search 

trees, along with a careful adjustment of weights and combinations of scor- ' 

ing terms. Such work would ideally be performed using the conversational 

modo of computer operation. Here, one could order the erasure and addition 

of various parts of the search tree, while at the same time examining 

relative features of the problem. The tree would be examined to identify 

those features revealed, and the adjustments needed for proper discri¬ 

mination. Such a task is essentially that of debugging the SF. This is 

not debugging „f the program in the cenvcnticnal sense, hut debugging the 

concepts of scoring. Tho result would be a continuous improvement of the 

SF. It is believed that such an on-iino setup, caking use of tho automatic 

qualities of the TPS. could cable an experimenter to develop a sufficient¬ 

ly good SP, In reasonable time, to develop a championship caliber chess 

Player. The experimenter would not even have to he a good player himself, 

for ths basic principias Involved In chess playing ara simple. In fact, 

one can look at historical games and easily determine reasons for various 

moves (or simply read the annotation) though ha could not himself have 

created those moves during a game. 

AP.3 Possible TPS Applications 

Initial research has bean performed on the application or uso of 

directive vector scoring, a technique for uso in other applications, and 

on a proposed EXCHANGER program. A basic SE for EXCHANGER, a chess com¬ 

binations program, has bee assembled though its parameters have not been 

adjusted and its use in structuring a search tree not fully determined. 
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Th« MATER pro«.™ ««sealed could b« „««d as a ln EXCMmcR lf 

desired, „her« MATER would be celled If reletive position Indiceted Its 

possible successful eoployoent. Any development of a MATER III pmg^» 

would merge well with EXCHANGER. 

Other possible TPS uses described ere for non-eeme Applications. 

Problems such as Information retrieval end theorem provi„g ere so difficult 

as to require mejor research projects to «ehe notable accomplishments. 

Eventual use of the TPS on more powerful parallel operation computers 1= 

discussed. 

10f 3J_ Useofjiroctive Jector Scoring to Dir,,,; 

Since the TPS uses dynamic scoring with the production of the tree to 

guide the structuring of that tree, it aUovs a new method of scoring, 

seores on non-terminal branches need not represent the quality of the re¬ 

sults achieved by the transformation of that branch, by may represent the 

potential for eventual achievement. A simple enampu fr„n ch,JSS follous_ 

«th each branch not Just one score but several may be stored; each 

•core representing a different goal or strategy such as the goal of material 

gain or the strategy of using pi„s. forks, attache, .to. Along with the 

individual scores a resultant score would be stored which would be a „eight- 

ea combination of individual vector scores as a function of ply or decision 

level. The actual need for specific vector scores can best be illustrated 

by discussing an «ample. I, a Bishop is used to pin the opponent's Knight 

•gainst his King, as shown in rig. 10-3, ,he resulting situation is one 

»here a Pawn may advance to capture the crippled pice, with a gain of 3 

points (the relative classical value of a Knight as shown in Eq. 3.1). 
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Fiß. 10-3a. 
Board position fron which makin- 

of a piece. 

the pin results in the win 

of individual goal scores. 

Fig. 10-3. 
An exarplo showing the use of vector scores for guidin 

search to a fruitful area of solution attempts. 

No attempt is made here to suggest that 
his is the only way or indeed the 

best way for a chess 

illustrate system use 

should be 3 to reveal 

of 3 can exist at ply 

programmer to handle pins. 

• At the first ply level, 

th* potentiality of that 

1 (in this situation) is 

ponent which is attentuatcl at higher ply level: 

It is the intent only to 

the resultant branch score 

rova. The only wry a scor-- 

for it to ba a vector cor,- 

s* while the score for 
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material gain, which is more important, is maintained. It is necessary 

that this component score be attenuated to prevent a sacrifice of up to 

3 Pawns, a Knight, or a Bishop, merely to achieve a fruitless eventual pin. 

This high initial vector score thus serves the purpose of directing search 

to that region of investigation which may prove immediately beneficial. 

It is plain to see from Fig. 10-3, that the use of such attenuable com¬ 

ponent scores is a valuable and necessary tool. 

Simple experimentation of the level shown here ha:; been made with 

rather conclusive results. The initial high resultant score guided an 

immediate and direct search out to ply G, verifying the potential of the 

threat if it existed or otherwise dropping that line of search immediately 

at ply 6 to investigate other possibilities. I.P adjustment took place in 

a normal fashion. Future research will clarify methods for use of larger 

vectors and combining the component scorns as a function of ply level. 

10.3.2 Proposed EXCHANGER Program for Chcss 

An obvious extension, from the early developmental chess programs, is 

to develop an exchange combinations program. EXCHANGER looks for mid-game 

strategies that win pieces. This program is particularly designed to make 

use of such well-known chess features as forks, pins and X-ray attacks. 

Exchanger essentially consists of a more sophisticated SF than that of 

Eq. 1. In addition there is a feature to prevent poor moves from being 

assemoled into the tree. The variable parameters of this SF have not yet 

been adjusted and the exact portion of the total SF to be used as a function 

of ply level has not been determined. This adjustment of parameters 

weighting various SF signals end determination of sophistication of scori: g 
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ar. a function of ply level is left for future research with the conver¬ 

sational mode of computer usage. 

Exchanger itself consists of a set of basic routines which can be 

used as a set of instructions to perform specific tasks in the environment 

of the chessboard. Such specific instructions can be used to assemble 

various results into the search tree structured by the TPS. Each es¬ 

sentially represents a subgoal of Ihr SP and can be combined in various 

ways. The capability of Exchanger as used in a TPS tree structure has not 

been fully evaluated. It is best described by considering its equivalent 

SP or what it can do with a one ply search. First a pre-analysis detects 

various features ca the board to determine hov scaring shall take place. 

If any series of exchanges result in a win or Jess of raterial it may bo 

heuristically detected. All attacking moves, attacking threats, forking 

moves, forking threats, pinning noves and X-ray attacks arc detected. A 

fork is defined simply as the situation where one piece attacks 2 or more 

others. It may be surprising how many forks or forking threats an average 

player does not notice, in particular those involving less familiar forking 

pieces in unfamiliar configurations. The algorithm detects every existing 

fork. 

A possible project would be to extend MATER for use with the EXCHANGER 

program. Mater II could be readily assembled and additional chessboard 

features could be incorporated to form a MATER III. The next apparent 

extension would be to use similar heuristics to make a Queen capturing 

program - MATER Q. These programs could result in the modification of 

Eq. 3.1 to appear as 

S s 10l'(MATER - MATER1) t900(MATER Q - MATER Q') ••• (10.1) 
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efficiency becomes of great importance as the production of a HATER 

tree for every branch of the tree for Eq. 10.1 would be time consuming 

and unnecessary. 

10.3,3 Symbolic Integration 

Though the problem of central concern here has been with developing a 

SF for chess, it should be apparent that SF's can be found in a variety of 

situations or problems. Scoring, of course, is a relative value Judgement 

usually involved in most problems. Of concern here are problems involving 

large trial and error rearch where careful decisions ere needed to govern 

that search. Such decisions are needed for gnro tree, ^ opponent 

possibilities must be carefully evaluated. Another situation where the 

equivalent of an opponent ply occurs is in symbolic integration. There the 

occurrence of "AND-OR" subtrees16 P,ral^ 
uotrees are analogous to opj'onent-Machine 

subtrees as shown In Fig. 10-4. 

+ g + h) dx = ? 
/f dx = ¿ dx s Jfj ¿J. 

"OR" subtree 

Scores are not shown 
in this figure. 

"AND" Subtree 

Fig. 10-4. Use of AND-OR Trees for Symbolic Integration. 

The problem here is to integrate all 3 functions, f, g, and h, to 

achieve the required final result. It is apparent that it would be unwise 
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to uso extensivo ti,,,o end effort to inteernte "f „ithout eoreful consider¬ 

ation of the difficulty involved to integrate the others. This is sinilar 

to the occurrence of an opponent ply „here it would be foolish to select 

one opponent possibility and direct an unlimited search from it without 

consideration for his other replies. An OR subtree is shown where "f" is 

transformed into "f," and to "f,". Integration of either achieves the 

desired result, analogous to the machine move in a game. The equivalent 

opponent subtrees or A„D trees then appear scattered throughout the tree 

rather then at alternate ply levels. 

Programming a SF for symbolic integration and the corresponding prob¬ 

lems In symbol manipulation presents an extremely difficult problem.'' 

There are two possible alternatives using the TPS concept. First, if it is 

desirable to program such a SF in PGR,™,, the us-r may have foil advantage 

of the TPS. This would he very difficult since FORTKA» is not well suited 

for symbol manipulation; however, the resultant program could be very 

efficient in time. Secondly, since it is more desirable, at least initially, 

to program such a SP in SNOHOL, it would ho best to imbed the TPS 1» SNOSO,.. 

There are considerable difficulties involved in implementing an efficient 

TPS in SNOBOL. 

10.3.4 Information Retrieval 

A possible application cf the TPS in information retrieval is of 

particular interest. Information retrieval is a very broad subject. There 

is a large variety of problems or situations where it is desired to 

selectively retrieve classified information. The example described here is 

for a library from which it is desirable to retrieve documents relative to 

• topic request. It is of particular importance to point out how the tree 
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search for relevant information has the equivalent of opponent alternatives 

resulting in the need for interesting and significant TPS searching 

decisions. 

Suppose that, for the example of Fig. 10-5, the search space consists 

of an entire library of books and documents and the user makes a request 

for all relevant documents on "associative memories". The wisdom with 

which the user states his request is not of concern here. The search space 

is assumed to be structured simply in terms of groups of libraries and 

sub-libraries. This is effectively the same as the present widely used 

"Dewey decimal" classification. The problem is to retrieve a significant- 

number of the pertinent documents existing in the collection (recall) with¬ 

out an unreasonable amount of irrelevant material (precision). A reasonable 

number17 may be in the neighborhood of 20 or 30 documents. The human would 

then examine the given articles and further separate what is wanted from 

the unwanted. He would then continue, restating and submitting requests, 

until he was satisfied that he had retrieved all relevant information 

existing in the library. 

The retrieval system would score the relative chance of finding 

associated information in the various libraries. A simple scoring method17 

would be to merely count the number of times the stem of the words in the 

request occurs in each library. The word "memory" may appear most frequenMy 

in the engineering library followed by psychology, mathematics, physics, etc. 

The engineering library, being heuristically determined the most promising, 

is searched further. Of the engineering libraries, electrical engineering 

is scored the most likely for success, etc., until the document on associ¬ 

ative memory logic is judged pertinent. Relevant documents, shown 

crosshatched, will not be found grouped together in any particular library 



177 

Associativo 

Fig. 10-5. A search troo for infer: : ilion retrieval. 

but will be scattered throughout the available classification space. In 

the case of gare playing, the purpose of the search is to choose between a 

set of alternatives at a ply 1 level or a best predicted sequence of troves. 

With information retrieval, the results desired by the user appear on the 

branch "tips". 

When making the analogy with game trees, it is apparent that every 

branch is like an opponent alternative. It is likely that the most valuable 

article to the person making the request could come from a remote part of 

the library. Figuratively, the equivalent opponent may then hide the most 

valuable document in a remote part, for example, of the mathematics library. 

This document, if not retrieved, is analogous to the opponent having 

selected that branch which the machine was unable to explore. Alternatively, 

the tree must ba pruned. It is apparent that it would be best to prune the 

English library before a time consuming, careful scoring comparison was made 
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between Hamlet and Othello (Fig. 10-5) to determine which of the two were 

most relevant to the stated request. It is generally true that such waste 

cannot be tolerated in a working system. In the two-person game tree, the 

decision determining whether or not an opponent alternative can be pruned in 

critical. Likewise, the decision for pruning each branch of the information 

tree is critical. It is this problem requiring a critical evaluation for 

pruning for which the TPS is specifically designed. 

The information retrieval problem can be classified into 3 min 

task areas: 

1) The structuring of the search space itself, 

for library system is the Dewey decimal classifie:: 

that for an eventual highly sophisticated, compute: 

highly structured and detailed class if icat it ii space 

One such search space 

L’on. It is obvious 

ii'.ed library system a 

is needed and will 

evolve. 

2) A scoring system is needed for evaluating relevance of documents to 

a request. A simple SF might be to merely check word frequencies as 

mentioned above. It is readily apparent that word frequencies alone are 

not sufficient for good scoring. It is necessary to associate words and 

determine more precise meanings of phrases and sentences. Some capacity 

for induction and hypothesis is desirable. 

3) Pruning is necessary for efficiency. Inevitable is the eventual 

development of a system (SF) for a high level comparison between a request 

and a document. Due to the complex nature of the problem, it will neces¬ 

sarily be time consuming. Thus it is imperative that every document in 

the collection is not evaluated equally with regard to a given request. 

Obviously pruning decisions should be made dynamically, based on results 

obtained during the searching process. 
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Finally there is an interaction between the 3 basic problems. The 

search space will be structured to facilitate scoring and pruning, while 

scoring will bo designed for the given search space and to facilitate 

Pruning. The task of pruning, as defined here, is to make most efficient 

use of the given SF on the given search environment. 

For use in the creation of such an information system, the TPS would 

prove most beneficial for the development stage. First, use of the TPS 

would facilitate tree structuring. In addition, the user could make use 

of the learning property to automatically make decisions on the basis of 

experience. Naturally he would be in a position to judge these decisions 

and make or suggest modifications when necessary or desirable. Thus, 

machine learning vou Id be used to aid in development. Of course, a 

conversational mode in SF debugging should bo equally applicable in this 

instance. 

10.3.5 Theorem Proving 

An approach similar to that described for information retrieval could 

be applied to certain theorem proving problems. For ths procedure 

illustrated in Section 10.3.4, the initial starting position would be the 

identity or the equivalent of the identity "1=1". Every available 

transformation; e.g., the set of starting axioms, would bo applied to the 

initial identity to produce the axioms themselves at ply 1. Further 

transformations would produce more theorems; the total search space being 

made up of the set or subset of all possible existent theorems. The 

problem then is to develop a scoring system that allows searching of only 

productive paths. Those would ho alternatives that are likely to lead to 

the creation of useful theorems. Just as a critex'ion is needed to judge 
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documents relevant to an information request, a critc;"ion would be needed 

for judging which theorems are valuable. Such a criterion would 

undoubtedly involve the characteristics of simplicity .md novelty as 

described by Johnson and Holden'1' for proving theorems in trigonometry. 

10.3.6 Use of TPS in Parallel Computation 

One of the most exciting, possibilities for future research is to use 

the IPS on a large scale parallel computer such as the proposed IIliac IV. 

The proposed computer will have the equivalent of 6‘: computers operating 

in parallel with various possibilities and facilities for rerouting 

information between thorn. To conveniently vir.uali-/c operation for chess, 

suppose there existed 64 or less legal moves from the initial board 

position. Sixty-four machines operating simultaneously could then treat 

each board position, resulting fron each move, as the initial position 

from which to build 64 independent trees. It is immediately apparent that 

such a search would be a waste. When the initial ply 1 set of branches are 

created, they are scored giving a relative merit estimate of each possible 

move. Use must be made of this information for directing search. In fact, 

parallel computers will have facilities for parallel rerouting of infor¬ 

mation between units. This would permit one to start building 64 trees in 

parallel but to periodically stop, re-evaluate, re-route and to initiate 

the structure of 64 new trees in parallel. Ideally, it would be desirable 

to make 64 decisions simultaneously, using the statement SELECT (HDi,-'.'0$4 ), 

rather than the decision selecting a single node for further search presently 

used. In this instance, 64 nodes would be selected, then 64 tree segments 

would be added from the corresponding nodes before selecting 64 raw nodes to 
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repeat the procer.s. Even more desirable would be the situation where each 

of the 64 decisions were made in time sequence. In this way some units 

would be producing branches, while others were making decisions. Each 

decision would then be made in the light cf the maximum possible avail¬ 

able information. 

There is little question that early parallel machines will not have 

the facilities to enable easy implementation of the above procedure. 

Future research must resolve questions about what is needed or desirable 

in parallel computation. Of even more importance is the fact that parallel 

computation will particularly enhance the potential for solving the type 

of problem for which the TPS was designed. When a small search with only 

a few branches is all that is needed, the TPS is of little effectiveness. 

It is designed for problems requiring a large search using a look ahead 

procedure. Since large searches are usuaUy limited by computer capacity, 

parallel computation will greatly enhance the solution cf such problems. 

The computer will then be mjre able to produce a tree which to the TPS is 

more interesting. 



CHAPTER ELEVEN 

SUMMARY AND CONCLUSIONS 

This chapter contains a summary of some important developments associ¬ 

ated with the Tree Pruning System. First a brief description of the TPS 

and its function is given. The next section discusses the concept and 

necessity of dynamic scoring for game playing (early game playing progrès 

used static evaluation because of the complexity generally associated with 

dynamic or continuous scoring). The plausible branch generation facility 

of the TPS, is then discussed in Section 11.3. This allows the building 

of a versatile tree structure. A summary of the ÏPS learning capacity is 

given next, followed by a brief discussion of scr,n of thr experiments per¬ 

formed. Section 11.6 gives a short discussion of the interaction between 

learning and language followed by a statement of expected future develop¬ 

ments of the TPS and their significance. 

11.1 Function of the Tree Pruning System 

The TPS consists of a set of system statements which can be used as 

iistructions for programming heuristic tree searches. It was suggested by 

Minsky7 that* "Almost any problem can be converted into a problem of finding 

a chain between two terminal expressions in some formal system." In 

addition, for difficult problems7 which "are too complicated for complete 

analysis ... thera must always remain some cora of search." As illustrated 

in Section 10.3 the TPS by no means requires that the applications program¬ 

med be games; (though games were experimented with and will be further 

experimented with in order to further develop the system) but a host of 

^ Quote taken from James Doran - reference 51. 
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other possibilities exist. Many researchers to date have been concerned 

with constructing systems for scoring (SF's) or progress evaluation for 

specific projects. Usually such projects involve a heuristic tree search. 

Heuristic tree searching involves using the basic evaluation procedure to 

guide a search through a selective portion of the available search space. 

The TPS makes a distinction between the problem of constructing an 

evaluation system and pruning the search tree. The user is responsible 

for the evaluation system but may use the TPS as a language for structuring 

his tree search. The TPS facilitates the use of dynamic scoring and plausi¬ 

ble branch generation. 

The basic function of the TPS is to provide instructions that enable 

versatile tree structuring. In addition to the basic tree structuring 

statements the TPS provides a learning facility whereby the system will make 

searching decisions automatically (except for optional user control) on the 

basis of machine experience. The system thus makes machine learning avail¬ 

able to a user on a practical basis where a portion of his problem may be 

left for automatic solution based on experience. He may further teach the 

system by supplying a sample search tree. Future research is expected to 

provide special facilities to enable a user to carry out developmental 

research on his evaluation system (SF). 

11.2 Dynamic Scoring 

All game playing programs reported, except MATER, used a static eval¬ 

uation procedure. That procedure called first for the assembling of a 

complete search tree. After the tree was constructed or rigidly determined, 

the next procedure was to successively score the brandies. Samuel's checker 

player2 used basically an exhaustive 3 ply search and scored each branch at 
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that level for co»pariSon. Mewell, sha» and sW uaed the concept of a 

"dead position" to terminate search of each branch of the tree. The dead 

position, thouch not clearly defined, is a feature specific to chess. 

Branches were scored after termination usine an Independent criterion. 

The Alpha-Beta system of 81^1.>• and McCarthy is a static evaluation 

procedure for a completed and scored search tree. HATER which is the 

result of considerable chess research.* used a very simpie scorin- procedure. 

This procedure, however, is used to produce a score for each branch of the 

tree as it is created and those scores are „ployed to ruido further search. 

This is probably the m .in feature’ acco„„,i„s for the success of HATER. 

Dynamic scorine refers to the production of sco,os with each branch of 

.he tree as it is created and the use of this afforded information to Euido 

further search. The TPS is based upon this principie. When a portion of a 

tree is produced, that partial tree is ewe,.¡„cd to determine which lines of 

search are indicated as unproductive and vice versa. The reason this 

method was not used for early game players is because of the complexity 

involved, no, in producing simultaneous scores and branches but in tho 

evaluation of various routes for extending search. It is immediately ap- 

psrent. on the basis of simulating thought processes,** that dynamic scorinm 

IS essential. A human certainly carefully evaluates each alternative as he 

searches. 

* system such as the TPS. capable of functioning with dynamic scorie 

allows the possibility of using entirely different scoring methods. It is 

extremely important, for effective results, to use different scoring as a 

* Section 3.4.4. 

** Section 2.3.1. 
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function of ply level, since the number of branches in a search tree tendí 

to srov exponentially it is apparent that more effort, in .Cori„g time per 

branch, should be spent at low ply levels. Careful scoring .t 1„„ piy wlu 

better direct the search that follow, deeper in the tree, wasting less time 

Pursuing wrong alternatives. This method thus permits scoring to be used 

solely for the purpose of directing search for the user., application, in 

addition to scoring for achievement of a final result. *„ example i, given 

in Section 10.3.1. Using this method, optimisation can no longer be mad. 

by minimising the branch count per tree, but must be made considering the 

number of branches and the time reguited for generation of each branch. 

The directive vector scoring, of Section 10.3.1, refers to the determination 

Of resultant branch scores by the evaluitî™ 
y evaluation of component scores in various 

-ays as a fu„ction of ply level. The use of complex vector combinations is 

not necessary to give dynamic scoring ., a function of ply level. The 

development of the EXCHAHGER program, of Section 10.3.3. will be based 

entirely on complex directive vector scoring. The use of scoring as . 

function of ply level will generally result in * 
y «suit In a deeper narrower search tree. 

—Pjgugible Branch Generator. 

for .11 previous gam, pl.yi„, programs described, complete set. of 

branches have been assembled and loaded into the tree successively. A com- 

Pbota set Of branches 1, defined for a given nod. a. .u th. possible .i„gi. 

branches in the tres emanating from that node. Plausible branch generation 

... °nly the branches of ,he available .« for 

initial loading into th. trae, if further search later show, these branches 

to be less valuable than first indicated, other plausible branches are 

generated and loaded into th. tree where they are automatically attached to 
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th. «istin* set. Plausible branches are usually grated ln ordcr. of 

priority of goals. 

Plausible branch generation, as described in Section e.2. has proven 

essential for effective us, of the scoring function of Eq. 3.1 for playing 

reduced chess. The goal of first priority „as raterial gain. An roves 

generated to achieve this goal were loaded at once, further search „as 

•«ended fron these branches and evaluated to deter,.,ino if branches for 

the next goal should be added. The goal of second priority „as defense. 

Of which branches „ere repeatedly generated and loaded 3 at a tine. 

dignai search would, of course, be conducted each tine. Creating and 

loading of all the branches for defens* in , 
eren., in mediate succession would have 

caused an enormous tree at least 3 tines l.-r-cr In 
* ° r *n n^'her of branches. 

Using the sana SF for standard chess would 
l,ÜUld yicld a Greater than 10 to 1 

saving in tree size. 

Plausible branch generation is particularly useful with d ; 
r riy useful with dynamic scoring 

decisions are uade for the addition of each pieusibie set of brenebes. 

reSUltS ln b0th a SaVl"S * ^ generation, and spac. for storage 

o ranches which arc net needed in the search. facUities for pisusiblo 

branch generation is necessary to achia,. TPS versatility. 

n.^Learning FaciHi-^« thn Tr7 

m addition to the avaiiabie statements for tree struoturirg. the TPS 

nahes pruning decisions autoratically and on the basis of experience. * 

basic probier; which occurs wf+w 
occurs with the use of dynamic scoring, described in 

«et on U.3. i, that of ...mining . parti.Uy constructed tree with exist- 

C to nahe decisions regarding further search. The procedure for 

na . ng these decisions was deveieped through the Simulation of humen piay 
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ln th. Tree Pruning ^me (TPG). Th. TPS adjusts Its own learning para¬ 

meters (LP's) to modify performance according to the Information extracted 

from production tree searches. Sufficient experimentation has taken place 

to demonstrate that the TPS can learn to prune effectively from experience.' 

Further developments are clearly Indicated In Chapter 10, which will 

greatly increase the effectiveness of the learning system. Such develop¬ 

ment will be essential to render . maximum efficiency system. Experimentation 

has shown that the TPS will adapt rapidly to prune for a wide variation of S!-s 

A distinction Is made between two basic modes of pruning! 1) lcarnins 

takes place as a function of ply level (this is particularly useful when 

directive vector scoring is used) and 2) learning takes place independently 

of ply level allowing a more precise l.p evaluation. A third mode is dis¬ 

tinguished which learns to best prune a specific tree. Generally this 

method is more effective than the other modes but at the expense of extra 

exploration effort. The third mode also automatically adjusts LP's to 

prune more severely at greater ply depth while the others require manual 

adjustment for this purpose. With future research distinctions between 

the 3 possible learning modes will vary. 

For a flexible decision making process in a complex environment it is 

necessary to allow system-user Interaction. A user may control the learning 

process in 4 possible ways: 

1) The user may determine th. amount of tree searching history that is 

included in the learning adjustment. 

5) Dependence of learning evaluation on ply level may be determined. 

3) Th. user may arbitrarily determine the severity of pruning desired 

as a function of ply level. This involves determining the value of 

deviation from the expected branch scores which the system will attempt to 
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raise scores to achieve tk« „ 
' e,,PeCted SCOr“s a“' their expected deviations 

” ,he ”Can a,'e' h“—• 1—cd - » function of ply 

*» The user ra, H^it the inclusion of erratic saopie values for 

probability estimates, Th* sv«5tf>n uin j* 
n "he systen will display all sainplc values, and these 

«n«*y be examined to determine , 
aetermine which values arc undesirable 

future research and „edifications „ill ello,, so,„o functions no„ user 

rn ne to he perform automatically end in turn „ahn additional 

/ r0 S;VaUabl°- rUMh0r de'''l0p-« “»1 alio,, the system to feedhach 

r ;r"t C lnf0r"’ati°n ^ thS Sr- «« “thoa of le.irninv used hy Sauuel 

requires some modification (Section 10.2.C) as lover ply level 
r P-y scores arr» 

usually designed for the direction of search ,r , . , 
specifies,, a eevrlopment involves the 
specification and determination of many f,.„UI...- r , 
u-inr ,h f aU,r‘=- further development 
using the conversational mode (Section 10.J.7) .,n . 
i - . / ' iJl e.iablc more user-sv«î+r.m 

pr hl0" 0n' 0bVl°USly’ f°r effeCtiVe rosl,lts thu mechanical and human 
problem solver must verh in ce-eperatinn rather than i„ isolation. 

Experiments 

rarly research emphasised experimentation for system development As 

* f05“11. «he relatively simple Sf of Eo 3 l „ 
eh... US<!d to P1»/ « reduced 

f ob^c-lv‘ “US to have the TPS build optimum search trees 

,17 7 Sr- Tbe b“1C Crlterla” '”pl^d - »^Ply to adjust bP.. to 
produce the host move with minimum search. 

The quality of chess play, using tha SE of Eq. 3.1 for the reduced 

. »us excellent for the beginning game obere the criterion of mobility 

y lnP°rtant- End ^ Play°d Poorly because the SE includes 

^ n0t P~ ‘h" ^ ~ «o seme extent ,1th a ^ ' 
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sufficiently l^e search tree, e.B.. in the extreme case of an exhaustive 

search ail pertinent consequences ara exoosed as illustrated in Fig. 3-1. 

Experimental results indicate that as the given SF (or its pnrformaûce) 

changes, the TFS automatically adjusts LP’s to prune accordingly. 

Adaptation is independent of SF implementation. Gam. 2 of Chapter s has 

clearly Indicated improved tree structuring over Game 1 after LP adjustment, 

-hile Game U shows a similar Improvement ever Game 3. The TPS was shown 

to give sensitive LP adjustment as a function of ply level. 

The implementation of the KATER I pr.0.ri„„ usln„ ïh<! Tps as a pro_ 

gramm'ng language indicates the necessity for and utility of such a tree 

structuring language, with existing TPS capacity it is evident that an 

extension to obtain a proficient HATER III program could be accomplished 

With minimal effort. It has been indicated that automatic LP adjustment 

would adapt to prune the HATER tree equally as well as the original manual 

pruning specification. Future research will use the TPS to build a com¬ 

petitive mid-game chess player (EXCHAMGER) which lochs for combinations 

that win material. A SF has been designed for EXCHANGER which will make 

extensive us. of directive vector scoring. The present SF will .„able 

EXCHAKGER to excel at less familiar "forks and pins" while .tin Having 

weak areas (such as not playing for passed Pawns) typical of all chess 

programs and to a lesser extent typical of human players. 

11.6 Learning and Lan.^uaçes 

The term machine lenrnitig as it is used j 
e «*» it is used here, does not refer to 

techniques which could be applied to find solutions to specific problems. 

Such a problem requires the implementation of its corresponding analysis. 
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RathCr- ,naChlna l0arnl"g l3 » ‘-»"‘<1- ’-hat couid b0 pr05raB„cd lnto „ 
*ySt°” th3t 18 °rd0rS °f «■''o explicated than the effort to be 

•pent by the user in the solution of his proble». „„ profra» (f0r the 

systems) would have less speoific Information about the problem and devrbop 

the required information fro» experience. The utility of such a system 

depends intimately on the user-system interaction. bearninc must, there¬ 

fore. be employed in a .ystem-lanC„aEe «here the user pro.-.rams his proble» 

analysis and provides hisher-levol parameters for functions which are 

performed automatically on the basis of experience, the TPS form, such a 

system on a limited basis. 

beai'ning procedures of a person arc not clearly defined «hile those 

of a machine must be defined precisely, return research „ill benefit If 

the performance of man and machino aro compared so that some of tho dif¬ 

ference, can be specified and eliminated. Tbe term, machine learning, is 

used primarily because it Is that quality of human performance .hich is 

simulated. 

With advances in modern computer lan-tuapo« . 
y «.er .languages, commands usually specify 

»ore general performancas. The ..select" statement of the TPS actually gives 

. command to the programmer directing assembly of tree branches, future 

research shall have a central goal of developing a language for information 

retrieval which, as suggested by Saltón” is very much needed. Learnln,- 

viU be maintained as an automatic experience-gathering facility. *itlgh 

applications must be undertaken in d-ail, further development of the 

system-language is of immediate primary importance. Implementation of the 

TPS on parallel computers (Section 10 3 k j p 
etion. 10.3.6) is beyond immediate consideration 

but indicates effective long range potential for TPS development. 



APPENDIX A 

THE SEARCH TREE AND MINIMAX PRINCIPLE 

The minimax principle is described in this Appendix because its 

complete understanding is necessary to understand the description of the 

TPC given throughout. 

As shown in Section 3.3 it is in principle possible to win at very 

complex ganes i uch as chess if an exhaustive searsh is used. No more has 

to be known about the game than how to program the legal moves. Whenever 

a game is played where an opponent exists the opponent's alternatives must 

be accounted for using a minimax principle. This makes the basic assumption 

that the opponent wilj always tend to choose the rove that will be the best 

for himself and worst for the machine. Equivalently with the method of 

scoring commonly used the opponent will try to minimize the machine's scores 

on his alternatives while the machine maximizes scores. The minimax 

principle can be used with a tree of any ply depth regardless of the quality 

of the scoring function used. If a perfect evaluation function were avail¬ 

able, it would only be necessary to search one ply depth and choose the 

maximum scored move. For a complex game such as chess such scoring is 

presently out of the question and play must depend on exploratory search 

that actually tests proposed moves. 

Having a scoring function, the search tree is then set up; the first 

ply being all possible legal machine moves, the second ply being all 

possible legal opponent moves in reply to each machine move, the third ply 

being all legal machine replies to each opponent move, etc. To illustrate 

the minimax principle commonly used, suppose we wish to choose between 3 

moves upon the basis of a 3 ply search. The search tree may appear as 

shown in Fig. /,-1. 
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Ply ? scores - used to determine 
which move to select if the ply 3 
branches were not produced. 

Encircled scores 

indicate the maximums 
of the corresponding 
branch set. 

Max min Mar. 

= Mrr.M j = 1 

Piß. A-l. Application of the Mininax Principle 

to choose the best machine move. 

Suppose for our purpose the search exhausts all possible „o,es. Only the 

scores at ply 3 are needed. If the machine made the move to the position 

«arked A, In rig. A-l above the opponent made the move marked X the 

machines', reply, at ply 3. I. obviously the one that gives a score of 3 

(shown encircled). Slmllarlly. maximums at ply 3 («,) are shown encircled 

for every other set of branches stemming from nodes at ply 3. On the basis 

-f • 2 Ply search It Is assumed that if the machine made move A. the 

opponent would make move X to minimis, the score the host he can; however, 

r 
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With a 3 ply search It become» evident that the opponent would choose 

-»vo B because It result. In the lowest score he can achieve at ply 3. 

The 3 máximums marked C, D. and E are compared, the minimum Is chosen 

(mil.) and this score Is considered the score for branch A at ply 1. 

Sirailarlly. the minimum maximum Is computed and carried back to every 

other branch at ply 1. All the scores that are br„„eht back to ply l are 

compared for the maximum value and this Is the move the machine will make. 

I" fie. A-l the 3 min Max, (mM.'s, are compared to i;lvc a Max min Max (MmMj) 

°f l! "^nC0• ,h0 "aChI"e ”1U correspond int; move, dcsiEnated by A 
at ply 1. 

Wien an (. ply search is used, the process starts at the Mth ply and 

ij Carrl,!d ply 0t a “••''ll Ply 1 Is reached. In the case 

where « is even (opponent move) the first step is to minimise over each 

set of branches at ply N lssui„e from a node at ply ,,-1, „ho„ „ is odd 

(machine move, the first step Is to maximise over each set. Mote that 

only the scores at ply M need ever be evaluated to enable determination of 

the best move. 

I 
j 
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APPENDIX B 

BASIC EVALUATION FUNCTION»'» 

The basic concern with the formulation of this scoring function is to 

outline a procedure for evolving the function while preprogramming the 

least possible information that we can ©bout the strategy of play. For 

gamesf it is hoped that all the information that would be preprogrammed 

into the machine would be board configuration and rules of the game. A 

learning and logical evolution procedure would then continue to incrcaso 

the quality of the function. The function shall be considered, first, 

for the simple game of tick-tack-toe, then for an expanded game of tick- 

tack-toe, and, finally, a general discussion for checkers and chess. 

Although the process appears somewhat unwieldy for checkers and chess it 

is assumed that it will be useful in directing future research. It will 

be of particular concern to use such a scoring function in conjunction 

with the pruning system described in the text. 

In order to gain insight it will first be necessary to consider an 

evaluation function at the elementary level of tick-tack-toe. For this 

game the squares shall be numbered as shown in Fig. B-l. 

7 8 9 

4 5 6 

1 2 3 

Fig. B-l. Co-ordinates for a Tick-Tack-Toe Board. 

Appendix B is a repeat of Appendix B appearing in the 1963 annual Air Force 
Report given in reference 12. It is repeated to indicate the historic 

significance of the proposal for such a generalized system. Although this 
account still remains as a valid proposal for research the difficulty 
involved still renders it perhaps premature. 



195 

The Initial scoring function determined from the configuration of the 

board will consist of 34 terms as follov/s: 

f(p) * aiXi +---+ 89X9 + aieOj +---+ aieOg 

♦ 1000X1X2X3 + - (-)1000(01)(02)(03) (B-1) 

Assume the machine always plays "X’s" and the opponent "O's” regardless 

of who plays first. If the machine puts an X in square 1 then Xi = 1 

and the first term of Equation B-1 contributes a sum of ai to the value 

of the function. If the opponent puts an 0 in square 1 then Oi = 1. If 

nothing exists in square 1 then both Xi and Oi are zero. If X's exist in 

squares 1, 2 and 3 representing a win then XiXîXj = 1 and f(p) = + 1000. 

The "a" coefficients are "learning parar.cters" to be adjusted on the basis 

of experience. It would not take long for the machine to discover that 

if it put an X in the center square (5) it is almost guaranteed a draw. 

After considerable experience at this level the coefficients of the terms 

of Equation B-1 would approach the values shown in Equation B-2.' 

f(p) = 3Xi ♦ 2X2 + 3X3 + 2Xh + 4X4 ♦ - - - + 

- 3(0i) - 2(02) - 3(0i) ♦ - - - (B-2) 

Each square of the board is rated according to its relative importance.* 

Now that the learning coefficients have been adjusted to some extent, 

modifications can be made on the function. The terms with the highest 

* It is readily apparent from the board configuration of Fig. B-1, that 
squares 1, 3, 7 and 9 are identical for the first move of the game. 

Although not specifically considered here an effective final syste-i 
would likely have built in procedures to explicitly evaluate sy,ctry. 
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coefficients could be logically combined in various ways. For example, 

the function could include such terms as 

a^XiXs), a^XjXs), ak<X,X,), a^OjOs), etc. 

The term a^jX, will become weighted heavily if it is important to get an 

X in squares 1 and 3 at the same time. Perhaps it is less important to 

fill squares 1 and 3 if the opponent has square 5; hence, if a term with 

a negative coefficient is combined with one of positive coefficient the 

former must be negated. The term an)(X1XJ55) thus contributes a value of 

an ^ squares 1 and 3 have X's and square 5 does not have an "O" in it. 

After a number of terms have been added, terms with small coefficients can 

be eliminated; e.g., the term, 2X2 and -2(02) depicting the importance of 

occupying a side square. 

It 1. apparent that improvenent would bo rapid at first. If it was 

expected to yield a function capable of perfect play with one ply of search 

It nay be necessary for f(p) to explore nearly all possible significant 

board configurations (at least 2000). It 1, apparent that the further the 

function evolved the slower the ret. of Inprovcnent would be. Soewhero 

along the way there should .»1st an optlmug. quality of scoring function to 

üäeWth a corresponding sis, of search tree to give . „et tine miniem,n 

for a certain quality of play. 

An extended game of tick-tack-toe (using 21 squares -3x7) will 

probably be used for preliminary investigations. This game seems suitable 

as its complexity is kept to a minimum while still being a challenging 

game to a human; i.e., it could be completely analysed but we have not yet 

seen this done. 
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For checkers the initial scoring function would be 

f(p) « aiX'i ♦ -— ajîXjî - ajjOi ♦ -— - at*0j2 (B-3) 

where Xi is a machine piece on square 1, Oi is an opponent piece on square 

1» etc* The Kings a« neglected here for simplicity. Imagine an evolution 

of this scoring function as described for tick-tack-toe. One typical term 

may appear in the form an(Xi»X7XioXi20it02o02a02j032) representing a 

strategic board position as shown in Fig. B-2. 

Fig. B-2. Strategic board position ia checkers 

as sought by the evaluation function. 

Gaining such a board position is clearly as valuable as winning materia? 

(as material will be won in the next move). Such a term is equivalent to 

the storing of a partial board position; hence, the number of terms in the 

function is almost prohibitive. Samuel's checker program stores around 
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32,000 board positions effoctively.* This is to say that a scoring 

fonotion with 32,000 terns may sell be workable. Such a scoring function 

would clearly be ineffective if used on a computer that did not have the 

logical operations available on the IBM 709, for example. Checkers with 

its reduced variety of kind, of pieces compared with chess is well suited 

for the IBM 709's logic operations. Chess leads to complications with 

the use of such logic. We have in mind the possibility of use of such 

scoring function with a more detailed logic system. 

for the regular 8x9 chess game this scoring function would start with 

under 832 terms as shown in Equation B-4. 

f(p) = aJ (iKi + — aifmK6% + 

♦.. 

♦ «»i.iPl’ + - ♦ aiZ'StPs«' 

♦ «,^,01 ♦-+ (B_4) 

K, indicates the machine King on ,,uare 1, P|- . 1 if opponent's Pawn 

1. on square 1, 0, . 1 if square 1 1. empty, etc. If an efficient system 

were found for adjusting the coefficient, the function would learn to 

place pieces on strategic aquares. » great many terms of Equation B-h 

apparent "that^t ^ ^ * is 
manipulation of relative situation« «ndUC>î thj COncept of storage «nd 

positions, Blthough^his'suggestlon^s^quite^valid^ts^effeet iv* 

ää is«?1 ——e1“1”.:,^:^ 
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vould be eliminated and a few important terms, some of which are .„own 

in Equation B-5, might remain with high coefficients. 

f(p) * a Nn ♦ a B_+a P+* p 
* »1 * B* 5,27 a|,25PQ%+ * , PK ♦- 

— 3 N_ ~ a B^ —— 
10»%i Bj II,J5 B%* (B-5) 

Soma subscripts in Equation B-5 are conventional chess notation instead 

of numbers for illustration, after the coefficients have been adjusted 

and terms are combined, a term such as may appear, 

representing the familiar two Knights defense. Complications, of course. 

will arise.* The two Knights defense is only of consequence at the 

beginning of the game - this must be accounted for. The two Knight. 

defense is worth a high score when it is used at an early ply level in 

the search tree, but it should not be given a large score at a high ply 

lavei as it is not a goal in itself (it may, indeed, leas to a direct 

f material). The term ^qb/kb,«,},'\Rl'0^0^ ), representing the 

situation in Fig. B-3, means that a Book can be captured in 3 more ply, 

hence, the board position is worth at least 5 points at that ply level. 

This term represents a very important board position to try to achieve 

« a certain time of the game. At the end of the gam. it would be useless 

to Include such a term. 

iniprovemeítein*cfnceptVotherCthínSjustStatist!1 requlre some 
disposins of terns as described Sere More de^n^ aad 
performs an effective analysis is re¿ui-í^ Proßranraing that 

source of concepts for programlnn mlv k T* ? Syst€n,‘ The best 
thought processes. Proßram5'inß "»ay well be the simulating of human 
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Q' K' R* 

N 

B 

rig. B-3. Strategic Board Position in chess which is valuable 

in the early part of the game. 

Considerable detail and thought remains to be applied to this system.* 

It would have to be evaluated to see how terms would effectively combine 

and to see if it could be accomplished on a conventional computer or if a 

special purpose machine would be necessary. 

* intwüwV5 Sfh * 8ancralized coring system in an effective way is 

is1 with ?Kpen;iïnWhe devel°Pr:1ent « system-language like the 
- ' {Wi h hVid Of,th0 TPS considcrably more effective evaluation” 
function experimentation can take place. 



APPENDIX C 

OUTPUT TREE FOR MOVE 2 GAME 1 

This appendix contains the remainder of :he output tree of Fig. 9-1 

This tree is shown exactly as it appeared in computer output except for 

the indication of corresponding chess moves that each branch represents. 

37 

A 
I 537 115 
1 527 -7_ 
1 f524 324 
* 528 -7 
! 1545 93 *)_ 

392 127 
529 27 

A 

Fig. 9-lc. Output for MOVE 2 of Game 1. 
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38 

397 

398 

399 
22 

394 

393 
619 
-3 
400 
-3 
405 
-3 
409 
-3 

32 -111 

320 

334 

326 

731 

730 

729 

732 41 

rig. 9-ld. Output for HOVE 2 of Game 1, 
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Branch 7 is the 

selected move (P-K3) 

I 
31 

33 

733 
772 

713 -107 

734 
714 -107 

739 
715 -107 
746 -7 
27 

696 27 

111 
705 235 

-111 

710 

711 

712 

836 

837 

838 
7 22 

27 
6 22 

882 

881 

880 

883 
884 

873 -132 

886 
874 -132 

892 
875 -132 
900 -32 

767 

UUL. 
-59 

241 

856 

Ü3 

226 

841 

Fig. 9-lc. Output for MOVE 2 of Game 1 
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852 

853 
854 

23 -119 
857 

24 -119 
860 

25 -119 
865 

26 -119 
870 -19 

5 22 
19 -319 

4 22 
15 -319 

3 22 

292 

291 

66 

65 

64 

-941 

320 -147 
304 -11 

323 -956 
305 -11 
306 -111 

-133 
309 5 

-133: 205 
313 205 

-133 
-33 

-10000 

-934 

-340 

-341 

253 -353 
115 -18 

250 -354 
114 -18 

245 -846 
113 82 

256 -947 
116 -18 

264 -947 
261 -18 

269 -945 
262 -18 

274 -10000 
263 -18 

2 
876 

2 
-98 

10 

26 

226 

301 

302 

303 
317 

2 
294 

2 
288 

2 
284 

2 
280 

2 

Fig. 9-lf. Output for MOVE 2 of Game 1 
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12 

13 

14 
75 

122 

78 -34_ 
117 898 

79 -34 
120 82 

80 ~ 
124 66 

63 102 
327 -132 

293 2 
-13 

209 

210 

211 

212 
239 

206 -125 
213 

207 -125 
218 

208 -125 
223 -25 

201 10 
203 -924 

200 10 -924 
197 -926 

43 10 
193 -332 

42 10 
189 -333 

41 10 

83 

82 

81 

226 -123 
13__ 

"229 -931 
13 
223 -123 
13 
236 -924 
13 -- 
87 

21 

221 

162 -345 
-10 
159 -346 

-10 
154 -838 
90 

Fig. 9-lS Output for HOVE 2 of Game 1 
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1 
0 

9 

60 

61 

62 
92 

40 110 
57 

39 110 
242 

202 10 
-13 

165 
84 -10 

173 
170 -10 

178 
171 -10 

183 
172 -10 

-26__ 

85 906 
-26 

88 SO 
-26 
74 

-825 

-124 

O 

-939 

-939 

-937 

-10000 

Fig. 9-lh. Output for MOVE 2 of Game 1. 

C-l. Complet« TPS output tree for the selection of 

MOVE 2 - Game 1: shown pruned for the 

corresponding move In Game 2. 



APPENDIX D 

LIST OF TPS COMHANDS 

TM. appendix lists available TPS eonaands with brief descriptions. 

Ihay are listed in » ^„ps, i, declaration statements that request 

•Pacific „odes of TPS operation. P, inquiry statenents requesting specific 

information about the tree existing in memory. 3, statements used for 

nodifying the existing tree and controlling the accumulation of learning 

experience and 4) input-output statements. Paeh eommand is implemented 

in FORTRAN as a call for a subroutine with all arguments being either 

integer or logical. In actual use each statement listed must be called 

e.s. CALL SPACE(H). Except for the available space that must be allotted 

to the initial locations of COMMON, normal FORTRAN usage is to be 

employed. The TPS thus remains machine independent. 

D*1 Declaration Statement« 

SPACE(N) 

START 

DIM(N) 

ST TIE 

NO L TIE 

DB TIE 

0UTP(N1,N2,N3) 

-designates available space for use of the TPS w 
storage of search trees. n TPS d for 

initialization? ^ beginnlng of Program operation for 

on each branch of the ?re" "S for ,tori,ec 

'ISH“ » Ä 
no plausible braneh generation £ .iTotli " 

— (double branch tie) indica“*« - * , 

Plausible branches »ill b.^dde^LsecSt^lyf ' 

Òfrn ic^u?1 VarI>b;“ cal1 ior automatic print- 
oux or ij decisions causing search 2) «n ¿«„i.« 
3) sample LP values as obtained decisions 
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N OP PLY 

OP PLY 

0 B SET(F)* 

MATE SC(H) 

EX SEAR 

VAR PLY 

VER PLY(J) 

ST MODE 

ADJ LP2 

ORDER B 

limitoo 

LIMITL(N) 

LIMET(J,K,N) 

LIMETL(J,K,N) 

--(no opponent ply) eliminates consideration of the 
alternating opponent ply 

—needed to negate the statement -N OP PLY causing 
consideration of alternating opponent plys. 

—(opponent branch set) used to declare any set of 
branches an opponent set if desirable. 

any branch score greater than or equal to N (less 
than or equal -N on an opponent ply) is considered 
the achievement of the final result and shall not 
be searched further. 

-(expanded exploratory search) calls for an alternate 
inode o.. learning and operation. 

—causes learning for pruning to take place as a 
function of ply level. 

—causes learning as a function of ply level for all 
LP s controlled by a J+l or louer ply process. 

~ ADjaLP2 Statt“'cnts EX SEAR* VAr< PLY» VER PLY(J) and 

causes learning to take place for class 2 LP’s only. 

—causes the system to automatically account 
loading of unordered branches. 

for the 

fio sample value larger than N will be used in LP 
evaluation. 

no sample value lower than N will be used in LP 
evaluation. 

—no sample value larger than N will 
evaluating the specific Jt K LP. 

be used for 

no sample value lower than N will be used for 
evaluating the specific J, K LP. 

Inquiry Statements 

SELECT(ND,PL,EXH) 
—This is the main system statement allowing use of the 

learning facility. The first argument gives the node 

to be searched next. This decision is made on the basis 

* to be implemented. 
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MAX PLY(MPIY) 

PR NODE(NU) 

NEW BR(NU) 

MOVE(NU,SC) 

MOVE SE(NU) 

FST SER(F) 

ADJ ND(NU) 

N ADJ ND(NU.EXISTS) 

D.3 Statements for 

PRED(ND) 

ERASE 

LOAD(BR,LOG,VAL) 

UNLOAD(BR,LOG,VAL) - 

of experience gathered and stored as LP's. The second 
argument is the ply level at which search is to occur 
followed by a logical argument indicating available 
space for branch storage. 

—indicates the maximum ply depth the search tree has 
penetrated. 

given any branch of the tree 
node is given as output. 

as input the preceding 

•asks for a new branch number and adds that new branch 
to the tree. 

—gives the ply one branch number with the highest 
minimaxed score and the corresponding score. 

(move sequence) prints the predicted sequences of 
moves and the output of the argument is the last move 
or the sequence. 

"^TRnr1 t5° locical argument is returned as 
. iKUL• If the node chosen for further search by the 

statement SELECT has no branches emanating from it, 
l.e., the first goal for plausible branch generation. 

—gives the adjacent node when the statement SELECT 
determines a node for further search that has 
existing branches stemming from it. 

-given the number of any branch in the tree as input 

this command determines if a lower numbered adjacent 
branch exists having the same preceding node and gives 
the number of that branch if it exists. 

Specific Operations 

•■ this statement may be used to manually over-ride the 
decision made automatically by the SELECT statement. 

removes any tree existing in 
initial conditions. 

memory and resets 

-given any branch in the tree the value "VAL" will b< 
loaded into the given location in the random access 
memory for that branch. 

-unloads the information stored at the given location 
or the given branch. 
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SET SC(N) 

MOR BRS 

ADJ LPS 

ADJ LPX(N) 

—this statement may be used to insert an estimate of 
the beat score that may appear on the next set of 

plausible branches if produced for attachment to th« 
existing set. 

-unless this statement is used after the loading of 
s set of branches it will be assumed that no more 
plausible branches can be generated. 

-causes all sample LP values gathered since the last 
use of this statement to be used in modification of 
existing IP's. 

-causes LP adjustment the same as ADJ LPS. The 

desired percentage of the learned standard deviation 
from the mean expected achievable score may be 
inserted for use in decision making. 

The TPS will continue recursively directing search 
tu attempt to achieve a score that reaches the 

threshold or the specified deviation. For a "negative" 
deviation the chunco of reaching it is smaller, there¬ 
fore more search will be spent to achieve the result. 
Positive N prune? more. 

ADJ LPY(I,J,K,N) 

ADJ 2 LP(I,N) 

—causes the snrno LP adjustment as ADJ LPX except the 

desired deviation can be determined for individual LP's. 

—causes adjustment for class 2 LP's where N is the 

percentage deviation that can be inserted as a function 
of ply level. 

S SAM N0(N) 

S S N (I,J,K,N) 

S S NX(I,J,K,N,M) 

—the effective number o* internal samples, for the 
existing LP values, is set equal to N. 

—same as S SAM NO except for individually specified LP's. 

—same operation as S S N except the LP value is fixed 

SET LP(I,J,K,L,M) —this statement sets the specific LP designated to the 
value M» 

SET LP2(I,L,M) —same as SET LP except for class 2 LP's. 

SET LP3(I,J,k,L,M) —same as SET LP except for class 3 LP's. 

SET LPX(J,K,M) -same as SET LP except the same setting is used for LP's 
of all I and L designation. 
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SET LPÏd.J.K.H) —groups of LP's are sot to H Indopondent of L. 

0,4 jnput-Output Statements 

TREE 

PUN LP 

READ LP 

TAPE LP(H) 

TP READ(N) 

—causes printout of representative branches of the 
total tree oxlstlng in tho contrai ceüÔry? 

-punches existing IP's on cards in standard format. 

reass LP's that were punched usini» PUN LP miK-fn« «•», 
directly available for controlling search 2 

—same as PUN LP except for tape N. 

reads LP s that were written on tape using TAPE LP. 
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