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Knowledge used in an intelligent tutoring system to teach students is usually acquired from authors who
are experts in the domain. A problem is that they cannot directly add and update knowledge if they
R2y QG € SFENYy F2NXYIf fFy3dz3S dzaSR Ay (KS aeaidSvyo
allow authors to update knowledge easily. This thesis ptssamew approach to use unconstrained
natural language as knowledge representation for a physics tutoring system so tharognammers

can add knowledge without learning a new knowledge representation. This approach allows domain
experts to add not ol problem statements, but also background knowledge such as commonsense and
domain knowledge including principles in natural language. Rather than translating into a formal
language, natural language representation is directly used in inference so thadimiaexperts can
understand the internal process, detect knowledge bugs, and revise the knowledgebase easily. In
authoring task studies with the new system based on this approach, it was shown that the size of added
knowledge was small enough for a domaipert to add, and converged to near zero as more problems

were added in one mental model test. After entering thermew-knowledge state in the test, 5 out of

13 problems (38 percent) were automatically solved by the system without addingsmawliedge



TABLEOFCONTENTS

P REF ACE ... oot e e ettt et e e e e e e e e et e atba s Xi
1.0 INTRODUCTION. ...ttt e e et e ettt e et e e e e aaaaaeeaaeaeaaeaassaasaaaannnnnannes 1
2.0 THE PREVIOUS: PYRENEES.. ...ttt a e e e e e e e 3
2.1. FORMAL LANGUAGE REPRESENTATION OF RYRENEES..........cccccooiiiiiiiiiiiieieeee, 3
2.2. DIFFICULTIES IN AUTHORING IN FORMAL LANGUAGE ...t 5
3.0. TYPES OF KNOWLEDGE IN THE THREE LEVELS.IN.PHY.SICS........coviiiiiiiiiiieiins 1.
4.0. REPRESENTING KNOWLEDGE IN NATURAL LANGUAGE..........cviiiiiieiie, 8
4.1. REPRESENTING BACKGROUND KNOWLEDGE.........ccoiiiiiiiiiiiee e 10
5.0. SYSTEM ARCHITECTURE OF NARIURAL......oomtiiiiiii e 12
6.0. TYPESF KNOWLEDGE IN NATWRAL ...t a e 13
6.1. IMPLICATION RULES. ... ettt e e e e e e e aa b s 14
6.1.1.  Default RUIE.........oeeei e e e e e e e e 14
6.1.2.  Negative condition, and Unknown condition.............ccccoeeiiiimiiniiiiiiiiiiiiiieeeeeeeeee e 15
6.1.3.  NEeQAtON RUIE.....coiiiiiii e e e e e 15
B.1.4.  PrINCIPIES e 16

6.2.  TRUTH RULES . ...t e e e e e e e e eeeeennen 16
B.2. 1. LOGIC RUIB ... e e e e 18
7.0. GENERALIZED REPRESENTATIQN.....coiiiiiiiiiiiei et e e eeees 18
7.1. THE SHORTER, THE MORE GENERAL.........coi it 19
7.2. USING SEMANTICALLY BINDING VARIABLES..........iiieeie e 19
7.3. USING SEMANTICALLY BINDING PHRASE VARIABLES..........cccoooiiiiiee 20
8.0. REPRESENTING TIME ..ottt e e e e et s e e e e e e e e e eeneenenanns 21
8.1. TIME INDEX: INTERNAPRESENTATION OF TIME.......cccciiiiiieeeee 22
8.2.  TIME VALUE ASSIGNMENT ....ccii ittt eeaeabnn e e e e e e e eeeeenee 23
8.3, TIME PHRASE ...t e e e ettt e e e e e e e eeeenene 24
9.0. REPRESENTING PHYSICS MENTAL MODELS........ouiii e 26
9.1. A BASIC MENTAL MODEL......coitiiiiii e 27
9.2. MENTAL MODEL EXTENSION. ... .ottt 29
9.3. AN INFERENCE EXAMPLE... ...ttt 31



10.0. INFERENG E ... ..ottt e e e e e e e e e e e e e e s neeeees 35

10.1. FORWARD ANIABKWARD CHAINING.......oooiiiii e 35
10.2. DEFAULT KNOWLEDGE INFERENGQCE........cccciiiiiiiiiiiii s 36
10.3. KNOWLEDGE SUBSUMPTION.....ccoitiiiiiiiiiiiaee e 37
10.4. INFERENCE WITH PHRASE VARIABLES.........co e 38
10.5. INFERENCE WITH SYMBOLIC TIME..INDEX......ccoii i 39
11.0. NATURAL LANGUAGE AS KNOWLEDGE REPRESENTATION...............cccc..... . 40
11.1. USING UNCONSTRAINED NATURAL LANGUAGE........ccciiiiiiiieiieie e 42
11.2. INTERNAL REPRESENTAOFONSENTENCE .......ooiiiiiiieeeie e 44
11.3. AMBIGUITY. e e e et e et e e e e e e e e e e eebbbb e e e eeaead 44
11.3.1. SYntactiCc AMBDIGUILY......ueeeiiiiiieiiieiee e 44
11.3.2.  SemMantic AMDIGUITY......ciiiiiieiiiee et e e e s s rrnreeeeeens 45
11.4. SYNTACTIC NORMALIZATIQN.....ciiiiiiiiiiiiiieeeecceeeeiiiiin e eeereeeviinnn e eeenn 40
11.4.1. Active vs. Passive Voice (does vs. isdane)............ccccceeeieiiieiiiiiccccccccnnivnnninennnn 46
11.4.2. Relative Clause (A WhIiCh.B)..........ccooiiiiiirererrrerrrrr e eae e 4O
11.4.3. Conjunctive phrase (A and.B)...........oooiiiiiiiiiiiiicrr e e e e e e e 47
11.4.4. Inserting a Normalization Link t0 CharL...........ccooiiiiiiiiiiiiiieeee e a7
11.5. PRONOUN RESOLUTIQN . .uuiiiiiii ettt eeaenninn e e e aaaeeees 48
11.6. MATCHING TWO SENTENCES........ccooi oot eeeeeeeneenenn . A9
12.0. STUIDES AND RESULTS ...ttt e e e e e e e e e eeeeneees 50
12.1. GOALS AND EVALUATION .PLAN. ...ttt 50
12.2 Knowledge AddiNG TaSK..........ooooiiiiiiii e e e e e e e e e e e e e e e 51
12.3. REWOIAING TASK .. it eeeeas 56
12.4.  The Number of Mental MOELS.............ooiiiiiiiiei e 57
12.5. STUDIES WITH RECRUITED USERS.......coiieii et 59
13, DISCUSSION.. .. ittt e ettt et e e e e e e e e e ettt eeb b e e e e e aeeeeeeenbenna e e eeeaaas 64
13.1. CONVERGENCE OF THE AMOUNT OF KNOWLEDBE.TO......ccoviiiiiiiiiieeiiiiinnn 65
13.2. A New DIMeNSION O ITS Ty PBS ..o e e e e e e e e e 66
13.3.  Separating Knowledge from Computer Programming............occcveeeeeenniniiiineeeeennnnnne 67
13.4. THE ISSUE OF MENTAL MODELS......ccoiiiieiin et 68
13.5. THE AMBIGUITY ISSUE ... .o a e e e e e e e 69
13.6. THE OVEBENERPON ISSUE..... ... et 70

Vi



13.7. GENERATING HINTS AND EXPLANATIONS FOR TUTORING............ccoooiiienes 71

13.8. A NEW KIND OF INTELLIGENT TUTORING SYSTEMS........coiiiieeed 13
13.8.1. AnITS for Problem Understanding............cooovveeeeeeiiiii e 73
13.8.2. A TeacChable AQEML..........uuiiiiiiiiiiiiiiiiieeee e e e e e e e e e e e e e e e e e e e e e s s e e s e e s s e s rananne 74
13.8.3. Application to the Law DOMaIN.............ooooiiiiiiiiiiic e 75

13.9. FEASIBILITY ISSUES ... ..ottt e e s 76
13.9.1. Systemdetermined vs. Usedetermined Knowledg&pace............ccccvvvveeriiiiininnneenn. 76
13.9.2. The Issue of Commonsense KNOWIEAQE. ............eevveeiiiiiiiiiiiie e 78
13.9.3. The ISSUE Of Paraphrases.........ccccuuuuiiiiiiiiiiiieiieeieeeeee et 79

13.10. WHAT IS NEW IN THE THESILS?.. ..o e e 19

13.11. 21 It {bQ¢ L¢ . 99.b..5hbo.... 9.ChwaK. .. 81

13.12.  FUTURE WORK ... .ottt ettt a e e e e e e e e e ee et a e s e e e e aaaeeeannes 82
13.12.1.  RUlE gENETAlIZALION. ... ittt 82
13.12.2. More Natural REPreSentatiQn...........uuuuureiieiieiiieeiieeieeeeeeeee e ee e e 82
13.12.3.  Where Can We GO FUIMhEI2. ... 83

CONCLUSIONS . ..ttt e e et ettt ettt b s e e e e e et e eeeae bbb e e e e e eeaeeeeennennnnnns 84
211 I (@] 2 TN o~ PP RPPPP 85

Vi



LIST OF FIGURES

Figure 1: The problem statement of the Skateboarder problem..............cccccceeeiiiiccccccns 3
Figure 2: Predicates defining a prinCiple, ProjJECLON...........coi i 4
Figure 3: A statement of the Skateboarder problem represented in formal language...................4
Figure 4: the generated equation for the skateboarder prohle..............cccooeciiiiiiiiiiieeeeeeeee, 5.
Figure 5: (a) physics representation and (b) math of the skateboarder prablem........................... 7
Figure 6: formal and natural language reggatations of the skateboarder problem......................... 9
Figure 7: the projection principle represented in formal language and natural language............... 9

Figure 8: background knowledge translating the input sentences into physics representations..11
Figure 9: The five types of knowledge represented in natural language, and their dataiflog d

]z o] L= 0 1 TE=To] V7] o To TR SSSURRRRR 12
Figure 10: the system architecture of Natukal...............oooveiiiii e 13
Figure 11: the basic form of an impliCation MUIE............ociiiii e 14
Figure 12: examples Of default TUIES............ooo e a e e e 14
Figure 13: An example for positive and negative facts, and positive, negative, amwingonditionsl5
Figure 14: an example of negation rule (A does Not iMPIY.B).........cccooviiiiiiiniiiiiiiee e, 15
Figure 15: the basic form of @ pPrinCIPLE.............uuiiiiiiii e 16
Figure 16: the basic from Of @ truth TUIE..........cooi i 16
Figure 17: examples Of trUth TUIB...........eiiiii e 17
Figure 18: a qualitative question and a truth rule to check the validity.......................cc.. e, 17
Figure 19: examples of truth rule for logic and math..............cccuiiiiiiiiii 18
Figure 20: an example sentence and a truth rule for math to calculate the actual direction (35+90
(o T o LTSS PRI 18
Figure 21: predefined semantically binding variables...............ccccoiiiiiiiieeieeeee e 20
Figure 22: example rules using semantically binding phrase variables..........cccccvvveeeeiieniinninnn. 20
Figure 23: Problem statement of throwing upwalrd..................ooooi i 21
Figure 24: creating @ NEW TiIMe POINT.........coiiiiiiiiieeee it e s e e e e e e e e nnnneees 22
Figure 25: The form of time index and examples..............cooiiiiiii i 22
Figure 26: creating a New time INTEIVAL..........c..uuiiiiiiii e 23
Figure 27: generated facts with a time index assigned............occuuieiierriiiiiie e 23
Figure 28: a example with two time iINtervals.............oooi e 23
Figure 29: Time index and time value aSSIgNMENL. ..........uu i i 24
Figure 30: The generated facts with @afitime value assigned...........cccoccvvieieeiinnniiieeee e 24
Figure 31: Time index and time value assignment when two time intervals are given................. 24
Figure 32: aentence with a conjunctive time phrase, and a rule to recognize.if............ccccccveeeeee.. 25
Figure 33: an example of-ofinite time phrase, and a rule to interpret.........ccccovviiiieeeniiciiieeenn. 25
Figure 34: an example of adjective time phrase (initial~, final~, whole~, total~), and rules to int8fpret
Figure 35: types of time phrases, and corresponding rules ¢éogret them.............cccccvveeeeeiiiennee. 26
Figure 36: a mental model for projectile movement represented in formal language in Pyreneeg7
Figure 37: the bsic mental model for throwing UPWaIT. ...........coooiiiiiiiiiiiiiiee e 28

viii



Figure 38: a rule for Starting MOVEIMENL...........coiiiiiiiie e e e e e e 28

Figure 39: a rule for movement at the intehamd the final event....................o oo, 28
Figure 40: a rule for the event returning to the initial level of height......................c.cc i, 28
Figure 41: throwing upwardn a high place..............cooeeeeiiiiii e 29
Figure 42: the background rule for throwing upward in a high place...........cccccccovviiiiiiiiieeeeennnn. 30
Figure 43: a logic rule to generat@rid time POINT.............euuiiiiiiiiiiiiierreer e, 30
Figure 44: throwing upward and reaching the apeX..........ccuvviiiiiiiiiiii e 30
Figure 45: the mental model extension rule for reachimg &peX............ccoeee et icccccccccee, 31
Figure 46: A ring thrown upward from the roof of a building...........cccccoiiiiiiiiiieeee e, 31
Figure 47: a background rule for the @peX..........cooiiiiiiiieiii e 31
Figure 48: two principles for the throwingpward mental model. (a) Initial and final velocities (b)
displacement and INItIal VEIOCITY...........uueiiiiiiiiiei e a e e 32
Figure 49: the produced facts with time index attached.............cccooooieiiiieee 33
Figure 50: generated facts at the end of the inference stage...........cccccocvviiiiiiiiiiiiieeieeeeeeeeeee, 34
Figue 51: generated @QUALIONS. ...........uuriiieeee ettt e s e e e e e st e e e e e s e b e e e e e e e e annees 34
Figure 52: the output of the equation SOIVEL.............ouii e 34
Figure 53: The final anSWErs gENEratad............cccuuiiiiiiiiiiiiiiieieee e e e 34
Figure 54: an example of default knowledge that can generate different results depending on application
o {0 [ PSPPSR 37
Figure 55: ovegeneratbn example (an input sentence, two rules, and the two facts generated). 37
Figure 56: Subsumption relations drawn as directed graphl............ccceeeeriiiiiiieeieeeiiiee e 38
Figure 57: an example of inference failure due to a time phrase...........cccccooviiiiiiiie i 38
Figure 58: a background rule inferring projectile movement...............ccoccoiceiiiiniiiiiiineieeeeeee e, 39

Figure 59: an example of syntactic ambiguity (prepositional attachment). (a) an input sentence (b) two

interpretations in formal JaNQUAGE. .........ooiiiiiiii e 41

Figure 60: Ambiguity resolution in the natlilanguage representation (a) the input sentence followed
by another sentence (b) a background rule to infer that the airplane was on the hill (c) another example

of the input sentence followed by another sentence (d) a background rule to infer thabaimewas on

1L TS o 11| TP R PP PTPTRPPPRN 41
Figure 61: Previous approaches to transform natural language to formal language...................42
Figure 62: knowledgim unconstrained natural [anguage.............cooveiiiiiiiiiiieiiiiee e 43

Figure 63: accepting ungrammatical input. (a) an ungrammatical sentence (b) a rule to accept 43

Figure 64: A chart containing all parse trees generated is used as internal representation of a sentence.

..................................................................................................................................................... 45
Figure 65: Syntactic normalization of a passive fOIM.............ee s 46
Figure 66: a relative clause and itS VariatiOn...............oeoe i 47
Figure 67: sentence normalization for relative clause.............ooooriiiiii e 47
Figure 68: Sentence normalization for CONjUNCEIVE PRIASE.............uviiiiiiiiiiiiiiiiiieeeee e 47

CAIdNB cpY ! y2NNItATFGAZY tAY]l Ay | fS81Fad

o2YYZ2Y

WWIQ A& WLIAKSRQ® {2 FOGASIGS GKS tAYy]l 00048iKS [ /!

Figure 70: a background rule designating a physics object..............coooiiii 48



Figure 71: (a) an example of a pronoun in which recency heuristics fails, (b) a background rule required

G2 NBaz2t gdS .0.KS..LINR.Y.2.dz/.. WAL Qe 49
Figure 72: a8 EI YLX S 2F o O1 INR dzy R....NHzE.S.... 4. A.0.K...L...LINBYY 2 dzy WA
Figure 73: the number of rules added for each physics problem in Pyrenees..............cccccooennee. 52

FA3dzNBE 1tnY GKS ydzYoSNJ 2F NHz S& F RRSR F2NJL.SB30OK LIKE23
Figure 75: the number of background rules added for each physics problem in-Tijpveavd mental

0 T0 T [ PSSP PPPP b4
Figure 76: reasons of the added rules for the problems in the thrpward mental model (a) for a

mental model (b) for time phrases (c) for paraphrases (d) for questianS.........cccccccevvvvvveeeennnnne... 55
Figure 77: an example of rewording. (a) An original problem statement (b) a reworded statement (c) the
number of edits ((w) is a deletion, (ww?2) is a modification, and the others are additian)............ 57
Figure 78: The miadit distance after the tenth problem (total 13 problems)............ccccciiiveeennns 57

Figure 79: the number of mental models in each oftty OK I LJGSNB Ay |, 2dzy B8 yR CN.
Figure 80: An example of (a) a problem statement, (b) a reworded statement, and (c) added rules by the

0] o] [T o1 TP PP PPPTPPPPP 61
Figure 81: The miadit distance for each of the recruited SUDJECES. ..o 61
Figure 82: The number of rules added by each SUbJECL............cevvviiiiiiiiieie 62

Figure 83: The miadit distance, time spent, and the number of trials in average across the subg@2ts.
Figure 84: The number of rules added, time spent the number of trials in average across subj&ds
Figure 85: The main two factors determining convergence of the size of required knowledge....65
Figure 86: comparison of three types of tutoring systems and the size of knowledge ta.add......66
Figure 87: Examples to deal with ambiguity: (a) an input sentence (b) aigenerated case due to the
prepositional attachment (c) removing the ovgenerated output by rewriting the rule to be more
specific (d) removing the ovgenerated output by copand-pasting the input sentence to the rule70

Figure 88: Inference log of the casel of FIQUIre.87...........uuviiiiiiiiiii e 70
Figure 89: ovegeneration eXample...........cccoeeeeiiii i ee e e eeseaaaaaaeaen e d
Fgure 90: the problem statement of Balloon Problem...........coooiiiiiiiiiiieeee e 71
Figure 91: An example generating NitS...........cuuuiiiiiiiiii e 72
Figure 92: An example generatingaNAtiONS...........uuiiiiiiiiiiieiieereee e e e e e e e e e e e e e 12
Figure 93: inference steps of the Balloon problem................oovieiiiiiii e 72
Figure 94: background knowledge for the balloon example...........cccoooiiiiieiiiniiii e 73

Figure 95: An example of an ITS helping a student how to understand the Balloon problem (Figdre 90).
Figure 96: the processfo a 1 dzZRSy G Qa F RRAYy3I (KS &1.L.G.5.6.2L.NBSNIJ LINE ¢

Figure 97: An example of an article (a) in a law book (b) in a form of.rule.............ccccvviiiiininneee. 75
Figure 98: An example of a bill of INdICIMENL....... ... 76
Figure 99: an example of background knowledge to interpret the bill of indictment..................... 76
Figure 100: a generated faCt............cuuuuiiiiiiiiieiiiiiiieeeeee et eeeeeeeeeeeeeeee e L O
Figure 101: The final sentence generated................eeeviiiieiiiiiiiieiieeeeee e £ O

Figure 102: semantically bindingriables with an underbar (upper) and without an underbar (lowg3)



PREFACE

This dissertation was possilby the full support of my advisorProf. Kurt VanLehn whiaspiredme to

go deep into the core problem attificialintelligencethat was believedo be infeasible for a long time
It required big ambition, courage, and adventurous spirit to break thrahegtbarriersin the darkness
of the landno one has ever set foot orDuring this research, | got convincdtht artificial intelligence
was around the corner.l hope that this dissertation helps readersdbbare my experiences artd have

courage to go fothe dream

Xi



1.0 INTRODUCTION

An Intelligent Tutoring System (I'c&n teachstudentsto learn and acquirelomainknowledgeprovided

by the systemandthe system needs to acquisaich knowledgdrom authorswho are domain experts
(Murray, 2003) Although one might be able to team a domain expert with a programmer for the initial
development of such a system, that approach is not sustainable. For example, high school teachers who
R2y Qi 1y2¢ O2Y LldziSnhal hguagdInay Ywanyt8 adtl yefR domain problems to

use in their class.Moreover, different teachers have diffent directions and preferences on class
materials, and would likan ITSto which they caraddtheir own domain problems for their class

During the authoring process, authors should be able to follow each step of the problem solving,
detect errors, andik them by adding and updating knowledge. They may not be able to do such tasks if
the knowledge is represented in formal language. Although it is possible that the system generates
natural language explanations of its reasoning from the formal langudm®ain experts still cannot
edit the knowledge directly. This suggests developing a system using natural language to represent
knowledge so that noiprogranmerscan easily develop and maintain ITS knowledge.

The thesis addressenainly a goato find away to represent required background knowledge in
natural language so that the system can understamidoblem statementand solve it likea student can
read and solve it The othergoal is to find a way to represent generalized knowledge in natural
languageso thatthe size of knowledge/hich domain expertshave to add decreasas more problems
are added, and convergsto near zero. All the other knowledge that the ITS needs, e.g., in order to
solve problems and coach students during problem solvimdpuilt into the ITS in a domageneral
fashion, so that authors need never examine it nor debug it. In short, the proposed system is intended
primarily for use by domain experts to add domain problems to an existing ITS. It can also be used to
add damain problems to an initially empty ITS, but that usage is secondary.

Some studies of applying natural language understanding to tutoring systems were performed
before. Novak developed a physics problem solving syst8&AC that read a problem statement
written in natural language and solved the given probl@dovak Jr., 1977) ISAAGeceived natural
language input and transformed it into semantic frames which were a kiforiofal representation A
physics problem solveMECHO(Bundy, Byrd, Luger, Mellish, & Palmer, 1978%0 transformed a
problem statement into formal language.

These and other studies evaluated the potential of the idea adopting natural language as input
form of knowledgefor problem statements.However, the advantage was limited because background
knowledge such as commonsenkeowledge had to be encoded inside program routinesOnly
computer programmers were able tgpdate such knowledge.So, adding a new domain preiph was
limited to cass where allrequired backgrouncknowledge was already encoded in the systems. If a
domain problem failed to be translated properly or tHeckgroundknowledge was incomplete, then
the author had no easy way to fix or even understémel flaw. This suggests that authors must be able
to read and edit the background knowledge as well as the problem statements.



Acquiring knowledge from natural language is an old idea in the natural language processing area.
A common approach in thised wasto transform natural language into formal representations such as
logic forms (Jurafsky & Martin, 200Brachman & Levesque, 2004 semantic networks(Sowa,
1990(Shastri, 1990)Using precise formal representations after transformation, the systems pegdrm
inference to accomplish a goal. In modern work on knowledge capture and knowledge acquisition,
formal languagewas commonly used to represent knowledge in systems such as KANYD®rg,
Mitamura, & Betteridge, 2005KAT(Moldovan, Girju, & Rus, 2000gnd WordNetaAHarabagiu, Miller,
& Moldovan, 1999) In other systems, such as AURZhaudhri, John, Mishra, Pacheco, Porter, &
Spaulding, 2007and SHAKERKCIark, et al., 2001)domain experts transfored contents of science
textbook to graphical notationsvhich isanother form offormal language. The main problem of this
approachwasthat still only knowledge engineers anpgrogrammers could update the formal language
when update is needed, and knowledge required for transforara(such as templatesyas implicitly
encoded in program code, thus also only programmers could update it

Another direction comparable to this thesis is to use natural language to represent [bhare
have been several sucktudies For instance, Natal Logic is an approach to recognize textual
entailment (MacCartney & Manning, 2008)Controlled Natural Language restricts natural language
syntax to use English as formal languégeachs, Kaljurad, & Kuhn, 2008)Logicoriented studies mainly
focus on obtaining sound logical inferences rather than expediting knowledge acquigitiprablem in
this approach rises when some knowledge cannot be represented in given constraints. Theordgain
programmers can change the constraints.

A common issue in the previous studies was that using natural language in knowledge
representation requires a proper way to deal with commonsense knowledge. One of the problems
known in this approach is that thercan be million different natural language expressions for the same
element of underlying knowledge and there is no easy way to recognize th€his is calleche
paraphrasing problem.Textual entailment is an area dedicated to find a way for this grabl For
example,a (i KS appleddd8B (G KS 202S00G¢ GSEldz tte SyliUsind & a0 K:¢
enough background knowledge has been recognized as one of the most important factors in the textual
entailment(lftene, 2009)

As the need for commonsense knowledge increased in many Al systems, attempts to build
commonsense knowledge base started, such as OpdiigyenCyc Tutorigllearner(Chklovski, 2003)
OpenMind (Speer, 2007)MindNet (Dolan & Richardson, 199&nd TextNe{Harabagiu & Moldovan,
1994) They try to builda universal commonsense knowledgebase repréed in formal language.
However, it is unlikely that the complete set of universal commonsense knowledge can be built soon.
Such resources were nosel in this thesidecause what we need is a small set of knowledge required
to solve a given domain prédm rather than the complete set of universal knowledge.

A dilemma of knowledgeepresentationin natural languagevas that commonsense knowledge
was needed but itvasnot available A basic approach for this issue is that commonsense knowledge
can be aquired in natural language from authors too. Because an ITS is task specific, it is hypothesized
that the amount of knowledge to adgder a problemis feasibly smafor an author to addn an ITS. The
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validity of this hypothesis will be testedy authorihg physicsproblems from textbooks irstudies
(section12.2.

This thesis presents awvay to allow authors to add not only problem statements, but also
backgroundknowledgeincluding commonsensand domainknowledge The main approach is to use
unconstrainechatural language to represent knowledge so that authors can understand knowledige,
knowledge detect bugs, and fix them easily.

2.0 THEPREVIOUSTS: PYRENEES
The previous ITS, Pyrenees is presented herglgho demonstrate theproblemsand difficulties clearly.
The new system Naturdd will be presented laterand itwas driven from Pyrenees to overcome the
difficulties.

2.1. FORMAL LANGUAGREPRESENTATIONDFPYRENEES
Pyrenees is a mod#lacing tutoring system for equatiebased problems. It teaches students both the
principles themselves and how to apply them to solve a pmoblfficiently. All of its pedagogical
knowledge is hardwired into it, so the author need only provide the domain knowledteugh it has
been used with several task domains (including thermodynamics, statistics and microeconomics),
introductory mecharts is the target domain. Domain knowledge in Pyrenees includes a set of problems,
a set of principles and ontology. Problems are solved by finding a relevant set of equations then solving
them algebraically. Each equation should be an instance of a@einciple. For instance, consider a
problem such as the followindrigurel):

ateboarderProblem
W skateboarder rits at 1.3 m/s up an inclined plane angled at 143 degrees. What is her verticg
velocity 2

Figurel: The problem statement of the Skateboarder problem
The set of relevant equations is:

T V=13m/s

1 g=143 degrees

1 Vy=V*sing)

where Vis the magnitude of velocity of the skateboarder,is the direction of movement of the
skateboarder, an¥yis they component of the velocity The fird two equations are givens, and the last
equation is anequation of a general principle. In the existing system, each variable is internally
represented in first order logic as follows:

1 V:var(at(mag(velocity(skateboarder)), tpt(1)))
1 g: var(at(dir(velocity(skateboarder)), tpt(1)))
1 Vy. var(at(compo(velocity(skateboarder), ayisgnum(0, deg))), tpt(1)))



This says, for instance, that Vy is a variable (var) denoting the value at time point 1 (tpt(1)) of the
component (compo) along thg-axis of an unrotated coordinate system (axis(y,dnum(0,deg))) of the
velocity of the skateboarder.

There are three domain knowledge bases: ontology, principd@sl problems. The ontology
describes the domain objects, properties and relationships, asagdiow to translate each formal term
into English. For instance, the ontology would indicate tls&ateboarderis an object, that
at(mag(velocity(skateboarder)), tpt(1)) is a quantitative property, and that
var(at(mag(velocity(skateboarder)), tpt(1)3)an algebraic variable for that quantitative property.

The second knowledge base is a set of principsnciples are represented in formal language.
Figure2 shows a principle written in the Prolog code dday Pyrenees.The name of the principle is
Projection This principle receives three arguments, Vector, T and Ax, and returns a pisjideific
equation. For instance, if it receiv&&ctor=velocity(skateboarder), T=tpt(Bnd Ax=axis(y, dnum(O,
deg), then it returns the equatioim Figure4.

pa_equation (along(projection(offaxis, Vector, T), Ax), V_x=V*¥rig) :
V_x = var(at(compo(Vector, Ax), T)),

V = var(at(mag(Vector), T)),

V_dir = var(at(dir(Vect), T)),

offaxis_projection_trig(V_dir, Ax, Trig).

offaxis_projection_trig(V_dir, axis(x, Rot), cos(\-Ribt)).
offaxis_projection_trig(V_dir, axis(y, Rot), sin(V-Riat)).

Figure2: Predicates defining rinciple, Projectia.

The third knowledge base is a set of problems. Like the principles, these are expressed in terms of
the formal languageFigure3 illustrates the skateboarder problem represented in formal languajee
knownquantities are given insidenowrd X0 G SNXZ YR (GKS &aughaKaG 8Ny b A (&

p_definition(skateboarder,
[time_points([1]),
physical_object(skateboarder),
known(var(at(mag(velocity(skateboarder)), tpt(1))), dnum(1.3, m/s)),
known(var(at(dir(velocity(skateboarder)), tpt(1))), dnum(143, deq)),
coordinate_system_given(dnum(0, deg)),
sought(var(at(compo(velocity(skateboarder), axis(y, dnum(0, deg))), tpt(1))), dnum(0.78, m/s))

D

Figure3: A statementof the Skateboarder problem represented in formal language

Pyrenees solves problems via a version of backward chaining called the Target Variable Strategy
(Chi & VanLehn, 20Q¥)anLehn, et al., 200@}hi & VanLehn, 2008)The basic idea is simple: Given a
sought quantity, generate an equation that applies to this problem and contains the sought quantity. If
the equation has any quantities in it that are neither knowar previously sought, then treat them as



sought and recur. When the Target Variable Strategy stops, it has generated a set of equations that are
guaranteed to be solvable.

In the case of the problem above, the Pyrenees would start with the variable
var(at(compo(velocity(skateboarder), axis(y, dnum(0, deq))), tptély)jhe sought quantity. It then
checks all its principles, and finds that the principld=igure2 has a term in its equation that unifies
with the variable. This unification bind&ctorto velocity(skateboarder), © tpt(1), and Axto axis(y,
dnum(0, deg)and creates the equatioasFigure4.

var(at(compo(velocity(skateboarder), axis(y, dnum(0, degpi(l)) =
var(at(mag(velocity(skateboarder)), tpt(1))) * sin(var(at(dir(velocity(skateboarder)), tp@(L))

Figure4: the generated equation for the skateboarder problem

Pyrenees notes that the equation ab two quantities in it. The first is
var(at(mag(velocity(skateboarder)), tpt(1)))lt checks the problem statement, and discovers that this
guantity is known, so it does not need to recursively seek a value for it. It now consider the second
guantity in the equation,var(at(dir(velocity(skateboarder)), tpt(1)))That too is known, so Pyrenees is

R2yS gAGK (KAA LINRPGESYS KIGAYy3I aogNRGGSYé 2dad 2y$S

The takehome message of this section is that even thoughgkateboardemproblem (Figurel) is
extremely simple, the formality of the knowledge used to represent and solve it would be a serious
impediment to an author who has neither the time, skidisinclination to master it.

2.2. DIFFICULTIES IN AUTHORINGN FORMAL LANGUAGE
The first obvious difficulty in authoring Pyrenees is in understandab[lit$s diakezalook at the sought
guantity again.

var(at(compo(velocity(skateboarder), axis(y, dnum(0, deg))), tpt(1)))

It is unrealistic to expect that domainxgerts caneasily understandand write such quantities
represented in formal languageso,they cannotparticipate inauthoring using this representation. Also,
it is difficult to read even for a knowledge enginedihe second difficulty in authoringiis parenthesis.
In a case where a knowledge engineer writes the quantity in formal language, thmatuking
parenthesis is a frequent source of mistakes and erro8yntax directed editors will balance the
parentheses, but theynay not know the argumat structure of the knowledge representation, which
makes mismatching parentheses hard to detect. The first line below is wrong and the second is correct,
but they are hard to tell apart:

var(at(compo(velocity(skateboarder), axis(y, dnum(0, deg)), tpt(1))
var(at(compo(velocity(skateboarder), axis(y, dnum(0, deg))), tpt(1))

Humans can understand and communicate without parenthesis using natural language. A natural
language sentence looks simpler and easier, and the chance of writing an error is muien aitizout

parenthesis.[ SGQa t221 G GKS @FINAIFIoftS NBLNBaASY(iSR Ay

formal version to see how efgauthors can understand.

Y
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The third difficulty is irthe strict argument orderingdf formal language. Each of arguments should
be given in predetermined order.An author should remember the order and the required set of
arguments for each quantity.Followingare simplified example for force. There can be diffemt
argument orders and all of them except one are errors to the system. The author should remember the
right order of arguments for each quantity, and it is a big burden.

force(agent, object, applied) : correct

force(object, agent, applied) :incorrect
force(agent, applied, object) :incorrect
force(object, applied, agent) :incorrect

In the case of natural language representation, syntactic constraints using prepaditee a role
in determiningarguments. It is naturally understood by authors, atloe system also can accept them
without a big difficulty.

- A PR

A¢KS FLIWIKEASR T2ND ESNISR (2 GKS 202800 o0e (K

(p))

G¢KS F2NOS |LILX ASR (2 GKS 202S00G o0& GKS [3aSyié
G¢KS F2NDS LILX ASR o0& GKS 3Syid G2 202S800G¢

It is possible to display quantities in natural laagefrom the formal languagesing a generation
module, but domain experts still cannot edit them directly.

In previous approaches, it was common to use natural language for authors and transform to
formal language for a systenHowever, transforming daeen natural and formal languages had many
problems such as lack of flexibility, extensibility, and difficulty in managing commonsense knowledge,
etc. Basically, the difficulties were from the situation that programmers had to change transformation
modules containing transformation knowledgehenever a new pattern of knowledge should be added.
The idea presented in thithesisis to use natural language directly without transforming to formal
language to avoid such difficulties.

Natural language represdation is more easily learned than formal language, which lowers the
barriers for instructors and even studestb add knowledge to the ITS. Besideslerstandabilityand
learnability, natural language allows the problem so®&eeasoning and its knowlgd to be understood
more easily. This is important when the user must trust the systébenerating natural language
explanation from knowledgebase in formal language is a challenging pr¢Blwartout, Paris, & Moore,
1991 ) (Eugenio, Fossati, Yu, Haller, & Glass, 2008) using natural language as knowledge
representation enables explanation generation without difficulty. This thesis presents a new approach
using natural language as knowledgpresentation avoiding the difficulties in using formal language:
understandabilitylearnability, and explanation generation.
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3.0. TYPES OF KNOWLEDGE IN THE THREE LEVELS IN PHYSICS
Three levels of knowledge representation are involved in physics problem golui naive
representation, physics representation, and math representaticarkin J. , 1983)As an exampld, S (i Q &
take a look atthe skateboarder problemagain (Figure 1). The poblem statement is written in
unconstrained natural language which does not use the academic language of physics.

representation of a problem is called thaive representatian

To solve this physics problem, the naive representation should belatmad into a wetdefined
representation that clarifies the given physics situation precisely. The concepts in physics implicitly given
in naive representation (e.g. velocity, acceleration, force, etc.) should be mentioned explicitly. This
articulation ofthe problem in the academic language of physics is callgghigsics representationin

Figure5-(a), the magnitude, direction, andgpmponent of the velocity were listed.

Lastly, the math representation rests the problem in mathematical form. By applying physics
principles, one can create a solvable set of equations that represents the probiare specifically,
the equations can be solved algebraically yielding values for all the variables, and evatipreds
either anassignmen2 ¥ @I NA | o0f SQa @It dz2S (GKIFGd A& 3IABSYy Ay
physics principle that is justified by the problem statement. For instaficeire5-(b) shows theinal

representation of the skateboarder problem in iteth representation

@|WeKS YIFaAyAaddzRS 2F GKS @St20Aa0e 27
W¢KS RANBOGAZ2Y 2F GKS @St20A0Ge 27
W2 K| (G -dommpotieit 8f thé velocity ahe skateboarder? '

Q¢ QX

- p—

0KS
iKS

(b) | y=mag*sin(theta) , % projection principle
mag=1.3 m/s,
theta=143 degrees,

y=?

Figure5: (a) physics representation and (b) math of the skateboarder problem.

Given that there are 3 representations, one wibwxpect two types of knowledge fopmverting
from naive to physics representation, and phys@snath representation. The first mapping, from the
naive (i.e. the input problem statement) to the physics representation, is driven by considerable
informal background knowledge including commonsens&.2 NJ SEIl YLX S (KS ylI O0@S
a1FGS02F NRSNI Neffa G mdo Ykaé AYLI ASa O #&érd
velocity of 1.3 m/s.Although this type of knowledge is some#sicalleddescription phrase knowledge

(Larkin J. , 198@)estenes, 1987we prefer the simpler phradeackground knowledge

The second mapping, from the physics to the math representation, iierdrby weldefined
principle schemas. Each principle has conditions designating when to triggar.example, this
projection principle can be triggered when a physics object has a vector property (e.g., velocity) that is
not aligned with an axis. Thiget of conditions plus other details are callegbranciple schema Such

schemas convert physics representations into math representations.

Some previous work, such as Fe(tarkin J. H., 1998\ewton(De Kleer, 1975 CascadévVanLehn,
1999) and AURADavid Gunning, 2010have used formal representations exclusivdiyput problems

7
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were manually translated into formal languagersiens of a naive representation. Thus, a partial
F2NXIEATFOARZY 2F 64! &1L 3S021 NRSNJ Npffa dzd Iy AyO
surface(plane), supported by(skateboarder, plane), etc. The physics representation, math
representation background knowledge and principles schemas aéir@ritten in formal language

Other previous works adopted a method to transform natural language into formal representations
(Mecho (Bundy, Byrd, Luger, Mellish, & Palmer79p ISAACQNovak Jr., 1977)and pSATRitter,
1998)Ritter, Anderson, Cytrynowicz, & Medvedeva, 1998heir systems were designed to translate
naine representation in natural language into physics representation in formal language. In this
approach, background knowledge included both dormrcific knowledge (e.g., an inclined plane is a
surface) and natural language processing knowledge. rattier large, diverse knowledpase was
encoded in program code, and only the system developers were able to chari§e, ithey still had the
same problem that only the system developers can change background knowledge and the other formal
representations.

The proposed approach in thikesisis to represent both types of knowledge (background
knowledge and principle schemas) in natural language, and to use natural language for the naive and
the physics representations. The math representation of physiisigms will continue to be written in
mathematical notation. In other words, because the naive representation, background knowledge,
physics representation, and principle schema are all represented in natural language, everything an
author sees from theproblem statement onward is in natural language until the very end, when the
mathematical representation is generated by instantiation of generic equations that are part of the
principle schemas. Because authors are assumed to already know math as &gl A€ A 4 KX (KS@
need to learn new languages or new representations in order to work with the system.

4.0. REPRESENTING KNOWLEDGE IN NATURAL LANGUAGE

The problem statement needs to be interpreted so that it can trigger relevant principkes. the
principles to be triggered, the problem must be described in terms of proper scientific concepts such as
forces, accelerations and velocities. Let us define the physics representation more precisely to refer to
the representation thatirectly matches the princide schemas. Thus, the physics representation of a
problem must use proper scientific concepts such as forces, etc. In theory, the physics representation
could use complex syntax (e.g., relative clauses), pronouns and other constructs of natural laggiage.
f2y3 Fa I aSyisSyoOs OFy YIFGOK NHzZ §a GNAIISNAYI {IF N
of sentences.In this way the system allows authors to write the physics representation in free natural
language. However, authors should writehysics representations so that they can trigger relevant
principles with limited matching conditions, so authors will tend to employ a fairly limited range of
linguistic constructs for the physics representations

As an examplel-igure6 shows both a formal language atige corresponding natural language
version ofthe physics representation of the skateboarder problemh.seems plausible that an author
who is trying to debug the translation of a problem could measily understandhysics representation
written in natural languageHigure6-(b)) rather thanformal languageKRigure6-(a)).

8



(a) Formal | known(at(mag(velcity(skateboarder)), tpt(1)), dnum(1.3, m/s)).
language known(at(dir(velocity(skateboarder)), tpt(1)), dnum(143, degree)).
sought(at(comp(velocity(skateboarder), y), tpt(1))).

KS
KS

(b)Natural |We¢ KS YI3dyAddzRS 2F GKS OS5t 2 ol 27
language WeKS RANBOGAZ2Y 2F GKS @St20AGe 27
W2 KI  -dompotiekt 8f thé velocity of the skateboarder at T1?

Figure6: formal and natural language representations of the skateboarder problem.

Although a principle includes a set of equations which should be instantiated when some conditions
are satisfied, the rest of the principle can be represented in natural languageexampleFigure7-(b)
showsthe projection principle in natural language. The principle has a condition checking whether the
object is a moving object (i.e 'An objectmoves '), and it corresponds to the principle schemintice
that it is also represented in natural language here.

Definitions of variables used in a principle are represented in natural language too [rene.
SEFYLX Sz GKS aSyidSyO0S avylr3a A& GKS YI3AyAaddzRS 2F (K
the variablemagin natural languageThus, the defirions of the variables can be written by an author
when he adds a principleThe system just finds matches from the known facts in the current context
(Figure6-(b)) to the definitions of variables in a princigléigure7-(b)) when triggering.In this way,
everything except equations is defined in natural language.

(@) 2 2@ [ 2FAAYO6° 0
Formal f2+E I +F 02406 0
language
pa_true(along(projection(offaxis, Velocity), Axis)) :
Velocity=velocity(Object),
moving(Object).
pa_equation(along(projection(offaxis, Velocity), Axis), V_xy=V*Trig) :
V_xy = var(compo(Velocity, Axis)),
V  =var(mag(Velocity)),
V_dir = var(dir(Velocity)),
Velocity=velocity(Object)
X
(b) 'An object. moves_'
Natural impliesx=mag*cos(theta),
language y=mag*sin(theta)
where 'X is the scomponent of the velocity of the object '
and 'y is the ycomponent of the velocity of the object '
and 'mag is the magnitude of the velocity of the object_'
YR UiKSGF A&a GKS RANBOGAZ2Y 2F (KS O

Figure?: the projecion principle represented in formal language and natural language.

Physicists would immediately understand the principle schema expressé&igase 7-(b), could
confirm that it is correct, and could write other amdike it. On the other hand, they would require
some training in order to understand the formal version of the projection principle showigure7-(a).



Even with training, because the formal language will gvibe relatively less familiar than the natural
language, physicist might overlook minor errors such as misordering of arguments. This formal version
of the principle was from a previous system written in Prolog, so physicists trying to use it woulit have
learn the computer language, Prolog in this ca®ée hypothesize that physics instructors would find it
easier to write, check and debug the natural language versions.

These two figures represent the basic hypothesis. Although the domain mandaéeshe
conceptual content be translated from naive to physics to math concepts, it is much easier for authors
to understand this translation if the content is written in natural language rather than a formal language.

4.1. REPRESENTING BACKGROUND KNOWLEDGE
The preceding section may suggest that in order to add a new problem to the tutoring system, the
author could write a naive representation to be read by students, and a physics representation in
natural language to be read by the tutoring system. The physthemas in the tutoring system would
then translate the given physics representation into a math representation. If that translation failed,
then the author could debug the newly written physics representation and/or the principle schemas
since they ag all written in natural language.

While feasible, the approach just sketched is far from optimal. Many researchers have noted
learners make most of their mistakes when translating the naive representation to the physics
representation. For instanceedrners often fail to notice when forces, accelerations, velocities,
displacements and other physics entities are present. Indeed, the background knowledge is often
considered the conceptual core of physics because the principle schemas are importardt difficult
to learn. Thus, the tutoring system needs to tutor the students as they apply background knowledge.

This means that the tutoring system needs to have a representation of such knowledge. Of course,
some of the background knowledge is fanfi  NJ 6 S®3 o> | a1l iS62FNRSNJ) Aa |
need tutoring.

This motivated developing an intelligent system that can automatically generate physics
representations froma naive, natural language problem statemei. order to do so, th system should
have background knowledge connecting the problem statement (naive representation) to the physics
representation. This knowledge includes the description phrase knowledge, and it can include linguistic
knowledge, commonsense knowledge, at@main knowledge from physics. The idea proposed here is
to represent background knowledge in natural languagenference rulesand to let authors adthem.

(a) Rules for Y a1+ GSo02FNRSNI NRtfa Fd mdo Yka dzLJ
background impliesWi KS Y| 3yAiGdzRS 2F GKS @St20A0¢8
knowledge Wi a1l GS02FNRSNINRtfta Fd mno RS3INBSa

impliesWi KS RANBOGAZ2Y 2F (GKS @St 20Ai¢8

(b) Generalized | W! y 12 m@&&Oatnum_ dzy A G ¢ Q

rules using impliesWi KS YIF 3yAddzRS 27F _{iknBm @& A 3 @ipe
semantically Wiy 2 m@&&Odinum dzy A G ¢ Q

binding impliesWii KS RANBOGAZ2Y 27F_i8dd dF/S\Ei20Rd &
variables
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Figure8: background knowledge translating the input sentences into physics representations.

The background knowledge represented in natural language has a form of a rule with conditions
and actions igure8-(a)). The action produces &act inphysics representation. The condition matches
the naive representation and perhaps also some previously produced physics represeriatsically if
one of the parse trees of the conditionassubtree of that of the input entence, they can match (the
matching method will be explained in details in chaptdrQ. These rules run in a forward chaining
manner, like a production system, until they reach quiescence.

Introducingsemantically binding variables (e.gobject_, moves_, numand unit_) can generalize
the rule to be applied to broader casdsiqure8-(b)). For examplegbject canmatchall nouns whose
AaSYFYyGAO Ofaadd@K Aka YR BKSDE8 a2 ik NdRsthIDbIdevelalsyslard to S i O ©
automatically generalize the set of rules added by authors. However the generalization module was not
implemented because authors can directly write the generalized rules in ndanguage.

It is expected that the number of rules to be added decrease as more problems are added, and
eventually converge to near zero per problem. Ideally, in order to add a new problem to the tutoring
system, the author types in the naive represerg@ayfl (2 06S NBIR o6& (GKS aiddzRSyl
button, checks that the physics representation and the math representation are what the author
intended, and checks the final answer that the system generates. If any of the checks fail, then the
author @an try rewording the naive representation (the problem statement). If rewording always
succeeds, then the author never needs to examine the background knowledge, physics representation,
etc. in detail in order to finé bug or missing knowledge. We d#lis happy state of affairthe no-new-
knowledge stateof the system. A question in this approach is about how many rules need to be added
to the system in order to achieve the mew-knowledgestate.

Figure9 shows the overall flow of knowledge in the system. The input physics statement in naive
representation is translated to the physics representation using the background knowledge. The physics
knowledge is translated to the math representation using the ppiecischema.The generated
equations are solved, and the final answer is displayédl. types of knowledge are represented in
natural language except the math equations at the end. As shown in the figure, every stee of
process and inference can be umg®od easily by noprogrammers. Thus this approach makes the
system transparent to noprogrammers enabling them to jothe authoring task, and the intermediate
inference results can be used to generate himt&xplanationdor tutoring.

11



Naive a! al1+rdSo2FNRSNINetfa i mo
Representation: | 143 degreess Whii A& AdGa GSNIAOIE O

< Background | ! a1l idS62F NRSNJ NRimplieswWli € S
Knowledge: |Y+F 3y AGdzRS 2F GKS @St20Ard¢8

~—

=

\ 4 ~ L, - A L, ~ L, A -
. WeKS YIFIyAuadzRS 2F UKS @ Xikza@]
Physics L . PR _
Representation: Ye¢KS , RA NB(?u 7§ 2y 2F U0KS @St 20/
Y2 K| 0 -dommpofiektsfthé velocity of the skateboarder?
W¢ KS 2Znioa$ Dimpliesy=mag*sin(theta)
Principle where 'y is the ycompment of the velocity of the object '
Schema: and 'mag is the magnitude of the velocity of the object_'
FYyR UGKSGF Aa GKS RANBOGAER
\ 4
Math y=mag*sin(theta) , mag=1.3 m/s, theta=143 degrees,
Representation: | y=2
\ 4

Answer y =0.78 m/s
The ycomponant of the velocity of the skateboarder is 0.78 m/s

Figure9: The five types of knowledgeepresentedin natural languageand their data flow during problem solving.

5.0. SYSTEM ARCHITECTURE OF NATURAKL
Although problems in the physics domain have several types of kdge] NaturaK, the system
developed here, useslitle different but similar representation for themBoth background knowledge
and prnciple schema are representeid rules consisting of conditions and actionBoth naive
representation and physicepresentation are represented in a natural language senteridee three
levels of knowledge in physics are processed with one matching engine performing sentence to
sentence matching.

Figure10 shows the system ahitecture of NaturaK. The system has mainly three partshe
matching engine, the knowledgebase, and tentext memory The knowledgebase stores all the
background knowledge written in natural languag&nowledge in natural language is parsed and
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sentence twice. When an input sentence is given to the system, it is parsed and the matching engine

finds rules in knowledgebase that can be matched using tiwhinput and the currentontext memory

The matched rules produce new facts, and the new facts are inserted tootftext memory The new

facts in thecontext memorycan match new rules producing new fa@gain This inference loops

continue until thecontext memoryR2 Say Qi OK | Fdafond ajeyeneraids & the endnd

the equation solver solves the equations generating final answdrsthis way, the simple architecture

can process all the five types of knowledge in three levels in physmain.

Problem
statement

Y
Syntactic Parser

Y

Inference Engine

Forward chaining

Matching

\) Engine
Backward chaining

Y

Equations

Knowledgebase

Context memory

l|

Equation Solver

4
Answers

Figurel0: the system architecture of NaturaK

6.0. TYPES OF KNOWLEDGE IN NATURAL

The basic types of knowledge were presented briefly in chapterKnowledge is represented in a form
of rule. All rules used in the system can be classified iwto types, i.e.mplicationrules andtruth rules.
An mplication rule producefacts, and inferencesing them idorward chaining.On the other handa

13



truth rule only check truth, and doesnot produce any fact. Inferenceusing truth rules idackward
chaining.

Implication rules include default rules, negation rules, and principles. Truth rules include logic rules
and math rulesTheir representation usg natural language is presented in this chapter in detail.

6.1. IMPLICATION RULES
A baclground rule hasonditions in the left side andctiors in the right side. Input sentences and
known factsmatch conditions. If all the conditions are satisfied, thactions in the right side are
generatedas facts The @nerated facts are used to trigger other ruld\ﬂultiple conditions (andictiors)

A X 4 A X

with quotation marksd WX Q0 @

<condition 1> and
<condition 2> and
X
<condition N>
imply <action1>
and <action2>
X
and <«actionN>,

Figurel1: the basic form of an implication rule

6.1.1. Default Rule

Some facts are narally assumed by defaultWhen a physics problemescribes a situatioabout a ball
thrown, it is assumed that the ball is thrown nearby the eartthdre is no mention about a nearby
planet [ SG Q& OF f f dafdadkhowleggeand a&SriteF&lefault knowledgea default rule A
condition of the default rule has a taghknownnotifying that the condition is satisfied only when there
is no fact that can match.

WYe KS f

2 Olallk 2 y Bikngnay S NJ
impliesWii KS f

20FGA2¥W A& YSIENI GKS SIF NIK
'The location is near the earth' and

‘the magnitude of the gravitational acceleration on the earth is nuamit_' unknown
imply ‘the magnitude of the gravitational acceleration on the eartB.B m/s"2.

Figure12: exampkes ofdefault rules

One of the important properties of natural language is that background knowledge has a major role
in inference. A default rule alsavorks as background knowledge, andsitriggered based oanknown
facts Often onlysomeof conditions are satisfied by default, anis possible thathe default rule has
both known and unknownconditions Figure12 shows two default rulesn the first one the factWii K S
f20F0A2Yy A& gékeradtlbyidgfault \hier\iliefé & ndindention about a nearby plankt.
the second ongthe fact aboutthe gravitational acceleration 9.8 m/s"2 generatedwhen it isnot
mentionedand the location is near the earth.
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6.1.2. Negative condition, and Unknown condition

Representing a negative fact and a negative condition is straight fon{sed examples ifrigurel13).

2S Oly dzasS | yS3alFGABS aSyiSyOS NokxrkprdcesyiSraguiled 2y 4 2
in matcing a positive fact to a negative conditioBut, it needs to check the existence of a negation

word in case of matching a negative sentence to a positive condi@mause parse tree comparison will

skip the extra word in the input sentence otherwise.

The unknown condition is different frorthe negative condition that can accept aegativefact
although they behaveimilaly exceptin some casesThepositive factWi KS & LISSR 2F GKS o
in Figure13) should match the positive condition, but not to the negat@ndition Its negative fact
OWOIKS ALISSR 27T (i &6uldonatchthe hedativyg éiuditidd 2oyt adi tb YidipOsitive one.
As you can see, the matching behavior of a positbrelition isthe oppositeof a negative condition.

.dzi GKS dzyly2eéy O2yRAGAZ2Y R2SayRath the@dltivedsid f A 1 S
negative facts shouléail to match the unknown condition.Given a negative fact, we know the truth
about the Bict A native facts a knownfact too. Thus, both a p&itive and a negative fashouldfail to
match an unknown condition.

(0p]}
Q1

AGADGS FTIOGY WGKS aLISSR 2F (K
| U8 ¥R i K

(0p))
(@]
—h —h
—h —h
> >
Q¢ Q)¢

t 2a
bsS3
Positive condition: Wi KS &dabldbfed® AHT O2yadl yiQ
Negative conditionW (i K S dabhldbfed® isactO2y aidl yi Q

Unknown conditionW (i K S  &anl8bfed® iszdhstanfunknown

Figure1l3: An example for positive and negative facnd positive, negative, and unknown conditions

6.1.3. Negation Rule

A negation rule is used to suppress other rules from triggeriftgere can be exceptional cases for rule
application. For example, when a car moves, there must be a driver in the car (thalérstFigurel4).
.dziz I OFoftS OF NI RI2®isdcase itheré Bhaull bé a WaNd ispieds ihgotid ( @
cable car Writing a specific rule preventing a general rule from triggering ig@aalavay for this.

Y  @bwed ' and
W RNAGSNI RNA@ZSa (KS
imply 'a driverinthecar RNA @S a

Wi OlofS abd NI Y28S8ayw
WI RNAGSNI RNA@PSa (K

O NR dzyly26y
donotimplyWl RNAGSNI Ay (K S

O NJ RNA@Sa (KS

Figurel4: an example of negation ruléA does not imply B).

A negation rule has a form of (A does not imply B) instead of (A implieABj)egation rule
suppresses all other rules that can be triggebgdthe same set of facts safyingits conditions. The
negation rule in the second rulef Figurel4 is more specific than the first ruléThe most specific rule
says that the conditions do not imply tleetion The system imposes thedtiest priority on the most
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specific rule matched.Thus the more general rule (the first rule) is not triggerethe sibsumption
relation between two rules is used to find the most specific rule, and it will be erglairthe inference
section (chapted0.3).

A negation rule can be used teal with overgeneration problems It is enough to add a more
specific negation rule if a user finds a fact that is not supposed to be gener&tedcan check the
backgraind rulesgeneratingthe fact andwrite a negation ruldor the specific cast suppress it.

6.1.4. Principle s

One of the significant ideas proposed in this thesis is that princigd@sberepresented in natural
language too. As shown inFigure 7-(a), principles were encoded in program codegha previous
approaches and it was the reason whyonly programmerswere able to updateprinciples. By
representing principles in natural language, pEmegrammersare enabledo update principles too.

A principle rule is a kind of implication rulBhe samamnatching module is used for principle rules
and other implication rulesThe only difference is that the output of a principle rule is equatiofike
basic form of a prinpie is almosthe sameasthat of an implication ruleRigurell) except theWhereQ
phrase at the end.The definitions of variables in the equations are given to thg K HNEs& An
example of a principle given inFigure7-(b).

<condition 1> and
<condition 2> and
X
<condition N>
imply <equations>
where <variable definition 1>
and <variable definition 2>
X
and <variable dfinition N>.

Figurel5: the basic form of a principle

6.2. TRUTH RULES
Input sentencedrigger implication rules producing new factémplication rules are used for forward
chaining producing new factsTruth rules work the oppositway. ¢ Ntz K wdzZ Sa R2y¢ Qi
only checking truth of hypothesidA truth rule has hypotheses in the left side and conditions in the right
side(Figurel6). If all the conditions are satisfiethen all the hypothesedecometrue.

<hypothesisl> and
<hypothesis2> and
X
<hypothesisN>
if <condition1>
and <ondition2>
X
and <conditionN>.

Figurel6: the basicfrom of atruth rule
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It is true that an object moves at the interval between T1 and T3 if it moves between T1 and T2 and
between T2 and T3. This logic was represented by the first ril@urel?7. The second truth rule can
be usedio check the truth of facts in sub intervals. If an object moves between T1 and T3, then it is true
that it moves between T1 and T2, and between T2 and T3.

'An object moves_ at the interval between Ti and Tk_'
if 'the object moves_at theinterval between Ti and Tj_'
and 'the object moves_ at the interval between Tjand Tk_".

'An object moves_ at the interval between Tiand Tj_' and
'the object. moves_ at the interval between Tj and Tk_'
if 'the object moves_at the interval between Ti and Tk_"'.

Figurel7: examples of truth rule

During inference, the system tries to find an existing fact in ¢batext memoryto match a
condition in an implication ruleWhen there is no such fagit tries to validate the condition from truth
rules.First, it finds the matching hypothesis in a truth ruecond, it checks validity of the conditions in
the truth rules. Some of the conditions can be matched by existing fatte other condition failing to
match by existing facts can match other truth rule3his chain of inference is backward chaining
starting from hypothesis searching toward existing facts.

The truth rules can be used to find an answer for a qualitative question. For exathgle, S&a G KS o |
32 KAIKSNI GKIY o YKQ NBIljdANBa O2YLI NgwelSshioWsS KSA I
truth rulesto validate thisguestion. The input questiomatchesthe hypothesis of the rule, aniflall the
conditions in the right side are satisfibg existing factsthen the hypothesibecomestrue. As you can
see, representing knowledge for a qualitative question can be naturally done, and it is one of the
advantages of using natural languaaggeknowledge representation.

Input:
w52Sa GKS ottt 32 KAIKSNI 0KFYy o YKQ

Rule:

Wl y 2 gogdshiglier than numldzy A G ¢ Q

f WiKS YFEAYdZY KSIkaUE d&/R @S 202800
FYR WydeYH | NBSNJ GKIYy ydZYmyuQo

Phe maximum height of an ob§t_isnum_dzy A O ¢ Q
If WG KS YI3IyAddzRS 27F (KSishumaubl btthe m&valbetedn TiakdS
t2yQ
YR WiK&(G2aBEOG2 Y20S |

L A 2 <z, A

YR WiK$a268S0OKS | LISE |

¢CAYPQ

CI
i ceypQo

Figurel8: a qualitativequestionand a truth rule to check thevalidity

Truth rules are useful in reducing the number of produced faéti$er a truth rule is triggered, the
verified hypothess are not generatedas facs, andthey R2 y Qi G NJXA 3 3 16ddh b2 iikfSIind NHzt S a
reducethe number of facts generated during inferend&n author can choose between truth rules and
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implication rules to represent knowledge though truth rules are mainly used for logic and rhatfil
be explained in details latevhen explaining backward chaining (chapiérl).

6.2.1. Logic Rule

Truth rules are used for simple logic and math processitige condition (the right side) of a rule is logic
(or math) expression, and the systemsha predefined module to process the logic expressiBigure

19 shows examples of logic and rhatules. Note that the conditions in the right side of the rules are
not string. The first example is for numerimmparison of two numbers. The second one is for
summation of two numbersMid time point creation is also done by logic ruleBhe third example is

for mid time point creation.Even though the right side of the rule allows only predefined expressions,
corresponding natural language expressiarthe left side is not limited, and implication rules can be
added to accept paraphrases.

‘numl_ is smaller than num2_'
if numl_ < num2_.

'num3_is numl +num2'
if num3_ =numl +num2_.

W ¢ B atime pointbetween Til YR ¢ 1 ¢ Q
If Tj_= mid(Ti_, Tk).

Figure19: examples of truth rule for logic and math

[ SGQa I aa dapuboa Swkiimér re@ddkes a place which is 35 deg west of aastlyiven
(Figure20), and the system should infer that the actual direction of the swimmer is 35+90 degrbes.
O2Yy RAGAZ2ignuWybdzYin Q A a NBIdZANBR Ay (GKS (NMHzi K NXzZ S
rule in Figure20). The value 35 will match numin the first condition of the ruleThe second condition
of the rule will match the hypothesis of the math rule (the second ruldigure19. The value 90 will
matchnum2_ in the math rule. The math rule will assign 125 to numafter calculation, and this value
will be assigned to num2in the second condition of the rule Figure20. The condition is satisfied and
the action part of the rule will be generateds a facto A dS® WiKS RANBOGAzZzYy 27
A6AYYSNI A& .mHp RSINBSEAQO

Input:
! ag6AYYSNI NBFOKSa I LI OS gKAOK A& op RS13

Rule:
W1 y 2 ge&BeQ ia place which is num unitAngle west of north' and
'num2_ is num_ + 90'

imply 'the direction of the displacement of the objecis num2_unitAngle_".

Figure20: an examplesentence and druth rule for math to calculate the actual direction (35+90 degrees)

7.0. GENERALIZED REPRESENTATION
Unrestricted natural language is allow#dconditiors, actions,andhypotheses of a rule.As long as two
sentences match, the form dhe a Sy 1 Sy 0Sa R 2TGeongti@ly unglarmniatalsentences
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also can match if theiresulting (possibly brokemarse trees match although grammatical sentences are
preferable. A condition of a rulecan berepresented inspecificnatural languageHRigure8-(a)), andit
alsocan be generalized to accefacts witha broaderscopeof patterns (Figure8-(b)). This chapter
explainshow to makegeneralized representation.

7.1. THE SHORTER, THE MORE GENERAL
A natual language sentence hdlse property that aspecificexpression camecomemore generalby
removinga modifier. C2 NJ S E | spdr# 8- SNIW [ A ized t8'8ly Sddpliy NS Y2 Ay 3 WwWa L2 N
Thus,a sentence can be generalizbg rewriting a sentece shorter removing modifierd-ollowing is
such generalization examples KS FANRG aSydiSyO0S 41 a 3ISYySNIftAT SR ¢
3SYySNIfAT SR 68 SNIaiaAy3da Wi oYkaQr FYyR (GKS GKANR ¢

W sports car moveasn the road at 3 m/€2
W car moves on the road at 3 nxs.

W car moves on the road.

W car moves2

This is one of the advantages of using natural language as knowledge represen@gioaralizing
a condition can beasilydone by removing unecessaryvords in it

7.2. USING SEMANTICALLY BINDING VARIABLES
Writing a short sentence is not enough to represent a generalized conditiorword itself can &
generalizedC2 NJ SEI YL S wOIFI N OFy 0658 IvoptlSeNFelbaumS1R98)i 2 W& S
has hypernym and hyponym relatignsnd the system looki; WordNetwhen matchinga word and a
variable Hypernyns area set ofmore general words, and hyponysrarea set ofmore specific words.

Introducing semantically binding variablesis one of the ideasproposed in this thesis. A
semanticallybindingvariable hasnunderbar¥ wharacter at the end of a wd to notify that any words
with more specific meaning under thigriable can matchA semanticallybindingvariable can be a verb,
noun, adjective, or adverb.

Any words can be used assamanticallybinding variable after attaching an undebar, however
there areseveralpredefined variablegFigure21). Num_ is for nume® @I f dzS&4 o6mMX H dn X
Unit_ is for unitssuch as degrees, m/s, m, kg, sec, éidime variable(T_, Ti_, Tj_X) canmatcha time

AYRSE o600GYnYMYLRAYGO 2N GAYS @FtdzS 6¢mMI ¢HXE ¢oXIX
Variable Matching example

num_ 1LHE 022003, BPHES>0owWHZ X

unit_ RSINBSaz Ykaz Y 13z aSoz X
unitAngle_, unitA_ degrees, radian

unitSpeed_, unitS_ YKaXZ YkawHX (1 YKK2d2NE 1 YK K2dzNWH =
unitDistance_, unitD_ [ cm, m, mile, km,3S i Z Ay OKXZ OSYGAYSGSNE YS§
unitMass_, unitM_ 3z 13 G2ySsz X

unitTime_, unitT_ 4S50z YAYSI K2daNE RlI&3x X

unitForce_, unitF_ b ySégi2ys X

CPS CAQPI ¢g¢mMI CHYX ¢oX GYnYMYLRAYGS GYnYmYf
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Figure21: predefined semanticallybinding variables

For the case whereneword isused for multiple variables, a niar can be attached to the word.
Forexampleobjectl_, object2_, object3_, etdzigurel9 showed an example that num1_, num2_, and
num3_ wereused in a rule.

7.3. USING SEMANTICALY. BINDING PHRASE VARIABLES
For further generalization of matural language representation phrasevariableis createdin this thesis.
WCAYR (KS aLISSR 2F (KS olfttQ Ol y Iothisdade)thedphrdsdi SR {2
WHGKBISSR 27T ( frS sedtentefvad redsyd initliesScondone. Recognizing such phrase
requires a phrase pattern. If the phrase pattermigplicitly encoded in a program modute accept the
pattern (or encoded in formal languagé) has thesame problem that only computer programmers can
updatethe module It is not easyto update sucha moduleeven for programmers. Ofteatemplateis
used to recognize such phrase, butsuch atemplate also can beipdated only by programmers.
Natural lamyuage representation can be used instead of teatglif a way to match a phrase is
supported. Using generalized natal language to recognizghrases is to completely separate the
knowledge representation from programmitgyel Generalized natural langgecan be understood as
a kind of temphte written in natural language.

A semanticallybinding phrase variablés introducedto matcha phrase and reuse it ithe action
part. The former sentenceabove can match the first example inFigure22. The word with two
underbars,property _ is asemanticallybinding phrase variablavhich can matcta phrasewith a head
word which is& SY I y i A O IpfopedyQodaydBOKNI Y& & LIS S.REZK SY | &2aNER - YBAALDSSSSR OX
KSFR 2F (KS LIKNIasS WwWikKS aLIlSSR 2F (KS olfftQx FYyR
WLINE LERNR YD AYTFSNBY OS mattha8INBE LISSR e P QEKS Yy & & fi QNB LI
GKS NRAIKG aARS 2F (XKS3INVERS AMNPRMBO AT (WoKD § Aa (K

'find_ property '
implies'what is property 2’

Wi aadzyS GKIFG R2uyypQ
impliesWR2 g Y Q@

Figure22: exanple rules usingsemanticallybinding phrasevariables

It is important that there is no predefinedemanticallybinding phrase variable. Any word are
allowed to besemanticallybinding@t NA I 6 f Sa & L'y | dziK2NJ OFy ONBFGS
y2ildAz2y Fd GKS SyR 2F |  62NR 0672 enfiitagidbirgy wO2f
variables are not constraints aifie representation language, butotations for matchingscope The
system looksn WordNetwhen matchinga semanticallybindingvariable and the head word of an input
phrase.

A phrase variable can matctchusetoo. ! Y A y LJdzii W éGadmimesSin dickinistant spe®
canmatchthe condition of the second rule iRigure22. The head word of thelauseA @ove®) > | YR A
matchesi KS LIKNJ a S hiciNdan matciSay a#/e wenh Dhusthe clausethe car moves in
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a constant spee@matches WR 2 P Q = actloryoR theliriebecomes the car moves in a constant
speed2 ®

A phrase variable has a significant role in time ph@seessingt dzOK | a WgKSy ItXQ | yR
will be explaiedin the time phrase section (chapt8r3) in detail

8.0. REPRESENTING TIME

English often does not represent time explicitly, but the physics representation must represent time
explictly. S, some background rules are needed to handle this explication. The rule interpretation
mechanisms described so far were not enotghthis, soadditionalmechanisms had to be invented,

and they will be described in this chaptéBasically, there shouldeba way to create a time point, a way

to refer to an existing time poinin the natural language frameworkThe rules are quite general, so

once an initial author (such as a knowledge engineer) who understands these new mechanisms has
written the approprate rules, a subsequent author (e.g. an instructor or student) doesn't need to write
any more time rules.

Physics events occurring in a physics weodd beorderedin time sequence.An event can occur
before (or after) another event, or theganoccur atthe same time.For example, a human can naturally
understandthat the event of a ball thrown upwards followed bythe event of the ball hittingthe
gound.¢ KA & GAYS NBtFGA2Yy Aa NBLINS §Byhiplsstcs @dboak A YS G NI

| The magnitude of the velocity of the ballli6.0m/s atT1 \

However,a problem statement(or native representationusually desy Qi KIF @S |yeé& GAY!
because students are supposed to understahe problem andbuild a corresponding physics mental
model to solve Thus, an event in a naive representation should be translated to a physics
representation with a time point.

Throwing upward
W ball is thrown vertically wpard with a speed of 16.0 m/stHow long is the ball in the ai€?
Figure23: Problem statement of throwing upward

Also, here needs to be a representation to createnew time point. It is done by a new time
variable in the right side of a ruldf there is a new time variabia the right side then a new timepoint
is assignedo the variable.! GAYS @FINARFO6tS F2NJ I GAYS LRAyG adal
semanticallybindingvariable. In thefirst example ofFigure24,i KS G AYS @ NA I ofnS WeyQ
the left side of the rulesoa new time point is assigned to iHowever, in the second example, the time
G NRAIF ot S Wthaeplélt sitleldEdBe riNé so Ahime point from an existingfact matching the
variableis assigned td instead of crating a new one

Wh object is thrown_verticdly upwardQ
Implies¢he object & G F NIia (2 Y2@S |4 ¢yQ

YAn object is thrown with a speed ohum_ unit Q I y R
Widbfect adGl NIa G2 Y2@0S i ¢ygQ
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| ImplyWi KS YIF3AyAiddzRS 2bfed lighém @giif #a0ade 2F (KS \
Figure24: creating a new time point

8.1. TIME INDEX INTERNAL REPRESENTATION OF TIME
The actual timepoint assigned to the time variable shoudé able to be ordered with other timpoints
intime doman. ¢ KS a&adsSy Ol yy2i ankhe miide ofrindegpretihy’thepoblem (2 W¢
statementbecause there can be other events occurring beforeTius, a time index is assigned to the
time variable first, and the final time value is assignearaétll time variablegsre assigad with a time
index Time indexs internal representation of time generated by the system.

The time indexrefers to the location of anevent exposedn a sentence. For example in the
problem statementFigure23, the event¢hrowing upwardh & SELI2Z aSR | (i ThuShe 3SNDH Y
time index shouldeferto KS GSND ¢ WEKHUR ¥ E QDY RSE KL fallowed by thdy 2 F |
sentence number and thevord number exposinghe event. A type tagdistinguishinga time point from
a time interval is attached at the end.

t:<sentence number>word number>:<type tag>
aSyiSyO0S ydzYoSNI9nz mI XYY
g2NR ydzYoSNI9nI mI XyY

type tag = goint, left, right, initial, final,interval, wholelnterval
Examples:

t:0:3:point,

t:2:5:left,

t:2:5:right,

t:1:2:initial,

t:1:2:final,

t:3:3:interval,

t:5:2:wholelnterva)

X

Figure25: The form of time index and examples.

In the examplarigure23, the sentence number of the event thrawg upward is 0, and thevord
number for theverb Wi K NB ¢ Jhe tyge @f the éme is point, not intervallhus the time index for
the eventist:0:3:point, and it will be assigned to the timariable T_.

In case of an event such as a projectile movement continuing over timeetime points (left and
right time points)are neededto representa timeinterval. The left time point refers to théeginningof
the interval, and the right time pat refers to theendof the interval. In the same wayhat atime point
is created, a time interval can be created bseatingthe two time points. The time variable for a left
GAYS LRAY(G Aa WEeAPQI FHnFigureR® tNd two tilndvarikhles wiefe Yised dnlg A y i A
in the right side of the rule, so a new time index is assigned to each time varifblbe problem
statement of throwing upwardFigure 23) matches this rule t:0:3left will be assigned to Ti_, and
t:0:3:right will be assigned to Tj_.

Wn object is thrown Q
ImpliesW i ¢bjgct  moves at the interval between TiF YR ¢ 2 Q @
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Figure26: creating a new timernterval

The resulting facts generated so &e as folowing

WGKS oFff adlpum®Qd2 Y20S 4 dYnYoyY
WGiKS YIF3ayAiddzRS 2F GKS o%6mad@i e 2F (GKS o
WGiKS oFff Y2@Sa I ( leit&n8toBygiiBMNII t 06SisSSy

—h

f
n

4

c

Figure27: generated facts with a time index assigned

This method creating time indexreferringto a verb in a sentencallowsto assign multiple time
points when more than one event is described in a problem stateméinr example, therera two
physics events iffigure28. Theoneisthéd | f £ Qa { K NBnd thg @herdgi 6 § NRdi#@IQa T NB S
The background rule iRigure26 and a orrespondingrule for freefall (not shown herewill match the
two input sentencesreatingtwo time intervals One time index will be assigned the point of the
@S NUIIK N@irgthe first sentence, and another time index will be assigned to itk S & NIb f WQ
in the second sentenceln this way, the system can recognize that the first event occurs before the
second event.

A Startled Bug
Wi oFff ¢l & KNBMEinsidé AbuildBg The dzllXdits thNeReeilingisecond later,
and a startlecdbug on the ceiling starts tisee-fall. How long does it take for the bug to hit the floQr?

Figure28: an example with two time intervals

In most cases, a time index can be assignedgereratedfact when a background rule thia new
time variable is triggeredBut, there are cases that a time index should be assigned based on a word in
a sentence.Some sentence expresses a type of time in an adjectv@® NJ S E | Yniti#tl $ebcitydii K S
theballA & o Yk aQ uddNBe@hitidRv@laciF IGY R (0 K BitialQR K $ Gid Acietniped S
the type of the time In this casea time index ofinitial type is assigned to the fact, and the final time
value for it is assigned after all time points are generatedld KS & A YA I NJ ¢ linkelvak} (G A YS
type is assigned to a fadescribing a event with atime interval. It will be explained in details in the
chapter8.3.

In many physics problers, it is required to epresentan event occurring between two eventd-or
example, the event of an object reaching the apex of projectile occurs between the event throwing
upward and the event hitting the groundl'he internal representation of time in the middle of two time
points is t:mid(Ti_, Tk )it will be explained in mental model extension again (chaptay.

8.2. TIME VALUE ASSIGNMENT
l'd GKS SyR 2F (KS AYyFSNBYOSsE | FAYLI feiidaxyAhewdl t dzS ¢
time value is created onlfpr the right time point in a time intervalln the previous example of a ball
thrown upwardas shown inFigure29, the time point (t:0:3point) and the left time point t(0:3:left)
have the initial time value (T1), and only the right time point (t1@gBt) has a increased time value (T2).
In case of a time poinhdexnot in an intervalt:0:3:point), the time value okither the left point ofthe
nearest nexttime interval (i.e. T1),or the right point of thenearest previougime intervalis assigned.
The final time values replace the time indexes in the facts, and the final facts are producigdraS0.
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Problemstatement: 'A ball ishrown vertically upward with a speed of 16.0 midow

mngsthebmlmthgfﬁ//’\ “\\\\

t:0:3:point [t:0:3:left, t:0:3:right]

I

Figure29: Time index and time value assignment

WGKS oFff adlNlGa (2 Y208S G ¢moQ
WGKS YIF3IyAGdzZRS 27F 16.86k ¥ SH 2 GAM®RQ 2 F
WiKS olftf Y2@Sa i yIRKS vAdQi SNt 08

Figure30: The generated facts with a final time value assigned.

Figure31 shows an example when two time intervals are giveFhe initial time value T1 was
assigned to the left point of the first time intervéitO:4left), and it was copied to the first time point
index (t:0point). An increased time value, T2 was assigned to the right point of the first interval
(t:0:4:right). The previous time value (T2) was assigned to the left point of the second intanghit
was copied to the second time point index (t:18int). Thus, the time value for t:1:8oint becomes T2
too. An increased time value (T3) was assigned to the right point of the second intervati¢ht)8:As
a result,two time intervalswith three time pointswere created.

A Startled Bug:

Wi 0 | tirdwn shrdight upward at 3 m/s inside a building. The ball hitsdbiding

one secondater, a startled bug on the ceiling staidsree-fall. How long does it

ar 1S [T2N 0§ KS—06dza G2 KAMKfSWEZNJ(Q
t:0:4:pont [t:0:4:left, t:0:4:right] t:1:8:pont [t:1:8:left, t:1:8:right]

T1 T2 T3

Figure31: Time index and time value assignment when two time intervals are given.

8.3. TIME PHRASE
Time phrases have a significant raterefer to atime point or a time intervalin a physics problem
statement C2 NJ S E I Y L) Svihat istheisPegdidd ¢iecDoall wiethe ballwas throwr?Q K| & |
GAYS LIKNIAS WgKSy Al taltide poift diBhgnfo@emane NBFSNJ G2 (KS

A semanticallybinding phrase variald (introduced in chapter7.3) can be used for time phrase
interpretation. In case oft 4 K S yhraGeédesignatingme, the system finds fact matcling the time
phrase, andhe time index of the matched fact issed to produce a new factor example ifrigure32,
the background rule to interpret th inputsentencehas a phrase variabledoes ), and it cammatch the
GAYS LikeNkl@ § &4 0 W K N gegofdeohdtion 6 WR 2 Stdinpep @S 02 YSa o0WGiKS ot
GKNB gy |G @AY Sdpes o .The tieSytenNuliLily to hal yiefact{( K Swadthrdwh
F 4 0 AMonStheQcontext memory [ SG Q& FaadzyS GKFEG | YFGOKAYy3I FI

24



t:0Y MY LJ2 A ¥ (i Q (contBxE hemdrs Tha tfne indes of the fadt:0:1:point) will matchthe time

@ N timeyi BvenPthe right side of the rule will produeenew fact with the time index{ ¢ Kd tiie A
speed of the ball at t:0:pointQ. In this way,a time phrasein a generated facis replaced witha time
index

Input: 'What is thespeed of the ballvhenit was throwrK W

What do__ whendoesp ¢y Q | Y R
YR attimed Q
imply W g Kdb_(i at time) K Q @

Figure32: asentence with aconjunctive time phrase, and a rule to recognize it

In case of a sentence with a time phrase usingnfmite (in Figure33), a background rule can
recognize it in a similar wayThe example sentéhS WCA Yy R (i Kd®Bhit thé grobndHeférs to | 1 S &
the right time point of the time interval of thenovement. The second condition{i K S @& ® O i
Y2@S (i ¢skhg Ritlal event(st@rh§ to move, and its time index is assigned to The first
condition matche the input sentence, andhe to-infinite phrased WK A G (i KsSassigrie® tdhg R Q U
phrasevariabledo . TKS G KA NR O2 y RXAdI AIRY ® i &iid rightEneiddaf an

eventout of a matching factni the context memory. The right side of the rule produces a sentence
about the duration with the two time points representirige time interval

Input:
'Find the time it takeso hit the groundW

WCAYR GKS {(takas62 R2paSDOY
YiKS AdaNGE G2 Y20S |
YiKS Mo 2ISdDicayQ

implyWg K G Aa GKS RdNI A2V YROCRHEQOY i SNIDI f

Figure33: an example of tainfinite time phrase, and a rule to interpret

A time phrase usingn adjective word requires an additional process. An adjeotveed modifies a
noun inside a sentenceC 2 NJ S EANYYALGEAS W @St 2v8ldcify dfthe fXSBtMS pakt ofittee (1 K S
movement but it is anoun phrase that can appear arplace ina sentence A generalized sentence
pattern is not enougho recognize such an adjective because thesabe too many sentence patterns
with the adjective. Thus there should be a way to match an adjective, and the matching results should
be passed to the time vatuof the sentenceThe first rule irfFigure34 accepts a sentence describing the
value of a vector.¢ KS LIKNJ 8S @I NALl of BKSPIISREZNIpAWBRS X YS YILIK K
@St 2 OHeilitBeyBtem teis to find other rules that can match the phrase. The phrasenailththe
second rule generating the initial time tége(initial), and it will be passed up to the sentence assigning
initial time point (for example, t:0:6:initial)In this way, gart of an input sentence matching a phrase
variable can trigger other rules, and it is used to recognize adjective time phrase.

Input:
Y ¢ Kidal velocity2 ¥ GKS oFff Aa o Ykaow

WHS Qlshivdpdzy A G { pQ

impliesWi KS Y I 3y A {dzR&nunFunki KSY @S Ol 2 NI
WAYAGALT @SOG2NYPQ

impliestime(initial).
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Figure34: an example of adjective time phrase (initial~, final~, whole~, total~), and rules to interpret

There are more types of time phrasesinga preposition,and a relative clause Theycan be
recognizedusing background ruleas Figure35. Also, @qiantities other than time caibe represented
using a phrase. Theagnitude of the displacement zero was represehtssing a prepositionalhpase n
Figure35-(3).

1. Relativeclause
Ex) 'What is the totaime for which the ball remains in ai#’
wdzf S0 WoKIFIGIFANI aBX¥SHKREPYKQ | yR
WR2WG GAYSYAYGaSNIBLT pQ
implied WoKFG A& (aARXNTBEQAYWH SNt yKQD

2. Prepositionatime
Ex)'What isthe balls speedat the end of5 second& Q
Rule)¥#2 KI i A a K SatthedeBdDning UndT KIQ BS/SR
Wi KS AadaNGE G2 Y20S G ¢AypQ FyR
Wi KS RdzNJ_WritR t the tervatib¥tween Til Y R ¢ 2 ¢ Q
AYLE @ WoKIG Aa GKES ZRIERP2 T (K

3. Etc. other quantities can be referred using a phrase
Ex)%heballis caughiat the same heightifom which it was released® Q
wdzf S0 WYl!dges 210 SOKS a1 YS KSAIKG FNRBY 6KAOK
WiKS NBIAIMNY a G2 GKS AyAdArt tS@St |
AYLX ASa Wik SI 2 0@ $ 0@

Figure35: types of time phrasesand corresponding rules to interpret them

In this way, time was represented amatural language frameworkThe introduced representation
using time variableo ¢ A X ¢ 2  Shrased W KB yi ReS apypy Qo | NBE ISy SNI €
GKIFIGdG GdKS® R2y Qi ySSR (42 6S FRRSR F3IAy 2y0OS | RRSR

9.0. REPRESENTING PHYSICS MENTAL MODELS
A weltknown problem in natural language understanding is that people have schemas for many
common events and @S OO0 & @ ¢tKS OflaaArad SEFYLXS A& GKS NBai
gt 1SR Ayld2 | NBadl dN) yao ¢tKS YSydz 61 a O20SNJ AY
Ffy2ad Fftglrea KIFE@S YSydzazI a2 (K&wukhkasiedBnentohes fet. d (i KS
Similarly, understandinghgsicsproblem solvingequiresoneto build a mental modebased ora given
problem.The mental model of a physics problem reflects the physical configuration and motions of the
objects it mentions.That is, when the problem states enough information for the student to identify the
mental model, the student can fill in the rest of the mental model effortlessly. For examplé&htiog+
upwardmental model requires a set of background knowledge albbetinitial speed and direction, the
gravitational force, and the trajectory going up and falling down after reaching the highest Gt a
dGdzRSy G KFra FAIINBR 2dzi GKIG 'y 2062500 KIFa oSSy
T £ A 3 &sivhamNigudusly to the location and time point where the object is at its highest point. This
background knowledge is different from thelimbinga-slope mental model, which is not related to
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trajectory movement. Each mental model requires a differeset of background knowledgeA physics
textbook usually includes different mental models so that students can practice phgygiiging
principles in different situations.

It is obvious thagll such schemas cannot leasilypredefined because of divergiand variations of
mental modelsavailable in the real worldSuch a approach to usa set ofpredefinedschemas with
variations that authors would select and fit will significantly restrictapplicableexamples and this
approachwill sufferfrom the same problem of formal languagleat the schemagamot be modified by
non-programmers. The previous system includingPyrenees(Figure 36) used formal language to
represent such schemas for mental models, amty programmers were able tmodify such schema
encoded m program code. For example, when a new type of moti@pinis needed this new type
should be added tahe schema and the corresponding principlessing the new type should be
modified toa But, non-programmers cannot dthis. Thus,NaturatK needs taepresent mental models
in natural languagé maximize the advantages of using natural language in authoring perspective

motion(missile, tpt(1), curved(projectile, dnum(45, deg), esifpd)),
motion(missile, during(1,2), curved(projectile, unspecified, dnum(90, deg))),
motion(missile, tpt(2), curved(projectile, unspecified, unspecified))
constant_accel(missile, during(1, 2)),

Figure36: amental model for projectile movementepresented in formal languaga Pyrenees

Perhaps the main work done by Natukalauthors iso representmental modelsespecially in
building initial knowledgebaseHowever, once mental models are added, they carrdhesed without
adding again.Representing a mental model in natural languaglesis not a trivial problem.A mental
model consists ophysicsfacts, events, backgroundknowledge and principlesand theyare related
throughtime. Furthermore therecan bea number of variations foa mental model For example, the
throwing-upward mental model can have variat®such as throwingipward on the ground, throwing
upward on a buildinghrowing-upward in an elevatortc.

As an illustration of the kind ofvork that a NaturaK author must do, this chapter discessa
physics mental model anils variousextensions The throwingupward mental model will be used
through this chapter. As discussed later, many mental models have been represented in NHKtural
Doing this authoring required no new representational mechanisms beyond those presented already
namely:rules, principlessemanticallybindingwords and time phrases, and temporal reasoning.

9.1. A BASIC MENTAL MODEL
A basic mental model hdssicknowledge for physics events. In case of an object thrown upwtarsl,
evert can be modeled byhe starting movement the endingmovement, and the movement between
the two eventsas shown irFigure37.
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UGKS 202S00Gy aidl NIia @0 2 ¥ YiRe@§ecta hitdNthelg@uad afjl:
T Tj

Figure37: the basic mental model for throwing upward

The starting movement of an object at a time point is represerig® (i K S _ 2star& $oQribve
& 0 NJ A 3K { Thassha nlatdral ldngudge sentence wittmanticallybindingvariables (object_, and
T ). This representation is given to a right side of a background rule to praalueeentof the starting
movement. ¢ KA & NHzZ S aK2dZ R 6S GNARIISNBR 6KSYy I LINRPOE S)
objed_ is thrown_dzLJg | NaRoyihgs representatiois given to the condition of the ruleThe variable
T_ appears only at the right side of the rule, so a time index referring to a time point will be created (for
example, t:03:point).

'An object_is thrown_ dzLJs | NR ¢ W
implies'theobject & G NJia (2 Y20S A0GNXAIKG dzZL) FG ¢ ypwd

Figure38: a rule for starting movement

The second rule describes the movement of the object at a time inteamdlthe ending movement.
The movement bthe object in the time interval is representdry Wi K S _2ni@$ 4 the interval
between Ti | Y R The ¢rdidgpf the movement is representedy Wi K S zhiisah® Graund at
¢ 2 (Tkls rule will be triggered when the problem statement@&® Sa | aSyiSyOS_YI (4 OKA
Ad OGKNRBgyYpyQ 3IAPSY G2 GKS O2yRAGAZ2Y 2F GKAA NMHzZ So
part of the rules, thus a new timmdexfor each ofthem will be createdfor example, t:03:left and
t:0:3:right).

'‘Anobject Aa UKNRgyYy QW
implies'the object moves at the interval between TiF Y R ¢ 2 ¢ W
and'theobject KAia (GKS 3INRdzyR (i ¢2¢Wo

Figure39: a rule formovement at the interval and the final event

If there is no mention about throwing from a high place, it is assumed that the object returns to the
groundat the moment it hits the groundrhis knowledge is given ihe following background rule. The
time index (t:03:right) generated in the previous ruleill match the time variable T_.

'An object_ hits a place at T_."' and
‘the object_ is thrown_ from a height of num unit_."' unknown
imply 'the object returns to the initial heighat T_.'

Figure40: a rule for theevent returning to the initial level of height
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The following facts will be produced as a resuthée problem of throwingupward is givenKigure
23), and te initial velocity is interpreted by the ruie Figure24.

Yhe ball starts to moveatraight upat t:0:3;point® Q

WGKS olff Y20Sa I left&an8toBygBSMNI t o0SG8SSy GvYn
WGiKS oFftf KAGaEEghttRS ANRdzyR G dYnYoyY

WGiKS oFftf NBGdzNytD:3:xgat' § KS AYyAGAFE KSAIKG |
WGKS YI3IyAddzRS 2F GKS gSit@aade 2F GKS ol ff

Only the right time point (t:0:3ight) has anew time value (T2), and all the others will have the
initial time value (T1). Thus, the final facts will have a time vatu®llowing.

WGKS oFff adFNIa G2 Y20S a0NFAIKG dzZLI Fd ¢mo
WiKS olff Y2@Sa G (GKS AYUSNEIt 0SG6SSy ¢m
WiKS oFlftf KAGA GKS EIN\BdZYIV? Fd ¢HPQ

WGiKS oFtf NBGdzNya G2 GKS AYAd )\I-t KSAIKG
WiKS YF3IyAiddzRS 2F GKS @St20Ade 2F (GKS ol ff

9.2. MENTAL MODEL EXTENSION
There can be variations of a physics madakriting thebasic mental model[ S Qa OFff (GKSY
of a mental model sharing common knowledge structuré/hen an object is thrown on a place higher
than the ground, a newime point designating the moment returning to tltial levelof heightshould
be inserted in the middle of movementThis event is represented by a sentensgh a new time
variablelike beforeo Wi K S_ reuar® ® @é initial heighat Tj_Qn Figure41).

j @h8 obgect Naétukn3 t thenital Beightiat ¢
T

TK 'the object_ hits the ground afkp ® W

Figure41: throwing upward on a high place

A background rule of the extended mental model produiaests about the evenof the first half of
the movement (the firstactionin theright side ofrule in Figure42), the event about the returning to the
initial level of height(the secondaction), and the object movement down to the grourthe third
action). The given initial height is assigned to the displacement of the lastdfdlfe movement (the
fourth action). The initial time (Ti_) and the final time(Tk_) are given from facts generated by the basic
mental model

'An object was thrown upward_from roof of a place2_numl _unitDist above a place and
'the object starts to move at Ti and
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‘the object_ hits the place at Tk_'and
Ti_ is atime point between Ti and Tk
imply $he object moves at he interval between Ti and Tj Q
|y e dbject_returns to the initial height G ¢ 2 ¢ W
|y #e dbject moves straight down accelerating ditet interval between Tj and Tk ¥
FYR WGKS YI3IyAddzRS 27T _{ikndm RditBidtJat i@ $nwer8ay G
betweenTi YR .¢ 1 ¢Q

Figure42: the background rule for throwing upward in a high place.

A new time point should bereatedto the new variable for Tj designating the moment returning
to the initial heigh. But it cannot be created bgimplyintroducing a new time variable in the right side
of the ruleasdone before. This time point has a constraithat it is between the starting point and the
ending point. This constraint is representdsy W ¢ B atime point between Ti | Y R , antlitli<yiven
to the condition of the rule.This condition matckesa logic ruleof a corresponding logic procegBigure
43). The logic rule hase internal representatioror atime pointin the right sidetmid(Ti_, Tk))) and
it is assigned to Tjwhen matched.Theconditionof the logic rules represented in natural language.

Wi _is a time point between Tiand Tk_.'
if Tj_'=tmid('Ti_", "Tk_")

Figure43: a logic rule to generate a mid time point.

There can be further mental model extension from the previous extenslb@a physics problem
asks about quantity of an objectelated tothe apex of theprojectile movement, an evenin the apex
with a new time point should be createdlhe event reaching the apex of the projectile movement is
NELINBASY (SR H&® WiKEKFnedPPE | i ¢c29Q

T] ‘the object_is at the apex &ty ®W

2 Idk&he phiestr. retarns fo thagitipl height @ty o w

Figure44: throwing upward and reaching the apex

¢KS NHzZ S F2NJ GKAa YSyidalt Y2RSt SEGSyairzy Kla O
starting movement, and the returning movement. When this rule is triggered, the event abeftrst
half of the movement up to the apex (the firattionin the rule), the event reaching the apex (the
secondaction), and the event returning to the initikleight(the third action) are generated.

W1 y 2 te&bBedihe apexAnd
'the object_ starts to move at Ti_.' and
'the object returns to the initial heightit Tk_." and
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Ti_ is a time point between Tiand Tk_.'
imply 'the object_ moves straight up decelerating to the apex at the interval betweenahid Tj_.'
and 'the objet_ is at the apex at Tj_.'
and 'the object moves straight down accelerating at the interval between dnd Tk_.'

Figure45: the mental model extension rule foreaching the apex

The time variable Tj in the rule is asignedasa mid time index between Ti and Tk using the
logic rule explained before] S &umethat a physics problem about a ring thrown upward from the
roof of a building is giverF{gure46).

Problem stéement: 'Jillian angrily throws her engagement ring straight up from the roof of a buildir
12.0 m above the ground, with an initial speed of 5.00 nidew long does it take for the ring to reach
the highest pointVith what speed does the ring hit theayund?

Figure46: A ring thrown upward from the roof of a building

Thefirst question of this problem is to find the duration of the ring reaching the highest point.
There should be background knowledge to inform the systemtti@guestion is asking about the apex
to trigger the extended mental model for the apex as following.

Wl 2g f2y3 R2S3a _Adreadhlthp BighdsepbidkKlQy 2 06 2SOl
impliesWii KS NB2DOHEBa GKS | LISEQ®

Figure47: abackground rule for the apex

¢tKSYys GKAAa oFO13ANRdzyR NMz S gAff 06S GNAIISNBR
trigger the mental model extension for the apex.

9.3. AN INFERENCE EXAMPLE
Two principles are required in problem solving foe tthrowing upward mental model. The one is for
initial and final velocitiesThis principle produces an equationwfa*t when an event about an object
movement is known at a time intervalThe other is for a displacement and an initial veloci®his
principle produces an equation d=vi*t+0.5*a*t"2 thithe same condition. After ttee two equations
are produced and given physics quantities are plugged in to the variables, the equation solver will solve
it, and final answerwiill be displayed

(a) | 'An olject_ moves_ at the interval between Ti and Tj_.And
'the speed of the object is constant at the interval between_Tand Tj_."' unknown and
‘theobject aGF Nlia G2 Y20S i ¢cypoy
imply vj-vi = a*t
where ¥i is the magnitude of the vetity of the object_ at TQ
and¥j is the magnitude of the velocity of the object_ at(lj_

(b)
‘The object moves_ at the interval between Ti and Tj_." and
‘the speed of the object is constant at the interval between Tand Tj_.' unknown and
'theobject adGF NIa G2 Y2@S |4 ¢cyow

imply d=vi*t + 0.5*a*t"2,

where Wi is the magnitude of the velocity of the object_ at(Ti_
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and W is the displacement of the object_ at the interval between Ti_an@ Tj_

Figure48: two principles for the throwingupward mental model. (a) Initial and final velocities (b) displacement and initial
velocity

[ SGQa | aadzyS K IFiguredeKiSgiveiTto/tiae sysI@AD theSfikst séntence, the
rules for the basic mental model will be trigger@elgure38, and Figure39) producing following facts
(the intial velocity 5.00 m/s in the first sentence will be interpreted by the rulEigure24).

WGKS NAyYy3I adlFNlia G2 Y2@0S aGNIA3IKEG dzLJ G GYn
WGKS NAY3I Y2@0Sa i GKS RYNISNGI®Q 0SGoSSy Gvyn
Uhé ring hits the ground at t:QY NA I K G ®Q

WGKS YIFI3IyAiddzZRS 2F GKS @St20Ai0e 2F (GKS NAy13

Thefirst sentence and the two generated facts about the initial and final events will also match the
mental model extension rule foa throwing upwardcasein a high placeRigure42). The time index
t:0:2:point will be assigned to Ti_, and t:0:2:right to_ Thy matching. The logic ruldi§ure43) will
match the last condition of the rule creating a time indemid(t:0:2:point, t:0:2:right) assigning to Tj_.

As a result of triggering the rule, following facts will be produced:

We¢KS NAY3 Y2@Sa G GKS AYyOGSNDIf «@gbtfis SSy GYn
'The ringreturns to the initial height & GYYAROGGYNYHYLRAY UG GYnYHY
We¢KS NAY3I Y2@Sa A0NFAIKG R2 apidt:0Q:pdnt, DRFightlayd 3
GYnYHYNRIKGQ

WGiKS YIF3IyAdGdzZRS 2F (KS Ratdhedten@Soatdegni:mid(#0:2pdns N
GYNYNRIKGO YR GYnYHYNRIKIQ

The first question sentenceaskingabout the duration to the highest poinwill be interpreted
producing the fact that the ring reaches the apex the rule inFigure47. It will trigger themental
model extensiorrule for the apex Figure45). Tj will be assigned with aew mid time point for the
apex between the initial time point (t:0:2:point) ral the returning time point (t:mid(t:0:2:point,
t:0:2:right)), i.e. T| becomest:mid(t:0:2:point, t:mid(t:0:2:point, t:0:2:right)) The resulting facts
produced are as following:

WeKS NAY3A Y2@Sa A0GNFAIKEG dzLJ RS 0&@:2pbidtand y 3 G 2
t:mid(t:0:2:point, t:mid(t:0:2:point, t:0:2:rightXp

'"Thering is at the apex at t:mid(t:0:2:point, t:mid(t:0:2:point, t:0:2:righd)

"The ring moves straight down accelerating at the interval betwéenid(t:0:2:point, t:mid(t:0:2:point
t:0:2:right))andt:mid(t:0:2:point, t:0:2:right}2

The last two questions will be interpreted by the following background rules

a Az GMBISOR 2INJ LIKISO2pedS OHiy R
WiKS daNGE G2 Y20S +d ¢AypQ FyR

WiKS 2em@eSthdiplace & ¢ 2y Q

LYLX &8 WKF{G A& (KS _Rtthe nervalhBivedryTil 2R Wa&KEBK @b 2

Yl 2¢g t2y3 R2S
u

With what speed does the objecthit a place_?" and
Wi KS hisapadl i ¢y
LYLE &8 WoKIG Aa (GKS weabiga § dzRS yXROIKS @8t 2 OA
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Then, the two questions will be translated in physics representation thatregoh principles.

WgKIFG A& GKS RAALXFOSYSyd 2F GKS NAy3d |4 GK
GYYAROGYNYHYLRAY(GZ GYAYHYNRIKGOOKQ
WgKIFAE GKS YI3IyAddzRS 2F (KS @St20Ad0e 2F (KS

WeKS NAy3a Y2@08a +d GKS AyGaSN®BLt 4

", Lo

WeKS NAY3 Y29Sa &GN} A3KE dzd RSO
WoKIG Aa GKS RAaLJtlosvsyu 2T (K Yy3IK
v 9GKS NAYy3 ra bG GKS | LISEW

fSNFGAy3a G2 (K&

t:mid(t:d‘:z:point, t:mid(t:0:2:point, t:0:2:right))

WeKS NAY3I Y208a &GNF A3
S AN} AIKD dzLJQ

'Stzoxue 2 F VWE
"The ring returns tai K S )\ 3/7\ uArlt

WiKS NAyYy3I adl NI a
WGiKS YI3yAaiddzRS 27

Aa podnn YkapQ KSA3J

i A
..

FaYYAROGYnYHYLRAYGS GYnYH

:w¢r<§ NAy3 Y20S8a adNyA3IKiE R

t 0 2:right

. A iKS 0a
WeKS NAY3I Y2USa au NJ AEIKlyg KFF%ng}\éI %%%t SYN‘]EILVAAYUEH%
Wi KS NJ\)/EI Yy2¢gSa 4 GKS AyidS

Figure49: the produced facts with time index attached

Figure49 depictsthe produced fad with a time index attached on the trajectory of the object.
After the final time values are assigned, the final set of facts produced will be generakguas50.
Additional factssuch asdirection of a vecto and default factsabout gravity can be driven from the
known facts, and they were added at the end of the set

WiKS NAy3 adlNIa G2 Y205 &GNI AIKG dzld F G ¢emd
WiKS NAyYy3a Y2@Sa i GKS AyiSNBIt 0SisSSy ¢wm
WiKS NAYy3 KAGE GKS INBdzyR i ¢noQ

WiKS aRIy2AT GKS @St20AG@ 2F GKS NAy3 Ad pony

WeKS NAYy3I Y220Sa I 0KS AYGSNBItf 6Si6SSy ¢wm
‘The ringreturns to the initial height G ¢o Y

We¢KS NAY3A Y2@Sa A0NFAIKG R2gy | O0OSt SN GAy3
WGKS YI3yAGHRSYSFUGGEKS RKRKSLINAYI A& mMHdn Y |
We¢KS NAY3A Y2@Sa A0GNFAIKEG dzLJ RSOSESNYI GAy3a G2

WKS NAyYy3I A& i GKS LISE G ¢HdQ
Whe ring moves straight down accelerating at the interval between 2R ¢ 0 Q
WgKIFEG Aa GKS RAALIXFOSYSyd 2F GKS NAy3d Fd (K
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WgKIFG Aa GKS 3y AGdzRS 2F GKS @St20Aad6e 27F &

v
y ¥

y 27 BKEyGSNBDA
y G C

Wi KS RANBOGAZ2 2F KS @St20Ai0e 2F (GKS NAy13

WGKS RANBOGAZ 18SABFSEHSECMAY AR
Wi KS RANBOGAZ2 2F KS @St20Aie 2F (GKS NAy3

WiKS RANBOGAZ2Y 2F (G(KS RAALX FOSYSyid 2F GKS N
Wi KS RAN$cmM£mfmGsm$yu 2F GKS NAyYy3a Fd GKS Ay
Wi KS Ylayxudms AGA & KBS VE& 20h léne@@ (KS

WGKS YI3yAaldRS 2F GKS RA&LIFOSYSyd 2F GKS N
WEKS YIF3yAldrRSy R RKFS GRASA LRIy 3 Aa MHDn Y |

the location is near the eartf2
W {i iie§nitudeof gravitational acceleratiooni KS S NI K A& ¢ddPy YkadQ
WGiKS YIF3IyAddzRS 2F GKS | F o

WiKS RANBOGIBSAYy ia2yiRrS I

Figure50: generated factsat the end of the inference stage

This set of facts wittigger relevantprinciples inFigure48. The given values (5.00/sp12.0 m) are

assigned to the vaables in the principles, and the following equations will be produced as a result.
Additional equations for time such as (Tik=Tij+Tik) and displacement (Dik=Dij+Dik) were not shown for

simplicity.

% for vjvi = a*t

(0O m/s)}(5.00 m/s) =(9.8 m/s"2)*#12

(-5.00 m/9 ¢ (0 m/s) =-(9.8 m/s"2)*23
v4-(-5.00 m/s)=(9.8 m/s"2)*134

(-5.00 m/s}(5.0 m/s)=(9.8 m/s"2)*13
v4-(5.00 m/s)=(9.8m/s"2)*t14

% for d=vi*t + 0.5*a*t"2

d12=(5.00 m/s)*t12+0.5%0.8 m/s"2)*t12"2
d23=(0 m/s)*t23-0.5*(-9.8 m/s"2)*t23"2

(12 m)=(5.00 m/s)*t34+0.5*9.8 m/s"2)*t34"2
(0 m)= (5.00 m/s)*t13+0.5*9.8 m/s"2)*t13"2
(12 m)= (5.00 m/s)*t14+0.5%9.8 m/s"2)*t14"2

Figure51: generated equations

Now the system calls the equation salyEssing the set of equations to get final answers.

t12= (3.2 sec)
v4= (8.00 m/s)

Figure52: the output of the equation solver

The final answer will be displayed with the netllanguagedefinition of the quantities asked ifné
problem statement

Answers:
The duration at the interval between T1 and T2 is 3.2 sec.
The magnitude of the velocity of the ring at T4 is 8.00 m/s.

Figure53: The final answers generated
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The actual principles and variables aréttle more complicated than the examples presented here.
For example, depending on the directions of an initial vector and a final vector, the sign of velocity in the
equations should changeHowever, they are not difficulto implementand they were ot explained
here for simplicity

This chapter has illustrated the complexity of a functional, extensible mental mddé. high, but
not overwhelming. Constructioof an initial version of most mental model probably would need to be
done by an expérauthor e.g., a knowledge enginerather than novice authorsHowever, extensions
to the mental model can be done by experienced authdsilding and extending mental modelsoise
of the main worlsrequired of NaturaK authors.

10.0. INFERENCE

This chaptr discusses the infenee processes used by Natukalwhich are done using knowledge
represented in natural languagé&.he output of each step of inference is natural languagpelit hasan
advantage thatthe intermediate inference results can be read agyone. It makes authoringasks
easier allowing noiprogramners to add and modify the knowledpgase. Also, the intermediate
inference results can be used to provide hiatgl explanationso a studentbeing tutored

Theinference process includes threstages. In the first stage, inference is done only with Ron
default knowledge.In the secondstage both default and nordefault rules are usetbr inference In
the third stage, additional inference for rules with a phrase variable is done.

10.1. FORWARD ANDBACKWARD CHAINING
Forward chaining is the basic method of inference used in the system, and backward chaining is
triggered in the middle of forward chaining in limited situations.

A physics problem statement is given to the system as infilie input tiggers rules generating
facts inserting to thecontext memory The generated facts trigger ruleandnew factsare generated.
This processsi repeated until no new fact is generatedStarting from given datath{e problem
statement), the system findsldamplied facts I is called datadrivenreasoning

However, forward chaining has a problem generating too many facts not used in finding solutions.
This problem gets worse whdhe physics mental model hasultiple time intervals. The number of
generakd facts can grow fagts the number of time intervals increasds case of four time points (T1,

T2, T3, and T4), there are six time intervals (i.e. T12, T23, T34, T13, T24, and fatdy.for all the
intervals are produced, the size of facts be@msix times biggenn case of six time pointtere are 15
time intervals. In general, here are total n(Al)2 intervals when the biggest time point is Tihhe time
complexity of inference is O(N(r)*N(f)*N(c)), where N(r) is the number of rulesjdNgie number of
facts, and N(c) is the average number of conditions per a i .all the factdn the all the intervalare
needed in problem solvingMost of them are not used in problem solving just wasting computation
time if generated.
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A truth rule checks validity of hypothesenot producing any new fact.hlis using them properly
can save computational timeThe first example ifrigurel? is a truth ruleused toreduce generatd
factsdue to subtime intervals If it is added as an implicatiomile, facts inall combinations oftime
intervals will be generated, and they will trigger other rules generating all other facts in the all intervals.
Most of the generated facts ithe sub intervals will not & used in problem solving ending up wasting
computation time. The facts about object movements in required time intervals were already
generated when a mental model was creat&dglure39, Figure42, andFigure45). There is no need to
generate all facts in combination efib timeintervals if not required. Thus, adding throwledgeasa
truth rule (Figurel?) can save time nogeneraing facts in all combinations dgime intervals. Noteahat
I GNHzGK NHzZE S R2SayQid GNRARIISNI AYLI A Oexistigfsts hiddzf Sax |
truth rules Basically an author can datmine which chaining (forward or backward) to apply for each
rule. Implication rules are for forward chaining, and truth rules are for backward chaining.

Backward chaining is triggered only when forward chaining reaches a dead\meh a condition
of an implicationrule fails to find a matching fact from th@ntext memory the condition works as a
hypothesis, and the system tries to find a truth rule matched by the hypothésikere is no truth rule
matching, the rule failgo trigger. If amatchirg truth rule found, the system tries to validate the
conditions of the truth rule. fe truth rule has conditions in the right sideas shown irFigurel6), and
they can be satisfied by existing fact$he conditbns failing to find asatisfyingfact will behave as
hypotheses and they will trigger othematchingtruth rules. It repeat until all hypotheses are satisfied
or there is no matching truth rule This inference starts from a hypothesis and trigger ottubes with
the hypothesis until all hypothesis are validatethis kind of inference is godriven reasoning.

Backward chaimgwas not applied from thénput statementbut triggered in the middle of forward
chainingbecausehere is no way that the sysin can knowthe final goalite. the sought quantitiesf a
problem) until thequestions in theproblem statement are interpreted. The problem statement is
interpreted line by linewhile readingit, and underlying implications are generatecsing forward
chaining first It is a natural wayor performing inferences while reading text.

10.2. DEFAULT KNOWLEDGE INFERENCE
Evaluatinghe unknownconditions should notbe doneuntil the firstinferencestage using noulefault
knowledge is completed.lt is becausetiis possible that new fastsatisfying the conditiogcan be
generated by other rules duringthe inference. Nondefault rules are applied first for inference
generating facts, andefault rules are appliedext

During compile time, rules are classifimddefault or nondefault knowledge based on the type of
each condition. Inference in the first stage is done without default knowlebiderence in the second
stage is done both with default and nalefault knowledge.

Inferencewith default knowledge cagenerate unexpected resultd.etQ @ssume that an unknown
fact A implies B and theunknown fact Bimplies C If the first rule is applied first, only B will be
generated. But if the second rule is applied fitstth B andC will be generatedrigure54 shows such
an exampleThe first rule is triggered when there is no mention about the location near a plahe.

36



assumed that the location is near the earth if not mentioned aboutTihe second rule genees the

fact about zero gravity when the location is not near a planet and it is in spftte first rule is applied
first, the fact abouthe location near the earth will be generated, and the second rule will fail due to the
first condition of it. IFT G KS &aSO2yR NUzZ S Aa | LIWIXASR FANRGZ

AN gAGeQu gted f 0SS ISYSNIF (SR
WeKS t20F0A2Yy Aa ySFENIF LXIFySGayQ dzy 1y 26 Y
impliesWi KS f20FGA2y A& ySFENI GKS SIFNIKWY

WeKS t20FdGA2y Aa g8 NI LI I ySaiypQ dzy 1 y26Y
WEKE20FGA2y A& Ay aLl 0SQ
imply Wbjects havezero gravit{

Figure54: an example of default knowledge that can generate different results depending on application order

To prevent these unexpected results depending on apptinabrder, generated facts fromdefault
rulesare not be directly applied to other default rule§he number of generated facts monotonically
increases, andancelling or removing generatéalcts arenot allowed in the current system

10.3. KNOWLEDGE SUBSUMPON

Inference using kowledge represented in natural language can have an-geaeration problenif all
matched rules are triggeredFor examplén Figure55, (i K S ihy ludetimovesout of the pistolat a
speed of DOM/SQ  Ghatghthe two rules. Thefirst rule has a moregeneralconditionthan the second
rule. All facts matching the specifitle also can match the general one. Thus, two facts will be
generatedafter the two rules are triggeredin thiscase one of them can be undesirable outpuand
this problem is called an ovgeneration problem.Among the two generated outputs fRigure55, the
first one was ovegenerated. An overgenerated resultfrom a question can bring about a critical
problem in problem solving while other cases can be just ignored during inference.

Input:
Whebullet movesout of the pistolat a speed of B0 m/s.Q

Rule:
Yy 2 ;m@&&Odiaspeedofnumdzy A G ¢ Q
implied theknagnitude othe velocity of the object is num_dzy A G ¢y Q ®

Wi object moves_ out ofaplace ata speedof numdzy A G { LISSRyYQ
impliesWi KS Y I 3hekelodnRdithe Bbfect is num_ unit_ when the object movesout
of the placeQ @

Output:
the magnitude of thebulletA & 0o YK a ®Q
Yhe magnitude of thébulletis 3 m/s when thdullet movesout of the pistotb Q

Figure55: overgeneration example (an input sentence, two rules, and the two facts generated)

Only the most specific rule among all matching rugg®uld be triggeredo deal with the over
generation problem.For this, here needsbe a way to find the most specific ruteatchinga givenfact.
The kowledge subsumption relation is usddr this purpse (Brachman & Levesque, 2004)If
knowledge A is a generalized version of Knowledge B, theubsumedB. Each rule is matched by all
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other rules and a graph of subsumption relations is built during compilation tileule can have
multiple generalizedules Thus, subsumption relations can be drawn as deggtaph(Figure56).

Rule A Rule B
Rule C Rule D
Rule E Rule F

Figure56: Subsumption relations drawn as direategraph

During inference, a terminal node (i.e. the most specific rule in the tree) is selecteapalidd for
matchingtest. If it fails to match, therit goesup to the parent (i.e. thenext specificrule) and tess
again. It is repeated until a matdhg rule is found.If there is no matching rule when it reacditne root
node, it moves to the next terminal nodeThe subsumption relations are compiled whenever the
knowledgebase is updatedndii KS& R2y Qi KI @S { 2thedeStugdaeYlhikisvaR | I+ Ay
the inferenceprocess avoids possible ovgenerationsby applying onlythe most specific rule.

Subsumption relations are also used annegation rule to suppress an undesired rule from
triggering éxplained irchapter6.1.3.

10.4. INFERENCE WITH PHRASE VARIABLES
Rules with a phrase variable require special ctoeinference. [ SGQa | aadzyS GKFG
knowledgebase is emptyln Figure57, the time piNJ & S  Wétkrs to dhe iifial heigh@matches
the phrase variableloes ¥ | yR GKS &S02y R 02y RA ieturBsyto thedinitiddBS LI | OS
heightl G { 7BMtStyidfdil to find a matching fact in the empty knowledgebase.

Input:
'What is the speed of the ball whéehe ballreturns to the initial height W

What is the speed of an objecwhenR2 Sa y¢pQ I Yy R
WR2 Skl dAYSypQ
imply W ¢ Kid thie speed of anobjectt & G A YSQPYKQ®

Context memonafter default knowledge inference
9 Wi Kturdsltofthie initial heighof the ballat t:0:1:leftQ X X Y

Figure57: an example of inference failure due to a time phrase

As shown inFigure4Q, the fact about the event reirning to the initial height is an action of a
default rule withan unknown condition, and this rule is applied during the default knowledge inference
adr3a3sSe [ SiQa aadzyS GKFG GKS aegadSy FTAyYyAaKSR GKS
abodzi G KS S@Syid NBOdzNYyAy3a (2 GKS Ay AolithelmbvenieStat I K 6 Wi
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G Y n Y m YHis $agt ivitn@tohthe second condition of the rule Figure57, and it will becomél (i ks 6
returns to the initial heightof the movementl i  § Y .1 The fitdt Somditieh will be replaced with
WgKIFG Aa GKS & LiRda rerirfis taithednitia hefgHtf thé io8eynen But, therule

will fail again because thigplaced ondition isnot more generalthan the inputsentence Notethat W2 ¥
the movemen? A & Y A dnjut seendeyanditHé Sondition is not mogeneralthan the input
Thus, both cases fail to trigger the rule.

This rule failure occurbecause the ordeof matching conditions can influence the results of
inferencein case a phrase variable is includ&lhen acondition is matched, variables in the next
condition are repaced with matched values becomingpre specific. Thus, as conditions are matched, a
fact satisfying a phrase variable becomes more spedfim. exampleijf the first condition is matched
first, the phrase variabledpesp p0 A a YI G§OKSR o6& GKS FIFO00 6WGiKS ol ff
input sentence.The second condition cabe matched by a fagqualto or more specific than thaaput.
On the other hand fithe second condition is matched firshe phrase variabledpes ) is matched by
GKS FIFLOGU AYFTSNNBR o0& GKS RSTFIFdzA G | yiesnbvBrieBt& o WG KS
G Y n Y mThé fissFcdndlitbn sbin be matched by a fatjual to or more specific thathis.

Thus, matching order matters when conditions include a phrase variéblerder to deal with this
problem, the system has an additional irdace stage for rules with a phrase variabieludedin two
conditions The onditions in the rules are checked from the first condition agalhis repetition of
applying the rules, but the results can be different because more facts were generateck libfs
inference stageFailed rules due to a phrase variable can be triggered at this stage generating facts.

10.5. INFERENCE WITH SYMBOLIC TIME INDEX
The time index is represented with the head, a sentence number, a word number, and a type tag such as
t:0:3:left. This is symbolic representation of tim&hus, it is possible that multiple time indexes refer to
one time point. In the generated facts ifigure27, both t:0:3:point and t:0:3:left are referring tolT
Special care is required for this case during infereredackground rule with the same time variable in
multiple conditions can fail to trigger-or example ifrigure58, the first Ti will matcht:0:3:poirt, but
the second Ti will matchto t:0:left. The time variable Ticannot match two different symbols, and the
rule fails.

Wiy 2a88Qiia G2 Y20S i ¢AygQ | yR

Wi KS _amovesSadiie interval betweenTiF YR ¢2¢Q F YR

YWiKS HdaSAEKNRsY Q

LYLX & Wiidses i prajestidat the intervalbetween Ti YR (12 ¢29Qd

Figure58: a background rule inferring projectile movement

For this case of inference failure due to symbolic time index, the inference sheulidre again
after all the final time values were assigne@he current system cheskules with conditions which
have the same time variable, and perform inference again to find facts missed in the previous step of
inference.
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11.0. NATURAL LANGUAGE AS KNOWDGE REPRESENTATION

Using natural language as knowledge representation means that natural language itset form
of knowledge.But there areissuedn using natural language such as ambiguity, vaguepasaphrases
etc. To be used in a coputer system,tiwas generally believed th&nowledgerepresentationneeds to
have properties such asverifiability, unambiguousnesstandard (or canonical)form, inference with
variables, and expressivenegdurafsky & Martin2000)

Formal language such as predicairgument structuresatisfesthe properties and itis usedin Al
systemsin general Formal language was regarded as representation of the deep meaning of natural
language, and natural language was regardedg@aface level representatiorDue to the problems in
using natural languagesonstrainednatural language without ambiguity and vaguenegss used in
previous studiegFuchs, Kaljurand, & Kuhn, 2008asicallyconstrainednatural language is a kind of
formal language. Other studiesusing natural language as knowledge representation also focused on
formality (Iwanska & Shaprio, 200@nd applied to logicelated applications such as Booleanedda
and logic reasonin{@hapiro, 2000)

Another approach is to transform natural language into forfaaguage(Novak Jr., 197 {Bundy,
Byrd, Luger, Mellish, & Palmet979)(Ritter, 1998) The transformation approach has a problem that
principleswere stillwritten in computer program codes and th€y2 dzf e ywidtén byauthors who
were not good at computer programmingilso transformation requires knowledge to translate natural
languageto formal languageand such transformation knowledge was encoded in computer program
codes too. For example, templates were used to recognize natural language patterns and transform to
formal language, but only programmers were able to update such templdtesasone ofthe reasors
why this approach faced increasiulifficulties as the si& of the target world growsThe approach using
natural languageepresentationis different fromthe transformaton approach in theoint that natural
language itself is used as knowledge representation and inference is done in natural language.

The knowledge representation presented in this thesis uses unconstrained free natural language
allowing ambiguity vagueness, paraphrases, etc. Knowledge represented in natural language can be
verified using matching to existing fact$he proposedemanticallybindingvariables enable inference
with variables. Expressiveness is not an issue because free nangahte was allowed to represent
knowledge. These properties fulfill the requirements of knowledge representation to be used in a
computer system.

But the issue of ambiguity and paraphrases (i.e. no standard form) in natural language
representationshouldbe addressed In knowledge acquisition perspective, knowledge added in natural
language directly by humans has ambiguity and paraphrases. Thus, it is inevitable to allow ambiguity
and paraphrases in knowledge representation to unify knowledge used toatsiand knowledge used
by computer systems.

Figure59 showsexamples of syntactic ambiguity.¢ KS LINB LJ2 & A G A 2 #illQf  OLIK NI6ESS
I 4G OK 8 Rrplahé? Ngdw® depending on the attachment of thprepositional phrase, the
meaning of the sentence cdoe interpreted in different ways If it is attachedto Hn airplan€ the
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airplane wason the hil. L¥ A G A a | G4 OKvaRon ihe hill¥ aHe dwo Xiffeieit S
interpretations can be reprented in formal languagas saw(man, onéirplane hill)) and saw(man,
airplane on(hill)) respectively(Figure 59-(b)). Ambiguity resolution means choosing ooet of the
different representations in formal langge.

(&) | A man saw @ airplaneon the hill.

(b) | saw(manon(airplane hill)).
saw(manairplang on(hill)).

Figure59: an example of syntactic ambiguity (prepositional attachment). (a) an input sentence (b) two interpretations in
formal language.

In case of natural language representatiambiguity is not resolved by choosiag unambiguous
representation. Theinput sentence itsel{Figure59-(a)) is an ambiguousepresentation includinghe
two interpretations. Ly Yl yé& Ol 8S&aX GKS | Yo A 3 ddwnewrr, tReteSanpe (i
a situationthat requires oneo resolve the ambiguity For example, it can be required to infer whether
the manwason the hill or the airplanewason the hill in some physics problenin Figure60-(a), the
second sentencémpliesthat the airplane wa on the hill. Thus,the additional knowledge in the second
sentence provides information to resolve thenbiguity. The corresponding background rulses the
two sentences to infer that thairplane wa on the hill ih Figure60-(b)). In the exampld-igure60-(c),
the secondsentence provides information about tlarplane flying in the skyandit can be inferred that
the manwason the hill The corresponding background ruie infer it is shownin Figure60-(d). In this
way, an mference rule using additional conditions can be used to resolve ambighityice that the
input sentence still has ambiguity and it was not replaced withuaambiguous representation like
formal language. In this way,inference with additional knowlege can havea role of ambiguity
resolution, and the issue of ambiguousness is a matter of inferencéhénnatural language
representation.

(& | A man savan airplaneon the hill.
The airplane crashed on the Hillong time ago

(b) Wiy | sh8aghioiect 2y | LX I OSyYQ FYyR
Yhe object crashed on the placealong time ag®
Imply Wi K§ s@e @Fh 4.kS LI F OSuwQ
(© A man savan airplaneon the hill.
Theairplanewasflyingin the sky

(d |W!y | sh8ghibbject2y F LI FOSyYQ I yR
W¢ K fect 2nasflying Q
ImplyWiKS BHE&y@y G.KS LI I OSyQ
Figure60: Ambiguity resolution inthe natural language representatiofa) the input sentence followed by another sentence

(b) a background rule to infer that thairplanewas on the hill €) another example of the input sentence followed by another
sentence () a background rule to infer that thenan was on the hill.

The issues ofagueness angdaraphrases are also just matter of inferencéha natural language
representation. If the representation is vague, then there shouldadmiitionalknowledge toperform
correct inference.If there are many paraphrases, then there should be background knowledge to
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recognize the paraphrase&eneralized natural language repsentation usingeemanticallybinding
variables can recognize some extent of paraphrastsyever n authoring perspectivegdding
knowledge foparaphrases or using standard representation is up to authid@uthors want to
standardize different expragonsin the same meaning, authors can determimstandard expression

andusdt. ¢ KS a@aiGSY R2Say Qi R istafdary rapiesehtitions bekayse fred R T N2 Y

natural language is allowedf two sentences matctthe form ofthemR 2 S & y Q (in thé by&témS NJ

Anissue arissfrom this approach How generakases of such ambiguities and paraphrasasthe
added rulesaccept?In the worst case, an author has to add rules every tigase by case to deal with
them. In this case, the number nfles to add will not decrease fast. the best case, the rules added
by an author have generality to recognize them fairly vaaitjthe number of rules to add will decrease
fast.

A notableadvantage of this approach is robustness. Evenworst casethe ambiguities and
paraphrasesanbe processed by adding cabg-case rules in an exampb@ased manner. The added
caseby-case rules can be used to find generalized rules by the system after enough examples are
collected. Arule can cover from a sp#ic case to general cases depending on how to write the rule
andit can be used either for an examgbased manner or a general rdb@sed manner.

11.1. USING UNCONSTRAINED NATURAL LANGUAGE
There is no constraint imposed on the representation language tardleK except a few predefing
variables Figure21). In previous Al systems, constraimtere from knowledge encoded in program
code,formal languageor grammar For exampleFigure61-(a) is a typical template used to recognize
natural language and transform to formal languageniany Al systemsThe condition in the left side is
not complete natural language because of the variables X, N, and U. And, the actierrighttside is
formal language.Often, a program module was called from the action part, and formal language was
encoded inside the program modul€igure7-(a)). Constraints came from such neaturatlanguage
St SySyida 6- 3 b Figure ¥(a)Ywhigho céninat bel ypdated bysers who are not
programmers.

(a) Template Wmovesk G b | Q

=>known(mag(velocity(X) dnum(N, U))

(b) ContextFree | S-> NP VP {VP.sem(NP.sem)}

Grammar VP-> Verb NP {Verb.sem(NP.sem)}

transforming to | Verb-> moves9A@) O 1T OBT C OMA AEAAOD
formal language| VP-> VP PP{@ @ Q@' 0 @ Q@mE Qd i Qooa Q

PR> P NP
P_> at= (b=ll ARY \Ivr
X

moves(X, at(N, U)) => known(mag(velocity(X)), dnum(N, U)))

(c) Semantic S->Object noves at Num Unigknown(mag(velocity(Object)), dnum(Num, Unit)) }
Grammar
Figure61: Previous approaches ttransform natural language tdormal language
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Semantic augmentation to conteftee grammar [Figure61-(b)) was another previous approach to
translate to formal language. An input sentence was parsed and pacted componentwas
transformed toformal language. Knowledder the transformation was encodeid grammar, thus only
programmers could update such knowledge. Semagraenmar Figure61-(c)) ha more readable form
of grammar, but the knowledgeequired to transformationwas still encoded in grammar and only
programmerscouldupdate it

Wanstraintdmposed on representation languageasother name for knowledge modifiable only
by programmers.Unmodifiable knowledgevorksasconstraints. Knaledge encoded in program code,
formal language, and grammands up beingonstraints tousers Even though the previous systems
were not intentionally designedto have constraints, their representation language was practically
constrained because use®2 dzf Ry Qi Y2 RA T @& it faiedto dcéept @S Mput Thus,S y
designinga representationlanguagefor such knowledge to be modifiabley non-programmerwas
essential foran unconstrained representation language. Adopting natural languageeplae such
unmodifiable knowledge watsied for this purposein this thesis

Now, f S Gofd@are to the representation in Natur#l using unconstrained natural languaigea
form of rule. Bth conditiors and actiorsin a ruleare represented in natural languegand they can be
updated by norprogrammers. It is possible becausao knowledgeis encoded in program code,
grammar, or formal language

Yy 2@ atihyn_ unit W
impliesWi KS YIF 3yAiddzRS 2F G(KS wc©20A08 2F (KS

Figure 62: knowledge in unconstrained natural language

Evenan ungrammaticalsentencecan be accepted if there is a rule with a condition of the same
sentence. For example,random character sequence was given as an inpkigure63-(a). Thestring
isnot evenEnglish However,f S0 Q& | AIXKde¥WS aimRy 3 OFly KI @S I YSIYyAyY
an endangeredanguage An English parser witkoduce broken parse treeat the input, but it will
match the condition of the rule iRigure63-(b) because the parser will generate exactly the same parse
trees though both are broken. Thus, the rule will be triggegederating the meaning of the &g,
Wy A0S (2. WSpkeiiouséransiz@mation approaches,an input language waspractically
O2yaidN}AYSR 0SSO0l dzaaSysertcdabhpt yeinpiffals InYhe énkofgrained
language approach, #ninput is not accepteda user add knowledge to make it accepted. So, there is
no constraint now.

(@|Wwdzal dzal dzOKI OKI Q

b)[Wda+ dAar dzOKF OKF Q
impliesWA i A& yAOS (2 YSSi &2dzQo

Figure63: accepting ungrammatical input@a) an ungrammaticasentence (b) a rule to accept it.

Adopting thisapproachin principles(Figure7-(b)) made all levels of knowledge representation
completely separatedrom program code.Instead of calling prencoded programmodules the rules
generate facts triggering other rules until the final outputs are generated. Inference is based on
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matching facts and rules.No knowledge is encoded inside program code. Thereforeleaéls of
background knowledge can be added by fmogrammers irunconstrainechatural language.

11.2. INTERNAL REPRESENTATION OF A SENTENCE
Basically for matching a specific sentence to a general sentence, Nakurakeds an internal
representation of a sentence.The internalrepresentation should be abl® include ambiguities of a
sentence and it does not necessarily represent the deep meaningsaintence. Resolvingambiguities
is done during inference using background knowledgédthough inference should be used to resolve
many cases of ambiguitynd vagueness, a general mechanism can be used for cdeimiyn regular
syntactic variations. Paraphrases created due to syntactic variations such as passive and active voice can
be normalized in the internal representation.

11.3. AMBIGUITY
Ambiguity of natwal language includes syntactic ambiguity and semantic ambig@itth ambiguities
can be represented in the internal representation of a senteridas section explains the internal
representation for the two types of ambiguity

11.3.1. Syntactic Ambiguity

One d the problems in language analysis is that the current status of parsing accuracy is not good
enough for many practical applications in spite of recent advant@eg system uses a general purpose
dependency parser developddr this research The numbepf generatedparse trees depends on the
grammar rules that have been giveiioo manyparse trees can bgenerated by the parsexhen loose
parsing rules are applied, whitecorrect parse tree is often not generated when strict parsing rules are
applied. This section discusses some common syntactic problems and theéavagsdle them.

The ambiguity due tonepositional attachmenshown inFigure60 is at the syntax level The parse
tree when the prepositional NI &S o6 W2y (KS KA f fipland is dhowninihe GgktS R (i 2
top of Figure64. ¢ KS 20 KSNJ LI NBES GNBS 6KSYy (GKS LINBLRAAGAZY
shown in the right bottom ofhe figure. The internal representation of the sentencelig union of the
two parse trees.Thus, goarse chart containing all possibleeesis usedas interral representation of a
sentence (in the left part dfigure64). A chart parser generates a chart including all parsing candidates,
andoutput of the chart parseisused as the internal representation of the sentence
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s

A man savan airplaneon the hill.

(subject) (comp) (n)
)’ P Lo

A man saw an airplane on the hill.
subieen_Gom) (@ “ay  tay (rep)
N

A man saw an airplane on the hil. Eum s

%t) W W (subject)  (comp) /_(%
(prep NN

A man saw an airplaneon the hill.
A dependency chart
pereenes W @ @

Dependency Trees

Figure64: A chart containing adlparse trees generated is used as internal representation of a sentence.

Suppose that both the input senteng&igure59-(a)) andthe first conditionof the backgroundule
(Figure60-(b) andFigure60-(d)) have premsitional attachment ambiguity Then both parse trees of the
input sentencecanmatchthe both parse trees of theondition of therule. InthisSEl YL S Al R2:¢
mall 0 SNJ 6 KS G KSNJ UK SA aLINBLIR 4G KeSkpyedbapaugetndy have tReNSami
ambiguites [ SG Qa A dzLJLJ2 &S Hotff #hé KEiNden@ihc& Snch Goikditian ofrule are
ambiguous, but they sharenty one parse tree. This isl@se case ofmatching. That is, the system
regardstwo sentencesaasmatched if one of parstreesfrom eachsideis matched.

The internal representation using parse charusedonly to see whether two sentences match or
not, andit is not used for other prposes in generalsuch asgnformation extraction The main purpose
of parsing is to extend the matching scope of senterioa® generalto 8 LISOA FA O aSyidSyo0Sa
AGéE @Qad al @e2dzy3d YLy abg Al0e€0 FyR aeyialrOQiA0 O NRL

11.3.2. Semantic Ambiguity
Another linguistic ambiguity is from semantidsor example, thes 2 NaR- #€ludes multiple senses:

1. ¢KS LI ad GdSyasS 2F wasSsSQ
2. A toothed device for cutting
3. X

lY2y3 GKS T @FAflofS &Sy assaninyhe statementin the piekidus Of 2 4 S a
examples(Figure59). The system loakup word sense only for a variable word gttached byW ¢ Q0 @
Matching fails immediately if two word roots are not identieald both arenon-variablewords. When
one of words is a variable, the variable word should be a imype (with a broader meaning) dhe
other one. Each variable word should have word senses for this reasdrdomain expert is not
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expected to be able to assign word sense because it iameiasy task due to the firgrained senses of
WordNet.

The system looks up WordNet and assigmsrd senses to a variable wordfter parsing.
Information about a sentence form and related senses is used, however basiaalty sgnse
disambiguation is niapplied, and all senses are assigned to a variable wbrding matching, if one of
the senses for each word matef thenthe two words are regarded as matchedVord roots are used
in matchingto avoid the variations of tense, number, and gendeArtA Of S & oWl and
punctuationwereignoredin matching

11.4. SYNTACTIC NORMALIZATION
There area million different ways to say something in natural langua@gntactic variations are part of
suchvariations Normalizingsyntactic variationsncludng active vs. passiveoice relative phrases
conjunctive formsvereimplemented

11.4.1. Active vs. Passive Voice (does vs. is done)

A passive form of English can tegvritten in an active formwithout significantlychanginghe meaning.
The passive form @ sentence should be able toatchthe active form ofit or vice versa.A parse tree
of asentence doeg (match directly to thatof the corresponding passive sentencélormalization is
applied to convert them tde inthe same form.In order to normalizea passivdorm to an active form
normalization linksvere inserted into the parse chartFigure65 shows two normalization links inserted,
pushed(object}>crate and pushed(subject)>man For sentence matching, ¢hsystem compares two
sentences using normalization links if availablén this way, a passive senten@an match the
corresponding active sentence after the normalization process.

a! ONYGS 61a LdzaKSR o6& |yl ylegmalization link)
‘ (object)
Subjec) ) @ suviecy Gm) ° 00
A crate was pushed by a man. A crate was pushed by a man.
P ey @ | NI RN
(Cly prep (@) (prep)
A dependency chart I A normalized dependency chart

Figure65: Syntadic normalizationof a passive form

11.4.2. Relative Clause (A which B)
There are multiple forms of a relative clause conveying the same mealmnirige example oFigure66-

Wy Qs

60T GKS NBEFGAGS Of NS 6NA KT S)idzd REFUEERNIEES @ DON
NEfFGADS Of FdaS WHKAOK | Yiy LIAKSRQ s+a NBoNKGES

@ |WY!' YIYy $K2 LdHdZAKSR I ONIGSQ
Wi YIyYy LldzAaKAYy3I I ONIXGSQ
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b |[¥!' ONIGS 4KA®K I YIy LldzZaAKSR
W crate a man pushél

Figure66: a relative clause and its variation

A normalization link is inserted to a relative clause to maintain the same syntactic stru¢tome, the
normalized parse tre@ Figure67 can matchts variatiors.

(normalization links)

(relative) (V) (dt)
/\/& v

A man who pushed a crate.
A, /( biech
et objec
(dt) (subject)

A normalized dependency chart

Figure67: sentence normalization for relative clause

11.4.3. Conjunctive phrase (A and B)

Special care is needed for conjunctive phrases because they carabdogmany syntacti@ambiguities.

In order to reduce such ambiguities, only the last conjuhct ®S® GKS 1 4G oBNR 02y
connected to theneadduring parsingC2 NJ SEI YL S5 6KSy a! YIy LJzaKSR |
pushed(object}>deskis included in the parse treebut not pushed(object}>crate  Although this

reduces the number of pardeees, it raisesa problemthat it cannotbeR A NS O f & dzyf R SONWE (i[12520R
isan2 0 2 S Ol 2 [Fdzai KB Re@aSsH.Ihereds no dicelink between them. So, a normalization

link is inserted between the verb and the other conjuncts, aigure68. As a result, the parse chart

Oty 0S dzyRSNE(G22R Fa 020K d&! YRFaALEBKSR | ONIF (GS¢

(normalization links)

»\D\,(object) (left_con) (conj)
T m

A man pushed a crate and a desk

A normalized dependency chart

Figure68: Sentence normalization for conjunctive phrase.

11.4.4. Inserting a Normalization Link to Chart

Although a normalization link can be simply inserted into a parse tree, it is risky toiinseota parse
chart. A chart isunion of multiple parse trees, sansertinga link between two nodes can affecther
parse trees.In the case oFigure69, there are two parse treewhered 0 &€ € is afthcied to either
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WLJdza K S R Q InFiblire 804b), & QIdza K &hRadlectivedin this parse treelt is semantically not
correct, but the parseR2 Say Qi 1 y Sirdplyby addlidgia ndrniafization linlgushed(subject)
>man(Figure69-(a)), will create the ilformed parse treen Figure69-(b).

(Subject), LCA=pushe

A crate was pushed by a man. A crate was pushed by a man.
) (Prep)  (do) (dt) (prep) (@)
(a) Activate the link (b) Inativate the link

5[ /1 0 LIdzZZE KSRQ® 01 0 ¢K:

Figure69: A normalization linknl  t S ad O02YY2y | yO0Sa 0 O Q
T WWLIZAKSRQ FYR WYLFYQ A& WolaQ

FOUAGIGS GKS ftAYy]l 6060 GKS [/ 2
In order to preent such an unexpected effect, theast common ancestor (LCA) is added to the

label of a normalization linkDuring generating parse trees, or comparing two sentences, the system

follows the tree starting from the root node of the treaVhen it encounters a normalization link, the

link is activated only if the LCA node of the link is equal to the actual LCA node of two nodes connected

by the link. InFigure69-0 I 0 G KS f SI a0 EQBNEE ¢ Fmatdy guShadiz K R FK WA & S|

to the LCA of the link, so the link was activatéidthe LCA node of the link is not equal to the actual LCA

node of two nodes connected by the link, the link is inactivatdd. Figure69-(b), the LCA of the

Y2NXI AT FGA2ypushadyy ddel KB FR2RSy 2 Sljdzat (2 (KS y?2

Y2RS 2F WY y So it wARinaskaezirkiBsRn@yp the inserted normalization link can be

activated only wha the parse treecurrently traversing ighe sameasthe situation when the link was

inserted.

11.5. PRONOUN RESOLUTION
A problem statement often includes pronouns referring to a noun mentioned in the current context.
[ S fake&look at the skateboarder prokin again(Figurel). There are two noun candidates that the
pronounherrefers to, a skateboarder and a plan®ne of the ways to resolve the pronoun reference is
to use semantic information about the subject®fK S @ S NDhis UehbRugubllv Iaspa subject of a
moving object. Applying his restrictionis possible only when thigformation of the verbis available
and it requires a correct wordense disambiguation process which is complicated.

The previais systemPyreneesrequires ontological classification of some of the nouns mentioned
in sentences(VanLehn, et al., 2004) In the formal representation of the problem statement,
physical_object(cratelvas included. When theNXzf S& KIF @S 6SSy NBLKNhed SR Ay
object Aa | LIKe&aAOlt 202S0u0¢ generatethi? yiven tiaffno sushSantence Ly 2 N
appears in the problem statement, the author must writbackgroundule as following

W! offject moves Q
impliesW obfe& is a physical objeft @

Figure70: a background rule designating a physics object.
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This ontological information is the key to resolving pronominal reference. Because only physical
objects and agents are used in problem solving, the pronominal reference algorithm can ignore
candidate nouns that are neithean object nor agent. For this reason, and for simplicity, the most
recent noun that has triggered the rules fan agent or physicallgiect is assigned to the pronourThis
is a version ofhe recency heuristi¢Jurafsky & Martin, 2000)Granted, this is a heuristic, but many
other methods for handling pronoun resolution are also partly heuristic.

There ae cases where additional knowledge is required to resalyonoun. The example in
Figure71lK I & | LINBY 2dzy WA  Q hedbkckgiokind NilS d@ieSidhfitinglazhysickl Sbje@ I NJb
(Figure7o00 ¢ Aff YyI NNRBg6 R26Y ( KSBuite grénburRdnds Sieferirgyto WO N T |
bus according tahe recencyheuristico SOl dzaS (G KS 62 NR KBo dei2ONRA aw Od tNZ&E SA
sentence. The system will prodte a wrong solution due to this incorrect pronoun resolution. There
should be a way for an author to fix it.

What an author can do is to addclground knowledgdo resolve this casasin Figure71-(b). This
ruegAft LINRBRdIzZOS + FF Od Wirkah GQK-SNJ al SAISStySONG (1SMIK | LyINRR
acceerates up to 4.47 m/s in 0.1@ps ¢ KS  LINE y 2ni¢h( WASTH & 2NRE fWOF ND |y R A
G2 GKS LINRy2dzy WYAGQO

(a) | 'Suppose @arstopped on he road is hit from behind bylausso thatit accelerates up to 4.47 m/s
in0.10 s.'

(b) | An object stopped is hit by an agent '

implies'the object accelerates'.

Figure71: (a) an example of a pronoun in which receyheuristics fails, (b) Backgiound rule required to resolve the
LINRYy 2dzy WAGQ

A background rule also can include a pronoun imhe background rule iRigure72 has a pronoun
WAGQ Ay (TEproddyy RAAGIEEBNYCHIF 2/ KSNJ LINRYy 2dzy WAGQ 2NJ | y2
However pronoun resolutiowas not applied for a pronoun in a background ruke.pronoun in a rule
works as a variable without semantic constraint.

Wi y 2 ee®rfdithe level omwhichitg - & GKNR gy G ¢ pQ
impliesWi KS YIF3IyAlddzRS 2F (KSARAALN Kk DSKVEydyead
Figure72Y 'y SEFYLX S 2F o6FO13aINRdzyR NHZA S 6AGK | LINBy2dzy WAGQ

11.6. MATCHING TWO SENTENCES
The matching module is the aengine of inference as shownhingurel0. Both forward chaining and
backward chaining use the matching engiriehe compilation procedsuilding knowledge subsumption
relations also uses the matching engine.

The basic task of matching two sentenésgo checkwhether oneof the parsetrees in the charis
a subsumed bythe other chart If this matching is donewvithout any restriction, the graph matching
algorithm can have exponential complexity due to theurstve matchingor the phrase variablesA
phrase matching a phrase variable can trigger other rules with a phrase variable and the search space
can grow exponentiallyln order to reduce theomplexity someheuristicswere applied.
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The firstheuristicis thattK S Y G OKAy 3 Ff gt e&a adlNIa FNRY
trees. The rain verb of a sentence becomes thead ina dependency parse treeNormally,the head
verb becomes the root ofhe parse tree. So matching normally starts witthe main verbs of two
sentences.

The seconds that, the same phrase variable is not allowed to be applied twka. example, once
arule¥  does_Qwas applied this ruleis notapplied again inside thphrase. Nested iphrases are
not allowed.

12.0. STUIDES AND RESULTS

12.1. GOALS AND EVALUATION PLAN
There aremainlytwo goalsof the studieshere. The oneis to see whether the expressive powertbé
natural language representation is good enough to represent physics probl&hes fhysics problems
from Pyrenees and physics textbookere addedto NaturatKin order to test its expressive poweand
the resultwas shown in the knowledge adding task in sectiéh2 The othergoalis to seethe

iKS

generality ofthe representation. If the generalized representation cannot cover broad ranges of

knowledge patterns, sprfic knowledge hato be addedevery time It is expected thathte number of
added ruleswill convergeto near zero asnore problems are addedf the generalized representation
works well.

In the ideal stateof authoring taskmostphysicgproblems would be understoo@nd solved

N.

O2NNBOiUf e LT GKS ad2aiSy d#pslanyadthusipéie@thsi G YR 2 NJ Y

unexpected results, the usean rephrase the input statement until the problem is correstijved
However, it might take several attempts at rewording the problem betbesreworded problemis
interpreted correctly, but it should not be allowed to replace the whole problem staetwithout

limit. Thus, determining if the system is in the-new-knowledge state requires stating a criterion that
boundsthe minedit distanceat rewording Min-edit distance is defined by the sum of the number of
additions, deletions, and modificatis of words. fI90% of problemsare solved with less that5 edits,
thenit can be said thathe systemisvirtuallyin the nonew-knowledge state.

This criterion would need to be tested sepaggtfor each mental model, such as the thraypward
mentalmodel, and it would need to be tested with authors who are not familiar with the internal
workings of the system. This would be a diffitaltest on a large sebf problems Thus, more feasible
testswere applied First, theproblemswere added untithe author gotfive physics problems correctly

solved without a new rule. Presumably, the numbepfblems addedNB | dzA NBR (G2 NBIF OK (K
new-knowledge state would be a (linear?) function of this number, e.g., twice as manywaRudene

within the throwrupward mental model Rewordingvasnot allowed during this test except fo(1)

changing units e.g., feet and miles to meters;d®)@A RAy 3 | f2y3 aSyiSyOoS 02yyS
conjunctions ito separate sentences; and (Rldting formattingd dzOK | & y dzyo SNAy 3 GKS |

in a multipart problem. This test was shown lrigure75in section12.2
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Secondijt wasestimated how many mental modelsere found in a typical physics chapter. As
mentioned earlier, each mental model requires a different set of knowledge to correctly interpret a
given problemanda chapter ofa physics textbook usually includes problems in different mental models.
It couldalso be that the same mental models appear in multiple chapters (e.g., a Tipward model
might appear in both the kinematics chapter and the dynamics chapter), which would also save writing
some rules.The number of mental models per chapter of threlgapterswas assessedrhis estimation
was shown in sectioh2.4.

Lastly four authorswho are not involved in this projecivere recruited so that we can see whether
their performance is similar tthe system @veloperwhen the system has reached the-new-
knowledge state. In particulaf,the number of added rules added by the system developer converges
to near zero, can the nedeveloper authors do so as welf2le system developetan add a problem
by rewording it, can the noweveloper authosdo so as well? Thua,set ofproblems inthe throw-
upward mental model were used for measuring convergence. For the mental nioglelddingof
physics problems continued until at least teroblemswere foundin textbooks that requir@nly
rewording in order to be translated. Bothe system developeand the recruited auth@(nin-edit
distancewere counted. This test was shown in sectid2.3and12.5

12.2. Knowledge Adding Task
The «pressvenessof knowledge representatiomvas assessed byhe knowledge adding task Three
test ses of physics problems were added. The firstludes37 problems in Pyrenees in three physics
domains (kinematics, statics, and dynamic$he second comprise32 problems in kinematics from
physics textbooKYoung & Freedman, 2004)The lasincludes23 problems in throwupward mental
modek from several textbooks Questions asking a qualitative answer, using a figure or table,
continuation of a previous guestion, derivation or introducing equations, emtiparing two events
requiring multiple mental modelsrere not includedn the previous system, Pyrenees, arby were
not included in this test too

1. 37 problems in Pyrenees (Kinematig8 problemg, Static$9), and Dynamid®))

2.0H LINRofSYa Ay [/ KFLISNI H 27T | (fangR FreéeNdas, R004)y Q &

3. 23problems in hrow-upward mental mode{Young & Freedman, 20@&erway, Vuille, & Faughn,
2009)Amstutz, 2001 Crowell, 200QFogiel, 1976 (Kumar, 200§Blatt, 1989)Ewen, Nelson, &
Schurter, 1996)

The three sets of physics problems were successfully addztsystemby the system develag,
and the system was able to solve them all correafter updating and debugging the knowledgebage
total of 92 problems,and 562 background rulegincluding 42 logic rulesand 45 principle ruleéswvere
added. The successfully addechysics problera from three differentphysicsdomains (Kinematics,
Statics, and Dynamicshow that the representation power is not limited in one domaifhe physics
problems from the textbook (the second set) were also added and solved corrdicizowsthat the
proposed natural language representation has enough representation ptaveplve problems from
textbook
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This knowledge adding task was done by the system developer becatguk itong time with
intensive efforts to buildhe initial knowledgebase Thistask requiresrepeated knowledge debugging
and regression tests after updatelhe recruited userspert only 4 to 9 hours for their participation,
and it was too short for the knowledge adding tador the whole three test sets. Inthe real
environment,the initial knowledgebase will be built by the system developer, dmahain expertswill
participate in after the initial knowledgebase is built.

Now the remaining issuis about how fast the system converges to the-new-knowledgestate.

The convergeregraph presented nexXEigure73) shows the number of principles and background rules

added. The 37 Pyrenees problengere addedstarting from an empty knowledgebaseAn average of

10.3 rules were added per aghlem. This suggests that the number of required rules is small enough

that an author can feasibly add them. dzA t RAy 3 FNRBY GKS (y2¢t SR#MmEGIAS 2

, 2dzy 3

I YR CNB SR Yweye Qdied inéttAh avaratyd of 4. 3NEedvéreSaddid per

a problem gently converging dowFkiQure74; note the change in-gxis scale).It supportsthe initial
hypothesis that the amount of knowledge to add per problem in an ITS is small enough ighanta

add.
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Figure73: the number of rules added for each physics problem in Pyrenees
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Figure74: the number ofNHzf S& | RRSR F2NJ SI OK LIKeaAda LINRBo6tSY Ay |, 2dzy3dscC

However, the convergemcwas not as fast as initially expectedinalysis of the added rules
suggested that the slow convergence was due to the fragmentation of background knowledge into a
numberof mental models.

Thus, to see the generality of representation powise 23 physics problems in a single mental
model ¢hrow-upward)were added. They were added to the knowledge base attained at then end of
Figure 74, whre the last of the Young & Freeman problems was ad&aglure75 showsthe number of
added rules for each problemAmong the knowledge used in this mental model, thiesadded in the
previous sets were countedt the first usage and most of them were counted in thérst problem
(exp2_7_pp6Q) Asthe figureshows it converged faster, andive of the problemswere automatically
solvedwithout adding a new rule.lt showsthat the number of rules that authors must add converges
faster to near zero given that all the problems are in tteememental model. Thissuggests thathe
number of automatically solved problems without adding a new rule will increase as more problems are
added.
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Figure75: the number ofbackgroundrulesadded for each physics problein Throw-upward mental model

The fast conergence of the throwupward mental model suggests that the previous two graphs
(Figure73 and Figure74) converged slowly because a number of mental models were includggkin
test ses. Possibly the number @iddedrules increased whenever a problem in a new mental model
wasadded and it made the convergence slow.

There can be several factonsfluencingconvergence of the number of added rules. The first is
complexityof a mental model. If the mental model is big and complex requirilagge number of rules
to represent then the number ofequiredrulesto addcan converge slowly. The number of given and
sought quantities also influences the convergendhdeamountof requiredknowledge increases as the
number of given and sought quantities increasdzaraphrases (or linguistic variations) per sentence,
andthe number of time phrases also influence the convergence.

For each added rule, theeasors why it was addedvere checkedand counted to see the major
factorsdeterminingthe convergence Figure76 shows fourgraphs for each of the reasonfr addingin
the problems of the throwupward mental model Figure76-(a) shows the number of rules added for
the mental model, and it decreased fasfter the 1¢ problem, no rule was added for the mental
model. It shows that he number of the rules for mental model and its extensionsvarged fast to
nearzero. Figure76-(b) shows the number afdded rules fotime phrase. It looks irregular, but slowly
decreased Existing time phrase rules might be reused afbeing added. Figure76-(c) shows the
number of rules for paraphrases (i.Bnguistic variations). Almost a constant number of them were
added for each problem. Figure76-(d) shows the number ofutes added for questions. mphysics
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problem, a questionsentence often has a reference to a time pojntlso it contains additional
information requiring background knowledge to interpret.

20 — 20 —
@ for others @ for others
15 1 o for mental model 159 O for timephrase
10 10 -
5 — 5 1 1
o MMnateloln ale ol o /s rala
(@) (b)
20 — 20 -
@ for others 15 @ for others
15 4 [Ifor paraphrases 1 o for questions
10 10
5 4 I - 5 thm—H
o 1K Inafinl-lg a nﬂ 0
(c) (d)

Figure76: reasons of the dded rulesfor the problemsin the throw-upward mental model(a) for a mental model (b)for time
phrases (c)for paraphraseqd) for questions.

From the graphs, @/can see two main factors determining the convergence of the number of rules.
Initially it wes dominated by rules for the mental model. #®re problemswere added, this factor
disappeaed, and rules for paraphrasetominated The number of rules for paraphrasessa small
constant for each problem, and it made the convergence graph intailegl shape. The number of
rules for time phrases and questions include rules for paraphrases too, so the paraphrase factor can be a
representative factor including the others (i.e. time phrases and questions).

Thus the biggest factor determining convengce is knowledge for mental model The knowledge
for paraphrasewill be added constantly in any situationfi€Tbestcase scenario would be the case that
all problems are from a single mental model, and they are very similar sharing most background
knowledge. The amount of knowledge to add will decrease very fast and many of them will be
automatically solved without new knowledge. The werate scenario would be the case that every
problem is from a different mental model, and each problem is compledéferent from others not
sharing any background knowledge. The amount of added knowledge will not decrease in this case.

A limitation on this test is that therder of the problems in the test sets was not changed from the
original source on the assmption that it wouldbe the order of problems added ia real authoring
situation. Until this test is redone with different ordering on the problems, the impact of ordering on
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convergence can only be estimated. Nonethelebg order of the problems wodl probably not
significantly affect the result in a single mental mod@lhisis because the problems share the same
domain knowledge for the mental model which is the biggest factor determining the convergence. The
knowledge for the mental model has toe added firstregardless of problem orderThe order of
difficulty of problems in a single mental may have minor influence on the graph due to this reason.

In case of problems with multiple mental models, the order of difficulty of problems also wotld no
have influence outside a mental model because the share of domain knowledge among different mental
Y2RSt& A& fAYAGSR® C2NJ SEFYLX Sz (GKS YSyidlt Y2RSf
with the mental model for straight movement on the ground.possile influence of ordering can be in
mental model extensions. If problems of an extended mental model are added first, knowledge for its
basic mentais addedtogether and it can result in a little faster convergence inside the mental model.
However, manymental modelshave various extensions, and knowledge for the extensionst shared
except inherited mental models. Alsp & textbook, it isusualthat easy problems in a basic mental
model come first, and difficult problems in extended mdntaodels come later. The order of the
problems in the test set followed thissualorder of textbook to reflect the real situation of authoring.

12.3. Rewording Task
Theoretically, the system with an empty knowledgebase can be given tgpmgnammers, and they
can start to build the knowledgebase. However, in practical situations, the initial knowledge building
tasks should be done by system developer or knowledge engineers. In particular, the developer
creates the initial versions of the background knowkedd he developer also defines the set of natural
language definitions for the physics representation. This phase Haes done by the system developer
because extensive debugging is needed. When the developer has created an operational version of the
knowledgebase that suffices for, say, dozens of problems per physics chapter, then adding new
problems should require adding only a small set of new background rules and principles. This can be
done by domain experts with modest knowledge engineerinlisskEventually, the system reaches the
desired nenew-knowledgestate, wherein domain experts without programming skill can add most
problems without adding any new knowledge to the system.

The number of rules added for the mental modeigure76-(a)) decreasedast, andthey were not
added after the tenth problem. Rules for a mentabdel include time variables creating a new time
index Figure24, Figure26, Figure38, Figure39, etc.), and they cannot be added by simply rewording
problem statement This suggestthat the problems after thednth problem(total 13 problemskould
be addedonly by rewording. In order to teshe no-new-knowledgestate, arewording task was done.

In rewording task, words iaproblem statementare modified deleted or new words are addesb
that the sentence an match thecondition of a relevant ruleFigure77-(a) isthe problem statementof
from the test ses. Thebackgroundule to be triggered is ifrigure42, but it was ot triggered because
GKS AyLldzi aSydsSyods RARYQO YIGOK GKS O2yRAGAZ2Y 27
reworded. Figure77-(b) is the reworded statemenfunderlines were added only for readers ofghi
thesis) Figure77-0 O0 aK2ga (KIFIGd (62 62NRa oWilfftBDARDNE WHFRI
Y3OIRERKS QA QU ¢ S NBewdd RérefalidddR The ImigdRs distance was 13.
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(@) | [Probkem prob2_24pp25]:

‘A stone is thrown vertically from the roof of a 3.20t@&tl building. The stone strikes the ground
3.25 s later. What was the initial velocity of the stog2h what speeddoesit strike the
ground?'

(b) | [Reworded]:

'A stone is throwrvertically from the roof of a building, 3.20 abovethe ground The stone
strikes the ground 3.25 s later. What was the initial velocity of the stone? Wtied speedof

the stonewhenit hits the ground?'

(c) | the min-edit distance(total 13):

(tall), above, the, ground, and, (with), (dees), the, of, the, stone, when, (strizéits)

Figure77: an example of rewording. (a\n original problem statement (b) a reworded statement (c) the number of edits ((w)
is a deletion, w1->w2) is a modification, and the others are addition)

The added background rulder the problemsafter the tenth problem were erased out of the
knowledgebase, and th&3 problems were added again onby rewording the problem statements.
Although it wauld perhaps be most realistic to measure the amount of time required to reword the
problem or to count the number of attempts at rewordirigdepends on both the luck and skill of the
author. Thus, we prefer to report a more objective measure of how nmu@nge is needed for a
problem to be reworded into an acceptable stateThe minimal edit distancewas measured for
rewording
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Figure78: Themin-edit distanceafter the tenth problem(total 13 problems)

Figure78 shows themin-edit distanceafter the tenth problem. All of them were added successfully
only by rewording. The biggestmin-edit distancewas29. However 92 percent of them (12/13) were
added byless than or equal td5 min-edits without adding a new rule.Thus it can be said thathe
system enteredin the no-new-knowledgestate. Fve problems (38 percent 5/13 were solved
automatically withoutanyrewording which is consistent with the knowledge adding tdsg(re75).

12.4. The Number of Mental Models
If we know the number of mental models physics textbookwe can estimate the total number of
problems to addo reachthe no-new-knowledge state. The problems in three chaptersf Young and
CNBSRYIyQa (SEiG06221 ¢SNB Of I, andthean®d& ofaneriaSrivode’s y

57

i KSA



per chapterwas counted A mental modelvas counted as different one from other onesif the
requiredprinciplesand rules creating time pointsere different from that of other mental models.

Mental Model in Chapter 2
(1-D motion)

Mental Model in Chapter 3
(2-D motion)

Mental Model in Chapter 4
(Multiple forceg

1 Constant acceleration (vji=a*t) throwing upward (32 probleis) Two forces (Problemg
(3problemg
2 Constant velocity (d=v*t) (2) Throwing upward multiple objects |[Vector projection on force (1)
spreading with a radius (1)
3 Constant Velocity/Moving left and Finding maximum angle of an objecﬂDragging an object up ainclin
right (1) with its distane always increasing (1ramp (1)
4 Throw upward (6) Centripetal acceleration (9) )Accelerating by force(10)
5 Flea Jump Two objects moving (D) (5) Decelerating by force (4)
(acceleration+deceleration) (1)
6 Throwupward and pass a window Two objects moving changing )Accelerating, and stopping du
(1) direction (D) (1) to friction (1)
7 Thrown down (7) Two objects moving (D) (13) Mass, weight, force, and
acceleration (8)
8 Drop and hear sound (1) Vector Pojection (5) /Action and reaction (2)
9 Drop and pass a window (1) Jumping toward the earth (1)
10 Acceleratingrom rest \Vertical jump (accelerating an
(d=vO0*t+0.5*a*t"2 , vjvi=a*t) (7) decelerating) (1)
11 Deceleration to stop (1) Jump, landand decelerate to
stop (1)
12 Accel+brake (1) Multiple objects connected by
rope (2)
total | 12 mental models 8 mental models 12 mental models

Figure79: the number of mental models in each of three chapters in Young andSAReY | Y Q &

GSEGo221 @

Figure79 shows the number of mental models for each of the three chapters in the textbdbk.
chapter 2 used in thestudy has 12 mental modelslf thisnumber is simply multiplied by the numbef
problems added to reacthe no-new-knowledge state in the throwpward mental modelywe estimate
that atotal 120 problemg=12*10)would beneeded for chapter 20 enter the neanew-knowledge state
In order to seea similar convergence graph likeéigure 75, the number of problems becorse276
(=12*23).
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However, it is a very rough estimation close to therst casebecause 7 out othe 12 mental
models have onlpne problem, and only three mental models (thwing-upward, throwingdownward,
and acceleratindgrom-rest) have more than three problemsrhe three major mental models covég
percent of the problems (=(6+7+7¥Bin the chapter. If estimated in the same way before, they can
reach the nenew-knowledge stateafter adding 30 (=3*10) problemsnd 15 problems (3*5) carbe
solved without a new rule 89 (=3*13) more problems are addedThe major three mental models are
more complex than others because they include multiple tintervalswith model exensions requiring
additional knowledge, andhere can be sharable knowledge between the mental modésit, these
factors were not considered in the estimation suggesting that the actual number of required rules is
smaller than the numbers presentea this paragraph

The problems inltapter 3 and chapter4 have similar distribution. ChapteB has eight mental
models, but two mental models have 67 percent of geshs (=(32+13)/67).  Chapterhés twelve
mental models, but two mental models have 53 parcof problems (=(10+8)/34). tlie proportion of
the problems in the throwingipward mental model can be applied tioe other mental models, th&7
percentproblemsof chapter3 can reach the nmew-knowledge state after adding0 problems (2*10),
and 10 problems(2*5) can be solvedvithout a new rule if26 problems (2*13) are added more In the
same waythe 53 percent of chapter 4an reach the nmew-knowledge stte after adding 20 problems
(=2*10), and10 problems(=2*5) can be solved without aaw rule if addind®26 problemsmore (2*13).

12.5. STUDIES WITH RECRUITED USERS
The previousstudies were done by the system developer.The system developer has deep
understanding about the system and the knowledge representatidhere is a possibility thaisers
who are not involved in the systedevelopment can show different behaviors. One of the purpades
using natural language representation is to develop a systerwhich userk 2 y Q (ito |&arn@rew
knowledge representation. Practicalypeakimy, the systemcan be given to users after the initial
knowledgebase is built by system developer. Thus, the physics problemthéno-knowledgestate
(Figure78) were usedto test whetherthe userscan do the ame authoringtask done by the system
developer.

Four people who took a college physics class were recruitethfostudy. The subjects had never
seen or used the system before tbidies and the ideaof usinga natural language representation was
explined in the beginning of thestudies Thestudiesincluded three sessions, i.e. demo session,
training session, and test sessiom the demo session, the system execution solving the skateboarder
problems Figure9) was shown to the subjects, and the basic mechanism of inference using the
background knowledge and principles were explaihe@fly. For the training session, thrgghysics
problems createdto help subjects to understand the authoring task were ds® train them. The
system developer showetie subjectshow to add, debug, and update knowledge using the first training
problem, and the subjects just watched howwas doing Next, the subjects added the second training
problemwith help ofthe sysem developer The subjects added the third training problem with help of
the system developetoo, but it was skipped with short explanations if they were already good at the
second problem.
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In the test session, the subjecteere asked to add the 13 phigs problens used in the rewording
study (the problems inFigure78). First, they were asked to add all 13 problelmsrewording After
that, theywere asked taoll back to the original problem araldd rulesinstead of rewording

Figure80-(a) is one of thephysicsproblems from the test set Figure80-(b) is the statement
reworded byone of the recruited users. The added, del#, or modified words were underlinednly
for readers of this thesisAt the first execution, the system fad in sdving the problem.Sqg he hadto
figure out what was wrong. It is not trivial because there are many pessiasors of a failure. In the
first line of the statement, he had tiind a relevant rule to be triggereth the knowledgebase. This was
not an easy task because thenere already hundreds rules in the knowledgebase. The given problem
must have a mental model throwing upward ia high place. He searchedingseveral keywords such
Fd WNR2ZRAY IWadzl YR W ordleX& the mehtal Tadgl R heteleviiifdleSdZie v
triggeredwasshown inFigure42. He compared therit condition of the rule and the first line of input,
YR NBLX FOSR GKS g2NR WOHSNIAOIf f &Q ingdny suspiiasJs I NRQ
phrases in the problem statemenntil a solution by the system was correct. Aftdre problem was
solved correctly, he was asked toll back to the original problemand he added rules instead of
rewording as shown irigure 80-(c). He alded specific rules because it svaasier than adding
generalized rules.The system will be able to generalize them after enongmber of specificulesis
collected. This approadhelps to minimize the burdens of authors to check regression of previously
added knowledge.

(@) | [Problem ex2_8pp21]:
'A stone is throwrverticallyfrom the roof of a building 50.0 m above the ground.
Thestonestrikesthe ground5.00 safter it is thrown.
With what speedwasit thrown?
Whatwasthe maximumheightit attained?
With what speeddid it strike the ground?'
(b) | [Reworded]
'A stone is throwrstraightupwardfrom the roof of a building, 50.0 m above the ground.’
"Thedurationis 5.00 swhenthe stoneisin the air.'
'Whatis the initial speedof the stone?’
‘How highdoesit go?'
'Whatis the speedof the stonewhenit hitsthe ground?'
(c) | [Added Rules]:
'A stone is thrown vertically from the roof of a building 50.0 m above the ground.’
implies'A stone is thrown straight upward from the roof of a building, 50.0 m above the
ground.".
"The stone strikes the ground R after it is thrown. '
implies'The duration is 5.00 s when the stone is in the air.".
'With what speed was it thrown?'
implies'What is the initial speed of the stone?".
'‘what was the maximum height it attained?
implies'How high doegtigo?'.
'with what speed did it strike the ground?'
implies'What is the speed of the stone when it hits the ground?'.
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Figure80: An example ofa) a problem statement, (b) eeworded statement,and (c)added rules by the supect4

Figure81 shows themin-edit distancefor each subject. All the subjects succeeded to aliithe
problems by rewordingo that the systentould solvethem correctly. Interestingly they were able to
do so even without lookingat the knowledgebase imany problems. They checked a similar problem
they saw before, and copgnd-pasted a sentence for rewording. On the other hanwtdenthe system
developerdid this task before, halways looked at the knowledgabe to find a relevant rule to reword.
Therecruited subjects were mainly interested in finding a way to makeroblemsolvedwhile the
system developer was interested in finding the optimal and smatigstedit distance The average
min-edit distanceof the subjectper a problemwas13.4while that of the system developer was 6.4.
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Figure81: Themin-edit distancefor eachof the recruitedsubjects

The subjects were also able to add rules instead of rewording all of theproblems were solved
correctly. They adéd specific rules to make the problems solved. The average number of rules added
per a problem by the subjects wds6, while that of the system developer wds3. Subjects were
mainlyinterested in making the ptdem solvedyather thanthe optimal and smallest rules in this case
too.
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Figure82: The number of rules added by each subject

The averagenin-edit distancetime spent and the number of trialfor rewordingfor each problem
was shown inFigure83. The time spent athe problems solved without a new rule wanot zero
because of the first execution time before rewording was included. The subjects executed the system to
solve a given mblem to seewhether it was solved without a new ruland they reworded it only when
it was not correctly solved. The number of trialshis count of the executio command of the system
minus 1, andhe minus 1 was to exclude the first execution befoevording. The average number of
trials wasl.2, and the biggest number of trials wésur. The execution time to solve a problem was
about 4 to 7minutes. It took4 to 46 minutesin averageacross the subject® complete the rewording
task fora probem starting fom reading a problem statement
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Figure83: Themin-edit distance time spent, and the number of trials in average across the subjects.
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The authoring task adding rules instead of rewording was easier becausebjeetsalreadydid it
by rewordings. Most of the time, this task could be done by copying the original and reworded
sentences and pasting into a rule. When a problem was solved without a neim thkerewording task
this taskwas skipped resulting irzero time spent. All suégts were able to do thisask inone or two
trials, and the biggest number of trials was three.
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Figure84: The number of rulesadded time spent, and the number of trial; average across subjects

All the subjects were able to do the authoring taslath by rewording and by adding rules like the
system developer did. Excefuir the facts that the time spent, the number of added rulesnd the
number of trials of the subjects wetargerthan that of the system developer, they were able to do the
authoring tasks witlthe knowledge represented in natural language.

At the end of the final session, the subjects were askedinswerthree questions.The first
guestion wasabout the most difficult thingthey faced during the authoring tasks. All the subjects
expressed difficulties in figuring out why a problem was not solved and what to do fidisis a
O02YY2y RAFFAOdA ié 2F [ dziK2NAy3a gAGK | aAixllofsS 11y
related to the system or methods proposed in this thesis at this question.

Question 1: What was the most difficult thing while yware doingthe authoring task?
Subject | Answer toQuestion1.:

1 Knowing what to do when | encountered a problem. (A user manigtitrhelp.)
2 When a problem was not solved, it was difficult to figure out why.

3 Finding relevant rules in the KB.

4 Knowing which phrases is goinglieaccepted

The second question was abousability of the system bpon-programmer users.Three ¢ the
subjects answered that the system could be used by-prmgrammers Theysaidthat they were able
to do the authoring task using previouslythored examples, and they didusing only natural language
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One of the four subjects said maybEe wasconcerned that it ould be difficult to recovemwhen a user
got stuck.Whena knowledgebase is large and complex, a user can gets stuck in the mididibuafging
knowledge However,this concernwasnot about the methodology of the proposed idea usiratural

language as knowledge representation, lugoncern aboutifficulty of authoring task itself

Question 2: Now, you finished your authoring task. Did you get impression that any users wh
know computer programming can use the system?

Subject | Answer to Question2

1 Yes. (Previous examples were important to figure out how to use. So, if more
examples are available, it will be easier to use)

2 Yes. (I was able to author problems only using natural language.)

3 Yes.

4 Maybe. (When it getstuck, it can be difficult to recover)

The third question was about a suggestion for improvement for the system. s@bject saidhat
using multiple windows was confusing, and suggested integgrahto a single window interface.
Another suggested a @ to help search matchableules in the knowledgebase. He pointed oat
difficulty in finding relevant rulethat can be alleviated by such a tool. The others suggested irmgrov
the execution speed.

Question 3: Do you have suggestions to improve ongbhahe system?

Subject | Answer to Question3

1 Integrate multiple windows into a single window interface.
2 A tool to help search matchabtalesin KB.

3 Fasterexecution peed

4 Fasterexecution peed

In summary, all the four recruited subjects wertgle to add the problems either by rewording or
adding knowledge. They agreed that the system could be used bpnegnammers, and the difficulties
they faced using the system were not specifically related toaghygroachusingthe proposednatural
language representation.

13. DISCUSSION
The experimental results showed that physics problems in three different areas (kinematics, statics,
dynamics)were successfully represented in natural laage, and the system solved them correctly.
Note that problems in sitics are mainly about forces acting on an ohjdtte required principles and
domain knowledgen staticsare different fromthat in kinematicsvhichmainlydealingwith velocity and
acceleration of a moving objecThissuggests that the natural languagepresentation has enough
expressive poweand isnot restrictedto one domain. Basically, if knowledge in domain problems can
be represented in natural language, this approach can be applied.

This chapterdiscusss issues related to the approach usingitaral language as knowledge
representation in different perspectives.
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13.1. CONVERGENCE OF THE AMOUNT OF KNOWLEDGE TO ADD

In a single mental model test, the number of added rules converged to near zero, and five problems
were solved without a new ruleF{gure75). The most significant factor determining the-new-
knowledge state and convergence was rules for a mental mdedgle76). The number of mental
models per chapter foa physics text was between 8 to 1Bidure 79), and three mental models
occupied around 60% of problems for each chapter. It suggests that the 60% of the problems for each
chapter can show a similar convergergraph toFigure75 if three times more problems of the single
mental model (23 problems) are added, and eight to 12 times more problems for the whole problems
for each chapter.

The convergence graplrigure75) showsthe expressie power of the generalized representation
with semanticallybinding variables. Mainly two kinds of knowledgelominated the convergencehe
size ofthe required domain knowledgeand knowledge forparaphrases. The domain knowledge
includes knowledge for a mental mod@tigure 76-(a)) and physics knowledge. The knowledge for
paraphrases includes linguistic variatimfsnput sentencegFigure76-(c)).

A

Domain knowledge

Knowledge for paraphrases

abpajmouy mayo azIs

17

The number of problems added

Figure85: The main two factors determining convergence of the size of required knowledge.

Tutoring systems aabe classified into two groupsiodekracing andexampletracing (Aleven &
Bruce M. McLaren, 2009An Exampleracingsystemuses examplesin order to specifywhat solutions
are acceptableTheamount of knowledge required per problem by an exarApéeing tutoris initially
smaller thanamount of knowledge required per problem bynaodeHracing tutor. However, the
knowledge per problem, which is of course expressed as an exaR@#eS a4y Qi RSONXBI &S
problems are addedvhereas the number ofew rulesrequired per probém in a modelbasedsystem
decreases Roughly speaking, a constant sizeegmplebasedknowledge should be addefdr each
problem (the straight line ifrigure86). A modekbasedsystem use a model (orprinciples and other
rules) to generatesolution steps. The number of principles amdes added per problerdecrease as
more problems are addedf the modeltracing tutor uses a formal representation, then thmount of
knowledge per problem never reaches zdvecause the problem statements themselves must be
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expressed in a formal knowledge representatidhe Formal representations Figure6-(a) translating
the problem statemenare suchan exampldo be addedor every problem. The middle curve ifrigure
86 depicts the size of knowledge for modehcing systems using formal languagd@hus, for both
examplebasedand modelbasedtutoring systems, thesize of requirednew knowledge added per
problemnever converges to zero.

In contras, the size ofthe required new knowledgéo add per problenin NaturatK canconverge
to zero. AnITScan be builton NaturalK, and itcan bea modetbased system although @tan be used
like an examplebasedsystem if only specific knowledge is used without a principle. ifffloemation
given in a problem statementgiven and sought quantitiesetc.) is interpretedby background
knowledge. The background knowledge in generalized representat&ing semantically binding
variables recognés general patterns of sentencegnitially morenew knowledge can be required than
modektbasedsystems using formal languadeut the size ofthe required new knowledgecan converge
to zero asghe number ofaddedproblemsincreases The lowst curve inFigure86 depicts theamount
of knowledge forthe approach usingatural languageepresentation The amount of knowledge to add
in a single mental model iRigure75 showed a similar convergence, and it is expected that the overall
convergence in a domain will show such a convergence graph.
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e | Examplebased

Model-based using
formal language
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A 4

The number of problemsdaled

Figure86: comparison of three typs of tutoring systemsndthe size of knowledgéo add.

Therefore, after the initial knowledgebase is built by knowledge engineers, domain experts can add
problems by adding a small size of knowledge. The natural language based approach has two
advantags in authoring perspectives. The one is that usars understand knowledge directly without
learningnew representation such as formal language or programming language. The other is that the
size onewknowledgeto addcanconverge to zero.

13.2. ANew Dimension of ITS Types
An ITS can be built on Natwtal NaturatK acquires a new type of knowledge to read problems
statements. Background knowledge to interpret naive representation mapping to physics
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representation was not used jreviousITSs. This kndedge can be used to generate explanations and
hints. This type of knowledge is important in tutoring, especially in understanding a gireblem

before applying and solving. Understanding a problem includes tasks to find mapping from a given
problem staement to a proper mental model and relevant principles. As shown in set8of an

object released out of a moving vehicle has an initial velabity is thesame to the vehicl@ a This
knowledge is impdant for understandng the problem, but it was largely ignored in previous systems
because this type of knowledge was not encoded when manually translating to formal language, and
because it was difficult to generate hints and explanaifsam formal larguage even if encoded. Thus,

a new kind of tutoring system can be built on it strengthening understanding parts.

The previous typesf ITSs (examptbased and moddbased) were classified based on the types of
knowledge they usgtto tutor students. Théehaviors of the two types of ITSs in a tutoring mode can
be exactly the same even if they use different types of knowledge (examples vs. models). But, their
behaviors in authoring are fundamentally different. As showfigure86, the amount of knowledge to
add ineach ofthe three types of tutors (exampleased, modebased, and NINatural Languagd)ased)
distinguistes them. The distinctiveeharacteristicsof a NL-based tutor come from the fact thdt has
badgroundknowledge to understand problem statements

However, classifying all ITSs into the three classes (exdvapkrl, modebased, and Nbased) is
inappropriate. Both exampldsased and rodelbased tutors also can use natural language
representaton. A new classification is appropriate suchF&§-ormal languagd)ased vs. Nbased
tutors. It means that the NL vs. FL is a new dimension orthogonal to the example vs. model dimension.
A new classification | propose is a two dimensional classific&tiol TSss following

Fl-based NL-based
Model-based Pyrenees, Fermi, Newton, ITS based oNaturatK
CASCADE, AURA
Examplebased CTAT

An ITS based ddaturatKwill be a NL-modelbased one If a Nkbased ITS uses only background
knowledge withait a principleand a mental modelit will belong toa Nexamplebased om. The
behaviors of modebased and examplbased systems in a tutoring mode are not fundamentally
different because they are based on the same kind of knowledge. Butpad¢d TS has a nekind of
knowledge mapping a problestatement to principles which is important in problem understanding
rather than problem solving. Thus, a-biised ITS can have strength in generating explanations and
hints. It will be discussed in sectiB.7.

13.3. Separating Knowledge from Computer Programming
The biggest breakthrough made in this thesis is thatknowledgelevelwas completely separated from
computer programminglevel. In previous approaches ogi formal language or transformation
approach, parts of knowledge were still encoded in program codes bectugeseshould trigger
principles with conditions encodén programming cod¢Figure7-(a)). The parts oknowledge pluggd
into the conditions were predefinedecausethe program code cannot be changed easity definition
of a quantity and variable was encoded in programming dode and theywere used in conditions of a
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principle. In case of transformat approach(Novak Jr., 197 {Bundy, Byrd, Luger, Mellish, & Palmer,
1979) knowledge required for transformation was encoded in programming code femr. example,
transformation modules wereabignated in grammar, and called during parsingcase ofi template-
based transformation approach, predefined templates were used to recognize sentence pattexns
condition part of template is a sentence pattensing predefined termsandthe actionpart is formal
language or program cod® be triggered The approach using constrained natural languégechs,
Kaljurand, & Kuhn, 2008)so used predefined (or constrained) fawf input because the knowledge
has to be pigged in program code to triggprogram modules (oprincipleg at the end.

Thus, principles and their conditions encoded in programming ceele the reasors for using
restricted or constrained knowledge representation in previous studigg.represeting principlesand
their conditionsin natural language, it became possible to use free natural language for knowledge
representation thuscompletely separatinghe knowledgelevelfrom the programminglevel Therefore
it became possible for authorsto use free natural language without learning how to represent
knowledgeformally. Note that that generalized natural language representation is readable bgpth
humans and computers.

There is virtually no predefined form of physics quantities such agiteland acceleration ithe
proposednatural language representatiorOnly time, numbers and units in generalized representation
were predefined (as shown iRigure21). Theother quantities gain their meaningom the principlesn
natural languageRigure7-(b)). When domain experts add principles, they add definitions of quantities
in natural language.

13.4. THE ISSUE ORMENTAL MODEIS

One of the major factors determininthe convergence is the complexity of @mal model A way to
represent a time point and a time interval was introduced. Also a way to represdatsion ofa
mental model was introduced to reuse a basic mental model. However, there are still exterssv
issues. For example, throwhtlpwnward wasmodeled as a mental modetlifferent from throwing
upward. However theoretically throwingdownward can bepart of throwingupward mental model
because an object thrown upward usually goes down after pgsgia apex of the movement. But
there are some cases that throwdownward is not part o& thrown-upward mental model. For example,
a satellite launched usually doe®ri  Fld f R2%iy2y S GKNR Y dzlls6l NR R2Say(
middle. Thereas a similarextensiveness issue betweendimensional movement and -2limensional
movement. Theoretically all mental models kuiinensional movement are part of a mental model in
2-dimensional movement. But practicalgpeakingdifferent principles are sed for each of them often.

The power ofthe extensiveness of representation influences the domain knowlddgtor of the
convergence graph iRigure85. The current representation for a mental model and itsesdion was
good enough to see fast convergerae® showrin Figure76-(a). Howeverif a unified way to represent
both throw-upward and throwdownward in one generalizedmental model (for example, throw
vertically)can becreated we will be able to see a better convergence graprhe basic purpose of the
thesis was taest the convergenceo see the generality of the presented knowledge representation
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and the convergence test was done in thkrow-upward mental nodel. Designing better unified
mental models remais for future work

13.5. THE AMBIGUITY ISSUE

Using natural languagas knowledge representation haah issue of ambiguitgs explained in chapter
11.0. Makinga rule more specifidoy addingmore information can resolve such antiitiesas shown in
Figure60. In the worst case, all the sentences in a problem sta¢mt can be copy-and-pasted irto
conditions of anewrule, then the rule can produce factmly for the problem.In this way rules can be
triggeredproblemby problemin an examplebasedmanner. In thisambiguity resolutionthe ambiguity
of a sentences not resolvedat the sentence leveland inferencetakes cae of the ambiguityusing
additionalknowledge.

This thesis demonstrated how tbeal withambiguity withbackground knowledgelf there was a
wrong inference due to ambiguity, thesome of the relevant rules wenewritten in a more specific
version. Thiswas repeated until the rukeworked correct. Also, negation rulesere addedsometimes
to suppress ovegenerated results due to ambiguityThe knowledgeadding taskstudiesshowed that
this approach dealgwith ambiguity worked well.

Figure87 shows example cases of removing a faser-generated due to ambiguity. The input
(Figure87-(a))was from the skateboarder problerfigurel). The rule in caseFigure87-(b)) generated
two facts and thesecondone wasover-generatal due to the prepositional attachmentin the input
sentence, KS LINBLR AAGAZ2Y WIGQ QY 20 WHHBTIIORRERE SWE K S MO ¢
WG mMno RSAINBSaAQ 61 a |G+ OKSR ovargencishR fAh duob can ¢ K dza =
check how theover-generatal output was created from the inference logigure88). The inference log
has all records of aule triggered to generateeachfact. ntextual factsfulfilling the conditions of the
rule are also recorded in the log fil&he log file shows that the two factgere generated by the rulia
Figure87-(b), and the author can figure out that the rule needs to be modified.

(@input:  W!' A1l 0S062FKNRSNJ Npftfta G mdo Yka dzLJ Iy

(b)Casel; [rule]:

Wiy 206280§uzywe @&A g pli
impliesW (i idagnitude2 ¥ G KS @St 20AG8 27

[output]:

W{imagnitude2 T GKS @St 20A0¢@

W{magnitude2 T GKS @St 20A0¢8

(c)XCase2:| [rule]:

P! offject_ moves_ at num_ urSpeed Q
implies W (i ik nitudeof the velocity of the object_ is num_ uSpeed) @ Q

[output]:

WiMagnitude2 ¥ GKS @St20AG8 2F GKS alrdaSo2l N

(d)Case3 [rule]:

Wi 211 G562+ NRSNIANRG A SRI Lif dhoy S &y JoklS &
implies W (i ika@nitudeof the velocity of the skateboarder 1s3 m/sb Q

[output]:

W {i iiagnitudeof the velocity of the skateboarder is3 m/sb Q
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Figure87: Examples to deal with ambuity: (2) an input sentence (b) aover-generated case due to the prepositional
attachment (c) removing thever-generated output by rewriting the ruleto be more specific (d) removing thever-
generatal output by copyand-pasting the input sentence to té rule.

What an author can do now is to rewrite the rule@ be more specific so that the rule can be
GNAIISNBR AYy | Y2NB ALISOATAO O2yRAGAZ2Y D ¢tKS @I N
Figure87-(c), and theovergeneratal output disappeared. What if thever-generatel resultis still
generated even after all efforts and trials? Even inwosst case, there istill a way to do. Copgnd
pasting the input sentence to the condition of theeucase3 oFigure87-(d)) will make the rule match
the input in only one way as string match. A rule can be rewritten to be used in an exaasgle
manner in this way. It will sacrifice the generality and réilgg of the rule. However it is a good
advantage that there is always a way to rem@mbiguities and there is always a way to make the
systemacceptan input

[Inference log]:

AYLX A Siagnituded KSGKS @St 20AiGe 2F (GKS ailridSo2t NR

Nbzt SY Wl'y 2062S0Gy Y2@0Say i ydzvy dzyAdyQ
impliesW (i ika@nitude2 ¥ G KS @St 20AiGe 2F (G(KS 202S0i

r<(impliedt W! &1+ GSo2FNRSNI Neffta i mdo Yka dzLJ

A Y LX A Sragnhiude af Eh&velocity of the skateboarder is 1d8greesd Q
Nbzt SY Wl'y 2062S8S0Gy Y20Say i ydzvy dzyAdyQ
impliesW (i ikagnitude2 ¥ G KS @St 20AG@ 2F GKS 2062S0i
re(impliedy W! a1l G802+ NRSN] KB AyS R LIt MPFS Ywat &I
X

Figure88: Inference logof the casel ofigure87

13.6. THE OVERGENERATION ISSUE
One of theconcerrs raised bysing both generalized and specific knodge was that multiple rules can
be triggered by a fact. Authors usually enter a specific version of knowledge, and the system can
generalize knowledge, or authors can enter generalized knowlditgetly. In such casemultiple rules
can be triggered. Knowledge subsumptiorwas introduced to find the most specifiale to trigger
(chapter10.3), and it fixed most ovegenerated ouputs However there are still possible cases of ever
generation. It is possielthat an input sentence can trigger two rules and they cannot be arranged
based on subsumption relations even whamly one of themshould be triggered

Input:
WgKIFEG Aa 0KS @OSNIAOLE @St20A0G8 2F GKS ol ftK

Rules:
Whatis@SOG 2 NP PKQ

impliesWhali A& GKS YI3IyAdadzRS 2F GSOG2NYPYPKQ
What is the vertical vector_ (2

impliesWhat is the ycomponent of the vector__ Q

Output:
WgKIFG A& GKS YI3IyAaddzRS 2F GKS @SNIAOFE @St 2
WeKI G -QAYLIKWGSYi 2F (KS oSt 20AiGe 2F GKS ol €|




Figure89: overgeneration example

InFigure89x (G KS Ay Ldzi WgKIG Aa GKS @SNIAOFE @St20Ad
condition of the second rule is more specifiat b subsumption relation is not found in them becausfe
the action parts of therules¢ KS 2 NR WYl I3y A dzRSQ Ay ({02 YEIRNEY ( Kz
in the second rule but the system finds hypernym/hyponym relation only betveeemanticallybinding
variables Thus,i KS {62 Nizfa® sbstipyoRrélatiéhlamd e two rules will be triggered
generatingtwo facts The first generated fagh the output of Figure89 is an over-generated one To
prevent this case, thé 2 NR WYl 3y A(dzRSQ &dK2dzZ R 0SS OKIFIy3aISR (2 068
rule should be added.

Authors take responsibility to check such ogenerations and prevent themWhen an author
finds anover-generatal fact, he ca check the inference log file to find how it wgsnerated (as shown
in Figure88). In the studiesadding knowledge for physics problems, ogeneration rarely occurred
Even when some facts were ovgenerated,i KS& RARY Qi Ay FfdzSyO0S (GKS 2 dzil
trigger a rule. Subsumption relatissuccessfully prevented most ovgeneration caseslin the studies
adding physics problemsdded negation rules were commented outafter introducing subsumptio
relationbecause theyvere notneecedanymore. NS 3| G A2y NMHzZ S& RARYy Qi KI @S {2

13.7. GENERATING HINTS AND EXPLANATIONS FOR TUTORING
The approach using natural language representation hasadvantage in generating hints and
explanations ira tutoring system. In previousodektracingtutoring systems, automatic generation of
hints was limitedo providinga right actionof what a student should do nextalled giving &ottom-out
hint). But other expanations O 2 dzf R ygéhérated $ they were manually encoded in program
modules For example, a hint saying that the next step is to add the given value of the velocity 5 m/s
O2dz# R 068 3ASYySNIGSRZ o6dzi Iy SELXFYlIGA2Y | 02dzi 6Ka
generated because sheexplanations require background knowledgennecting the right action from
the given knowledge

[ SGQa GF1S | 227 inlFigured0K & sandbaly iv@ssledsediiPaonioding
balloon, and a studendften wrongly presumeghat the initial speed of the sandbag is 0 m/s. A tutor
should be able to teach the student about the initial speed of an object released from a moving balloon.

Balloont N2 6 f S Y-¥ir béllboni&riiig vertically with a conaht velocity of magnitude 5.0 m/s
The balloorreleases a sandbag when the balloon is 40.0 m above the groAitdr it released, the
sandbag is in free fallCompute the position and velocity of the sandbag at 0.25 seéond

Figure90: the problem statement ofBalloon Problem

Atutor should be able t@rovide hints narrowing down to the bottorut hint for each trial of the
student. The first hint given to the studentisK S Y2 & (i Jtike\b&lodh rfeleakedl ifiei SEnddRg
(Figure91). It implies that the sandbag moves with the balloon &ttt 2 Y Sy i @ LF¥ GKS & dzF
understand it, then the tutor will provide the second hint narrowkan the first one. Thesecond hint
saysthat the sandbag moves with the balloan T2, and it pushes the student to figure out the relation
2F GKS AYAGAIET aLISSRa 2F (GKS 202S00 Ay | Y2@Ay3d
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tutor provides a more specific hint directly redd to the answerthe speed of the sandbag is equal to
that of balloonat T1Q If he fails to answer correctly again, then a bottont hint is shown.

Tutor: Enter the speed of the sandbag at T1

Student: 0 m/s

Tutor: Incorrect(Hint: the bdloon released the sandbgg

Student: 10m/s

Tutor: Incorrect(Hint: the sandbag moves with the balloon at)T1
Student: 20m/s

Tutor: Incorrect(Hint: the speed of the sandbag is equal to the speed oftthboonat T1).
Student: 30m/s

Tutor: Incorrect(Hint the speed of thesandbags 5.0 m/s at T)L
Student: 5.0 m/s

Tutor: Correct.

Figure91: An example generating hits

Also in explanation generation, a tutshouldbe able toexplaina logical basis for eacktep of
answers Exphnation usually starts when a student is wondering about the reason of the custent
Suppose lte student aske@boutwhy the speed of the sandbag was 5.0 ragin Figure92. Then the
tutor can generate an g@tanation that the speed of the sandbag is equal to the speed of the balloon.
Note that the sequence of the explanations displayed is the opposite of the hints.

¢Cdzi 2 N¥Y We¢KS &aLISSR 2F GKS alyRolF3 A& pdn Yka
Student: Why?

¢ dzi 2 N  W. S OIf heisSndhadKiSequallidSte Bped of thadloonl G ¢ m d Q

Student: Why?

¢dzi 2N¥Y W. SOldzaS GKS alyRolr3 Y2@Sa gA0K GKS
Student: Why?

¢ dzi 2 N W, $00r released tiesshdbayk

Figure92: An example generatingxplanations

This kind of hints and explanations is basically displaying each inference step from the given
problem statement to a physics quantity, and they cannot be generated without background knowledge.
NaturalK acquiresuch background knowleddeom authorsduring authoring processhus hints and
explanations can be easily generatsinply following the inference steps. Figure 93 shows the
inference steps of the Balloon problem, and it was from the I@gydf the system generated during
solving the problem. Some of the actual inference steps include multiple facts because a background
rule can have multiple conditions, however only one facteach stepwas shown here for simplicity.

LIJuﬁ)c.‘AZedofthealy oFl3 Aa p®dn Yka o ¢md Q
<-(impliedy Wi KS & Jéél“? 2F GKS al yRbdlaanl Kia ¢mlpdar £ {2
<-(impliedy Wi KS &+ yRol3 Y2@8a ¢mDK GKS olft22y
<(impliedy WG KS ol ff22y NBtSIFaSR (GKS al yRol 3

Figure93: inference steps of thdalloon problem.

Thebackgroundknowledgeusedfor this inference steps washown inFigure94. It describes that
an object in a movingehicle has the ame speedof the vehicleat the moment of releaseThis

72



knowledge was added during the knowledge adding t&gufe74). This kind of background knowledge
is authored by domain experts to make the systéorinterpret problem statemens and to solve them
Thus,the backgroundknowledgefor problem solving can be used generak hints and explanations
and no extra process is needed to acqu@tehknowledge for generating hints and explanations

W vehicle. moves_ verticallywith a velocity of magnitude numdzy A G ¢ Q I Yy R
impliesW (i Welficle. moves_ verticallyl G ¢ ¢ Q
andW { $p&dof the vehicle is num_unit_ at T Q

Wyehicle NBt SIFaSa andy 202S00GyQ
W (i vellicle. moves at TQ
imply Wi KS _anovesSa@tithe vehicle at T Q &

Wiy 2 ;m@&~&Wiih arvehicle I & ¢ pQ | yR
impliesWii KS & LIS S R_ i2efualitoktte spreul 8f $heehiicle at T Q @

W¢ KS & LISSR isedualltoyhe 8peed & @eficle. atTQ | Yy R
W (i $p&edof the vehicle is num_unit_ at T Q
imply W (i $p&dof the vehicle is num_unit_ at T Q

Figure94: background knowledge for the balloon example

A similar approach is often used in tegpert systems field, where a user asks an expert system to
explain its reasoningSwartout, Paris, & Moore, 1991(EEugenio, Fossati, Yu, Haller, & Glass, 2005)
although generating explanations still limited without such background knowledge. After the system
has isolated the reasoning that led up to the assertion being questions, that formal chain of reasoning is
converted into natural language. This is a challenging natural language genepatiblem that is
obviated by having the reasoning itself represented in natural language.

13.8. ANEW KIND OF INTELLIGENT TUTORING SYSTEMS
The tutoring systems in this section are suggestion of a novel kind of tutoring systems which were not
built or tested.

13.8.1. An ITS for Problem Understanding

As mention before, using unconstrained natural language as knowledge representation eNahleal

Kto acquire knowledge connecting input sentences and principles which is missing in current physics
tutors. As shown inection 13.7, this kind of knowledge is required in understandagroblem before
actualproblem solvingorocedure For example in the Balloon Problefigure90), a stdent reads the
statement line by line and tries to firlmapping to a relevant mental model. This student behaigor
about understandng the problem. The knowledge about the initial velocity in a moving vehicle (in
Figure94) is part ofthe knowledge for understandinthe problembefore starting to solvét. This type

of knowledge was not used before for tutoring. Previous physics tutors had to mainly focus on the
tutoring assigning known values to variablasd applying principles rather than tutoring how to
understand the problem.
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Thus, using the new type of knowledge, a new kind of ITS can be designed mainly focusing on
tutoring problem understanding. For example, in the Balloon Problem, insteadsioigfor hints and
explanations, thebackgroundknowledge can be treated as part of solutipath the student should
follow. As shown ifFigure95, the inference steps ifrigure93is part of a solution that the student
should answer. A shortcut can be used to jump inferestepsin case the student already understasd
everything. For example, he can ditgcenter the speed of the samadg at the first question.The
remainirg part of tutoring can be same to the previous physics tutoriBgtra modules are needed to
recognize the student input in natural language.

Tutor: Whatcanyou infer from the first sentence of the problem statement?
StudentKYX L R2Yy Qi (y2609®

Tutor: Ya can infer the speed of the sabagat T1

Student The speed of the sandbag is equal to the speed of the balloon at T1.
Tutor: Good, then?

Student: The speed of the sandbag is 5.0 m/s.

Tutor: Great.

Figure95: An exampe of an IShelping a student how to understand the Balloon problerkigure90).

13.8.2. A Teachable Agent

Instead of instructors students canadd problems toan ITSIf the authoring task is easy enough for
students can doKnowlelge is represented inatural languageso there is no big theoretical barrier for
this. This section suggests a simplified version using graphical user interface.

Figure96 shows how a student can add the skadarder problem fFigurel) to the system. Before
start, he reads the problem statement to understand the given problem. First, he draws an object.
Second, he enters the object name. Third, he draws a vecturtf he enters the magnitudef the
velocity in natural language. Fifth, he enters the direction of the velocity in natural language. Sixth, he
enters a question. Seventh, he enters principles in natural language. Eighth, the system solves it
displayng an answer

74




































