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ABSTRACT

One of the long-term goals of Artificial Intelligence is
construction of a machine that is capable of reasoning
about the everyday world the way humans are. In this
paper, I first argue that construction of a large collec-
tion of statements about everyday world (a repository of
commonsense knowledge) is a valuable step towards this
long-term goal. Then, I point out that volunteer con-
tributors over the Internet — a frequently overlooked
source of knowledge — can be tapped to construct such
a knowledge repository. To operationalize construction
of a large commonsense knowledge repository by volun-
teer contributors, I then introduce cumulative analogy,
a class of analogy-based reasoning algorithms that lever-
age existing knowledge to pose knowledge acquisition
questions to the volunteer contributors. The algorithms
have been implemented and deployed as the LEARNER
system. To date, about 3,400 volunteer contributors
have interacted with the system over the course of 11
months, increasing a starting collection of 47,147 state-
ments by 362% to a total of 217,971. The deployed sys-
tem and the growing collection of knowledge it acquired
are publicly available from http://teach-computers.org.
The knowledge is beginning to be used in follow-on re-
search to address some well-recognized and novel rea-
soning tasks.
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1.2.6 [Learning]: Analogies, Concept learning, Knowl-
edge acquisition
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1. INTRODUCTION

1.1 The case forcreating alarge commonsense

knowledge repository

A currently unattained long-term goal of Artificial In-
telligence is construction of computer programs capable
of reasoning about everyday objects, events, and situa-
tions similarly to the way humans do. Authors of |13|
20, [5] argue that constructing software systems that ap-
proach the level of human reasoning about our world is
impossible without constructing large knowledge repos-
itories that contain statements about the world. For
example, to act in the world or think about actions
in the real world, one (a human or a program) would
need such knowledge as: “rain falls from above,” “talk-
ing over loud noise is difficult,” “locked doors require
keys,” and so on.

A typical human adult may have an enormous amount
of commonsense knowledge at his disposal. The amount
can be estimated to be at least several million axioms.
Exact estimates vary; I briefly present several sources.
Considering only the subset of the real-world facts rel-
evant to medicine, an average person without medical
training knows approximately 100,000 such facts, ac-
cording to [23]. The amount of knowledge necessary
for human-level commonsense reasoning has been esti-
mated in [14] to be on the order of 10® axioms. Perhaps
the most convincing bound comes from the studies of
the amount of information humans are able to remem-
ber and retrieve after a long period. Landauer points
out a remarkable constancy of human ability to mem-
orize various types of information across a variety of
modalities. Quantitative analysis across visual, verbal,
and musical information yields similar results of humans
being able to retain for the long term approximately
two bits per second [12]. This implies a per-year rate
of about 8 megabytes, or approximately a million short
statements per year. This estimate does not include
non-learned information such as pre-wiring for spatial
or causal reasoning that may be encoded in the genome.
Still, the total amount of statements humans are able
to acquire seems to be at least several million axioms.

Much of current work on common sense reasoning ex-
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plores issues of formal representation of knowledge (such
as [18} 18] as well as work reported in the ongoing series
of International Symposia on Logical Formalizations of
Commonsense Reasoning). The focus of the work re-
ported here is instead on acquiring commonsense knowl-
edge: to address collection of the millions of statements
that comprise common sense in support of further ex-
ploration of reasoning over such a knowledge repository
and to enable application of commonsense knowledge
to practical problems.

While some approaches have been to create such a col-
lection of knowledge with a dedicated multi-year knowl-
edge engineering effort (namely, CYC, [13]), or via min-
ing text (e.g., [22]), I explore an alternative approach of
getting such high volume of assertions. This approach
is to acquire knowledge from many contributors by re-
lying on analogical reasoning.

1.2 Collection of commonsense knowledge can

be distributed across many contributors

A large repository of commonsense knowledge is an im-
portant resource for validation of the more formal ex-
plorations of commonsense reasoning; such a repository
also holds the promise of enabling significant break-
throughs on many open problems in natural language
processing and information retrieval, such as informa-
tion extraction, question answering [22, |13], and ma-
chine translation.

To compare in size with the knowledge readily available
to to a human, estimates indicate that the KB has to
contain at least several million axioms. Even ignoring
the effort of verifying the quality of and of structuring
such a repository, and assuming that only the needed
axioms are entered, collecting this many axioms is a
singularly labor-intensive task. In this work, I describe
an innovative alternative to attacking the problem with
hundreds of man-years of knowledge engineering. I pro-
pose to tap untrained volunteer contributors. The mo-
tivation for the contributors may range from the desire
to win a prize or “exemplary contributor” status to the
desire to help science to curiosity of seeing how their
contribution makes the system better at estimating sim-
ilarities and posing further questions. The approach of
turning to volunteer contributors for a variety of tasks
has been stated by the Open Mind initiative |9} [29],
and has been directed at acquisition of commonsense
knowledge by the Open Mind Common Sense project,
described in |26} |27] and used in this work to provide a
“seed” knowledge repository.

The main advantage of this approach is the large pool
of millions of potential contributors, each presumably
equipped with millions of axioms of commonsense knowl-
edge. The challenge presented by this approach is lack
of training of the contributors in knowledge represen-
tation; their main method of exchanging knowledge is

via natural language. To exploit the opportunity of col-
lecting knowledge from such contributors, I have imple-
mented and deployed LEARNER, a system which to date
has collected knowledge from about 3,400 contributors.

To use the contributors’ efforts productively, in LEAR-
NER, knowledge is collected actively, by formulating and
posing questions that contributors answer. This ap-
proach, when contrasted with allowing contributors to
simply type the knowledge in, has the advantages of
ensuring that there is no redundancy in the knowledge
being collected, as well as allows acquisition to be di-
rected to the cases which are most likely to yield useful
information. Both points are discussed further in Sec-
tion [l

The rest of the paper is organized as follows. In Sec-
tion[2] I present the the knowledge representation scheme
used in LEARNER, the major modules comprising the
system, and the way contributors interact with the sys-
tem. In Section [3| T present cumulative analogy (the
method for formulating new knowledge acquisition ques-
tions from existing knowledge) and illustrate its oper-
ation with a step-by-step example. In Sections [] and
[l I overview some related work, summarizing the vol-
ume and kinds of knowledge collected. I conclude with
in Section [6] which contains a discussion of features
of cumulative analogy that make it particularly suit-
able method for operating over incomplete (growing)
and noisy collections of knowledge.

2. OVERVIEW OF LEARNER

To allow volunteers to add knowledge without any spe-
cial training in knowledge representation, LEARNER ac-
cepts input in the form of statements in English. A con-
tributor starts by entering a topic about which knowl-
edge is to be acquired. LEARNER then determines,
based on collected content, what other topics this topic
is similar to. It then uses cumulative analogy to gener-
ate and present new specific questions about this topic.
A sample screenshot of questions about “newspaper”
is shown in Figure Here, the system has used the
statements it has previously collected to determine that
the most similar topics are “book,” “map,” “magazine,”
and “bag.” These are shown in the line beginning with
the words “Similar topics.” From these, properties are
mapped onto “newspaper” and presented as questions.
For example, the first question shown is “newspapers
contain information?” The knowledge acquisition ques-
tions are presented to the contributors in batches of up
to 20. Each question can be either edited or answered
as is using one of the multiple-choice answers: “Yes,”
“No,” “Some / Sometimes,” “Matter of Opinion,” and
“Nonsensical Question.”

2.1 Form of accepted knowledge
LEARNER imposes no restrictions on the domain of tex-
tual knowledge it operates on. It does, however, impose
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Figure 1: Screenshot of acquiring knowledge about “newspaper.”

some restrictions on the form of the accepted state-
ments. LEARNER is designed to handle only single-
sentence syntactically valid statements, each of which
is interpretable on its own, in isolation. Furthermore,
LEARNER is designed to handle primarily general fac-
tual knowledge about generic concepts (classes of ob-
jects), rather than specific events or individual objects.
Here are some examples of statements LEARNER s de-
signed to handle (and has in fact gathered):

“swans are white”
“a hammer is a tool”
“a yacht has a sail”

“keys can unlock locks”
“computers are
made up of parts”

To guide acquisition in the direction of factual knowl-
edge about classes of objects, LEARNER enforces some
syntactic constraints that limit what statements can be
added. These constrains require that an statement (i)
be parsable, (ii) be declarative rather than interrogative
or imperative, and (iii) not start with referential words
such as “that,” “these,” “my” and so on.

2.2 Seed knowledge and architecture
LEARNER uses the collected content to pose new knowl-
edge acquisition questions. As such, LEARNER needs a
significant knowledge collection to prime its analogical
reasoning. The initial collection of commonsense knowl-
edge LEARNER relied on consists of a seed knowledge
repository of approximately 47,000 admissible statements
of no longer than 7 words extracted from the knowl-
edge collected by a different knowledge acquisition ef-
fort, Open Mind Common Sense (OMCS) |26 [27]. The
OMCS effort collects knowledge without leveraging pre-
viously collected statements. Rather, it invites contrib-
utors to provide free-form knowledge and fill in a variety
of templates. It is described further in Section [4]

Architecture-wise, LEARNER contains the following ma-
jor components: web interface, question-generation com-
ponent, growing collection of acquired statements, and

lexical knowledge (provided by WordNet [4]). LEAR-
NER also has an natural language processing module to
facilitate construction of internal representations and a
database module to store and rapidly retrieve individ-
ual statements. The natural language processing mod-
ule relies on the Link Grammar Parser [28] for pars-
ing statements. The object-oriented database module
for for storing the knowledge repository is provided by
FramerD [7].

2.3 Internal representation abstracts from syn-

tactic details

The overall approach of LEARNER is to treat a sentence
in natural language as a statement about an object O
having a property P. For example, “cats eat mice”
states that “cats” “eat mice.” Most admitted sen-
tences can be viewed as statements about the sentence’s
syntactic subject. Sentences which have a syntactic sub-
ject (such as “cats eat mice”) are also viewed as state-
ments about the sentence’s syntactic object: in this
example, “mice” have the property that “cats eat”
(them).

LEARNER uses an internal, canonical representation which
abstracts from syntactic details while capturing (well
enough for the purposes of the system) what the state-
ment expresses. In doing this LEARNER reduces both
objects and their properties to their canonical form. For
example, the statement “cats eat mice” would become
“cat eat mouse”. To formulate a knowledge acquisition
question, LEARNER bypasses the canonical form and
processes the surface form of a statement on which the
question is based (producing human-readable natural
language).

To canonicalize a sentence, first, multi-word entities
such as “fire engine” are identified by comparing against
WordNet’s collection of multi-word entities. Next, only
the base forms of the tokens appearing in the sentence



is used (the base form for a noun is its singular form,
and for a verb the base form is its infinitive form). De-
terminers and closed-class words (such as “of,” “with,”
“on,” and so on) are dropped by the canonicalization
altogether.

For efficiency of comparing canonical forms, multi-word
properties are stored as sorted lists of words (with their
parts of speech), without preserving the order. LEAR-
NER also tracks the syntactic role of the statement’s
object O. This assures that two sentences such as“an
elephant pushes a cart” and “a cart pushes an elephant”
do not map to the same internal representation.

When creating statements from sentences, LEARNER at-
tempts to handle negation correctly. Syntactic analysis
of the sentence looks for “not” or constructs such as
“don’t” or “cannot” negating the meaning of the sen-
tence.

To represent the recognized negation, each statement
in the knowledge repository has one of two truth val-
ues: Tv =1 or 0. When referring to a specific object-

property pair O; and P;, I will denote these as Tv(O;, P;) =

1 and Tv(O;, P;) = 0, and informally refer to state-
ments in these two classes as “is true” and “is false”
statements, respectively.

Thus, the sentence “mice do not eat cats” actually gives
rise to two statements, one about the syntactic subject
and the other about the syntactic object. The one about
the syntactic subject (hereafter subject-statement) can
be denoted as:

Tv(Mouse ,pun, {Catnoun, €atyery}) = 0

This notation does not distinguish between subject- and
object-statements, and the distinction will not be im-
portant for the following discussion unless explicitly spec-
ified.

Because each statement consists of an object and a
property, the entire knowledge repository can be visu-
alized as a large matrix, with every known object of
some statement being a row and every known property
being a column. See Figure [2| for an illustration of an
objects-properties matrix depicting a set of statements.

This approach to representing sentences as statements
about objects having certain properties allows LEAR-
NER to make use of simple statements with many syn-
tactic variations. However, the approach has its lim-
itations. A significant limitation is the system’s fo-
cus on “typically true” statements. The system is not
equipped to reason about events which are true only
in specialized situations, or otherwise require sophisti-
cated delineation of context to be expressed. Another
limitation of LEARNER is its exclusion of conjunctions
or disjunctions from the set of statements it processes.

Objects Properties

(with simplified form)
contains knowledge has pages is cold is for reading
contain knowledge  have page be cold be read

book X X X

ice A - X
newspaper | ... x x
magazine | ... X X b

Figure 2: Example of a matrix encoding state-
ments about objects and their properties. The
actual matrix has tens of thousands of rows and
columns. For simplicity, only statements about
a sentence’s subject are shown. “Is true” state-
ments are marked by ‘x’es, and “is false” with
¢-’. Blank cells denote that truth values for these
statements are not explicitly known.

The complex expressions (such as “houses have doors
and windows”) are not handled by the system because
of the difficulty of reformulating them in terms of more
primitive statements automatically.

3. ALGORITHM AND SIMILARITY MEA-
SURE

In this section, I present how reasoning by analogy from
similar objects is used to formulate and pose new knowl-
edge acquisition questions to the contributors. A novel
feature of the analogical reasoning is its reliance on
mapping properties from many similar objects, sum-
ming the evidence for posing any given question. Be-
cause evidence is accumulated from multiple objects, 1
call this method cumulative analogy.

The collection of knowledge starts with the contribu-
tor choosing a topic Oy about which knowledge will
be acquired. Given O4, cumulative analogy is per-
formed in two stages: (i) Select-NN, selecting the set
O of nearest neighbors Og,., based on similarity of these
to Oyg, and (ii) Map-Props, projecting known prop-
erties of O not yet known about Oy onto Oy and
presenting them as questionsEI Both algorithms are
explained on a simplified example of posing questions
about “newspaper” in Sections [3.1] and [3:2}

3.1 Select-NN: Selecting the Nearest Neigh-

bors
The steps of Select-NN are as follows. First, Select-
NN retrieves the properties of the target object. Next,
for each selected property, all statements about this
property and some other object with this property are
identified, regardless of whether this property “is true”
or “is false” about that object.

Next, for every object that shares properties with “news-

Tt is the second step of projecting properties that motivates
the terminology of “Or.” (“src¢” for “source”) and “Oyg”
(“tgt” for “target”).



paper,” the similarity between this object and “news-
paper” is computed based on properties that they share
and that they mismatch on (two objects mismatch on a
property when a property is asserted as “is true” about
one and as “is false” about the other). The detailed
formulas used in computation of similarity are given be-
low. Up to ten most similar objects are selected. These
objects (in the example of “newspaper,” they would
include “book” and “magazine”) together with their
scores, are passed to the next stage of the algorithm,
Map-Props.

The output of Select-NN — the source objects Ogpe,
paired with scored indicating their respective similarity
to Oy — are passed to Map-Props, which proceeds
as is described in the following section.

3.2 Map-Props: Mapping from similar ob-

jects to formulate questions
First, for every source object, Map-Props retrieves all
properties asserted about this object. Both “is true”
and “is false” statements are included. For the target
object “newspaper,” the set of source objects may in-
clude “book” and “magazine.”

Next, each mentioned property is mapped back onto the
target object, with the total score of the mapping de-
pending on the similarity scores of the relevant source
objects and the kind of property being mapped (subj
or obj). Already known properties of the target ob-
ject (“newspaper,” in our case) are filtered out, as are
properties that “newspaper” can be expected to have
by taxonomic reasoning (see below). Figure [3] illus-
trates the mapping of properties not yet known about
“newspaper” back onto “newspaper.”

Objects Properties
(with simplified form)
contains knowledge has pages is cold is for reading
contain knowledge  have page be cold be read
book A X X X
ice . - X
newspaper | ... x? x X
magazine 900 X X X
Figure 3: Map-Props: Properties (such as

“contains knowledge”) known about similar top-
ics but not known about “newspaper” are for-
mulated as questions about “newspaper” for pre-
senting to contributors.

The specific formulas used in calculating the scores of
the mapped properties are as follows. For every source
object, the score of every property known about it is
updated, according to the product of three weights:
TvWit(Tv(O, P)) x PropClassWt(PropClass(P)) x
SimWt(SimSc(0))

The component weight functions are computed as fol-

lows:
1 if Tv=1,

ToWt(Tv) = {_1 £ To 0, (1)

1.1 if PropClass is subj,
1 if PropClass is obj.

(2)

PropClassWt(PropClass) = {

and
In(Si
(SZ4mSc)’ 3)
where SimSc is the “similarity score” of Oy to Oyg; as
returned by Select-NN. The equation for TvWt simply
ensures that the votes “for” and “against” this prop-
erty holding for the target object are summed with the
correct sign.

SimWt(SimSe) =1+

The equation for SimWt (Eq.|3)) ensures that the most
similar objects in the set (according to Select-NN) have
the greatest impact on the overall scores. A highly sub-
linear function has been chosen to prevent overempha-
sizing any given object, and to produce a truly “cumu-
lative” analogy.

Once the total scores for each property are computed,
properties already asserted about Oy are eliminated,
and up to 100 of the highest scoring remaining prop-
erties are returned for further filtering (at most 20 top
scoring questions will be presented to the contributor).
In practice, the computationally intensive work is the
linguistic processing of a sentence that happens at later
stages, so this over-generation does not cause a perfor-
mance bottleneck. The properties with large negative
scores (when such are present) are currently dropped,
although they represent good hypothesis about what is
not true about Oqg.

3.3 Similarity measure is based on a theory of

human similarity judgments

In selecting a similarity measure for use in Select-NN,
many alternatives are possible. The similarity measure
used in the current work is rooted in theory of human
similarity judgments and captures some information-
theoretic considerations deemed important in prior work
on similarity (e.g. [24}/15]). While the current approach
has performed well in the context of cumulative analogy,
additional benefits may lie in incorporating automatic
learning of ways to weight and combine features in se-
lecting similar topics. A large body of work on adapting
feature selection and learning weights for features can
be found in the case-based reasoning (CBR) and ma-
chine learning traditions, e.g. |21} |10} |11} [32].

Empirical studies indicate that human similarity judg-
ments tend to violate all of the properties of a distance
metric typically expected of a similarity or distance met-



ric save perhaps for non-negativity. Symmetry, reflex-
ivity [30] and triangle inequality [31}, 6] can all be vi-
olated. These empirical results call into question the
utility of using distance metrics such as the Minkowski
metricor other proposed distance measures which would
be unable to mimic these aspects of human similarity
judgments |24} 15]. Instead, LEARNER’s similarity mea-
sure is derived from Tversky’s seminal contrast model
of similarity. The model is formulated as:

Sim Tversky(oa O/) =
0f(FoNFor) —af(Fo\ For)— Bf(Fo \ Fo)

where Fo represents the set of features that an object O
possesses, Fo \ For denotes features of O that O’ does
not have. The function f is typically assumed to be
additive (simply returning the size of the set to which
it is applied), and 6, «, and § are non-negative weights
[30].

The exact formulas used in Select-NN are as follows.
Let Op be the set of all objects O for which the property
P has been asserted to be true (i.e., {O : Tv(O, P) =
1}), and ||Op|| be the number of such objects. Then
the frequency weight of P, denoted FreqWt(P), can be
defined as follows:

2 if Op =0,

F P) = !
reqWt(P) {1+1/1Og2(op||+1) otherwise. )

Note that the FreqWt ranges between 1 and 2, with

larger values corresponding to properties that are true

of fewer objects. The motivation for assigning lower

weight to more common shared properties is that, other

things being equal, two objects sharing a very rare prop-

erty are probably more similar than two objects sharing

a very common one. Giving greater weight to the rare

features is consistent to prior approaches to measuring

semantic similarity on information-theoretic grounds [24,
15], and reminiscent of inverse document frequency (IDF)
term weighting methods used in information retrieval

(see, e.g., [25]).

The amount by which the score of each object is up-
dated is given by the function
Wt(Tv(Ouge, P), Tv(Ogye, P), P),

computed as follows:

FreqWt(P) if (Tvy, Tw2) = (1,1),
—1.5 if (Tvy, T = (1,0
Wt(Tv1, Tva, P)= (l)r((Ovi) v2) = (LO) 5y
0 if (Tvq, Tv2) = (0,0).

Detailed rationale for these functions is beyond the scope
of this paper; it can be found in [1].

3.4 Taxonomic reasoning augments similarity-

based reasoning

The core algorithm for posing questions by cumula-
tive analogy is simple in that it makes no assumptions
about structure of knowledge. Using cumulative anal-
ogy alone, however, revealed that an additional mech-
anism, namely taxonomic reasoning, is needed to im-
prove quality of questions. Without taxonomic reason-
ing, the algorithm will pose the same question about
similar objects. For example, when told that “ani-
mals have body parts,” the generation component may,
in generating questions for various topics, ask whether
“monkeys have body parts,” “cats have body parts,”
“dogs have body parts,” and so on.

In LEARNER, the generation of questions by analogy is
augmented with a filter which relies on taxonomic rea-
soning. If a statement is a specialization of a (perhaps
implicitly) universally quantified more general state-
ment, it will not be presented as a question. Thus the
specific questions will not be asked once the more gen-
eral statement is known. The system does not attempt
to generalize its knowledge, although that would con-
stitute interesting future work.

Additionally, taxonomic information is used to filter
out some similar topics in the output of Select-NN;
this is a measure meant to remedy occasional gener-
ation of strange similarities when the system has insuf-
ficient knowledge. For example, if “0il” were judged to
be similar to “mechanic,” “0il” would be filtered out
on the grounds that, in WordNet there is not a path
through the is-a taxonomy connecting “mechanic” and
“01l1”. This filtering does not apply to objects beyond
WordNet’s dictionary.

4. RELATED WORK

The issue of collecting data from volunteer contribu-
tors has been studied in a different context by |9, [29],
as part of Open Mind, a broader umbrella project con-
cerned with collection of all kinds of data (handwriting
samples, object segmentation, and so on) from volun-
teer contributors. In the area of collecting common-
sense knowledge, the CYC team is investigating ways
to use the CYC knowledge base to acquire from vol-
unteers statements parsed into logic formulas with the
volunteers’ confirmation.

Perhaps the closest in spirit project is Open Mind Com-
mon Sense (OMCS) |26} |27]. OMCS collects knowledge
from contributors by offering a variety of knowledge en-
try activities, such as explaining the relationship be-
tween a pair of words or describing a picture. OMCS
predates LEARNER and has served as an inspiration.
Unlike LEARNER, however, OMCS does not leverage
knowledge it has gathered to guide its future acqui-
sition in any way. The OMCS contributors are able
to browse the collected knowledge but do not see the
system’s behavior improve or change as a result of the
entered knowledge.



Any effort of collecting knowledge using natural lan-
guage needs to have means of addressing ambiguity of
words in natural language. The precision of questions
formulated by LEARNER can benefit from disambigua-
tion of word senses. Interestingly, such disambiguation
can also be done by turning to human contributors, as
is described in, e.g., |19} [3].

5. RESULTS

LEARNER does not require contributors to log in in or-
der to contribute. This makes estimating the exact
number of contributors difficult. It is possible, however,
to calculate the total number of distinct IP addresses
from which contributions have been made. Contribu-
tions have been made from a total of 3,427 IP addresses
since the launch eleven months ago. The average con-
tributing IP address has contributed 49.8 statements.
Adding incentives and recognition of exemplary con-
tributors may be a way to further increase the amount
of contributions.

In total, 170,824 pieces of information have been added,
by answering questions or entering new statements. Of
these, 53.3% are labeled as “is true,” and 21.3% are
labeled as “is false.” The number and percentage per
answer type are shown in Table [I]

Answer Num Entries | % of Total
Yes 91,066 53.3%
No 36,372 21.3%
Some/Sometimes 20,088 11.8%
Matter of Opinion 7,938 4.6%
Nonsensical Question 15,358 9.0%
Total: 170,824 100.0%

Table 1: Number of statements collected, by an-
swer received.

A controlled experiment of a sample of 1,000 questions
being posed using the seed knowledge repository indi-
cated that when analogy is used to pose questions, 45%
of questions were answered affirmatively. If, instead,
Select-NN was replaced by a stub that instead used
ten random objects from the knowledge repository as
sources of similarity, only 8% of the questions were an-
swered affirmatively by contributors. This experiment
suggests that posing questions by analogy indeed results
in more relevant questions.

Automatic template-based classifiers based on the parse
structure of the sentence and appearance of certain words
and expressions in it were implemented by hand to ana-
lyze the knowledge repository by the kind of statements
contributed. According to these classifiers, 12.0% of the
seed and 11.3% of the collected statements expressed
taxonomic (is-a) knowledge; 8.0% of the seed and 9.7%
of the collected statements expressed part-of relation-
ships. The plurality of the statements (48.5% of the
seed and 46.5% of the collected) expressed actions an

object tends to perform or a qualified action stating
some qualification of how that action is typically per-
formed. An example of an statement expressing an ac-
tion is: “cats eatyep mice.” An example of a qualified
action is: “kangaroos jumpuyeqs (very high)prep-phrase.”

6. DISCUSSION

6.1 Usefulness of collected knowledge

The knowledge collected by LEARNER is similar in form
to that collected by the Open Mind Common Sense
(OMCS) project; the latter was in fact used to seed
LEARNER’s knowledge acquisition. Thus, we can look
at uses of OMCS knowledge (of which there have been
several) to appraise potential applications of the knowl-
edge collected by LEARNER. For example, collections of
sentence-long natural language statements stating com-
monsense knowledge facts have been used for query re-
formulation in information retrieval [16], for making de-
ductions about affect of text [17], and in inter-corpora
word sense disambiguation experiments |2, [19].

In addition to these examples of potential uses, the
knowledge gathered by LEARNER is already being ac-
tively used in LEARNER itself — the cumulative analogy
algorithms use the collected knowledge to carry out the
useful task of posing new knowledge acquisition ques-
tions.

6.2 Questions posed by cumulative analogy
improve with acquisition of more knowl-
edge

Two important properties of cumulative analogy, its in-
cremental payoff and noise tolerance make it well suited
to situations with partially unknown and ambiguous or
unreliable knowledge. Cumulative analogy exhibits in-
cremental payoff or bootstrapping qualities. That is, the
more knowledge the system has, the more knowledge it
can base its questions on. The replies to the knowledge
acquisition questions formulated by analogy are imme-
diately added to the knowledge repository, affecting the
similarity calculations.

If Select-NN incorrectly rates a non-similar object as too
similar, many knowledge acquisition questions posed
with the contribution of this object are likely to be
answered “no,” lowering its similarity and eventually
causing it to be displaced by other, more similar ob-
jects.

Even answering questions affirmatively is likely to stre-
ngthen the similarity scores of topics that are more sim-
ilar, while leaving scores of other topics in the set of
similar topics unchanged. This process is also likely to
improve the quality of future questions. Conversely, as
more “is true” statements are added about the target
object, new similar objects that also share those proper-
ties will tend to be uncovered leading to new analogies



and new KA questions being posed. Additionally, by
summing evidence for and against each property, cu-
mulative analogy focuses on the properties most likely
to hold first.

6.3 Cumulative analogy is noise tolerant
Cumulative analogy is also noise tolerant. Noise tol-
erance is exhibited at two stages. Initially, Select-NN
sums evidence for similarity from many individual prop-
erties, limiting the effects of spurious matches. Map-
Props then sums evidence for each property from up
to ten similar objects, further limiting the effect of any
residual noise in Select-NN’s output.

An example of cumulative analogy exhibiting noise tol-
erance in the step of creating a set of knowledge ac-
quisition questions from the similar objects returned by
Select-NN is as follows. Consider the similar objects to
the object “tool” in the seed knowledge repository:

computer 7.61 | car 3.90
machine 5.39 | wrench 3.76
horseshoe 5.26 | musical instrument 3.06
fire 3.92 | fan 2.71
knife 3.90 | weapon 2.45

Arguably, the similar topic “fire” (among others) is
spurious. “Tool” was judged to be similar to “fire”
because of the following pairs of statements: “Humans
use tools/fire,” “A tool can help a person/Fire can help
people,” and “Tools are useful/Fires can be useful.”
Despite these matches, the top five questions about
“tools” were as follows (shown together with the topics
from which they were mapped):

tools can run on electricity? (computer, machine, fan)
tools are machines? (computer, car, fan)

a tool can hurt a person? (fire, car, weapon)

tools are man-made? (computer, machine)

tools are complicated? (computer, car)

In this case, only the third question was mapped with
participation of “fire,” and this question had addi-
tional support from “car” and “weapon.” Other, irrel-
evant properties of “fire” present in the KB (e.g.,“a
fire is hot”, “fire consumes oxygen”, “fire can burn a
house”) do not result in KA questions about “tool.”

Thus, cumulative analogy was able to focus in on the
more relevant properties and similar objects, tolerating
noise. Importantly, this noise can have many sources,
making it a feature which addresses many problems.
Noise sources can range from spurious matches that
arise from insufficient knowledge (as in the above exam-
ple) to lexical ambiguity to unintentional or malicious
misinformation of the system by a contributor.

Additionally, the knowledge collected by LEARNER tends

to be syntactically uniform. By virtue of the algorithm
(contributors are encouraged to confirm, deny, or cor-
rect statements mapped from other similar statements),
syntactic variation is kept low, simplifying further pro-
cessing and enabling the analogy mechanism to work
well on consequent iterations.

7. FUTURE WORK

Some limitations of the current system are due to the
simplicity of the internal representation over which the
analogy operates. Interesting future work lies in explor-
ing more advanced internal representation, for exam-
ple allowing for “object, slot, value” expressions rather
than “object, value” expressions or supporting variables
could pose better knowledge acquisition questions and
capture more nuanced statements. Also of great inter-
est in augmenting the reasoning with a more detailed
model of which features of objects imply presence or ab-
sence of which other features, going beyond correlation
in both the reasoning and the collected knowledge.

Finally, the knowledge already collected represents a
significant (although by no means complete) repository
of world knowledge. Further applying this knowledge to
address open problems in both commonsense reasoning
and natural language processing also constitutes inter-
esting and important future work.

In all, cumulative analogy is a tool which allows us to
tackle an important problem of construction of com-
monsense knowledge repositories in an innovative way
— by distributing the problem across volunteer contrib-
utors.
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