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Abstract 
This paper discusses unsupervised learning of orthogo- 
nal concepts on relational data. Relational predicates, 
while formally equivalent to the features of the concept- 
learning literature, are not a good basis for defining 
concepts. Hence the current task demands a much 
larger search space than traditional concept learning al- 
gorithms, the sort of space explored by connectionist al- 
gorithms. However the intended application, using the 
discovered concepts in the Cyc knowledge base, requires 
that the concepts be interpretable by a human, an abil- 
ity not yet realized with connectionist algorithms. In- 
terpretability is aided by including a characterization 
of simplicity in the evaluation function. For Hinton’s 
Family Relations data, we do find cleaner, more intu- 
itive features. Yet when the solutions are not known 
in advance, the difficulty of interpreting even features 
meeting the simplicity criteria calls into question the 
usefulness of any reformulation algorithm that creates 
radically new primitives in a knowledge-based setting. 
At the very least, much more sophisticated explanation 
tools are needed. 

Introduction 
This research is being carried out in the context of the 
Cyc project, a ten year effort to build a program with 
common sense [Lenat and Guha, 19901. Much of the ef- 
fort is devoted to building a knowledge base of unprece- 
dented size. In such a large KB there will inevitably be 
important concepts, relations, and assertions left out, 
even within areas that have been largely axiomatized. 
Inductive learning algorithms that can discover some 
of this missing information would be helpful, but it is 
crucial to be able to explain new concepts in order to 
properly integrate the discovered knowledge. 

In this paper, concept learning is cast as assigning 
features to individuals based on training examples con- 
sisting of tuples of those individuals. Each possible 
value of each feature represents a concept. For instance, 
the feature COLOR generates the concepts Red, Blue, 
etc. Hopefully such an algorithm can be used directly 
to discover useful new concepts in the Cyc KB, and can 
be used indirectly in analogical reasoning in Cyc. Solv- 
ing Hinton’s [1986] f amily relations problem in a more 

pleasing manner has been the first important milestone. 
The Family Relations problem is described in the 

next section. Then the Minimum Description Length 
(MDL) principle [Rissanen, 19891, in which theories 
are judged to be good in direct proportion to how 
small they are, is very briefly described followed by 
its particular use in feature discovery on the family 
relations problem. Finally, some implications of this 
work on the general problem of reformulation are dis- 
cussed in light of experience on real Cyc data. The 
algorithm is called MDL/OC, for Minimum Descrip- 
tion Length/Orthogonal Clustering. A more detailed 
description, including results on a diagnosis problem 
also used by Michalski and Chilausky [1980], real Cyc 
data, and an analogical mapping also used by Falken- 
hainer et al [1989], is given in Derthick [1990]. 

roblem epresentation 
For the purposes of this paper, the goal of a learning 
knowledge representation system is to develop a domain 
theory from a set of ground atomic assertions that al- 
lows it to decide the truth or falsity of other ground 
assertions. The Family Relations problem’s assertions 
use only binary predicates, which are usually called fea- 
tures in the concept learning literature. MDL/OC can 
handle discrete predicates of arbitrary arity. 

The family relations training data consists of the 112 
3-tuples representing true family relationships in the 
family trees shown in Figure l(top). The elements of 
the tuples include the 24 people and the 12 predicates 
husband, wife, son, daughter, father, mother, brother, 
sister, nephew, niece, uncle, aunt. These predicates 
make for poor features; the set of people that have the 
value Pierro for the feature father, for instance, has 
only two members, so it is not very good for generalizing 
over. A decision tree algorithm that does not redescribe 
the input by constructing new terms would construct a 
shallow tree that has a large branching factor. And 
previous constructive induction algorithms, which only 
consider simple boolean combinations of existing fea- 
tures or values, would not do much better. Another way 
to see the poor match of this data to previous concept 
learning algorithms is to look at the feature-vector rep- 
resentation of the problem in Figure l(bottom). There 
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Figure 1: Top, the family trees from which the 112 train- 
ing tuples are derived. “2 means “spouse,” and lines mean 
“child.” Middle, a few examples of the training tuples for 
the family relations problem, in the syntax accepted by 
MDL/OC. It is possible to use an feature-value representa- 
tion of this domain (Bottom), in which the given predicates 
Husband, Wife, Son, Daughter, Father, Mother, Brother, 
Sister, Nephew, Niece, Uncle, Aunt induce an feature vec- 
tor on each individual. 

are many null values and some multi-values. 
ber of values of each feature is large. 

The num- 

Much more desirable would be to construct new pred- 
icates that make for more natural features, such as Sex, 
Nationality, or Generation. These features would still 
take a person as an argument, but their values would 
be constructed: Male, Female, English, Italian, Old, 
Middle, and Young. Of course the algorithm cannot 
come up with English names for its features and val- 
ues. But this paper would be even less readable using 
gensyms, so it is important to remember that only the 
24 people and 12 given predicates appear in the input, 
and that other features and values are names I attached 
to partitions and their elements constructed by the al- 
gorithm. Somewhat confusingly, MDL/OC does not 
distinguish between predicates and arguments. It in- 
terprets the training set strictly as a set of tuples, and 
discovers new ways to categorize the elements. To em- 
phasize this, the given predicates and people are some- 
times collectively called individuals. The feature that 
distinguishes them is useful to the algorithm, so Type 
is another constructed feature, with values Person and 
Given-Predicate. 

In algorithms that represent an individual by its 
feature-vector, all assertions about one individual are 

present in a single training example, and testing is ac- 
complished by completing one or a few missing features 
values of a new individual. In MDL/OC, a training ex- 
ample consists of only a single assertion, of the form 
(PERSON1 GIVEN-PREDICATE PERSON2). Test- 
ing generalization on new ground assertions (termed 
“completion”) is done by a separate system. The intent 
is to use the discovered features to help extend a knowl- 
edge base with a subtheory of the training domain, and 
to have completion done by the knowledge-based sys- 
tem. However a simple-minded algorithm that does not 
require a human to integrate the features with existing 
concepts in a KB is described in the evaluation of re- 
sults section. 

Feature Discovery 

Coding Scheme 

MDL is a very powerful and general approach that can 
be applied to any inductive learning task involving suf- 
ficient data. It appeals to Occam’s razor-the intuition 
that the simplest theory that explains the data is the 
best one. The simplicity of the theory is judged by its 
length under some encoding scheme chosen subjectively 
by the experimenter. Its ability to explain the data is 
measured by the number of bits required to describe 
the data given the theory. There is a tradeoff between 
having a large theory that requires few additional data 
bits to explain the particular training set, and having 
a small theory that requires much of the information 
to be left as data. To ensure that the encoding scheme 
is information-preserving, the task is often thought of 
as transmitting the training set to a receiver using the 
fewest bits. There must be an algorithm for the receiver 
to reconstruct the data from the compressed form. 

This subsection assumes that useful features like Sex 
have already been found, and the concern is only to 
describe how they are used to encode and decode the 
training data, and to measure the resulting encoding 
length. This length serves as a declarative evuhalion 
function over sets of features. The next section de- 
scribes how a weak method is used to search for a set 
of features that minimizes the evaluation function. 

MDL/OC’s encoding scheme reflects two character- 
istics I believe intuitively good features should have: 
They should enable simple expression of the domain 
constraints, and they should not be redundant. Redun- 
dancy is minimized by any MDL scheme; simplicity is 
enforced by constraining each feature separately. For 
instance, the Sex feature of the GIVEN-PREDICATE 
element of a tuple perfectly predicts the Sex feature of 
the PERSON2 element, independent of the type, Na- 
tionality, Generation, and branch of the family. For 
instance, Mother has the value Female, and any moth- 
erhood assertion will have a Female PERSON2. The 
other features listed have their own independent reg- 
ularities. Once each feature of a missing testing tu- 
ple element has been found, the individuals with these 
feature-values can be looked up. MDL/OC gets its 
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Figure 2: The encoding scheme used by MDL/OC. To transmit the training example (Penelope husband Christopher), the 
encoder looks up the feature-vectors for each component of the tuple (columns). Each row then represents a feature-tuple 
to be transmitted, using code-words that have previously been sent to the receiver. The feature value names in this figure 
are attached by the experimenter as an aid to understanding. When applied to a given predicate such as husband, the label 
“Italian” is in parentheses to indicate that, while husband formally has the Same value for this feature as Emilio, it is not 
really meaningful; no pairs of rules differ only in their treatment of the Nationality feature of the GIVEN-PREDICATE of a 
tuple. “2nd-Gen” is in parentheses because it really means “same generation” when applied to a GIVEN-PREDICATE. This 
overloading doesn’t cause problems because the subset of the domain that can appear as a GIVEN-PREDICATE is disjoint 
from that that can appear as a PERSON1 or PERSON2. 

power from discovering features that makes this kind 
of underlying regularity apparent. The convenience af- 
forded by assumptions of independence is embraced al- 
most universally in Rayesian inference. It is surprising 
that there have been few attempts to discover orthogo- 
nal concepts. 

One straightforward encoding scheme would assign 
each individual a code-word and transmit the elements 
of each training tuple in order. However this scheme 
ignores the regularities that hold across each train- 
ing tuple. Since we are looking for regularities across 
orthogonal features, MDL/OC’s coding scheme (Fig- 
ure 2) transmits tuples of feature-values across individ- 
uals (called a feature-iuple) for each feature, as opposed 
to a tuple of feature-values across features (called a 
feaiure-vector) for each individual. ,At the receiver, the 
process is just the reverse. The code-words representing 
feature-tuples are decoded and rearranged into feature- 
vectors, which are decoded into individuals. In case 
multiple individuals have the same feature vector, the 
message is augmented with disambiguation code-words. 
For instance, using the features in Figure 2, both Pene- 
lope and Christine have the feature-vector PFEl, so 
every training tuple in which one of them appears will 
require an extra bit. 

Using the notation in figure 3, what ends up being 
transmitted for each training tuple, therefore, is d (= 
4 in the figure) feature tuples, rather than n (= 3 for 

Family Relations) feature vectors. This is a win if the 
codes for feature tuples are shorter than codes for fea- 
ture vectors by at least n/d, on average. For Family 
Relations, the average code length for feature vectors 
is H(f(7)) = 5.1 bits. Th e average feature tuple code 
lengths, H(fi(S)), are: Type = 0.0, Sex = 1.9, Na- 
tionality = 1.0, Generation = 2.6. So this domain has 
regularities allowing feature tuple codes that are indeed 
much shorter than feature vector codes. 

By Shannon’s coding theorem, and assuming opti- 
mal codes, the number of bits required to transmit each 
symbol is the negative log of the symbol’s probability 
of occurrence. Summing this for all the feature-tuple 
and disambiguation codewords gives the total number 
of bits for the data term. (Any real code will require an 
integral number of bits. However, all the codes in this 
paper are “simulated,” and the lengths are calculated 
using information-theoretic formulas whose range is the 
non-negative real numbers.) 

The theory description consists of the number of fea- 
tures (d), individuals (q), training examples (I), training 
tuple size (n), number of values for each feature (ci), the 
assignment of individuals to feature vectors (f), and 
the feature-tuple and disambiguation codes. There is 
insufficient space here to derive the evaluation function 
in any detail. In principle, it is just turning the cr&nk. 
A code table can be transmitted as a histogram of sym- 
bol frequencies; both transmitter and receiver can apply 
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Figure 3: Notation used in specifying the MDL/OC evil- 
uation function. Variable values are given for the Family 
Relations problem and for the search parameters given in 
the search algorithm section. 

a previously agreed-on algorithm to derive an optimal 
code from this. Since the total number of symbols (7-d) 
and the alphabet size (C cr) are known to the receiver, 
straightforward counting arguments lead to a formula 
for the number of bits to transmit the code tables. 

In practice, however, this efficient but abstract ap- 
proach does not produce a smooth evaluation function. 
Although it takes about twice as many bits, the search 
works much better with an evaluation function based on 
transmitting the code tables entry by entry. Each en- 
try specifies the code for one symbol. Quinlan (personal 
communication) found the same factor of two worsening 
in total number of bits, along with improved search per- 
formance, when he used a less abstract coding scheme 
in his MDL approach to learning decision trees [Quinlan 
and Rivest, 19891. Here this effect is apparently due to 
smoothness, because the intuitive feature sets are local 
optima in both models. 

Several approximations are made to further enhance 
the smoothness of the evaluation function. The average 
number of bits to specify the codes in the code tables 
is approximated by the entropy of the random variable 
being coded (or the conditional entropy of the random 
variable given the feature-vector in the case of the dis- 
ambiguation code). This corresponds to weighting the 
average using the observed probabilities in the data. 
The number of bits to transmit an integer z is approx- 
imated log Z. Finally, the log of the arity of a feature 
is approximated by the entropy of its probability dis- 
tribution over all occurrences of all individuals in the 
training set, logci M H(fi(7)). When the feature par- 
titions the individuals so that each value occurs equally 
often in the training set, this approximation is exact. 
As the partition becomes more uneven, the approxi- 
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1262 
1348 
1460 
1500 
1507 
1571 
1601 
1908 
1933 

318,570 

Table 1: The value of the evaluation function for several 
sets of features that I hand-constructed to solve the problem. 
The units are bits. T=Type, S=Sex, N=Nationality, and 
RANDOM are 2-valued; G=Generation and B=Branch are 
3-valued; IDENTITY is 36-valued. When constrained to 
find five binary features, MDL/OC achieved a slightly better 
score (1260) using a 2-valued version of Generation, and 
a feature distinguishing the parents from the non-parents 
instead of Branch. 

mation varies smoothly down towards the next lower 
arity. I found no smooth approximation for d, which is 
expected to be very small, so it is simply dropped. 

The evaluation function to minimize, including both 
theory and data terms, and all the approximations, is 

E(f) = Cyzl [(q + l)W(fi(T)) + H(fi(S))(enH(fr(T)) + Z)] 
+W + q) . W(I) - WV))) + 1s dn 

The constant terms, H(T) and logqln, can be ig- 
nored by the optimization algorithm. If there are no 
features, f contains no information, and this reduces to 
(nl + q) . H(T) + bgqln. This is a more precise cal- 
culation for the straightforward encoding scheme men- 
tioned above in which each tuple element is transmitted 
separately. As f becomes more informative, H(7) is re- 
duced by H( f (I)), but th e cost of encoding f increases. 
In the other limit, where everything is included in the 
theory, there is a single feature with q = 36 values, one 
for each individual. The feature-tuple code table will 
contain qn = 46,656 entries, so this evaluation func- 
tion, based on transmitting the table explicitly, blows 
up (Table 1). 

Search Algorithm 

By virtue of the above declarative specification of what 
constitutes a good set of features, the learning task has 
been cast as a well-defined optimization problem: min- 
imize E(f) over all possible sets of partitions. Initially 
the individuals are assigned random values for each fea- 
ture. This constitutes the initial feature-set hypothesis. 
The search procedure thus requires the maximum num- 
ber of features sought, d,,, , and the maximum number 
of values for each, ci,,, , to be fixed in advance. 

The search is then carried out by simulated anneal- 
ing. This is a generalization of hill-climbing, and like 
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hill-climbing the search proceeds by evaluating the eval- 
uation function for a configuration of the search space 
that neighbors the currently hypothesized configura- 
tion. Depending on this value, we may “move” to the 
neighboring configuration as the new hypothesis. In 
MDL/OC, neighboring feature sets in the search space 
are those for which the value of a single feature of a 
single individual differs. For instance, a move might 
consist of changing the value of Pierro’s Nationality fea- 
ture from Italian to English. Since so little is changed 
between neighboring feature sets, it is expected that 
the evaluation function will change smoothly. This al- 
lows the search to descend gradually and hopefully find 
the optimal feature set. I have tried more complicated 
kinds of moves, but this topology has worked best. 

Simulated annealing differs from hill climbing in that 
uphill moves are sometimes made, in an effort to avoid 
becoming stuck in local optima. The greater the im- 
provement in the evaluation function, the greater the 
chances of accepting a move. The amount of random- 
ness in the decision is controlled by the temperature, T, 
which is gradually decreased during search. Numeri- 
cally, Prbo4 = l+e--(c;Reu, -Ihfearrcnl ),T * 

The parameters used for the Family Relations prob- 
lem were as follows: Anneal from an initial temperature 
of 500.0 and gradually decrease until the probability of 
accepting any move falls below 0.001. This happens 
around a temperature of 1.0 for this problem. Each 
time a move is considered, the temperature is multi- 
plied by .999999. This takes about four hours on a 
Symbolics 3630. 

Before running any experiments, I constructed what 
I expected would be the best set of features for this 
problem. Table 1 shows that the evaluation function 
ranks combinations of these features in a reasonable 
way. However MDL/OC finds slightly different fea- 
tures. This is acceptable as long as they at least equal 
the expected ones according to both the evaluation 
function and intuition. Finding five binary features, the 
results obtained over 20 trials were as follows: It always 
found Type, Sex, and Nationality. It found Parental- 
Status (with two values, Parent and Non-Parent) 19 
times, and a skewed version the other time. It found 
a a-valued version of Generation (with values Middle- 
Generation and Old-or-Young-Generation) 13 times, 
and a skewed version the other 7 times. Thus a to- 
tal of 92 of 100 discovered features were ones to which 
intuitive English descriptions can be attached, and the 
remaining ones were recognizable variants. Annealing 
ten times as fast, 83% met this criterion; with another 
factor of 10 reduction in search time the result was 51%. 
Hill climbing gives only 15%. A greedy algorithm that 
begins with the identity feature and successively com- 
bines the pair of feature values that results in the short- 
est message length also did very poorly. Noise immu- 
nity was quite good, achieving 92% when 10% of the 112 
correct patterns were replaced by tuples in which each 
element was randomly selected from the 36 individuals, 
and 64% when 25% of the patterns were replaced. 

For these features the encoding length is 1260, 
marginally better than for my solution. In retrospect, 
Parental-Status is more intuitive than my attempt to 
define Branch-of-the-Family. 

Scaling 
There are q individuals and d features, so the search 
space size is ndd,l c% . Each point has qCtxl(ci - 1) 
neighbors. The time to calculate the change in evalua- 
tion function due to a move is proportional to the num- 
ber of training examples in which the moving individual 
appears. Assuming individuals rarely appear multiple 
times in a training tuple, this can be approximated by 
d/q. The number of moves necessary to find a good 
solution is difficult to estimate. The best theoretical 
bound that can be proven for simulated annealing is 
proportional to the search space size, which is multi- 
ply exponential. In practice, simulated annealing often 
works reasonably fast, so useful scaling estimates can 
only be found empirically. But it is hard to compare 
search time across domains, because the difficulty of 
finding the regularities in a domain is hard to quantify. 
The best approach to equating solution quality seems 
to be to adjust the annealing rate until it is just slow 
enough to give a smooth, non-monotonic energy ver- 
sus temperature plot. Using this criterion, the largest 
problem I have tried has 30 times more training exam- 
ples, 200 times more individuals, and the same values 
for d, n, and the cd. It requires between three and four 
orders of magnitude more cpu time. Without more ex- 
periments, all that can be said is that it is worse than 
linear and much better than exponential. One way to 
fight this scaling is to shrink the search space by find- 
ing only a few features and then “freezing” them while 
more are sought. 

Evaluation of Results 
Just finding features is of no use unless they can be 
used to infer new facts, and the ultimate goal of this 
research is to do this by extending the Cyc knowledge 
base with new concepts and rules based on the dis- 
covered features. But even without understanding the 
features and extending the KB by hand, it is possi- 
ble to do completion by considering the feature-tuple 
frequencies as simple kinds of rules. Note that the fol- 
lowing procedure is not part of MDL/OC, but only an 
attempt render its results in a form suitable for quan- 
titative comparison with other algorithms. For exam- 
ple, if the assertion (Jennifer brother James) had been 
left out of the training set, the completion for (Jennifer 
brother ?) could still be found from the five binary 
features found by MDL/OC as follows: The feature- 
tuples that occur in the training data for Sex are FMM, 
MMM, MFF, and FFF. Only FMM matches the value 
of this feature for the two known elements of the test- 
ing tuple, so the missing element must have the value 
Male. By similar reasoning, the missing element must 
have Type=Person, Nationality=English, and Gener- 
ation=Middle. For Parental-Status, Jennifer has the 
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value NonParent, and brother has the value Parent, and 
both the patterns NPP and NPN occur in the training 
data. However the former occurs 19 times (leaving out 
the current assertion) and the latter only 4. There- 
fore we guess that the missing element is a Parent. 
James is the only individual with the guessed feature 
vector. However using these five features, even when 
the feature-tuple frequencies are based on all 112 as- 
sertions, completion percentage on those same 112 as- 
sertions is only 62%. This decreases to 47% when the 
frequencies are based on half the assertions and com- 
pletion is tested on the other half. In contrast, with a 
leave-four-out testing paradigm, Hinton achieved 88% 
on unseen assertions, and Quinlan 96%. 

Since few algorithms have been applied to the family 
relations data, MDL/OC was also run on the large soy- 
bean data in spite of the fact that it is not relational. 
Completion was 69% on the training set and 74% on 
the test set, in contrast to others who have attained 
close to 100% [Michalski and Chilausky, 19801. 

Primarily this poor completion performance is be- 
cause the MDL principle limits discovered knowledge 
to that which can be expressed more compactly than 
the data, and MDL/OC ‘s “rule language” is so simple 
that only a small class of knowledge can be captured 
concisely. Better completion was achieved on Fam- 
ily Relations with an encoding scheme that assumed 
the receiver already knew PERSON1 and RELATION, 
and so only rewarded features relevant to predicting 
PERSON2. When features with up to five values were 
sought, a solution was found that gave 89% and 66% 
completion on the two testing methods. However the 
features were a mess. I believe this indicates that the 
encoding scheme described here does a good job of re- 
warding only simple features, which are likely to be 
most easily interpretable. It certainly indicates that 
completion performance does not always mirror feature 
interpretability. Given that the goal is enhancing a 
knowledge base, rather than doing reasoning directly, 
this is an appropriate tradeoff. Interpretation is hard 
enough even when learning is very selective. 

Indeed, when run on real data from the Cyc KB, 
the algorithm found features that were largely uninter- 
pretable. Having rejected completion percentage as a 
measure of feature intuitiveness, and unable to inter- 
pret and judge this subjectively, it is still possible to 
evaluate them on the basis of the amount of compres- 
sion achieved. For a naive control encoding, I use the 
MDL/OC scheme with exactly one feature, which seg- 
regates the predicates from the individuals. Referring 
to Figure 1, the ratio for the Family Relations problem 
is 1262/1601=79%. For one run on Cyc data involving 
countries’ trading partners, it is 95%, which considering 
how regular the family relations data is, I think signif- 
icant. With considerable effort, involving automated 
search for Cyc predicates correlating with the features, 
I determined that one of them segregated the countries 
according to economy size. I believe this indicates that 
even in natural domains, MDL/OC’s restricted class of 

orthogonal features is useful, 
tures are h ard to interpret. 

and that even good fea- 

Related Work 

Many hierarchical clustering algorithms have been de- 
veloped, but as mentioned in the problem representa- 
tion section only those that construct new features are 
suited to the Family Relations problem, and none exist 
that can form features as far removed from the given 
ones as is required here. Additionally, any hierarchi- 
cal algorithm will suffer data fragmentation. Near the 
leaves they will have so few training instances that ob- 
served statistical regularities are almost entirely spu- 
rious. Pagallo and Haussler [1990] suggest a way to 
recombine identically structured subtrees after the tree 
is learned. This can be thought of as orthogonalizing. 
Because orthogonal features are not context sensitive, 
they should be ideal for analogical reasoning, which af- 
ter all is just extending regularities beyond their cus- 
tomary context. It is appealing that in this sense, doing 
completion with MDL/OC is doing analogical reason- 
ing without explicitly going through the several stages 
customary in the literature. 

Back-propagation approaches to feature discovery 
[Hinton, 1986, Miikkulainen and Dyer, 19871 have suf- 
fered from the asymmetric treatment of input and out- 
put units, and the use of indirect methods like bottle- 
necks for encouraging good representations, rather than 
incorporating an explicit declarative characterization of 
conciseness. This is not an inherent limitation; a back- 
propagation version of MDL/OC is possible. Declara- 
tive evaluation functions are a more appealing a priori 
way to prevent overfitting than the post hoc stopping 
or pruning criteria using multiple partitions of the data 
into training set, stop training set, and test set. And 
these techniques are based on the questionable assump- 
tion that completion performance is a good measure of 
feature quality. 

Information-theoretic algorithms [Lucassen, 1983, 
Becker and Hinton, 1989, Galland and Hinton, 19901 
avoid the asymmetry of back propagation, but no other 
algorithm has directly addressed the goals of reducing 
redundancy or generating a simple completion function. 
FOIL [Quinlan, 19901 is really not comparable. Quinlan 
used it to learn intensional definitions of the given pred- 
icates in the Family Relations problem. This is much 
better than the extensional definitions learned here, but 
he did not construct any new predicates. CIGOL [Mug- 
gleton and Buntine, 19881 learns new concepts from re- 
lational data, but does not search a large enough space 
to construct the kinds of features that MDL/OC uses 
to constrain the tuple elements. On the other hand, it 
is unnaturally confining for MDL/OC to rely solely on 
constraints, such as ‘the sex of a female-relation must 
be female.’ Much more informative, when available, is 
data about other relationships in which the people par- 
ticipate. So an algorithm combining MDL/OC’s ability 
to learn radically new concepts with FOIL or CIGOL’s 
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ability to learn rules involving binary predicates would 
be much more powerful than either approach alone. 

This paper has described a new approach to unsuper- 
vised discovery or orthogonal features and described 
its strengths and weaknesses. It is based on a well- 
motivated declarative description of what good con- 
cepts are. The only subjectivity that entered in the 
derivation is the decision to use an MDL approach at 
all, and the encoding scheme. The resulting evalua- 
tion function has no parameters to adjust. Actually 
finding solutions that optimize the evaluation function, 
however, is an intractable problem. The search algo- 
rithm used in this paper, simulated annealing, does re- 
quire empirical parameter setting to work well, and the 
search is slow. Although scaling was briefly examined, 
more experience with real-life problems will be neces- 
sary to evaluate whether good solutions can be found 
in practice. 

If orthogonal features exist for a domain, they are 
better than hierarchical ones, because they allow max- 
imally general inferences. Algorithms to find them 
should also be more robust, since data fragmentation is 
avoided. It is disappointing that completion percentage 
is not competitive with other algorithms, however this 
may be a necessary trade-off when seeking simple fea- 
tures. No other algorithm has discovered such clean in- 
tuitive features for problems like Family Relations that 
are not naturally represented as feature-vectors. There- 
fore I believe the MDL approach, which hopefully can 
be extended to more expressive and sophisticated en- 
coding schemes, is a promising way to deal with the 
interpretation problem for learning new representation 
primitives in a knowledge-based setting. 

Still, the difficulty of interpreting feature vectors 
learned from real data is surprising and frustrating. Al- 
though this problem has been recognized and mostly 
just accepted as inevitable for connectionist learning 
systems, there was certainly reason to hope that an al- 
gorithm designed to find interpretable features, would. 
Blame on MDL/OC is misplaced, I believe. Rather, 
new kinds of interpretation tools will be required, ei- 
ther acting in concert with a learning algorithm, or post 
hoc. Searching for correlations between the discovered 
concepts and existing ones has been of some help in 
interpreting features learned from real Cyc data. This 
problem will doubtless come up for other systems as 
they evolve beyond local modifications to existing rep- 
resentations. 
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