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Abstract

Empirically evaluating explanation generators
poses a notoriously difficult problem. To ad-
dress this problem, we constructed KNIGHT, a ro-
bust explanation generator that dynamically con-
structs natural language explanations about sci-
entific phenomena. We then undertook the most
extensive and rigorous empirical evaluation ever
conducted on aa explanation generator. First,
KNIGHT constructed explanations on randomly
chosen topics from the Biology Knowledge Base.
This is an immense structure that contains more
than 180,000 facts. We then enlisted the services
of a panel of domain experts to produce explana-
tions on these same topics. Finally, we submitted
all of these explanations to a second panel of do-
main experts, who graxied the explanations on an
A-F scale. KNIGHT scored within "half a grade"
of the domain experts. Its performance exceeded
that of one of the domain experts.

Introduction

The issue of evaluation has posed a notoriously diffi-
cult problem for the field of artificial intelligence. It is
still unresolved. Moreover, because of the complexity
and subjectivity of natural language, evaluation is par-
ticularly challenging for projects in computational lin-
guistics. Only in the past few years have researchers in
natural language understanding begun to make head-
way on evaluation (Sundheim 1991). For several rea-
sons, which we discuss in the following section, the
field of explanation generation has not witnessed the
development of a similar "empiricist" school. How-
ever, as a noted researcher in explanation generation
has observed, "Empirical evaluation is vital if we are to
develop practical explanation systems" (Cawsey 1992).
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tific Research (F49620-93-1-0239), and donations from the
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An empirical approach to evaluation offers several
benefits. It would permit researchers to substantiate
claims about the effectiveness of their architectures and
design principles. It would also enable them to cali-
brate the successes of their systems, both relative to
other systems and also to human "explanation genera-
tors." This in turn would provide a means for the field
to measure its progress. Finally, the conclusions of well
designed empirical studies should be considerably less
equivocal than those derived from "proof-of-concept"
systems.

We have developed and empirically evaluated
KNIGHT (Knowledge-Integration-based G_._enerator of
History-sensitive Text) (Lester & Porter 1991a; 1991b;
Lester 1994), a robust explanation generation system
that dynamically constructs natural language explana-
tions about scientific phenomena. To generate expla-
nations, KNIGHT extracts knowledge structures from
a large-scale knowledge base, organizes them into hi-
erarchical discourse plans, and employs the FUF real-
ization system (Elhadad 1992) to translate them into
smooth English prose. The details of KNIGHT’S oper-
ation may be found in (Lester 1994).

We conducted a rigorous empirical evaluation of
KNIGHT. In the course of this study, we subjected
its explanations to intense scrutiny by domain experts.
An immense undertaking, this evaluation is by far the
most extensive that has ever been conducted on ala ex-
planation generator with sophisticated discourse plan-
ning and realization facilities. Our study employed two
panels of domain experts. Experts on the first panel
served as "writers," i.e., they produced explanations
in response to questions. Experts on the second panel
served as "judges," i.e., they analyzed different dimen-
sions of explanations and assigned grades. The results
of this study are both surprising and very encouraging.

The Challenges of Empirical Evaluation

Traditionally, research projects in explanation gener-
ation have not culminated in empirical evaluations.
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Conducting a formal study with a generator has posed
difficulties for at least three reasons:

¯ the absence of large-scale knowledge bases,

¯ the problem of robustness, and

¯ the subjective nature of the task.

First, the field of explanation generation has expe-
rienced a dearth of "raw materials." The task of an
explanation generator is three-fold: to extract informa-
tion from a knowledge base, to organize this informa-
tion, and to translate it to natural language. Unless an
explanation generator has access to a sufficiently large
knowledge base, the first step--and hence the second
and third--cannot be carried out enough times to eval-
uate the system empirically. Unfortunately, because of
the tremendous cost of construction, large-scale knowl-
edge bases are scarce.

Second, even if large-scale knowledge bases were
more plentiful, an explanation generator cannot be
evaluated on them unless it was specifically designed to
perform robustly. In very practical terms, a generator
is likely to halt abruptly when it encounters unusual
and unexpected knowledge structures. Frequent pre-
mature termination makes it very difficult to evaluate
the quality of explanations for more than a small num-
ber cases. Hence, it is our (unverified) conjecture that
most implemented explanation generators would meet
with serious difficulties when applied to a large-scale
knowledge base.

Third, explanation generation is an ill-defined task.
Ideally, we would like to "measure" the coherence of
explanations. Although it is clear that coherence is
of paramount importance for explanation generation,
there is no litmus test for it.

Given these difficulties, how can one evaluate the ar-
chitectures, algorithms, and knowledge structures that
form the basis for an explanation generator? The tra-
ditional approach has been to

1. conduct an analytical evaluation of a system’s archi-
tecture and principal,

2. demonstrate that it can produce well-formed expla-
nations on a few examples.

We believe that while these evaluation techniques are
necessary, they are not sufficient. By far the vast
majority of research on explanation generation has
adopted this approach. However, there are three no-
table exceptions. By varying pragmatic information
such as tone, Hovy enabled PAULINE to generate many
different paragraphs on the same topic. PAULINE’s
texts were not formally analyzed by a panel of judges,

and it did not produce texts on a wide range of top-
ics (it generated texts on only three different events.)
However, this project is a significant achievement in
terms of evaluation scale because of the sheer number
of texts it produced: PAULINE generated more than
100 different paragraphs on the same subject. In a sec-
ond landmark evaluation, Cawsey undertook a study
in which subjects were allowed to interact with her
explanation generation system, EDGE (Cawsey 1992).
Subjects posed questions to EDGE about the operation
of four circuits. Cawsey analyzed the system’s behav-
ior as the dialogs progressed, interviewed subjects, and
used the results to revise the system. Although EDGE
does not include a realization system (other than sim-
ple templates), it was sufficiently robust to be used in-
teractively by eight subjects. Finally, Mittal developed
and evaluated a generator that produced descriptions
integrating text and examples (Mittal 1993). The level
of formality of his empirical evaluation far surpassed
his predecessors. For example, the degree to which he
controlled for specific factors, e.g., the effect of exam-
ple positioning, example types, example complexity,
and example order, is remarkable.

Clearly, all of these projects have significantly raised
the standards for the evaluation of explanation gener-
ation systems; they point the way toward a much more
extensive, rigorous evaluation. However, given the
three problems outlined above (the absence of large-
scale knowledge bases, the problem of robustness, and
the subjective nature of the task), how can we advance
the state of the art in evaluation methodology?

In our own work, we have taken three steps to ad-
dress this issue. First, we and our colleagues have
undertaken a mammoth knowledge base construction
project. This has been a seven year effort involving
many domain experts, graduate students, and pro-
grammers. Second, we have designed and implemented
a very robust system. As discussed in previous chap-
ters, the explanation planner, its knowledge base ac-
cessing system, and the realization system were all de-
signed to perform well when operating in a large-scale
knowledge base environment. Third, we have devel-
oped a method for minimizing the problem of subjec-
tivity by employing many human subjects in our study.
The quality of an explanation is (and always will be)
a subjective measure. However, by seeking the anal-
ysis of a panel of judges, we can minimize the effects
of subjectivity: such a panel will rarely reach a con-
sensus, but its collective opinion provides persuasive
evidence about the quality of explanations. By taking
these three steps, we were well positioned to conduct
a rigorous empirical evaluation.
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The Explanation Generator’s Input

KNIGHT draws its representational structures from the
Biology Knowledge Base, a massive structure repre-
senting the domain of plant biology (Porter et al.
1988). It is one of the largest knowledge bases in ex-
istence. The backbone of the knowledge base is its
taxonomy, a very large hierarchical structure contain-
ing all of the knowledge base’s biological objects (rep-
resenting botanical anatomy) and biological processes
(representing botanical physiology and development).
It also includes the hierarchy of all of the relations that
may hold between concepts. The reader may find it
instructive to view a sample knowledge structure from
the Biology Knowledge Base. Figure 1 depicts a small
portion of the representation of the concept photosyn-
thesis. This is a typical fragment of the semantic net-
work that constitutes the knowledge base. Each of the
nodes in this network is a concept, e.g. photosynthe-
sis, and each of the arcs is a relation in the knowledge
base. For example, the transducer for photosynthe-
sis is the concept chlorophyll. The Biology Knowledge
Base currently contains more than 180,000 explicitly
represented "triples," i.e., facts of the form (Unit Slot
Value).

To ensure that the knowledge base was not tailored
for the purposes of explanation generation, the design-
ers of the explanation generator and the representation
team entered into a "contractual agreement":

Under no circumstances could the designers of the
explanation generator request the knowledge engi-
neers to alter the structures of the knowledge base
other than for purposes of consistency or com-
pleteness.

The designer of the explanation generator was able to
request representational changes only if knowledge was
inconsistent or missing. In short, this agreement elim-
inated all requests for representational modifications
that would simplify the task of explanation generation.
This agreement has resulted in a unique experiment in
which the representational structures were not tailored
for the task of explanation generation.

Experimental Design
Explanation Generation: Knight

Because KNIGHT’s operation is initiated when a client
poses a question, our first task was to select the ques-
tions it would be asked. To this end, we combed the
Biology Knowledge Base for concepts that could fur-
nish topics for questions. Although the knowledge base
focuses on botanical anatomy, physiology, and devel-
opment, it also contains a substantial amount of in-
formation about biological taxons. Because this latter

area is significantly less developed, we ruled out con-
cepts about taxons. In addition, we ruled out concepts
that were too abstract, e.g., Spatially-Extended-Entity.
We then requested KNIGHT to generate explanations
about the 388 concepts that passed through these fil-
ters.

To thoroughly exercise KNIGHT’S organizational
abilities, we were most interested in observing its per-
formance on longer explanations. Hence, we elimi-
nated explanations of concepts that were sparsely rep-
resented in the knowledge base. To this end, we passed
the 388 explanations through a "length filter": expla-
nations that consisted of at least 3 sentences were re-
tained; shorter explanations were disposed of. This
produced 87 explanations, of which 48 described ob-
jects and 39 described processes. Finally, to test an
equal number of objects and processes, we randomly
chose 30 objects and 30 process. So that we would
not influence the selection process, a random number
generator was used to choose the final explanations.

Two Panels of Domain Experts

To address the difficult problem of subjectivity, we as-
sembled 12 domain experts, all of whom were graduate
students in biology. To ensure the integrity of our re-
sults, we carefully maintained the following condition:

None of the participants were informed about the
purpose of the study.

Because we wanted to gauge KNIGHT’S performance
relative to humans, we assigned each of the experts
to one of two panels: the Writing Panel and Judging
Panel. By securing the services of such a large number
of domain experts, we were able to form relatively large
panels of four writers and eight judges (Figure 2). 
ensure that the human-generated explanations would
be of the highest possible quality, we assigned the four
most experienced experts to the Writing Panel. The
remaining eight experts were assigned to the Judging
Panel to evaluate explanations.

To minimize the effect of factors that might make it
difficult for judges to compare KNIGHT’S explanations
with those of domain experts, we took three precau-
tions. First, we attempted to control for the length of
explanations. Although we could not impose hard con-
straints, we made suggestions about how long a typical
explanation might be. Second, to make the "level" of
the explanations comparable, we asked writers to com-
pose explanations for a particular audience, freshman
biology students. Third, so that the general topics of
discussion would be comparable, we asked judges to
focus on anatomy, physiology, and development.
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Figure 1: A Sample Representational Structure

Explanation Generation: Humans

To ensure that the difficulty of the concepts assigned to
the writers were the same as those assigned to KNIGHT,

the writers were given the task of explaining exactly
the same set of concepts that KNIGHT had explained.
Because we wanted to give writers an opportunity to
explain both objects and processes, each writer was
given an approximately equal number of objects and
processes. Each of the 4 writers was given 15 concepts
to explain, and each concept was assigned to exactly
one writer. We then transcribed their handwritten ex-
planations and put them and KNIGHT’S explanations
into an identical format. At this point, we had a pool
of 120 explanations: sixty of these pertained to objects
(30 written by biologists and 30 by KNIGHT), and the
other sixty pertained to processes (also 30 written by
biologists and 30 by KNIGHT).

Explanation Evaluation

We then submitted the explanations to the panel of
eight judges. The judges were not informed of the
source of the explanations, and all of the explanations
appeared in the same format. Each judge was given
fifteen explanations to evaluate. Judges were asked to
rate the explanations on several dimensions: overall
quality and coherence, content, organization, writing
style, and correctness. To provide judges with a fa-
miliar rating scale, they were asked to assign letters
grades (A, B, C, D, or F) to each dimension of the
explanation.

Because carefully evaluating multiple dimensions of
explanations is a labor-intensive task, time considera-
tions required us to limit the number of explanations
submitted to each judge. Hence, we assigned each
judge 15 explanations, which on average required an
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Figure 2: A Formal Empirical Evaluation

hour to evaluate. We assigned explanations to judges
using an allocation policy that obeyed the following
four constraints:

Each judge received explanations that were approx-
imately evenly divided between objects and pro-
cesses.

Each judge received explanations that were approx-
imately evenly divided between those that were pro-
duced by KNIGHT and those that were produced by
biologists.

¯ No judge received two explanations of the same con-
cept.

¯ The explanations written by each writer were not
evaluated by only one judge; rather, they were dis-
tributed to at least two judges.

It is important to emphasize again that the judges were
not made aware of the purpose of the experiment, nor
were told that any of the explanations were computer-
generated.

Results

By the end of the study, we had amassed a large vol-
ume of data. To analyze it, we converted each of the
"grades" to their traditional numerical counterparts,
i.e., A=4, B=3, C=2, D=I, and F-0. Next, we com-
puted means and standard errors for both KNIGHT’S
and the biologists’ grades. We calculated these values
for the overall quality and coherence rating, as well as
for each of the subscores of content, organization, writ-
ing style, and correctness. On the overall rating and on
each of the subscores, KNIGHT scored within approxi-
mately "half a grade" of the biologists (Table 1).1

Given these results, we decided to investigate the dif-
ferences between KNIGHT’s grades and the biologists’
grades. When we normalized the grades by defining an
"A" to be the mean of the biologists’ grades, KNIGHT
earned approximately 3.5 (a B+). Comparing differ-
ences in subscores, KNIGHT performed best on correct-
ness and content, not quite as well on writing style, and
least well on organization.

Because the differences between KNIGHT and the bi-

1In the tables, :k denotes the standard error, i.e., the
standard deviation of the mean.
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ologists were narrow in some cases, we measured the
statistical significance of these differences by running
standard t-tests. 2 KNIGHT’S grades on the content and
correctness subscores did not differ significantly from
the biologists’ (Table 2). Of course, an insignificant dif-
ference does not indicate that KNIGHT’s performance
and the biologists’ performance was equivalent--an
even larger sample size might have shown a signifi-
cant difference--however, it serves as an indicator that
KNIGHT’S performance approaches that of the biologi-
ests on these two dimensions.

To gauge how well KNIGHT generates explanations
about objects--as opposed to processes--we computed
means and standard errors for both KNIGHT’s expla-
nations of objects and the biologists’ explanations of
objects. We did the same for the explanations of pro-
cesses. For both objects and processes, KNIGHT scored
within "half a grade" of the biologists. Again, we mea-
sured the statistical significance of these differences.
Although there was a significant difference between
KNIGHT and biologists on explanations of processes,
KNIGItT and the biologists did not differ significantly
on explanations of objects (Tables 3 and 4).

As a final test, we compared KNIGHT to each of the
individual writers. For a given writer, we assessed
KNIGHT’S performance relative to that writer in the
following way: we compared the grades awarded to
KNIGHT and the grades awarded to the writer on expla-
nations generated in response to the same set of ques-
tions. This analysis produced some surprising results.
Although there were substantial differences between
KNIGHT and "Writer 1," KNIGHT was somewhat closer
to "Writer 2," it was very close to "Writer 3," and
its performance actually exceeded that of "Writer 4."
KNIGHT and Writers 2, 3, and 4 did not differ signifi-
cantly (Table 5).

Conclusions

That there was no significant difference between
KNIGHT’S explanations and the biologists’ explana-
tions on content and correctness is particularly strik-
ing. This indicates that the local and global content
determination methods performed well. Moreover, it
suggests that KNIGHT’S "content" discourse knowledge
and the domain knowledge in the Biology Knowledge
Base are well represented. The lower grades on the
organization subscore indicates that either the dis-
course knowledge is in need of revision, or that we
need a more context-dependent approach to organiza-
tion. The somewhat lower grades on the writing style

2All t-tests were unpaired, two-tailed. The results are
reported for a 0.05 level of confidence.

/

subscore indicates that the realization system needs
further work, which is undoubtedly the case.

These results call for further analysis and experimen-
tation. A particularly intriguing kind of experiment
is an ablation study, in which different aspects of the
system are ablated (removed or degraded), and the ef-
fects of the ablation on the explanations are noted. By
performing a series of these experiments, we can deter-
mine which aspects of KNIGHT and its representations
contribute most significantly to its success.

In summary, it is very encouraging that KNIGHT
scored within "half a grade" of the domain experts.
Moreover, it is interesting that its performance actu-
ally exceeded that of one of the writers. These results
demonstrate that an explanation generation system,
which has been given a well represented knowledge
base, can construct natural language responses whose
quality approximates that of domain experts.
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11 Generator Overall 11 Content Organization Writing Correctne,s II

I KNIGHT

2.37±0.13 II 2.65±0.13 2.45±0.16 2.40±0.13 3o7 o15 jj
Human 2.85±0.15 2.95±0.16 3.07±0.16 2.93±0.16 3.16±0.15

Table 1: Comprehensive Analysis

11 Overall Content Organization Writing Correctness

Difference 0.48 0.30 0.62 0.53 0.09
t statistic -2.36 -1.47 -2.73 -2.54 -0.42
Significance 0.02 0.14 0.07 0.01 0.67
Significant? Yes No Yes Yes No

Table 2: Differences and Significance

Generator Grade

KNIGHT 2.65±0.19
Human 2.93±0.19
Difference 0.28
t statistic -1.05
Significance 0.30
Significant? No

II

Table 3: Explanation of Objects

[] Generator Gra de

KNIGHT 2.10±0.24
Human 2.77±0.17
Difference 0.67
t statistic -2.23
Significance 0.03
Significant? Yes

Table 4: Explanation of Processes

II KNIGHT II vs Writer I vs. Writer 2 vs. Writer 3 vs. Writer 4

KNIGHT 1.93±0.29 2.73±0.23 2.73±0.27 2.07±0.23
Human 3.60±0.16 3.40±0.23 2.80±0.28 1.60±0.23
Difference 1.67 0.67 0.07 0.47
t statistic -5.16 -2.03 -0.17 1.42
Significance 0.00 0.05 0.86 0.16
Significant? Yes No No No

Table 5: KNIGHT vs. Individual Writers
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