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Abstract

We have developed a simple yet effective
technique for planning the generation of natural
language texts that describe photographs of natural
scenes as processed by the UMass VISIONS systea.
The texts follow the ordering on the scene's
cbjects that {3 ftmposed by thefir visual salience --
an ordering which we believe 1is naturally computed
s a by-product of visual processing, and thus f{s
availsble -- for free -- as the bdasis for
generating simple but effective texts without
requiring the complex planning machinery often
applied in generation. We suggest that {it should
be possible to find structural snslogs to visual
salience in other domains and to build comparably
simple generation schemes based on them. We look
briefly at how one such analogy might be drawn for
the task of tutoring novice PASCAL programmers.

I  Natural language gencration and
the superhuman-human fallacy

Taken in fts general form, the problem of
deciding what to say {s a planning problem of great
cocmplexity. When  speaking carefully and
deliberately a person will atteapt to
simultaneously satisfy many goals from different
sources: rhetorfcsl, tutorial, affective, and
descriptive, among others. Utterances are intended
to obey strict constraints deriving froa the
limited expressive power of the syntax and
vocabulary of natural language and (rom the
requirement to maintain the linguistic coherency of
the discourse context established by what has been
said up to that point. In addition utterances must
do all this while being reasonably short in length
and precise in style 1f the audience (s not to
become bored or confused. It is no wonder, then,
that the sbility to spesk or write well does not
come easily. Even though we all use language
constantly, relatively few of us have the skill of
2 Mark Twain or a Winston Churchill. The
requirements of everyday communication do not
appear to require optimum linguistic performance.

1. This report describes work done in the
Department of Computer and Information Science at
the University of Massachusetts. It was supported
in part by National Science Foundatifon grant
IST 8104984 (Michael Arbib and David McDonald,
Co-Principal Investigators).

In this light, we must consider whether we
have been wmaking the generation probelm for
coaputers more difficult than {t actually is for
people ~— the superhuman-human fallacy. Should we
require our computers to speak any more effectively
than we do ourselves? Most of us, as we speak,
notice when we have left something out or
inadvertently given the wrong ecaphasis, and we
correct our mistakes by interrupting or modifying
what we were about to say next: in explanations we
use feedback from our audience such as questions or
puzzled looks to dynamically adjust our vocabulary
and level of detail. We should serfiously consider
designing our natural language generation systeas
on a similar basis: adopting an expedient and
computationally efficient, 1f “leaky", planning
process and compensating for it by monitoring and

. sttending to user questions.

At the University of Massachusetts we have
developed just such an expedient planning system,
which we use in conjunction with a highly efficient
(i.e. quast-realtime) text generstor. Taking as
fnput a simulation of the output of a coaputer
vision system, the planner determines the order in
vhich objects will be mentioned in the text and
what will be said about them, feeding this
information via a pipeline to the generator vhere
grammatical constraints determine the exact
phrasing and loecsl rules (such as pronominalization
and ellipsis) are applied to maintain the coherency
of the discourse.

The key to the planner's simplicity is its
reliance on the notion of "salience®” -—— objects are
introduced {into the text according to their
relative importance in the conceptual source of the
text. The decision as to what objects, properties,
and relatfons to leave out -- a source of
considerable labor in some generation systems (e.g.
Mann and Moore (6], McKeown (5]) -- is handled
trivially here by defining & cut-off salience

rating below which objects are ignored. The task
for which we developed this facility, the
production of short parsgraphs descridbing

photographs of houses, is deliberately one in which
the common sense notion of visual salience is vivid
and widely shared by members of this culture.
People interpret what is fmportant about a picture
-- what it {s a plcture "of" -~ according to a
shared set of conventions involving the.size and
centrality of the objects shown, coupled with a
sense of what (s normal or expected: a large
stained-glass window on an otherwise ordinary New '
England farm house would be highly salient]
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similarly a normally unimportant part of the scene,
such as the mailbox, can be artificially raised in
3alience 1f framed prominently in the foreground of
the plcture.

I Our Generation System

As of this writing, the salience-based planner
(the subject of Conklin's PhD. thesis) has been
implemented and {ts pipeline to the text generator
(KcDonald's system MUMBLE [9]) hand simulated. The
house scenes which are the source of the text are
very similar to those used in the research of the
Wass "VISIONS" system [10] (see Figure 1); their
representation {s also presently hand-simulated:
the planner works from a KL-ONE data base of the
objects in the scene and the spatial relations
between them which was designed 1in close
collaboration with members of the VISIONS project,
and which reflects the actual kinds of {nformation
they expect to extract from a visual scene.

The salience ratings with which the objects in
the visual representation are annotated were
derived empirically through extensive psychological
testing of human subjects (3], where the subjects
both rated the objects in each of a series of

Fig. 1.

One of the pictures used in the studies and an
example of the kind of descriptive paragraph that
subjects wrote about it.
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"This s a plcture of a white house with a fence
in front of f{t. The house has a red door and the
{ence has a red gate, There {s a driveway beside
the house, and a tree next to the driveway. In the
foreground {3 a mailbox. It i{s a cloudy day in
winter.”™ U

plctures on a zero to seven scale, and wrote short
paragraphs describing the scenes. The objects'
ratings were quite consistent across subjects and
sesslons of the experiment. The paragraphs provide
an objective base-line for the kind of style and
overall organization that should be generated by
the system.

2

Given the salience data, the planning
algorithm runs as follows (see also [8]): the
objects in the scene are placed in a list . the
"Unused Salient Object List"™ — in decreasing order
from most to least salient. The properties of the
objects (such as color, size, or style} and their
relative spatial relations can be accessed froa the
general scene data base when desired; one can, for
exaaple, ask for the most salient relationship 1in
which a particular object is finvolved (by
definition relations acquire their salience (rom
the objects they relate). Ob jects are taken from
the "Unused Salient Object List" (shortening the
list in the process), packaged with selected
properties and relations, and sent to the generator
by the acticn of a collection of strictly local
rhetorical rules. The rules are couched as
productions, have relative priorities, and are
organized into packets according to when they apply
— essentially the same architecture as Harcus used
in his natural language parser [T7). This
architecture allows us to incorporate
object-specific rules (such as that one always sees
houses {ntroduced with one of their properties: "a
white house™ or "a New England farm house", and
never simply as "a house") and also simple
stylistic rules, such as maintaining sentences of
an appropriate length.

The process proceeds by successively taking
the first object on the list (i.e. the most salient
unmentioned object), making it the local "current
item", and proceeding to describe the most salient

properties and relations, finally "popping" the
list of unmentioned objects and moving on to
describe the next most salient object.

The scene descriptions produced by this
process will never win a prize for good literature.
They are, however, apparently effective as
descriptions: as judged by (so far only a few)

‘informal trials, paragraphs generated automatically
on the basis of the salience ratings derived from
the experiments are effective in picking cut which
plcture they correspond to from others of the same
material but taken (rom a different camera angle.
Furthermore they provide a base line for
potentially measuring the "value-added™ of a
full-scale global planning system that would be
capable of reasoning about and directing the
larger-scale rhetorical organization of the text
(say, one on the model of Appelt [1], or McKeown
(s1).

III Where does salience come from?

We claim that the annotation of an object's
visual salience can be provided as a natural part
of the perception process. For exemple, one aspect
of salience stems from unexpectedness: items which
are not predicted by, or are inconsistent with,

high-level world knowledge are unusual and
therefore salient. Also, an {tem's size and
centrality in the plcture are clearly factors in
that (tem's salience. Specifically, the record of

an object's relative. salience would arise from the
perceptual process's explicitly combining: 1) the
welighting the object contributed to the judgement
that the scene was what (s was, 2) the object's
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intrinsic salience (from general world knowledge,
€.g. people are intrinsicelly more saslient than
bushes in conventionsl pictures), and 3) the saount
of “"extra effort® that was required to resolve the
assignment of the objecct to a slot of the (rame
wvhen default assumptions were violated. The
salience annotation of the visual representation {s
consequently provided as a- direct pert of the
perceptual aaslysis of the picture, or is no more

than aminimal asdditionsl on-line coaputation.
(Morcover, the perceptual analysis i3 the only

stage at vhich salience values can be reasonsbly
cheaply computed.) As » result, a salience-based
planner consumes less overall computational effort
than a more conventional language plananer -- the
salience information i3 provided at no additional
computational cost by an already present,
non-linguistic process, and it acts as a powerful
heurfistic in guiding the process of deciding what
to say and wvhat to leave out.

While the common sense concept of "salience"
applies most naturally to perceptual domains, Lif we
are to drav on salience as an organizing metaphor
for language generation in non=perceptual domsins,
such as tutoring or explanations of physical
processes, then we must step back from the specific
measures listed sbove. What role does salience
play in the coordination of our thinking sbout a
picture? What kinds of computational processes
does it reflect?

To answer these questions we must cast the
"goals" of the visual process in terms that carry
over into non-perceptusl domains. The approach of
the VISIONS system is to combine bottom-up analysis
of regions and edges in the raw visual fmage with
top-down testing of frame-based hypotheses about
the subject matter of acene. The VISIONS system is
thus model-driven once {t moves beyond the
low-level vision problem of f{dentifying regions.
For example, once the system has enough edge and
region data to suggest that there {3 a house in the
image it will apply its generic knowledge about
wvhat parts houses typically have and how they are
typically spatially arrayed to atteapt to impose
identifications on regions which wuld otherwise be
ambiguous. Note that even Lf the image is actually
a picture of, say, a boat in the water, it is still
possible that elements of the boat's image might
initislly trigger the house hypthesis: {n this case

elements of the picture which were finconsistent’

with the house scene fraue, such as the blue color
of the ground plene, would be vital in cutting off
expensive atteapts to (further fnstantiate that
(rame.

Broadly speaking, the process of perception
can be viewed as a process of building an internal
nodel of soae external “world" based on "sensory”
data (roa that world and generic knowledge about
it. In cthis light the components of salience can
be described more sbstractly. First, the system
relies on the conventions of centrality and size of
a reglon to direct {ts attention so that its (lrst
snalyses are of those parts of the photograph which
are most likely to yield a potent model for
{dentifying the rest of the scene. Second,
clements of the image which are unexpected (i.e.

vhich do not have & good *"fit® with their slot in
the hypothesized (rame) are {mportant to the
efficient allocation of resources, and would likely
be annotated with soae measure of their “goodness
of f1t". Finally, information about the intrinsic
{mportance of various ftems {n the scene aight be
useful in the allocation of additfonal resources to
the confirmation of their indentification (e.g.. if
the systen i3 told, as part of its world knowledge,
that people sre intrinsically important, it would
want to be especislly sure when it identified image
regions as people).

To sunmarize, these sre the elements of model
building Cor which the notion of salience {is
especially {mportant: 1) structural knowledge about
wvhere in the externsl field of data to focus
resources initially (e.g. size and centrality): 2)
use of a measure of "goodnesas of fit" to direct the
competition and {instantiatfion of generic frames:
and 3) a priori knowledge about what “objects”, if
found f{n the "world™, are particularly fmportant to
the system (i.e. intrinsic salience).

IV Salience §

8 tutoring task

We are beginning to see this confluence of
nodel-building knowledge sources plus deviation
from defaults as perhaps the source of saliency in
snother domain where we are working on natural
language generation: the planning of tutorial
dialogues. )

Beverly Woolf, an advanced graduate student
working with McDonald, 13 extending the work of the
MENO-II project (11) on identifying conceptual
misconceptions in simple loop prograas, so as to
develop a prograa capable of tutoring the student
on a selected subclass of these misconceptions.
Analogous to the parameters of size and centrality,
the MENO-II project has knowledge about PASCAL
errors and their relatfoaships to various
misconceptions: this i3 the starting point for the
tutor's analysis. Analogous to the VISIONS
system's generic knowledge about possible objects
snd scenes, the MENO-II project has a very rich
knowledge base of the plans and schemas inherent in

correct loop programs and their relationship to
the student's ecoherent (but inappropriate to
PASCAL) w®model of the algorithms; a rich,

hierarchically orgsnized KL-ONE representation is
used for this purpose, including a taxonomy of

common misconceptions. Finaslly, anslogous to
VISION's a priori knowledge about intrinsic

{mportance, the tutoring system has certain "bug s"
and aisconceptions flagged as especially important
and revesling {f found in the model of the student.

The tutoring program is still in the early
design stages, consequently we cannot yet be
certain that our strategy of applying the salience
metaphor to this problem will succeed. However,
our intention 1s as follows: the model of the
history of the student will be projected onto the
general knowledge base of progran techniques and
typical aisconceptions, where it will be used to
{dentify those parts of the knowledge base which
are most relevant to the student's problem, and to
suggest a tutoring strategy which will build most
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effectively on what the stutent already knows and
vill carry them forward to the most appropriate
pregraaming concepts for them to learn next. Said
tnother way, the studeat's buggy program will

typically contain several mf{sconceptions on which

the student could be tutored. The general
knculedge base (fnterpreted now in terms of
Plausible tutoring strategies, i.e. alternative

3equences of examples and probing questions) will
provide a backdrcp on which to project the
student's specific history so as to pick out the
best strategy for that case. By monitoring this
snalysis process we shculd be sble to annotate
Specific cocncepts {n the knowledge base and points
in the buggy prograa with a rating analogous to
that of visual sslience: this annotatfon will yield
the ordering 1n which those points and concepts are
to be taken up during the tutoring session.
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