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Abstract

Until recently, the Ly project has focused upon training connectionist nets to recognize, i.e.
categorize, spatial relationships among pseudo-visual representations of geometric objects. This
project 1s an initial effort in the reverse direction—that is, given the objects and prepositions
describing their relationships, to conjure up a sort of “mental image” of a prototypical scene
satisfying the relationships. This system works for multiple relationships, and thus serves as the
beginnings of a system which can “understand” simple sequences of linguistic spatial relations,
drawing inferences, creating defaults, etc. In this sense we have a simple “story understander.”

1 Introduction

The stated goal of the Ly project at ICSI is to build a learning system which can be trained,
for any language, to accept or reject sentence—picture pairs on the basis of whether they agree
[Feldman 90]. Towards this end, Terry Regier has build a system which is capable of categorizing
idealized visual scenes consisting of geometric objects in terms of which spatial terms of the language
(mostly prepositions) apply to the scene, given a labelling of the trajector and landmark of interest
[Regier 92]. Andreas Stolcke is working on the parsing side of the project, whose goal is in part to
extract from a sentence which visual object is the trajector and which is the landmark.

This project’s focus is to begin to consider what extensions will be needed to the system in order
to support simple “story understanding”; that is, the understanding of multiple sentences. The
key task here is to carry the relevant information from sentence to sentence in order to generate
defaults to fill in implicit information, and to adapt uncertain information from early sentences
when more certain information in later sentences contradicts earlier assumptions.

Towards this end, this project investigates a simple scheme for “imagery”; that is, the generation
of a prototypical image from a spatial term, an image capturing the essential characteristics of that
term. We accomplish this task by first training specialized connectionist nets as Regier does in his



thesis. Then, we “clamp” the output units of the net to a spatial term which we would like to
“imagine”, and then employ an unusual twist on the backpropagation training algorithm previously
used by Thrun [Thrun 92], which adjusts the net’s input values rather than its weights. In this
way, the inputs converge to the prototypical image.

This report points out some limitations of what was done, some obvious extensions, and then
discusses some more far-ranging ideas which may prove fruitful in the future.

2 Ly Background

The full Lg spatial relation system is quite complex and will only be quickly reviewed below (see
[Regier 92] for details). For this project, a much-reduced system was used, and that explanation
follows afterwards.

2.1 Regier’s system

In its full generality, Regier’s spatial term recognizer is able to handle both static and motion
terms (as well as terms with both static and motion senses). The system began as just a static
term recognizer, and that structured network serves as a module in the network which handles
motion terms. Figure 1 shows an overview of the final structured net.

The lower module of the net is responsible for extracting salient static features from the input,
a bitmap. Actually, the bitmap is used directly by only part of the net—the part responsible
for detecting contact- and inclusion-based features (right-hand side of Figure 1). The rest of this
module operates on angle-based features of the input bitmap rather than on the bitmap itself.
These inputs include the orientation of the line connecting the centers of mass of the landmark and
trajector (LM and TR henceforth), called the “center-of-mass angle,” and the orientation of the
line connecting the LM and TR where they are closest to each other, called the “proximal angle.”

The bitmap is scanned by a grid of units which sit above it, and which are gated by whether
the bitmap point below them is part of the outline of the TR. Where this is true, the units exhibit
a center-surround behavior. Finally, two special units reduce the information in this grid into two
values: the maximum and average valuea of the nodes in the grid. The angle inputs are processed
by a collection of so-called theta nodes, which can operate in two ways. Some of them accept as
input a single input angle (for example, the center-of-mass orientation), and maintain two state
values: a target orientation, and a variance. These “learning” theta units, during training, will
adapt so that their target orientations detect a useful feature for discriminating among the words
of the training language, and the variance will indicate the degree to which the target orientation
really is informative. The other type of theta unit accepts two input angles as inputs, and during
training simply adapts its variance to indicate whether the co-incidence of the two input angles is
important in the training language. The hope is that by connecting a bunch of such theta nodes
to various input angles and pairs of input angles, we will end up making the “right” comparisons
at at least some of them. Finally, these theta nodes as well as the “max” and “average” nodes
from the bitmap are fully connected to the units in an output layer where there is one node for
each spatial term (in some variations, a hidden layer is inserted first). Training proceeds basically
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Figure 1: The complete static and motion spatial term recognizer.




by the standard backpropagation algorithm, with some efficiency enhancements, plus the obvious
caveat that the derivative functions are non-trivial due to the unusual unit functionalities.

The motion net is an extension of this system. Instead of the layer of static term nodes, we
feed the theta, max and average nodes into a series of . uring the presentation of each
movie, the source bu er keeps a record of the static module s outputs on the rst frame of the
movie in order to ensure the signi cance of the all-important rst frame in the net s nal analysis
of the movie . Three other bu ers track the minimum, maximum and average values of each of
the static output units during the course of the movie. inally, one bu er always re ects the static
module s ouputs on the current frame. inally, these bu ers are fully connected to a vector of
units representing all the static motion terms again, with optional intervening hidden layers .
eight updates to the nework occur only after the presentation of the nal frame of the movie.

irst o , I address only static terms, so the bu ering system ust described is irrelevant to this
pro ect. The appropriate representation for prototypes of motion terms raises complicated issues
and thus will not be addressed for a while yet.

impli cations were also made to the static module itself at the outset of this pro ect, some of
which were subse uently removed one ma or one remains and its removal is next on the agenda.
ssentially, most of the work described here has been done on a static module consisting only
of theta units. This is a direct result of the current imagery system s dependence upon gradient
descent, which does not mix well with the discontinuous aspects of the bitmap system s max node,
nor with the difficult credit assignment problem which results from the massive converence from
the entire bitmap into ust units, max and average . This is the simpli cation which remains.
Initially, we started with an even simpler system, which contained only learning theta units
initially pointing up, down, left and right, each one connected to the center-of-mass orientation, plus
another input unit for the center-of-mass distance, which was connected directly to the outputs.
t this point, proximal angles, xed theta units, and hidden layers have been added in order to
learn more complex terms.

In addition, we have a new unit type not found in egier s system  distance units,
which like learning theta units have an ad ustable target distance and variance. These make it
possible to learn concepts such as without the bitmaps.

ee igure for a sample architecture used in this pro ect.

It is important to note that this reduced system is not capable of learning many of the spatial
terms egier s thesis system could learn, and so of course we have been limited in the variety of
imageries we have been able to experiment with.

In addition to the simpli ed network ust described, two important aspects of a real imagery
inference system have been faked in this pro ect and in in general , and should be pointed
out.
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