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1. Introduction As the user draws, the system generates candidate interpre-

tations for the user’s strokes based on a rough estimate of

Peoplg sketch to express their early design ideas in Ma¥\e low-level shapes and constraints in the drawing. For
domains, but current computer tools offer few advantagei,xample, if strokes, and b both look like lines, and are

to designers during this skgtching phase. Our goal is tc?oughly connected, the system might propose that they are
construct a general recognition architecture that can be aRRe head and shaft of an arrow. If strokes significantly

plied to a number of domains that is capable of parsing th?onger than stroké the system would propose the hypothe-

user's strokes (in real time) and interpreting them as depictyig i, hichg is the shaft, but would not propose a hypoth-
ing objects in the domain of interest without limiting the

. : , . - esis in whichb is the shaft.
designer’s drawing freedom. Such an interpretation engine

will enable the creation of powerful and natural early-stageOnce hypotheses are generated, the system interprets how
computer aided design tools. well each describes the data. Our approach differs from

. . L previous constraint satisfaction approaches (e.g. (Grimson,
The problem of two-dimensional recognition is to deter-19q1y) for two reasons. First, our technique must be able
m|nehwh|ch set of k.n own patterns bESt c:]ezcrllta)gs the g5 evaluate partially filled hypotheses (e.g. an arrow with
put the system receives. Because sketched objects rargly shaft) because we wish to interpret drawings as they de-
appear in their canonical representations (for example, ago, - second, because sketches are noisy, we cannot set
arrow may point In any direction, r_;md may vary |n_S|ze), a hard threshold on whether or not a constraint is satisfied.
recognizing an object in a ske_tch involves recovering thq:Or example, two lines that appear to connect to form a
underlying shape of the object in the face of a large n”mbeEorner of a square may not actually be connected, and the

pf legal transformatlons, or poses. The_ process of S?arc_ré'ame data may not appear connected in a different context.
ing over the possible poses for a shape is often infeasible in

real-time, even over a pre-segmented portion of the imageGraphical models handle both of these issues. Missing
data can be treated as unobserved nodes in a Bayesian net-

In contra;t, rather than ngively matching all .possible POS€F,ork, while the system assesses likely interpretations for
of an object or set of objects to thz users mEUS ou'rdsys'—me strokes that have been observed thus far. Furthermore,
tem uses a two-stage generate-and-test method to identify,, system’s belief in low-level shapes and constraints can

shc_’;\pes in the users draw_ing. In the first, stage, our systeigg jnqyenced by both the stroke data and the context in
relies on a rough processing of the user’s stques to genefihich those shapes or constraints appear.

ate zero or more likely shape models, each in a set pose,

that might explain a portion of the drawing. In the secondTime-based graphical models (e.g. Dynamic Bayesian Net-
stage, the system uses a novel application of dynamicallyvorks) are not well-suited to our task because we must
constructed Bayesian networks to determine how well eachodel shapes based on two-dimensional constraints (e.g.
model fits the data, then uses this evaluation to guide furintersects) rather than on temporal constraints, and because
ther hypothesis generation. This document focuses specif@ur models cannot simply unroll in time as data arrives

cally on our technique for hypothesis evaluation. (we cannot necessarily predict drawing order). The net-
work’s fundamental structure must be changed to reflect

each new stroke. To allow for the change in structure,

we specify Bayesian network fragments that correspond to
We use a hierarchical shape description language to déhape and domain pattern descriptions (e.g. Figure 1). Our
scribe the shapes in a domain. In Figure 1, the arrow iragment representation is similar to the Probabilistic Rela-

an example of aompound shape.e., one composed of tional Models proposed in (Getoor et al., 1999).

subshapeslabelled “Components”) fit together according As the recognition system produces interpretations for the

to constraints A line is aprimitive shape-one that cannot user’s strokes, new fragments are instantiated and linked
be decomposed further.

2. Approach



Shape Description Network Fragment

DEFINE ARROW

(Components
L1,L2,L3 (Line shaft headl head?2))
head1 | (Constraints
shaft C1: (connects C4: (< headl.length shaft.length

shaft.p1 head1.p1) C5 (< (angle headl shaft) 80)

)
head? Cc2 (Connects Cé6: (< (angle shaft headZ) 80) @ @ @ @
shaft.p1 head2.p2) C7: (> (angle head1l shaft) 0)
C3: (= headl.length C8 (> (angle shaft head?) 0))
head2.length)

Figure 1.The description of the shape “arrow” and the corresponding Bayesian Network fragment.

together to form a complete Bayesian network. Note thatext to recover from low-level interpretation errors without
a particular fragment may be instantiated any number oblindly trying all interpretations for each stroke. For exam-
times, and each time it is instantiated it refers to a specifiple, a stroke that does not appear to be a line in isolation
hypothesis with a specific mapping from stokes to subcomean be reinterpreted as a line if it is interpreted as the shaft
ponents of the object. Nodes representing shapes and coaf an arrow, but this interpretation will be considered only
straints are binary; their probability at any given time repre-if there are other strokes in the vicinity that roughly meet
sents how strongly the system believes that interpretationthe constraints for the head of the arrow.

For each primitive shape and constraint, we define a correfo perform inference in real time, our system system reg-
sponding feature that can be measured from a given stroka@larly prunes unlikely interpretations. As we expand the
or set of strokes and create a node to represent this varsystem, we will experiment with the pruning threshold to
able! For example, for lines, the observation feature is theensure that the system does not prune correct hypotheses.
normalized squared error between the stroke and best-
line. Each primitive shape and constraift, in the net-
work has a child nodeF;, for its corresponding feature.
By collecting low-level data, we have estimated the distri-
butionp(F;|S;) for eachi. Data enters the network through
observations at the feature level.

f\'J\Ie are currently expanding the system so that we can col-
lect more substantial performance results and test the sys-
tem with designers working on realistic tasks. In the longer
term, we will explore how to use our recognition system
to build a natural early-stage design tool. This exploration
will involve determining what type of feedback to display
to the user, the amount of error the user is willing to toler-
3. Related Work ate from the recognition system, and how the system should

Others have used Bayesian networks for image interpre"EIIIOW the user to correct those errors.
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