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Our long-term goal is to develop embodied conversationathe interpretation and re-

A context-dependent model of proximity
in physically situated environments

anonymous
someplace

Abstract

The paper presents a computational model for a
context-dependent analysis of a physical environ-
ment in terms of spatial proximity. The model

provides a basis for grounding linguistic analyses
of spatial expressions in visual perception. The
model uses potential fields to model spatial prox-
imity. It has been implemented, and when com-
bined with a handcrafted grammatr, is used to en-
able a conversational robot to carry out a situated
dialogue with a human. The key concept in our

approach is defining the region that is proximal

to a landmark based on the spatial configuration
of other objects in the scene. The model extends
existing approaches to proximity by including ob-

ject salience (visual, discourse) and interference
effects between multiple objects that could act as
landmarks. Theoretically, the model can help mo-
tivate the choice between topological and projec-
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tive prepositions, and provides a basis for defining atr’]'_e ﬁrgdlcafles (e.g. C%'OV), ABSOLUTE ADJECTIVE
regions with vague spatial extent. which is still easier than TYPE

Introduction

it, should be minimal. In particular, the Principle of Sensi-
tivity [Dale and Reiter, 1995states that when producing a
(spatial) referring expression, the speaker should prefer fea-
tures which the hearer is known to be able to interpret and
perceive. Psycholinguistic data indicates that a spatial prox-
imity expression (1b) presents a heavier cognitive load than a
referring expression which distinguishes an object purely on
physical features (1a), yet is easier to process than a spatial
projection expression (1¢yan der Sluis and Krahmer, 2004

(1) a. the blue ball
b. the ball near the box
c. the ball to the right of the box

One explanation for this preference is that feature-based
descriptions are easier to resolve perceptually, with a further
distinction among features
as given in Figure 1: object
type is the easiest to pro-
cess, before absolute grad-
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relative gradable predicates
(e.g. size]Dale and Reiter,

1994. On the other hand, Figure 1: Cognitive load of
" different forms of reference

robots that are capable of natural, fluent situated dialog withalization of spatial expres-

one or more interlocutors. An inherent aspect of situated disions requires effort and attentiflnogan, 1994; 1995

alog is reference to aspects of the physical environment that Similarly we can distinguish between the cognitive loads
the interlocutors are situated in. In this paper, we presendf processing different forms of spatial relations. Focusing on
a computational model which provides a context-dependergtatic prepositions, topological prepositions have a lower cog-

analysis of the environment in termssfatial proximity. We
show how we can use this model to ground utterances that usitions (e.g.

nitive load than projective prepositions. Topological prepo-
“at”, “near”) describe proximity to an object.

topological prepositions (“the ball near the box”) or nouns ex-Projective prepositions (e.g. “above”) describe a region in a
pressing spatial proximity (“the corner”).

particular direction from the object. The extra cognitive load

Proximity is ubiquitous in situated dialog, but there areof projective prepositions arises from the different frames of
deeper “cognitive” reasons for why a context-dependenteference that are used in language and the consequent three-
model of proximity is needed to facilitate fluent dialog with dimensional rotations and translations of coordinates systems
a conversational robot. This has to do with the cognitivethat may be required to define the direction described by the
load that processing proximity expressions involve. Pragmatpreposition; cf[Krahmer and Theune, 1909
ically, the Principle of Minimal Cooperative Effof€lark and Unfortunately, most work on computationally modelling
Wilkes-Gibbs, 198F states that both the speaker’s effort in spatial relation$Andreet al, 1989; Olivier and Tsujii, 1994;
producing an utterance, and the hearer’s effort in interpretingruhret al,, 1998; Mukerjeeet al,, 2000; Regier and Carlson,



2001; Gorniak and Roy, 2004; Kelleher and van Genabithgoodness rating for “near to” against the distance between the
2009 focuses solely on projective prepositions. We lack atrajector X and the landmark O, we get the graph in Figure 3.
comprehensive model for topological prepositions. Without
such a model, a conversational robot is not able to interpret 1741 190| 2.84| 3.16| 2.34| 1.81| 2.13
spatial proximity expressions nor to motivate their contextu- 261 384 466 497 | 490| 356| 3.26
ally and pragmatically appropriate use — despite their ubig- 406| 556| 755| 7971 7.29] 480 391
uity, and their positioning on the cognitive load hierarchy 447159118521 O | 790 6.13| 4.463
which makes them preferable over projective expressions. 3471 4811 694 7561 7.311 559 3.63
Contributions In this paper, we address this problem. We 325| 4.03| 450 4.78| 4.41 | 3.47 | 3.10
present a computational approach to modelling proximity in 1841 223 2.031 3.06| 253 2.13| 2.00
physically situated contexts. The model includes the visual

and discourse salience of objects as parameters, and uses efgure 2: 7-by-7 cell grid with mean goodness ratings for the

ergy functions to model how spatial templates associated witkelation “near to” as a function of the position occupied by X
other landmarks may interfere to establish what are contextu-

ally appropriate ways to locate a trajector relative to these
landmarks. The resulting model enables a conversational
robot to interpret and produce spatial proximity expressions 1o
that refer to objects in the environment. We focus on topo- "

logical prepositions such as “near” or “at”. Furthermore, we g £ S
show how this model of proximity enables us to model vague 2 — e
spatial regions, such a “the corner” or “the center”, which . //’(*\.\_
inherently require an understanding of proximity and our es- b I

sential to orientation in many situated contexts. tozos 8 5 078

GOODNESS RATING

Overview §2 presents effects we can observe in grounding
spatial expressions, and discusses how they prove problem-
atic for existing models. 1§3 we discuss our model, and how Figure 3: Mean goodness rating vs. distance between X, O
we have integrated it with a handcrafted categorial grammar.

84 shows how the model captures examples involving the ef- Both the table and the graph make it clear that the ratings

fects observed if2. We end with conclusions. diminish as we increase the distance between X and O. At
the same time, we can observe that even at the extremes of
2 Data the grid the ratings were still above 1 (the minimum rating).

Indeed, in the four corners of the grid, the points most distant

We already pointed out ifil that people use spatial expres- from the landmark, the mean ratings nearly average twice the
sions to denote objects if they cannot distinguish them just byninimum rating.
reference to easily perceivable physical propeftizsle and Hence, we have to further qualify the observed inverse re-
Reiter, 1995 Furthermore, experimental data reveals thaflation between acceptability rating and distance. First, the ob-
topological prepositions are easier to process cognitively thagerved drop in ratings does not evince that there is a maximum
projective prepositionbvan der Sluis and Krahmer, 2004 distance for proximity. This contradicts previous computa-

In this section we discuss psycholinguistic experimentgional models of topological prepositions lik&app, 1994
which argue that what is considered proximal is sensitive tavhich define a maximum distance as a parameter of the ex-
the current visually situated context. Particularly, the experitension of the landmark. Second, although there is no maxi-
ments give rise to two hypotheses about context dependencgium distance, we do observe a slope. The modéGapp,
(1) interference of proximities of surrounding objects shrink1994 does accurately capture that contextual factors deter-
the area considered to be close to an object, and (2) an imine the steepness of this slope, in Gap’s account the size of
crease (decrease) in salience of an object enlarges (shrinksh object: E.g., given prototypical size, the region denoted
the area considered to be close to it. We argue below thadiy “near the building” is larger than that of “near the apple”.
existing models do not capture these hypotheses. Author have also observed that, besides visual salience, dis-

The psycholinguistic experiments reportedlimgan and  course salience also influences spatial interpretdfRmgier
Sadler, 199bexamined various topological prepositions. In and Carlson, 2001; Roy, 20D2 but so far, only gaze-based
these experiments, a human subject was shown sentencestention has been included.
each with a picture of a spatial configuration. Every sentence The final phenomenon we consider is the effect that other
was of the form “The X is [relation] the O”. The accompany- objects in the scene have. The location of other objects in the
ing picture contained a@ in the center of an invisible 7-by-7 scene can inhibit locations being considered part of the focus
cell grid, and anX in one of the 48 surrounding positions. space of the landmark. For example, consider the two scenes
The subject then had to rate how well the sentence describggide-view) given in Figure 2. In the scene on the left-hand
the picture, on a scale from 1(bad) to 9(good). side, we can use the description “the blue box near the black

Table 2 below gives the mean goodness rating for the relabox” to refer to object (c), for the following reasons. First, we
tion “near to” as a function of the position occupied by the X, need to distinguish the boxes (a) and (c) from box (b). The
as reported ifLogan and Sadler, 1996If we plot the mean cognitive load hierarchy in Figure 1 predicts that, given we



cannot use type to distinguish the objects, the use of an abspeint, and the other potentials. If this difference is less than
lute gradable adjective presents the least load increase — henog a predefinedmbiguity factor we mark the point as being
“blue” to set (a) and (c) apart from (b). Next, to distinguish ambiguous with respect to what landmark it is considered to
between (a) and (c), we have to use the proximity of (c) tabe close to. Otherwise, we mark the point as being proximate
(b) to set it apart from (a), which is (sufficiently) further from to the landmark with the highest applicability.
(b). However, consider now the scene on the right-hand side. In §2 we noted three factors effecting the appropriateness
In this context, the description “the blue box near the blackof describing the spatial relationship between two objects in
box” seems inappropriate as an expression denoting (c). The scene using a proximal spatial relation. These were: (1)
placing of object (d) between (b) and (c) prevents us from usthe distance between the object, (2) the size and salience of
ing a proximal relation to locate (c) relative to (b). Although the object functioning as the landmark, and (3) the location
the absolute distance between (b) and (c) remains the samaf, other objects in the scene. We capture these factors as fol-
the context no longer enables us to classify that distance dews: (1) and (2) are modelled by the potential field model,
near due to the interference of (d). which we discuss if3.1, whereas (3) is captured by the over-

laying of the potential fields, described §3.2. Finally, in

§3.3 we discuss how we can ground linguistic analyses of re-

ferring expressions involving spatial proximity in the model.

3.1 Computing the potential field of a landmark
(a) (b) (c) (a) (b) (@ (o)

Figure 4: Proximity and distance At the first stage, we need to compute for each landmark
the potential field that models proximity to that landmark.
Jve compute these fields on the projection of the scene
nto the two-dimensional plane, which we model as a two-
imensional arrayd RRAY of points.

To recapitulate, we see that what counts as proximal t
a landmark in a given situated context is based on sever
factors. Distance inversely affects proximity (i.e. downward ) . .
slope), whereas salience positively affects the area surroung N€Xt, we consider a landmaik) at some arbitray point
the landmark that counts as proximal (i.e. the degree of thé L in the scene. For each poitT" in the point arrary
slope). The actual situated context may, however, inhibit thééuszAY' we compute a F’Oter!“a! value for tigf at that
extension of that area in a particular direction, if there ard®0intusing the following equation:
interfering objects. Authors lik§Gapp, 199% and [Regier
and Carlson, 2041have proposed to model proximity as a P orog = diStnormatised(PL, PT, ARRAY)
function of distance and gaze-based attention, but this does « salience(LM) @)
not model possible inhibition effects nor the full range of
salience. In the next section, we propose how we can cap- Equation 1 makes clear how we compute the potential

ture these factors in a single, unified approach. value from the distance between the paifif” and the lo-
cation of the landmarlP L, and the salience of the landmark.
3 Approach As distance we use a normalised distance function

. . distpormatised(PL, PT, ARRAY"). This function returns a
Below we discuss how we create a model of the situated €MVialue between 0 and 1 to represent the normalised distance

ronment in terms of proximity. We represent the environmen etween pointsDL and PT within the scené. The smaller

at the level of objects and scene features, leaving the inclup. " yistance betweeRT and PT. the lower the value re-
sion of events to future work. We take objects and scene fea[Urned, i.e. the lower the cost the more acceptable it is to say
tures to function as possible landmarks within a scene. Theqhat PT is close toPL. In this way, this component of the
for eagr}[hpoismzle Ialr(lctirr]n?rk, thf model e_stal?ltlsh;as the r€91%btential field captures the gradual gradation in applicability
around the landmark that counts as proximal to it evident in[Logan and Sadler, 1996 Table 5 illustrates this

We usepotential fields to model the gradation of applica- . qetail giving the normalised distances between each cell
bility with distance as shown ifLogan and Sadler, 1996 ;. - 7-b)}-g cel?grid and the location of the landmark..

The fqndameptal component of the potential fielq _model is a We model the influence of visual and discourse salience on
potential function that computes the cost of describing a spa-,q areq that is considered to be proximal to the landmark as

tial configuration using a proximal description_. T'his cost can, functionsalience(LM) — the other component of Equation
range from 0 to 1. The lower the cost at a point in the region ~ ¢ fnction returns a value between 0 and 1 that repre-
around the landmark, the more appropriate itis to say that 8Bents the relative salience of the landmadd in the scene.

object located at that point is near the landmark. The relative salience ascribed to an object by this function is
We create the model in two stages. First, for each Iandaependent on its visual and discourse salience

mark we create a potential field across the region of the scene The visual salience component is computed using the Vi-
that models the applicability of a point in the scene be'ngsual saliency algorithm described[ikelleher and van Gen-

described as proximal to that landmark. Second, we looK, . - : . :
where the potential fields of different landmarks overlap. Fo:éblth’ 2004. This algorithm computes a relative salience

each point in the overlap between two or more fields, we then we normalise by computing the distance between the two
compute the difference between the potential of the landmarkoints, and then dividing this distance it by the maximum distance
with the highest applicability (i.e., the lowest potential) at thatbetween point PL and any point in the scene.



1.00] 0.72] 0.56| 0.17] 0.56 | 0.72| 1.00 along the peripheries of the tables, we see that the cells in Ta-
07210441 0.28| 0.11] 0.28)| 0.44| 0.72 ble 7 have lower values than those in Table 6. This shows the
0.56] 0.28] 0.11] 0.06| 0.11] 0.28 | 0.56 salience effect: the higher salience enables us to take points
017]0.11]0.06| PL |0.06| 0.11] 0.17 further from the landmark and still call them “close”. The
0.56[ 0.28] 0.11| 0.06] 0.11] 0.28 | 0.56 graph in Figure 8 makes the effect of salience on the com-
0.721044]0.28| 0.11| 0.28] 0.44] 0.72 puted potentials more visual: As the salience increases, the
1.00| 0.72| 0.56| 0.17| 0.56| 0.72 | 1.00 potentials decrease.

Algorithm 1 formally describes how the landmark poten-
Figure 5: 7-by-7 cell grid with normalised distances betweertial fields are computed.
the pointP L and the coordinates of the other cells in the grid

0.50| 0.36| 0.28 | 0.08 | 0.28 | 0.36 | 0.50

— i 0.36] 0.22] 0.14] 0.06| 0.14] 0.22] 0.36
for each object in a scene. The factors contributing to the 0281 01410061 00310061 0141028

_sallence of an obje_ct are its percelvable_ size and its Ct_entral— 008100610031 PL 100310061 008
ity relative to the viewer focus of attention. The algorithm 02810141006 00310061 0141 028
returns salience scores in the range of 0 to 1. The fact that 0.36 0‘22 0'14 0106 0'14 0‘22 0.36
the visual salience algorithm captures object size permits our : : : : : : :

framework to model the effect of landmark size on proxim- 0.50] 0.36] 0.28] 0.08] 0.28] 0.36 | 0.50

ity through the salience component of the potential field. The_. ) o . .
discourse salience of an object is computed based on receneE)'Pu.r e 6: 7-by-7 cell grid with potentials based on Equation
using the normalised distances in Table 5, and an inverted

of mention as defined iiHajitova, 1993 except we represent )
the maximum overall saliénce in the scenepas 1, aﬁd use 0 ﬁ;ﬁllence of 0.5 for the landmark
indicate that the landmark is not salient in the current context.

The salience() function integrates these two components 0201 0141 01110031 0111 0.141 020
by summing them and dividing the result by 2. This again re- 0'14 0'09 0'06 0'02 0'06 0'09 0'14
sults in a range of salience values between 0 and 1. Summing 0'11 0106 0'02 0'01 0'02 0.06 0'11
and then dividing is preferred over multiplication as it avoids 0'03 0'02 0'01 P'L 0'01 0'02 0'03
the problem of multiplying by 0. This problem would arise in 0.11 0.06 0'02 001 0'02 0.06 0'11
a situation where we would have an object with a very high 0'14 0'09 0.06 0'02 0.06 0'09 0'14
visual salience, but with a discourse salience 0 because it has : : : : : : :
not been mentioned yet. In this case the landmark would be 020/ 0.14/0.11]0.03] 0.11] 0.14] 0.20
ascribed an overall salience of 0, contrary to expectations.

We already remarked before (¢R) that when the salience
of a landmark increases, the area which could be describ
as proximal to the landmark becomes larger. Consequentl
we want the potential function to decrease the potential com-

puted at a point as the salience of the landmark increases. B2 Overlaying the Landmark Potential Fields
order to achieve this we need to invert the salience ratings. Wg,, .o \ve have constructed the potential fields for the land-

achieve this by taking the each objects salience value from arks the next stage in creating the proximity regions is to

plus the min_imum salie_nce ascripe_d toan opject in the SC€NRneck for overlap between the potential fields. We do this
The r?ot;\éatlonbftor a}[_ddln_g ttrr:etmtlnlmum ?allenc%_vaLue_:ﬁ 1by iterating over each point in the scene, and comparing the
prior to the subtraction IS that it prevents an object With a0 15 of the different landmarks at each point. If the pri-
salience of 1 being ascribed an overall salience of 0. The fol, v |andmark’s (i.e., the landmark with the lowest potential
lowing equation defines how the salience is computed: the point) potential is less than the potentials of each of the
other landmarks when they are divided by a predefined factor

Figure 7: 7-by-7 cell grid with potentials based on Equation
Jdusing the normalised distances in Table 5, and an inverted
ed .

@allence of 0.2 for the landmark

salience(LM) =(1 + minimumSalinceInScene) the point is deemed to be in the proximal area of the land-
— ((VisualSalience(LM) (2)  mark. If not we take the point to be ambiguous, and not in
+ DiscourseSalience(LM))/2)
The data in Tables 6 and 7 illustrates how the applicabil- e Candmark Salienge.
ity ratings change under influence of an increase in salience. T
The lower values show a lower cost, i.e. itis more appropriate 05
to call a point in that region (still) proximal to the landmark. g A et
Table 6 gives the potentials computed for each cell in a 7- %4 e e saence £
by-7 cell grid using Equation 1 on the normalised distances 01 ‘éﬁ/j;r

in Table 5 for a landmark with an inverted salience of 0.5 as
computed using Equation 2. Table 7 illustrates the potential
field for a landmark with a higher salience (which results in ) o _
a lower inverted salience). When we compare the grid cells Figure 8: Interaction between potential field and salience

Distance Increasing to the Right




Algorithm 1 Computing the landmark potential fields. Algorithm 2 Overlaying the landmarks’ potential fields.

Require: A set of candidate landmarkSL = cl;,clz,...,cl, Require: A set of landmarks each with a potential field that defines
each with a point in space defining its center of mass Ppotential, the potential of the landmark at the point P, gnd
cti.center, fmass and an associated salieneg,.salience, scaling factor.

(salience € 0...1); and the set of points defining the region Ensure: A energy landscape that defines for each pointin the region
the energy landscape will be computed foe= pl,p2, ..., p3. the landmark it is considered proximate to or that it is ambiguous.

Ensure: A set of potential fields, one for each landmarlGid.. for each point P in the regioto
Let MAX_DIST =0 Primaryiqnamare = the landmark with the lowest potential at
Let distancel][] = array[|CL|][|P|] point P
Let potentials[][] = array[|CLI|][|P|] for each landmark< Primaryiandmart dO
fori=0to|P|do if Primaniandmark -Ppotentiar <  (landmark.Ppotentiailp)

for j =0to|CL|do then
distanceli][j] = euclidean_distance(pti, ct;.center_of _mass) P € proximal region of Primany,dmark
if MAX_DIST < distances]i][j] then else
MAX _DIST = distancesli][j] P € ambiguous region
end if end if
end for end for
end for end for

{normalisedistances]][] by dividing by M AX _DIST?}
fori=0to|P|do
for ] =0to |CL| do Overlaying of Potential Fields
distancesli][j] = distances[i][j]/M AX_DIST 120
end for 1o
end for
{compute potential for each CL at each point in region
for i = 0to|P|do
for j =0to|CL|do
potentials[i|[j] = distancesli][j] * ct;.salience
end for
end for

—+—PL1 Patential Field,
Inverted Salience=0.2
PL2 Potential Field,
Inverted Salience=0.5

Potentials

e o =
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Figure 9: Graph showing overlaying of the potential fields
for two landmarks PL1 and PL2. The landmark potential
fields were computed with different inverted salience scores,

for this factoring of the potentials of the other landmarks is to0-2 @nd 0.5 respectively. The locations of the landmarks are
capture situations where the difference in potential betweef’arked on the X-axis. The ambiguous regions were com-
the primary landmark and one or more of the other landmark§Ut€d using a factor of 2.0 and are located where the ambigu-
at a given point is relatively small. Algorithm 2 defines the ©US regions series is plotted at 1.00 on the Y-axis.

procedure for overlaying the potential fields of the landmarks

Inascene. had an inverted salience of 0.2, is much larger than the prox-
Figure 9 illustrates the overlaying of the potential fields ofimate region associated with landmark PL2, which had an
two landmarks, PL1 and PL2. The difference in the slopes ofnverted salience of 0.5. Second, the overlaying of potential
each of the landmarks’ potential field is due to the differentfields naturally defines the extent of the proximate regions.
salient scores these landmarks were attributed. The potentid Figure 9 this is particularly evident when we focus on the
field for PL1 was computed with an inverted salience of 0.2.region to the right of PL2. This region is deemed as ambigu-
The potential field for PL2 was computed with an invertedous because of the effect of the potential field of the more
salience of 0.5. The ambiguous regions were computed usalient PL1. Following the cognitive load model described in
ing a factor ofp = 2.0. The points that were deemed to be §1, objects located in this region should be described with a
ambiguous are located at the positions where the ambiguoysojective relation, such as “to the right of PL2” rather than a
regions series is plotted at 1.00 on the Y-axis. The regionproximal relation. We will return to this point in the discus-
that are defined as proximate to a landmark are denoted ksion section of the pap€i4.
the horizontal extent of the box surrounding the label of the
landmark. The proximate region for PL1 covers the area or8.3 Linguistic analysis of spatial expressions
the X-axis where the ambiguous region’s plot is at 0 on theselow we briefly describe what requirements for linguistic
y-axis and PL1’s potential field model is lowever than PL2's. gnalysis of spatial expressions we can derive from the litera-

Similarly, the region of proximity defined for PL2 covers the tyre, and how we can address these requirements in our ap-
area of the X-axis where the ambiguous region’s plot is at Gyroach.

on the Y-axis and PL2’s pOtential field is lower than PL1's. One, a |inguistic ana|ysis should be able to make ex-
There are two points evident in Figure 9 that are worth notplicit the inherentvagueness of spatial gradable predicates
ing. First, the greater the salience ascribed to a landmark tHiée “close”, and spatial nouns like “corner”. They each
larger the region of proximity associated with it. In Figure 9 specify proximity to a landmark, but leave the exact extent
the region of proximity associated with landmark PL1, whichof that proximity vague. Vagueness is a pervasive feature

the proximal region of any of the landmarks. The motivation



of natural language, and the truth-conditions for vagueness Example (2) illustrates the semantic analysis for “the box
are inherently context-dependent, as various authors have arear you”. The representation consists of several, reldted
gued[Graff, 2000; Kyburn and Morreau, 2000; Barker, 2002; ementary predicates. One type of elementary predicate rep-
Kennedy and McNally, 2044 resents a discourse referent as a proposition with a handle:

Two, we should be able to obtain an analysisremen-  @(4:phys—obj} (DOX) means that the referebis a physical ob-
tally. Visually situated contexts present a huge amount ofect, namely dox. Another type of elementary predicate rep-
information. Incremental processing of spatial expressiongesents dependencies between referents as modal relations,
is an important means to focus attention alreadyle pro-  €.9. Q(p.phys—objy (Location)(r : region & near) means
cessing, by drawing in environmental information to disam-that discourse referertt (the box) is located in a region
biguate[Schuler, 200}, and dynamically establishing con- that is near to a landmark. We represent regions explicitly
textual standards against which vague references are intele enable later reference to the region using deictic reference
preted[Barker, 2002; DeVault and Stone, 2304 (e.g. “there”). Within each elementary predicate we can ad-

Three, a linguistic analysis should provide enough infor-ditionally have semantic features. For example, the region
mation to establish theisual grounding of spatial expres- Characterizes a static locationfpfand —most importantly— it
sions: How can the robot relate a logical form, obtained agXpPressegroximity to a landmark. The example explicitly
a grammatical analysis of a spatial expression, and a scene'Presents the hearer as being that landmark.
visually perceives, so that it can locate the objects or features Elementary predicates provide a natural granularity for in-
in the scene which the expression applies to? Approachegemental semantic processing. We use the sorting informa-
presented in the literature agree on the need for ontologition (e.g.phys-obj, region) to interpret theinguistic mean-
cally rich representations, but differ in how these represening of an utterance further using ontology-based spatial rea-
tations are subsequently grounded in vision. The literaturéoning. This yields several inferences that need to hold for the
presents a spectrum of approaches, ranging from “scruffyscene, comparable {®eVault and Stone, 2004vhere rea-
ones which rely on machine learning methods to establisgoning can expand constraints that need to be satisfied. Where
a statistical mapping between visual and linguistic featuregve differ from DeVault & Stone, however, is in how we check
[Oateset al., 2000; Roy, 200R to approaches that use man- Whether these inferences hold: ligorniak and Roy, 2004
ually constructed mappings between linguistic constructiongve map these conditions onto the energy landscape computed
and probabilistic functions which evaluate whether an objecPy the potential field functions. This enables us to take into
can act as referent on the basis of visual featl@esniak and  account inhibition effects arising in the actual situated con-
Roy, 2004; to “neat” ones that employ constraint resolution text, which neither Gorniak & Roy nor DeVault & Stone do.
over symbolic representatiof®eVault and Stone, 2004 Finally, we can deal with vagueness at two levels. The

. literature suggests that vague expressions such as gradable

We address the above requirements as follows. To enable “Eﬁ'edicates like “close” are interpreted on contextual stan-

robot to commur]icate in_natural Iangua_ge, we have develdards, cf.[Kennedy, 2004 Essentially, this means we have
oped a grammar in Combinatory Categorial Grammar (CCG) measurement function on a scale, and it is this scale that is

[Steedman, 2000; Baldridge and Kruijff, 240vhich we  qntext-dependent: we need to (1) measure degrees of “close-
can parse incrementalljSteedman, 2040 The grammar noss against (2) what counts as close in the current con-
describes the compositional relation between the syntactigay; - \we establish the latter aspect in our scene interpreta-
structure of an utterance and its semantics. We model Sgi,n model using potential field functions. These functions

mantics as an ontologically richly sorted, relational structure e modulated by contextual factors (notably, salience), and
formalized in a description logic-like framework called Hy- _qqether with possible interference effects= give rise to an

brid Logic Dependency Semantics (HLD8Jruifff, 2001;  gnergy landscape that models proximity, i.e. what counts as
Baldridge and Kruijff, 2002; White, 2004 Parsing an ut-  ¢|ose in the current situated context. This establishes the basis
terance yields a representation of its semarftiér space  for 4 contextual standard. Next we can create contextual stan-

reasons, we focus below on how we represent and interpref, s following DeVault and Stone, 2094this is, however,
the semantics of spatial expressions, and omit the syntactgeyond the scope of the current paper.

analyses.

(2) the box near to you 4 Discussion

@ b:phys—obj} (DOX The background for this paper is the general probleryof-
& (Delimitation)unique bol grounding [Harnad, 199D how can we link symbols
& (Number)singular to perceptual input? In our current setting this means, how
& (Quanti fication)specificsingular) can the robot relate a logical form, obtained as a grammat-
& @ypphys—objy { Location) (r : region & near ical analysis of a spatial expression, and a scene it visually
& (Prozimity)proximal perceives, so that it can locate the objects or features in the
& (Positioning)static) scene which the expression applies to? What makes the prob-
& Qyiregiony (FromWhere)(yl : hearer & you lem difficult (beyond visual recognition and classification of
& (Number)singular) objects), is that establishing the region that is proximal to a

landmark depends on the situational, visual and dialogue con-
2We use OpenCC@Nhite, 2004: http://www.sf.net/openceg/  text. As we explained in the preceding sections, we cannot



Figure 10: Scene analysis Figure 12: Corners and center of a scene

define this region on a purely geometrical basis. The saliencsition within the region of the potential field that represents
of LM within a particular context and the salience and loca-unambiguous proximity of the red ball.

tion of other objects in the scene relativeltd/ determine to Finally, consider Figure 12. It illustrates how we can
what extent it is acceptable to use a proximal spatial relatiorinodel nouns that express a vague spatial extent, like “corner”
to locate a trajector relative to it. or “center”, using the potential functions we use to model

Figure 10 shows a real scene on the left-hand side, anBroximity. We originate the potential functions in the geo-
a scene analysis on the right-hand side. For the showRetrical absolutes, i.e. the dead center of the scene and its
scene ana|ysis we have assumed all Objects to have an eqmsolute corners. These potential fields again may interfere
salience: on the left, the blue ball; in the middle, the red ball:with potential fields spawn up by objects in the scene.
and on the right, the green ball. As the analysis correctly
shows, each object has a proximity potential field (showrb Conclusions

ip its own color) but, d.ue. to interference l_aetween potential, this paper, we presented an approach to modelling prox-
fields, we see that proximity is usually ambiguous between aitmity in situated environments, to be able to ground spa-
least two landmarks. tial expressions involving e.g. topological prepositions, or
nouns expressing a spatial extent. We discussed available
psycholinguistic data to substantiate the usefulness of hav-
ing such a model for interpreting and generating natural, flu-
ent situated dialogue between a human and a conversational
robot; and that we need a context-dependent representation
of what is (situationally) appropriate to consider proximal to
alandmark. Context-dependence thereby involves salience of
landmarks as well as inhibition effects between landmarks.

We argued that none of the main models model for inter-
preting spatial prepositions capture the effects we have ob-
served in§2 e.g. the AVS model ofRegier and Carlson,
Figure 11: Locating the object in the blue position 2001 (and used inMRoy, 2002; Gorniak and Roy, 2004

or the distance-based model for topological prepositions pro-

The figure in Figure 11 changes this situation. For thePosed in[Gapp, 1994 the main reasons being that they (a)
shown scene analysis, we have assumed that only the gre€Rly include restricted forms of “attention”, and (b) do not ac-
ball and the red ball are salient, to degrees of 0.6 and 1.0 r&zount for inhibition effects. We presented a model in which
spectively; leaving momentarily the blue ball out of the pic- We can address these issues, and we examplified how logi-
ture. We can observe an interference effect between the reghl forms representing semantic analyses of spatial proximity
ball and the green ball: the potential field representing proxexpressions can be grounded in this model.
imity to the red ball forms an ellipsoid, being inhibited to the ~ One line of future work we want to consider how we can
right through interference with the potential field of the greenexpand the available psycholinguistic evidence for the pro-

ball. cessing of spatial prepositions, to be able to explore further
the interactions between salience and interference. Another
(3) the [object] near the red ball line follows up on the observations we made regarding the re-

lation between the way we model proximity, and vagueness.
Now assume that we would place a ball in the position ofFor one, we would like to investigate how the dynamics of

the blue ball. As it does not have a potential field yet, wevaguenes§Barker, 2002 are affected when the robatoves
can refer to it as being near the red ball, using the utterancehrough an environment: as the scene and the robot’s field
in (3). For (3) we obtain a semantic analysis similar to theof vision change, established contextual standars are likely to
logical form shown in (2). We then resolve the landmark de-change as they are dependent on the spatial configuration of
scription “red ball” to the red ball in the scene, and determinethe observed scene. This raises the question whether contex-
whether an object of description “[object]” is located at a po-tual standards should also be accorded a salience measure.
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