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7 Complementary solutions to the binding problem in

vision: Implications for shape perception and object
recognition

John E. Hummel
Department of Psychology, University of California, Los Angeles, USA

Behavioural, neural, and computational considerations suggest that the visual
system may use (at least) two approaches to binding an object’s features and/or
parts into a coherent representation of shape: Dynamically bound (e.g., by syn-
chrony of firing) representations of part attributes and spatial relations form a
structural description of an object’s shape, while units representing shape attrib-
utes at specific locations (i.e., a static binding of attributes to locations) form an
analogue (image-like) representation of that shape. I will present a computational
model of object recognition based on this proposal and empirical tests of the
model. The model accounts for a large body of findings in human object recogni-
tion, and makes several novel and counter intuitive predictions. In brief, it pre-
dicts that visual priming for attended objects will be invariant with translation,
scale, and left–right reflection, whereas priming for unattended objects will be
invariant with translation and scale, but sensitive to left–right reflection. Five
experiments demonstrated the predicted relationships between visual attention
and patterns of visual priming as a function of variations in viewpoint. The impli-
cations of these findings for theories of visual binding and shape perception will
be discussed.

HUMAN OBJECT RECOGNITION

The most important property of the human capacity for object recognition is our
ability to recognize objects despite variations in the image presented to the ret-
ina. This ability takes two forms. The most commonly studied is recognition
despite variations in viewpoint. We can recognize objects in a wide variety of
views even though different views can present radically different images to the
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retina. This capacity is particularly challenging to understand because human
object recognition is robust to some but not all variations in viewpoint. Recog-
nition is invariant with the location of the image on the retina, left–right (mir-
ror) reflection (Biederman & Cooper, 1991a), scale (Biederman & Cooper,
1992), and, to a lesser degree, rotation in depth (see Lawson, 1999, for a thor-
ough review). However, it is sensitive to rotation in the picture plane (as when
an object is upside-down; Jolicoeur, 1985, 1990; Lawson, 1999; Tarr & Pinker,
1989, 1990). The second form of object constancy is our ability to generalize
recognition over variations in object shape. This capacity has at least two famil-
iar and important manifestations. First, we are good at recognizing objects as
members of a class, such as “chair” or “car”, rather than just as specific
instances, such as “my office chair” or “Toyota Camry”. And second, we easily
recognize novel members of known object classes: The first time we see a
Dodge Viper, it is easy to recognize it as a car, even if we have never before seen
a car with exactly that shape.

Together, these properties are challenging to explain because they defy
explanation in terms of simple geometric laws. A system based strictly on the
laws of projective geometry—e.g., that used those laws to match the informa-
tion in an object’s two-dimensional (2-D) image to a 3-D model the object’s
shape (e.g., Lower, 1987; Ullman, 1989, 1996)—would be equally able to
accommodate all variations in viewpoint (which the human is not) but would
not tolerate variations in an object’s shape (which the human does).

These and other properties of human object recognition have led some
researchers to postulate that we recognize objects on the basis of structural
descriptions specifying an object’s parts (or features) in terms of their spatial
relations to one another (Biederman, 1987; Clowes, 1967; Marr & Nishihara,
1978; Palmer, 1977; Sutherland, 1968; Winston, 1975). The most explicit such
theory to date is Biederman’s (1987) recognition by components and its vari-
ants (Bergevin & Levine, 1993; Dickinson, Pentland, & Rosenfeld, 1992;
Hummel & Biederman, 1992; Hummel & Stankiewicz, 1996a, 1998). Accord-
ing to this theory, objects are recognized as collections of simple volumes
(geons; Biederman, 1987) in particular categorical relations. For example, a
coffee mug would be represented as a curved cylinder (the handle) side-
attached to a straight vertical cylinder (the body). The relations are critical: If
the curved cylinder were attached to the top of the straight cylinder, then the
object would be a bucket rather than a mug. This type of representation pro-
vides a natural account of many properties of human object recognition. Note
that it will not change if the mug is translated across the visual field, moved
closer to or farther from the viewer, or left–right (mirror) reflected. But rotating
the mug 90° about the line of sight (so that the body is horizontal and the handle
is on top) will change the description. Like human object recognition, this
description is sensitive to rotations about the line of sight, but insensitive to
translation, scale, left–right reflection, and some rotations in depth. It is also
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insensitive to things such as the exact length of the handle or the exact width of
the body, making it a suitable basis for recognizing many different mugs as
members of the same general class (Biederman, 1987; Hummel & Stankiewicz,
1998).

Consistent with this proposal, there is evidence that the visual system explic-
itly represents an object’s parts (Biederman, 1987; Biederman & Cooper,
1991b; Tversky & Hemenway, 1984) in terms of their spatial relations
(Hummel & Stankiewicz, 1996b; Palmer, 1978; Saiki & Hummel, 1996,
1998a, b), and that these representations are used in the service of object recog-
nition (Biederman & Cooper, 1991b; Hummel & Stankiewicz, 1996b; Saiki &
Hummel, 1996, 1998b). If these properties were all that were true of human
object recognition, then we could conclude that recognition is based on gener-
ating and matching structural descriptions, as postulated by Clowes (1967) and
Sutherland (1968), and later by Palmer (1977), Marr (1982; Marr & Nishihara,
1978), and Biederman (1987). However, several additional findings indicate
that structural descriptions cannot provide a complete account of our ability
to visually recognize objects. To understand why, it is necessary to consider
the computational problem of generating and representing explicit structural
descriptions.

Consider generating the description curved cylinder side-attached to
straight cylinder from the image of a coffee mug (Hummel & Biederman,
1992). First, it is necessary to segment the object’s local features (e.g., contours
and vertices) into parts-based groups so that the features of one part do not
interfere with the interpretation of the other. Likewise, any higher-level inter-
pretations of the parts’ attributes (e.g., the shapes of their cross sections and
axes, their aspect ratio, etc.) must also be bound into sets. Next, the representa-
tion of curved cylinder must be bound to the agent role of side-attached , and
straight cylinder to the patient role. An important problem for structural
description concerns the nature of these bindings. Bindings can be either
dynamic or static. A dynamic binding is one in which a single representational
unit can be used in many different combinations. For example, one unit (or col-
lection of units) might represent cylinders and another might represent the
side-attached relation; a cylinder side-attached to another part would be repre-
sented by explicitly tagging these units as bound together (e.g., by synchrony
of firing; Gray & Singer, 1989; Hummel & Biederman, 1992; von der
Malsburg, 1981/1994). Because tags are assigned to units dynamically, the
same units can enter into different conjunctions at different times. A static
binding is one in which a separate unit is pre-dedicated for each conjunction.
For example, one unit might respond to cylinders side-attached to other parts,
another might respond to cylinders above other parts, and so forth. Structural
description requires dynamic binding (Hummel & Biederman, 1992). The
number of units required to pre-code all possible part–relation conjunctions
would be prohibitive (growing exponentially with the number of relations).

COMPLEMENTARY SOLUTIONS 491
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More importantly, static binding sacrifices the independence of the bound
attributes: The fact that a cylinder side-attached to something is more similar to
a cylinder above something than to a slab above something is completely lost in
a representation where each part–relation binding is coded by a separate unit.
This loss of similarity structure is a fundamental property of static binding that
cannot be overcome even with sophisticated static codes, such as Smolensky’s
(1990) tensor products (Holyoak & Hummel, 2000; Hummel & Biederman,
1992). Dynamic binding is thus a necessary prerequisite to structural
description.

The problem is that dynamic binding imposes a bottleneck on processing: It
is necessarily time consuming and capacity limited, and there is substantial evi-
dence that it requires visual attention (Hummel & Stankiewicz, 1996a; Luck &
Beach, 1998; Luck & Vogel, 1997). The limitations of dynamic binding are
problematic for structural description theories of object recognition. Structural
description cannot be faster or more automatic than dynamic binding, but
object recognition apparently is. Face recognition in the macaque is accom-
plished to a high degree of certainty based on the first set of spikes to reach
inferotemporal cortex (at least for overlearned stimuli; Oram & Perrett, 1992).
Clearly, the macaque visual system recognizes faces without waiting around
for several sets of desynchronized spikes. People also recognize objects very
rapidly. Intraub (1981) showed that people can recognize common objects pre-
sented at the rate of 10 per second (see also Potter, 1976). These findings sug-
gest that object recognition is much too fast to depend on dynamic binding for
structural description. Similarly, although dynamic binding—and therefore
structural description—requires visual attention, object recognition apparently
does not, as shown by findings of both negative priming (e.g., Tipper, 1985;
Treisman & DeSchepper, 1996) and positive priming (Stankiewicz, Hummel,
& Cooper, 1998) for ignored objects.

COMPLEMENTARY SOLUTIONS TO THE BINDING
PROBLEM

Both the strengths of the structural description account of shape perception (its
ability to account for the flexibility of human object recognition, as well as the
role explicit parts and relations in shape perception) and its weaknesses (its
inability to account for the speed and automaticity of object recognition) stem
from its ability to represent parts independently of their relations, and the
resulting need for a dynamic solution to the binding problem. The question is
how the visual system profits from the strengths of this approach without suf-
fering its limitations.

Hummel and Stankiewicz (1996a) hypothesized that the visual system
solves this problem by adopting a hybrid solution to the binding problem. Their
model, JIM.2 (so named because it is the successor to Hummel & Biederman’s,
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1992, JIM model), uses dynamic binding to generate structural descriptions of
object shape when an object is attended, and uses static binding to maintain the
separation of an object’s parts when an object is ignored (or when dynamic
binding otherwise fails). The basic idea starts with the observation that static
binding—in which separate units responding to separate conjunctions of prop-
erties—is not capacity limited in the way that dynamic binding is. The theory
predicts that when the visual system succeeds in segmenting an object into its
parts, shape perception will have the characteristics of a structural description:
Recognition will be largely invariant with variations in viewpoint, and part
attributes will be represented independently of one another, and of the parts’
interrelations. When the visual system fails to segment an image into its parts
(e.g., due to inattention or insufficient processing time), shape perception will
have the characteristics of the statically bound representation: It will be more
sensitive to variations in viewpoint, and part attributes will not be represented
independently of their spatial relations.

This paper presents the most recent version of this theory—a model I shall
refer to as JIM.3, as it is the successor of JIM.2—and reviews several experi-
ments that have been conducted to test its predictions (Stankiewicz & Hummel,
2000; Stankiewicz et al., 1998). In addition to accounting for a wide variety of
findings in human shape perception and object recognition, JIM.2 and JIM.3
predict a number of counterintuitive relationships between visual attention and
patterns of visual priming. As elaborated later, attended images should prime
themselves, scaled and translated versions of themselves, and left–right reflec-
tions of themselves; by contrast, ignored images should prime themselves,
scaled and translated versions of themselves, but not left–right reflections of
themselves. Five experiments tested these (and other) predictions of the model,
and all the predictions were supported by the empirical results.

THE MODEL

Space limitations preclude describing the model in detail, so I will describe it
only in broad strokes, and note important departures from the JIM.2 model of
Hummel and Stankiewicz (1996a). The model is an eight-layer artificial neu-
ral network that takes a representation of the contours in an object’s image as
input, and activates a representation of the object’s identity as output (Figure
1). Units in the first three layers represent local image features, including
contours (layer 1), vertices and axes of symmetry (layer 2), and the shape
properties of surfaces (e.g., layer 3). The explicit coding of object surfaces
represents a significant departure from the models of Hummel and Biederman
(1992) and Hummel and Stankiewicz (1996a). Each surface is represented in
terms of five categorical properties of its shape: whether it is elliptical (i.e., is
bounded by a single contour without sharp discontinuities) vs. non-elliptical

COMPLEMENTARY SOLUTIONS 493
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Holistic Surface Map

Categorical
geon attributes

 Spatial
relations

Independent Coding of
Geons and Relations

Layer 4:  Routing gates

Layer 5:
Hybrid
representation
of shape

Layers 1–3 :
Feature maps

Layers 6–8 :
Object memory

(8) Learned Objects

(7) Learned SDs

(6) Learned G&Rs (6) Learned SMs

Image

(1) Contours

(2) Ver tices (2) Axes

(3) Surfaces

Figure 1. Illustration of JIM.3’s overall architecture. Units in layer 1 represent the contours in an
object’s image. Units in layer 2 represent vertices where contours coterminate and axes of symmetry
between contours belonging to the same surface. Units in layer 3 represent the shape properties of object
surfaces. Units in layer 4 gate the output of layer 3 to the independen t geon shape units and the surface
map in layer 5. Although the layer 4 gating units are depicted as a simple one-dimensiona l array in the
figure, in the model they are distributed spatially over the visual field, like the local feature units in layers
1–3. Layer 5 is divided into two components : The independen t units represent the shape attributes of an
object’s geons, and the units in the surface map represent shape attributes of surfaces at each of 17 loca-
tion in a circular reference frame. Units in layers 6–8 encode patterns of activation in layer 5 (i.e., struc-
tural descriptions of objects) into long-term memory for recognition. See text for details.
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(i.e., bounded by multiple contours that meet at vertices); the degree to which
its axes of symmetry are parallel, expanding (i.e., wider at one end than the
other), concave (i.e., wider at both ends than in the middle), or convex (i.e.,
wider in the middle than at either end); whether its major axis is curved or
straight; whether it is truncated (meaning that some of its axes of symmetry
terminate in the midsegments of its bounding contour or contours), or pointed
(meaning that all its axes terminate at vertices where its contours meet); and
whether it is planar (i.e., exists in a single 2-D plane in 3-D space) or non-pla-
nar (i.e., is curved in 3-D space). These properties are inferred from the prop-
erties of the vertices and axes of symmetry within a surface, and are used in
subsequent layers of the model to infer the shape attributes of the geons to
which the surfaces belong.

The local features coded in the model’s first three layers group themselves
into sets corresponding to geons by synchrony of firing: Lateral excitatory and
inhibitory interactions cause the units in layers 1–3 to fire in synchrony when
they represent features of the same geon, and out of synchrony when they
belong to separate geons (Hummel & Biederman, 1992; Hummel &
Stankiewicz, 1996a). The units in layer 3 activate units in layer 5 that represent
an object’s geons in terms of their shape attributes (e.g., whether a geon has a
straight cross section or a curved cross section, whether its sides are parallel or
non-parallel, etc.) and the configuration of their surfaces; interactions among
the units in layer 5 compute the spatial relations among geons (e.g., whether a
given geon is above or below another, larger than or smaller than another, etc.).
Units in layer 6 learn to respond to specific patterns of activation in layer 5 (i.e.,
specific geons in specific relations), and units in layers 7 and 8 learn to respond
to combinations of these patterns (i.e., collections of geons in particular rela-
tions). Together, the units in layers 6–8 constitute the model’s long-term mem-
ory for known objects.

The synchrony relations established in layers 1–3 are preserved in layers 4–
6, where they serve to bind together the various attributes of a geon’s shape, and
to bind geons to their spatial relations. However, the lateral interactions that
establish synchrony and asynchrony take time, so initially (i.e., in the first sev-
eral iterations [tens of ms] after an image is presented) all the features in an
image will tend to fire at once, whether they belong to the same geon or not. The
inhibitory interactions that cause the features of separate geons to fire out of
synchrony with one another also require visual attention, so if an object is never
attended, its features will never group themselves into parts-based sets
(Hummel & Stankiewicz, 1996a, 1998). The model’s fourth layer is a collec-
tion of inhibitory gates that project the instantaneous outputs of layer 3 (surface
properties) to layer 5 (geons and relations) (Hummel & Stankiewicz, 1996a).
The interactions between layers 3, 4, and 5 allow the model to capitalize on the
dynamic binding of features into parts-based sets when synchrony can be estab-
lished, and prevent catastrophic failure when it cannot.

COMPLEMENTARY SOLUTIONS 495
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Layer 5: The representation of object shape

Layer 5 is divided into two components: A collection of units that represent
geon shape attributes independently of one another and of the geons’ interrela-
tions (the left-hand side of layer 5 in Figure 1), and a holistic surface map,
which represents the shape attributes of an object’s surfaces (the same shape
attributes coded in layer 3) separately at each of several locations in a circular
reference frame (right-hand side of layer 5 in Figure 1).1 The independent shape
units represent the shape of a geon in terms of five categorical attributes (cf.
Biederman, 1987): whether its cross-section is straight (like that of a brick) or
curved (like that of a cylinder); whether its major axis is straight or curved;
whether its sides are parallel (like those of a brick), expanding (like a cone or
wedge), convex (like a football) or concave (narrower in the middle than at the
ends); and whether the geon is pointed (like a cone) or truncated (like a cylinder
or truncated cone). These attribute units are capable of distinguishing 31 differ-
ent kinds of geons.2 For example, a brick has a straight cross-section, a straight
major axis, parallel sides, and is truncated; a curved cone has a round cross-
section, a curved major axis, expanding sides, and is pointed. Additional units
code whether a geon’s aspect ratio is flat (like a disk), intermediate (like a
cube), or elongated (like a pipe). Other units code the spatial relations between
geons (specifically, whether a given geon is above, below, beside, larger-than ,
and/or smaller-than other geons in an object).

These units represent geons attributes and relations independently in the
sense that a unit that responds to a given property will respond to that property
in the same way regardless of the geon’s other properties. That is, separate units

496 HUMMEL

1
In JIM.2, the units in the holistic map represent, not surface properties , but geon attributes (the

same attributes represente d on the independen t units). The shift to surface properties in the current
version of the model is more a matter of convenienc e (i.e., simply copy surface features rather than
having to use them to compute geon properties ) than a strong theoretical claim. I am not theoreti-
cally committed to any particular vocabulary of features in the surface map; there is simply no
empirical or theoretica l basis for choosing a specific vocabulary at this time. The only strong theo-
retical claims about the surface map are that it is (a) holistic, (b) invariant with translation and
scale, and (c) able to be activated automatically (i.e., without attention or other provisions for
dynamic binding).

2
This is a substantia l improvement over the eight different kinds of geons the Hummel and

Biederman (1992) and Hummel and Stankiewicz (1996a) models are capable of distinguishing .
The previous models are incapable of distinguishin g pointed geons from truncated geons, and are
incapable of distinguishing different kinds of non-parallelis m in a geon’s sides. The difference
between the current model and the previous models stems from the fact that the current model uses
the vertices and axes in an object’s image to infer the properties of the object’s surfaces , and uses
the surface properties to infer the properties of the geons. That is, the mapping from vertices and
axes to geon properties is a two-stage mapping in the current model. By contrast , the previous
models infer geon properties directly from vertex and axis properties (i.e., a one-stage mapping).
It is tempting to speculate that geon properties are not linearly separable in the space of vertex and
axis properties, and therefore cannot be unambiguously computed in a one-stage mapping.
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are responsible for representing separate attributes and relations. This inde-
pendence has two important consequences. First, it makes the representation
completely invariant with translation, scale, and left–right reflection (the rela-
tions left-of and right-of are both coded simply as beside; Hummel &
Biederman, 1992), and relatively insensitive to rotation in depth; it also permits
the model to respond to the shapes of an object’s parts independently of their
relations and vice versa. The second consequence of the independence is that it
makes the representation heavily dependent on synchrony of firing to bind
geon attributes and relations into geon-based sets. For example, if the local fea-
tures of the cone in Figure 1 fire in synchrony with one another and out of syn-
chrony with the local features of the brick, then the properties of the cone will
fire out of synchrony with the properties of the brick; together, resulting activa-
tion vectors will unambiguously specify that a cone is on top of a larger brick.
However, if the local features of the cone happen to fire in synchrony with those
of the brick, then the properties of the two geons will be superimposed on the
independent units. The resulting pattern of activation cannot distinguish a cone
and a brick from a cylinder and a wedge, or even from a single geon with a com-
bination of cone and brick properties. That is, when dynamic binding fails, the
representation formed on the independent units of layer 5 is effectively useless
(cf. Hummel & Biederman, 1992; Hummel & Stankiewicz, 1996a).

The holistic surface map is much less sensitive to such binding errors than
are the independent geon attribute and relation units. This component of layer 5
is a collection of units that represent the shape attributes of an object’s surfaces
at each of 17 locations in a circular reference frame (see the right-hand side of
layer 5 in Figure 1). The map is holistic in the sense that each unit codes a static
binding of one property to one location in the map (cf. Hummel, 2000; Hummel
& Stankiewicz, 1996b). The units in layer 4 gate the instantaneous outputs of
layer 3 (surface shape properties) to the independent units of layer 5 and to
specific locations in the map: Surface properties are projected to the map in a
way that preserves their topological relations (i.e., surfaces in adjacent
locations in layer 3 project to adjacent locations in the surface map; see
Hummel & Stankiewicz, 1996a, for details).3 As a result, the units in the surface

COMPLEMENTARY SOLUTIONS 497

3
Units in layer 4 have circular receptive fields in layer 1. Different units have receptive fields

of different sizes and locations, so that, collectively , they cover the entire visual field. Layer 4
units gate the connection s between layer 3 units (surface features) and units in layer 5 (both the
independen t units on the left-hand side [layer 5i], and the units in the holistic surface map on the
right-hand side [layer 5s]). A layer 4 gating unit, i, will become active at time t if all the layer 1
contour units with non-zero outputs at time t are: (1) contained entirely with its receptive field (i.e.,
if the gating unit can “see” all the contour units that are currently generating outputs) , and (2) are
not contained entirely within the receptive field of any other unit, j, whose receptive field is con-
tained wholly within i’s receptive field. When i becomes active, it enables the connection s of layer
3 surface units to send their outputs to: (1) the independen t units in layer 5, and (2) those units in
the surface map whose locations relative to the surface map are the same as the features’ locations

(Continued overleaf)
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map maintain the separation of geon attributes even when multiple geons fire at
the same time. (Different geons, occupying different locations in the image,
will project to different locations in the map.) Although the mapping from layer
3 to the surface map preserves the topological relations of the surfaces, it dis-
cards their absolute locations and sizes in the image. Thus, the representation
formed on the surface map is sensitive to rotation (both in depth and in the
picture plane) and left–right reflection (compare Figures 2b and 2c), but it is
invariant with translation and scale (compare Figures 2a and 2b).
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Figure 2. Illustration of the mapping of layer 3 (surface feature unit) outputs to the surface map of
layer 5 via the gating units of layer 4. Adjacent surfaces in layer 3 project to adjacent locations in the map
in a way that discards their absolute locations and sizes in the image. (a) and (b) illustrate that the same
image in different locations and sizes in layer 3 produce exactly the same representation on the surface
map. The image in (c) is a left–right reflection of the image in (b), so the representation of (c) is a left–
right reflection of the representation of (b) on the surface map.

(Footnote 3–continued)
relative to i’s receptive field. For example, surface features in the upper left of i’s receptive field
will project their outputs to the upper-left of the surface map (i.e., the correspondin g layer 3-to-
layer 5 connection s will be enabled) ; features in the centre of the receptive field will project their
outputs to the centre of the surface map, etc. These gating operations , which can all be performed
in a strictly feed-forward fashion, cause the representatio n generated on the surface map to be in-
variant with translation and scale. That is, due to the operation of the layer 4 gating units, a given
shape will have the same representatio n in the surface map regardless of its size or location in the
image. See Hummel and Stankiewicz (1996a) for details.
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The independent units and the surface map work together to permit the
model to generate structural descriptions of object shape when dynamic bind-
ing succeeds, and to permit recognition of objects in familiar views even when
dynamic binding fails. When an object image is first presented for recognition,
all the local features in the image (contours, vertices, axes, and surfaces) will
tend to fire at once, whether they belong to the same geon or not. In layer 5, the
resulting pattern of activation on the independent units blends all properties of
all the geons in the image, but the pattern on the surface map keeps the geons
spatially separate (see Figure 3a). Although the blended representation on the
independent units is useless for specifying the object’s identity, the holistic rep-
resentation on the surface map can specify the object’s identity, provided the
object is depicted in a familiar view. The initial (globally synchronized) burst
of activation in layers 1–3 also serves as the units’ first opportunity to exchange
excitatory and (when the stimulus is attended) inhibitory signals. The excit-
atory signals encourage features belonging to the same geon to continue to fire
in synchrony with one another, and the inhibitory signals encourage the fea-
tures of separate geons to fire out of synchrony with one another (see Hummel
& Stankiewicz, 1996a, 1998), so as processing proceeds, the object’s geons
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Figure 3. Illustration of the representation formed on the surface map as a function of the synchrony
relations among the features of an object’s geons. When all the features of an object fire at once (time 1),
the separation of the object’s surfaces is preserved in their separate locations in the surface map. After
the objects’ geons have desynchronize d their outputs (times 2 and 3), individual geons are projected to
the surface map one at a time.



D
ow

nl
oa

de
d 

B
y:

 [U
ni

ve
rs

ity
 o

f I
lli

no
is

] A
t: 

21
:3

5 
4 

S
ep

te
m

be
r 2

00
7 

come to fire out of synchrony with one another. In layer 5, the resulting series of
patterns of activation constitute a structural description specifying the object’s
geons in terms of their shape attributes, spatial relations, and the topological
relations of their constituent surfaces. This structural description can specify
the object’s identity even if it is depicted in a novel view, and even if the object
is a novel member of a known object category (i.e., even if its shape differs
somewhat from the shape of familiar members of the category).

Layers 6–8: Encoding shapes into long-term
memory

The patterns of activation generated in layer 5 are encoded into the model’s
long-term memory by a simple kind of unsupervised Hebbian learning (see
Hummel & Saiki, 1993). Patterns of activation generated on the independent
units are learned by individual units in layer 6 (one unit per pattern; layer 6i in
Figure 1), as are patterns of activation generated on the surface map (layer 6s in
Figure 1). That is, each unit in layer 6 learns to respond to the shape attributes of
one geon (or collection of geons) and its relations to other geons in the object
(layer 6i), or to the arrangement of surfaces in a geon (or collection of geons)
(layer 6s). Units in layer 7 sum their input from units in layers 6i and 6s over
time to reconstruct the desynchronized patterns representing an object’s con-
stituent geons into a complete structural description of the object as a whole
(i.e., a complete object model; see Biederman & Cooper, 1991a). Units in layer
7 activate object identity units in layer 8. These units are assumed to correspond
to non-visual neurons representing the object’s identity (and other aspects of its
semantic content). The activation of the object identity units is taken as the
measure of object recognition. The pattern generated on the surface map when
an image is first presented (i.e., before the local features in layers 1–3 come to
fire in geon-based sets) will be a holistic representation of the entire object. The
unit in layer 6s that encodes this pattern is allowed to connect directly to the cor-
responding object identity unit in layer 8, providing a fast holistic route to rec-
ognition for objects in familiar views.

SIMULATIONS

Simulations of existing findings

JIM.3 evolved from Hummel and Biederman’s (1992) JIM model in response
to findings suggesting that dynamic binding is not strictly necessary for object
recognition (as did Hummel & Stankiewicz’s, 1996a, JIM.2). The resulting
model is substantially more complicated than JIM. It is therefore important to
show that it can still account for the findings against which JIM was tested—
namely, the effects of various transformations in viewpoint on recognition per-
formance. To this end, the model was trained on one view of each of 20 simple

500 HUMMEL
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objects,4 and tested for its ability to recognize those objects in new (untrained)
views. A subset of the images on which JIM.3 was trained is depicted in Figure
4. The objects were designed to be structurally complex: Most have several
parts, many (such as the fish) contain ambiguous segmentation cues, and most
are left–right asymmetrical. The model was trained by presenting each view
once, and allowing the units in layers 6–8 to encode its representation on layer 5
(i.e., the object’s structural description) into long-term memory (see Hummel
& Stankiewicz, 1996a). It was then tested for its ability to recognize the images
on which it was trained, translated versions of those images (i.e., with the same
image translated to a new location in the visual field), scaled versions of the
images, left–right reflections of the images, and images rotated 45°, 90°, 135°,
and 180° in the picture plane. In all the simulations described here, I allowed the
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Fish Hammer Gun

Chair

Pot

Scissors

Nonsense
object 1

Nonsense
object 2

Figure 4. Eight of the twenty object images on which JIM.3 was trained.

4
All objects had at least two parts (most had three or more). They comprised: a car, a cat, a

chair, a fish, a revolver, a hammer, a house, the cone-on-a-bric k object in Figure 1, a telephone , a
cooking pot, a sailboat , a pair of scissors, a pair of eyeglasses , a teacup, a teapot, a sliding board,
and four nonsense objects.
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model to run until one object identity unit in layer 8 achieved an activation of at
least 0.5, and was at least 0.2 more active than its next-highest competitor (acti-
vations range from 0 to 1). The “winning” object identity unit was taken as the
model’s response. I recorded the model’s recognition time (RT: the number of
iterations it had to run to satisfy these criteria) and accuracy (i.e., whether the
winning unit corresponded to the object actually depicted in the image).

Figure 5 shows the model’s performance on the trained, translated, scaled
and reflected images (the RTs shown are means over 10 runs), and Figure 6
shows its performance on the rotated images (mean RT and error rate over 10
runs). Errors are not reported in Figure 5 because the model made no errors in
these simulations. Like JIM and JIM.2, JIM.3 accounts both for the invariance
of human object recognition with translation, scale, and left–right reflection,
and for the detrimental effects (on both response time and accuracy) of rotation
in the picture plane. Importantly, it also accounts for the “cusp” in the rotation
function at 180°: JIM.3, like people (see Jolicoeur, 1985) and like JIM (see
Hummel & Biederman, 1992), is faster and more accurate to recognize images
that are completely upside-down (i.e., 180° off upright) than images that are
slightly less than perfectly upside-down (e.g., 135°off upright; see Figure 6).

As shown in Figure 5, the model was just as fast to recognize translated and
scaled versions of the images on which it was trained as to recognize the origi-
nal images themselves. It was somewhat slower to recognize the left–right
reflected images than to recognize the original images (although it was per-
fectly accurate in its recognition of the reflected images). This advantage for
the original images over the left–right reflected images in the model’s RT
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Figure 5. JIM.3’s recognition performance (recognition time, RT) with the images on which it was
trained, and translated, scaled, and left–right reflected versions of those images. RTs reflect means over
10 runs of all 20 objects.
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performance reflects the operation of the holistic surface map: The stored holis-
tic object representation (in the direct connection from layer 6s to layer 8)
allows the model to recognize an object in a familiar view based solely on the
first pattern of activation generated on the surface map. Because the surface
map is invariant with translation and scale, this makes recognition of translated
and scaled images just as fast as recognition of familiar images. However, the
surface map is not invariant with left–right reflection, so recognition of
reflected images requires the model to decompose the image into parts and gen-
erate a structural description. The resulting structural description is invariant
with left–right reflection, but the process of generating it takes time. Hence,
recognition of left–right reflected images is slower than recognition of the orig-
inal images. At first sight, this result seems to be inconsistent with the fact that
Biederman and Cooper (1991a) showed that visual priming is completely
invariant with left–right reflection (in the sense that images visually primed
their left–right reflections just as much as they primed themselves). However,
Biederman and Cooper measured visual priming over long prime-probe delays
(on the order of minutes), and they did not report subject’s response times rec-
ognizing familiar objects in unfamiliar left–right orientations. As discussed in
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Figure 6. JIM.3’s recognition performance (RT and errors) with the images on which it was trained
(0°), and 45°, 90°, 135°, and 180° rotated versions of those images. Rotations were in the picture plane.
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detail shortly, JIM.3 predicts this result. However it also predicts that short-
term priming (i.e., on the order of seconds rather than minutes) will be sensitive
to left–right reflection, and that it will take slightly longer to recognize familiar
objects in unusual left–right orientations (although accuracy should be high).
The former prediction (about short-term priming) turns out to be correct, as dis-
cussed shortly (Stankiewicz et al., 1998); to the best of my knowledge, the latter
prediction remains untested (although there are well-known effects of non-
canonical viewpoints on the time required for recognition; see Lawson, 1999).

Novel predictions

The fundamental theoretical tenet underlying JIM.3 (and JIM.2) is that the
visual system uses two solutions to the binding problem for the representation
of object shape, and that these solutions have complementary properties:
Dynamic binding is “expensive”, requiring both visual attention and time to
establish, but results in structural descriptions that specify object properties
independently, and is therefore highly flexible (e.g., among other things, it is
robust to variations in viewpoint and the metric properties of an object’s shape);
by contrast, static binding is “inexpensive”, requiring neither attention nor time
to establish, but results in a representation that lacks the flexibility of a struc-
tural description. This tenet leads to the general prediction that the visual repre-
sentation of an attended image should differ qualitatively from the visual
representation of an unattended image. One specific manifestation of this gen-
eral prediction is that attended images should visually prime both themselves
and their left–right reflections (by virtue of the structural description generated
on the independent units), whereas ignored images should prime themselves
(by virtue of the holistic surface map), but not their left–right reflections.5

To illustrate the implications of this relationship between attention and
priming, I tested the model for its ability to recognize the trained images after
either the objects’ independent representations had been primed (layer 6i), or
their holistic representations had been primed (layer 6s), or both had been
primed. (The simulation results in Figure 5 serve as a baseline condition, in

504 HUMMEL

5
One very important (and very hard) problem the model does not solve is the figure–ground

segmentation problem. Like the vast majority of all computationa l models of object recognition ,
JIM.3 can “view” only one object at a time. We assume that when an object is ignored, its features
occasionall y fire, but when they do, they all fire in synchrony with one another (i.e., all ignored ob-
jects are forced to share a single “time slice” in the oscillatory firing; see Hummel & Stankiewicz,
1998). This account predicts that the relationshi p between attention and patterns of priming
should vary as a function of how many ignored objects there are in the visual field: The more ig-
nored objects, the smaller the probability that any given one of them will have the opportunity to
fire by itself within any fixed amount of time. In addition, with multiple ignored objects, there may
be the opportunity for binding errors, even in the surface map, if two or more objects happen to fire
at the same time. We have yet to investigate these possibilities empirically .
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which neither representation had been primed.) I primed these representations
by turning up the gain (i.e., the growth rate in the activation function) on the
units in layer 6i and/or 6s (respectively), which allows them to become active
faster in response to input from layer 5.6 The assumptions underlying this
manipulation are the following: (1) If an image is attended, then the representa-
tion of that image on both the independent units and the surface map will
become active and therefore be primed; hence, to simulate priming for attended
images, I primed both layer 6i and layer 6s. (2) If an image is ignored, then its
(holistic) representation in the surface map will become active, but no useful
representation will be activated on the independent units; to simulate priming
for ignored images, I therefore primed layer 6s, but not layer 6i. (3) Priming for
the surface map is less enduring than priming for the independent units. (This
latter was less an a priori assumption than a hypothesis suggested by the
Stankiewicz et al. 1998, data summarized later. However, by assuming it, the
model provides a straightforward account of a subtle and counterintuitive
aspect of those data.) To simulate the effects of long-term priming of attended
images, I primed layer 6i but not layer 6s. I then tested the model with the
trained images and recorded its RT with each. I operationalized priming as the
difference between the mean RT (over objects and runs) in the unprimed condi-
tion (Figure 5) minus the mean RT in each primed condition (layer 6i only,
layer 6s only, or both 6i and 6s).

Figure 7 shows the simulation results (i.e., magnitude of priming in itera-
tions) in the three priming conditions (both layer 6i and 6s primed, only 6i
primed, and only 6s primed). Based on the characteristics of the independent
and holistic representations in layer 5, it is possible to turn these simulation
results into specific behavioural predictions about the relationship between
visual attention and priming for various kinds of object images. First consider
the model’s predictions regarding short-term priming—i.e., when the probe
trial (i.e., the second presentation of an image) follows immediately after the
prime trial (Figures 8 and 9). Recall that the independent representation, but not
the holistic representation, is (1) invariant with left–right reflection but (2)
requires visual attention. Therefore, attended images should visually prime
both themselves and their left–right reflections, whereas ignored images
should prime themselves but not their left–right reflections. There are four
components to this prediction (see Figure 8). (1) A person who attends to an
image on one trial (the prime), and then immediately sees the very same image
on the next (probe) trial should profit from priming in both the independent rep-
resentation (because the image was attended) and the holistic representation
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6
It is arguably more realistic to assume the priming resides, not in the units, but in the mapping

between representation s (i.e., in the connection s between units; see Cooper, Biederman, &
Hummel, 1992). However, for the purposes of the current simulations , the two produce equivalent
results.
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(because the prime and probe images were identical, and the prime-probe delay
was short); that is, the magnitude of priming in this case should be equivalent to
the magnitude of priming in the both 6i and 6s condition (Figure 8, attended/
identical). (2) A person who attends to an image on the prime trial and then
immediately sees its left–right reflection on the probe trial should profit from
priming in the independent representation (because the image was attended,
and the independent representation is invariant with left–right reflection), but
should not profit from priming in the holistic representation (because the holis-
tic representation is sensitive to left–right reflection); the magnitude of priming
in this case should be equivalent to the magnitude of priming in the 6i only
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Figure 7. JIM.3’s recognition performance in the priming conditions expressed as magnitude of prim-
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Figure 8. JIM.3’s predictions regarding the relationship between attention (i.e., whether the prime
image is attended or ignored) and visual priming for identical images and left–right reflections. See text
for details.
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condition (Figure 8, attended/reflected). (3) A person who ignores an image on
the prime trial and then immediately sees the same image on the probe trial
should not profit from priming in the independent representation (because the
image was not attended), but should profit from priming in the holistic repre-
sentation (because the prime and probe images were identical, and the prime-
probe delay was short); that is, the magnitude of priming in this case should be
equivalent to the magnitude of priming in the 6s only condition (Figure 8,
ignored/identical). (4) Finally, a person who ignores an image on the prime trial
and then immediately sees its left–right reflection on the probe trial should
profit neither from priming in the independent representation (because the
image was not attended), nor from priming in the holistic representation
(because the probe image was the left–right reflection of the prime); that is,
there should be no priming at all (Figure 8, ignored/reflected).
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Figure 9. JIM.3’s predictions regarding the relationship between attention (i.e., whether the prime
image is attended or ignored) and visual priming for identical images (a and b), translated images (a),
and scaled images (b). See text for details.
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Although the holistic representation is sensitive to left–right reflection, it is
invariant with translation and scale (recall Figure 3). The pattern of visual prim-
ing effects should therefore be substantially simpler if the left–right reflected
probe images are replaced with probes that are either translated relative to the
prime (i.e., so that the prime and probe images are presented in different parts of
the visual field) or scaled relative to the prime (i.e., so that the prime and probe
images are presented in different sizes). In this case, the only variable that
should matter is whether the prime is attended or ignored: Attended images
should profit from priming in both the independent and holistic representa-
tions, regardless of whether the probe is identical to the prime (Figure 9a and b,
attended/identical), translated relative to the prime (Figure 9a, attended/trans-
lated), or scaled relative to the prime (Figure 9b, attended/scaled); ignored
images should profit from priming in the holistic representation but not the
independent representation, regardless of whether the probe is identical to the
prime (Figure 9a and b, ignored/identical), translated relative to the prime (Fig-
ure 9a, ignored/translated) or scaled relative to the prime (Figure 9b, ignored/
scaled).

Finally, consider the predicted effects of attention and viewpoint for long
prime-probe delays (i.e., on the order of several minutes, as in the experiments
of Biederman & Cooper, 1991a). If priming in the holistic representation (layer
6s) is short lived (i.e., persists for seconds but not minutes; Stankiewicz et al.,
1998), then with long prime-probe delays, all holistic priming will disappear,
resulting in the pattern depicted in Figure 10. A few properties of this pattern
are notable. First, the magnitude of priming in all conditions is lower than in the
corresponding conditions with short prime-probe delays (the one exception
being the ignored/reflected condition, which was already at zero even for short
prime-probe delays). Second, priming in all the ignored conditions goes to
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zero. And third, priming in the attended/reflected condition is equivalent to
priming in the attended/identical condition: That is, over long prime-probe
delays, priming is completely invariant with left–right reflection, as reported
by Biederman and Cooper (1991a). The predicted advantage for attended/iden-
tical images over attended/reflected images in the short prime-probe delay sim-
ulations is due to the holistic (layer 6s) priming in the identical condition. With
long prime-probe delays, this advantage is predicted to disappear, with the
result that images prime their left–right reflections just as much as they prime
themselves.

TESTS OF THE MODEL’S PREDICTIONS

Brian Stankiewicz and his colleagues (Stankiewicz & Hummel, 2001;
Stankiewicz et al., 1998; see also Stankiewicz, 1997) ran five experiments to
test these predictions. In the basic paradigm with short prime-probe delays,
trials were grouped into prime/probe pairs. Each prime trial began with a fixa-
tion cue (a cross in the centre of the screen), followed by an empty box either
left or right of fixation. The box was followed by two line drawings of objects:
One appeared inside the box, and the other outside the box (on the other side of
fixation). The subject’s task was to name the object that appeared inside the
box, ignoring the other object. The precue box served both as an endogenous
attentional cue (subjects knew to attend to the image in the box) and as an exog-
enous attentional cue (its abrupt onset automatically attracts attention). The
images remained on the computer screen for 165 ms, and were then masked.
The entire prime trial (from precue to mask) lasted only 195 ms, which is too
brief to permit a saccade to the attended image. After a 2 s pause, the prime trial
was followed by the corresponding probe trial, which presented a fixation cue
in the centre of the screen, followed by a single line drawing either in the centre
of the screen (Stankiewicz et al.; Stankiewicz & Hummel, Exp. 2), or in a new
location off fixation (i.e., a location occupied by neither the attended nor the
ignored image during the prime trial; Stankiewicz & Hummel, Exp. 1). The
subject’s task was to name the object depicted in the line drawing. In addition
to the paired trials producing short prime-probe delays, one experiment
(Stankiewicz et al., Exp. 3) investigated the effects of priming for attended and
ignored images over delays lasting several minutes (as in Biederman & Cooper,
1991a). In this experiment, any prime object that was not probed on the trial
immediately following the prime was probed in a separate block of trials at the
very end of the experiment: If the probe trial presented the ignored object from
the immediately preceding prime trial, then the (un-probed) attended object
was presented in the probe block at the end of the experiment; and if the probe
trial presented the attended image from the immediately preceding prime trial,
then the (un-probed) ignored object was presented at the end of the experiment.
This long-delay probe condition permitted Stankiewicz et al. to compare the
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effects of attention (and viewpoint) on short-delay priming (i.e., delays lasting
a few seconds) to their effects on long-delay priming (i.e., delays lasting several
minutes).

In all these experiments, the critical manipulation was the relationship
between the probe image and the images presented on the corresponding prime
trial (see Table 1). The probe either depicted the object that was attended on the
prime trial (the attended condition), the object that was ignored on the prime
trial (the ignored condition), or an object the subject had not previously seen in
the experiment (the unprimed baseline condition). In the attended and ignored
conditions, the probe image could either be: (1) identical to the corresponding
prime image (the identical condition; Stankiewicz et al., 1998; Stankiewicz &
Hummel, 2001), (2) a left–right reflection of the prime image (the reflected
condition; Stankiewicz et al.), (3) identical to the prime image except for its
location in the visual field (the translated condition; Stankiewicz & Hummel,
Exp. 1), (4) identical to the prime except for its size (the scaled condition;
Stankiewicz & Hummel, Exp. 1), or (5) an image of a different object with the
same basic-level name as the object depicted in the prime trial (the different
exemplar control condition; Stankiewicz et al., Exp. 2). For example, if the
prime presented an image of a jumbo jet (basic level name “airplane”), the
probe image in the different exemplar condition would depict a small private
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TABLE 1
Summary of conditions in the Stankiewicz et al. (1998)

and Stankiewicz and Hummel (2001) experiments

Attention condition
Prime-probe ———————————— Unprimed
relationship Attended Ignored baseline

Identical SHC: 1,2,3 SHC: 1,2,3
SH: 1,2 SH: 1,2
LD LD

Left–right reflected SHC: 1,2,3 SHC: 1,2,3
LD LD

Translated SH: 1 SH: 1 SHC: 1,2,3
SH: 1,2
LD

Scaled SH: 2 SH: 2
Different exemplar SHC: 2 SHC: 2

Table entries indicate which conditions appeared in which
experiments. Letters refer to papers: “SHC” denotes Stankiewicz et
al. (1998) and “SH” denotes Stankiewicz and Hummel (2001).
Numbers refer to experiments in corresponding experiments
(Experiments 1, 2, and 3 in SHC, and Experiments 1 and 2 in SH).
“LD” indicates that the corresponding condition was run in both the
long prime-probe delay and short prime-probe delay conditions
(Stankiewicz et al., 1998, Exp. 3); all conditions not so marked were
run in the short prime-probe delay condition only.
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plane such as a Cessna (basic level name “airplane”). The different exemplar
control condition serves as a basis for estimating what fraction of any observed
priming is specifically visual (i.e., reflects priming in visual representations),
as opposed to non-visual (e.g., priming for an object’s name or concept; see
Biederman & Cooper, 1991a, b, 1992). I will not discuss this condition further
except to note that the majority of the priming observed in the experiments
summarized here is specifically visual, and that none of the effects summarized
here are attributable to the non-visual components of the priming (see
Stankiewicz et al. for details). In all five of the experiments, priming was
operationalized as the time it took subjects to name an object in the unprimed
baseline condition minus the time it took them to name the objects in the corre-
sponding primed condition.

The results of all five experiments are strikingly consistent with the behav-
ioural predictions of the model. Consider first the role of attention in short-
delay priming for images and their left–right reflections (Figure 11). As pre-
dicted (Figure 8), attended images primed both themselves and their left–right
reflections, whereas ignored imaged primed themselves, but not their left–right
reflections. Also as predicted, the advantage for identical images over their
left–right reflections in the attended condition was the same as the advantage
for identical images over their left–right reflections in the ignored condition
(about 50 ms. in both cases). That is, the effects of attention (attended vs.
ignored) and view (identical vs. reflected) were strictly additive. Next consider
the predicted role of attention in priming for translated and scaled images, and
recall that the model predicts that, although ignored images should not prime
their left–right reflections, priming for ignored images should none the less be
invariant with translation and scale (Figure 9). Consistent with this prediction,
ignored images primed translated versions of themselves just as much as they
primed themselves (Figure 12a), and primed scaled versions of themselves just
as much as they primed themselves (Figure 12b). Also as predicted, although
short-delay priming did not vary as a function of translation or scaling for either
the attended or ignored images, priming for attended images was generally
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Figure 11. Patterns of visual priming for attended and ignored identical and reflected images (data
from Stankiewicz et al., 1998, Exp. 1). See text for details.
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much larger than priming for ignored images. Finally, consider the effects of
attention and view (identical vs. reflected) over long prime-probe delays (Fig-
ure 13). In contrast to short prime-probe delays, which show a priming advan-
tage for identical images over their left–right reflections (as predicted by the
model), long prime-probe delays are predicted to show no such advantage: The
model predicts that long-delay priming for attended images will be invariant
with left–right reflection, and that there will be no priming for ignored images
(Figure 10). This pattern of effects is borne out exactly in the experimental data
(Figure 13).

GENERAL DISCUSSION

Many aspects of the human capacity for shape perception and object recogni-
tion indicate that we represent an object’s shape in terms its parts and their
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Figure 12. Patterns of visual priming for attended and ignored identical (a and b), translated (a), and
scaled (b) images. The data in (a) are from Stankiewicz and Hummel (2001, Exp. 1); those in (b) are from
Stankiewicz and Hummel (2001, Exp. 2). See text for details.
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categorical spatial relations. The view-invariances and sensitivities character-
izing human object recognition are captured precisely by the structural descrip-
tion model of Hummel and Biederman (1992; Hummel & Stankiewicz, 1996a).
Structural descriptions also provide a natural account of both our ability to rec-
ognize objects as members of a general class (Biederman, 1987; Marr, 1982)
and as specific instances (Hummel & Stankiewicz, 1998). More direct evi-
dence for the role of structural descriptions in shape perception comes from
studies showing that our visual systems explicitly represent objects in terms of
their surfaces (Nakayama & He, 1995; Nakayama & Shimojo, 1992) and parts
(Biederman, 1987; Biederman & Cooper, 1991b), and from studies showing
that we represent the spatial relations among an object’s parts both explicitly
and independently of the parts they relate (Hummel & Stankiewicz, 1996a;
Saiki & Hummel, 1996, 1998a, b; see also Palmer, 1978). The role of structural
descriptions in shape perception is also supported by our ability to appreciate
the relational similarity between shapes, independently of whether similar
parts stand in corresponding relations (see Hummel, 2000, for a review). At the
same time, however, the speed and automaticity of object recognition suggest
that the visual system is not bound by the capacity limits imposed by this
approach to representing object shape: Because of the computational demands
of dynamic binding, generating a structural description from the information in
an object’s 2-D image is necessarily time consuming and attention demanding;
by contrast, object recognition is both fast and automatic (see Hummel &
Stankiewicz, 1996a, for a review).

JIM.3 is a computational instantiation of a theory of how the human visual
system exploits the flexibility and expressive power of explicit structural
descriptions when it attends to an object’s image, without suffering cata-
strophic failures of recognition when it does not. According to this theory (and
its predecessor, JIM.2; Hummel & Stankiewicz, 1996a), the visual system
solves this problem by adopting two complementary approaches to the problem
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Figure 13. Patterns of visual priming for attended and ignored identical and reflected images over
long prime-probe delays (data from Stankiewicz et al., 1998, Exp. 3). See text for details.
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of visual feature binding: When an image is attended, dynamic binding of local
features into parts-based sets, and of parts to their relations, results in an explicit
structural description that supports recognition despite variations in the view in
which an object is depicted, and even variations in the object’s exact 3-D shape;
when an image is ignored, static binding of features to locations in a semi-
object-centred reference frame permits recognition provided the image depicts
the object in a familiar view (although even in this case, recognition is invariant
with translation and scale). The theory makes several novel predictions about
the relationship between attention and shape perception, and all the predictions
tested to date have been empirically confirmed (Stankiewicz & Hummel, 2001;
Stankiewicz et al., 1998).

JIM.3 accounts for a very large number of findings in human shape percep-
tion and object recognition, and is entirely consistent with many others. Like its
predecessors, JIM (Hummel & Biederman, 1992) and JIM.2 (Hummel &
Stankiewicz, 1996a), JIM.3 provides a direct account of the major view-
invariances and view-sensitivities characterizing human object recognition. It
also provides an account of the role of categorical shape attributes in object rec-
ognition, and of the human capacity to recognize objects at multiple levels of
abstraction (e.g., as “a car,” or “a Honda Civic,” or “my Honda Civic”; cf.
Hummel & Stankiewicz, 1998). It is also consistent with our ability to represent
an object’s parts independently of one another, and of their spatial relations,
and suggests a direct basis for appreciating the relational similarity of objects
composed of different parts (see Hummel, 2000; Hummel & Holyoak, 1997).
More generally, in its ability to account for the known properties of human
shape perception, and to successfully predict previously unknown properties,
the model illustrates how the strengths and limitations of dynamic binding map
onto the strengths and limitations of human shape perception: Both are flexible,
and permit the generation of sophisticated structured representations; and both
are inherently capacity limited and therefore require finite working memory
and attentional resources (cf. Hummel & Holyoak, 1997).

In recent years, models based on varieties of view-matching—in which
objects are recognized by matching holistic representations of the precise loca-
tions of their 2-D features directly to memory (e.g., Edelman, 1998; Poggio &
Edelman, 1990; Riesenhuber & Poggio, 1999; Tarr & Bülthoff, 1995)—have
become the dominant account of human object recognition in the literature (for
reviews, see Hummel, 2000; Lawson, 1999). According to these models, all of
shape perception is based on representations akin to the holistic surface map of
the current theory. Accordingly, they can only account for the properties of
object recognition that stem directly from that kind of representation. Theories
in this tradition account for only a fraction of the view-invariances of human
object recognition, and are inconsistent with most other aspects of shape per-
ception—most notably, all those phenomena that stem from our ability to rep-
resent features or parts independently of their configuration (i.e., virtually all
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the interesting properties of human shape perception; see Hummel, 2000).
JIM.3, like JIM.2, acknowledges the important role of holistic representations
in our ability to recognize objects without the aid of visual attention. But by
integrating these holistic representations into explicit relational descriptions,
the current theory also provides a natural account of all the phenomena that
depend on our ability to represent an object’s parts and relations independently.
In turn, the model’s capacity to do so depends entirely on its ability to solve the
dynamic binding problem.
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