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Abstract
We investigated how various forms of prior knowledge
influence learning speed and recognition performance of
previously unfamiliar three-dimensional (3D) objects. The
learning objects were three 'molecule' models each of which
was composed of four spheres. Prior knowledge was varied
in terms of the sensory modality (visual versus haptic versus
visuohaptic) employed during a so-called exploration phase.
Following this exploration subjects were trained in a visual
learning task with a fixed set of two-dimensional (2D) views
of the learning objects. We found a significant effect of
sensory modality employed during the exploration phase on
both learning rate and recognition performance in the
subsequent visual learning task. Specifically, a short period
of haptic or visuohaptic exploration reduced learning
duration by about 60% relative to conditions with either
none or visual-only exploration. Computer simulations on
the basis of the behavioural data suggest that prior haptic
exploration stimulates the evolution of object
representations which are characterized by an increased
differentiation between attribute values and a pronounced
structural encoding.

1. Introduction
Concerning the quality of internal representations
underlying human object recognition there are two dominant
views. On the one hand, it has been postulated that objects
are mentally represented by three-dimensional (3D), object
centred, part-based descriptions [1,2,3]. On the other hand,
more recent studies have provided evidence for the notion
that 3D objects are in fact represented in terms of multiple,
viewer centred, two-dimensional (2D) views, among which
the visual system interpolates if necessary [4,5,6].
Experimentally, both hypotheses have been mainly tested
in studies where the test object was presented from different
perspectives and where the change of the error rate or
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response latency has been measured in identification tasks
as a function of viewing angle. However, it has been shown
that the two alternative explanations are not readily
distinguished within this paradigm. First, the dependency
from viewpoint is itself dependent on object familiarity [7],
demonstrating the necessity to take into account learning
processes. Second, a closer inspection of the apparent
complementary approaches shows that the assumed
viewpoint-invariance of the 3D hypothesis holds only under
certain conditions [8]. Conversely, representations in terms
of multiple 2D views may become quasi-independent from
viewpoint, if the number of views is sufficiently large, or if
the interpolation mechanism between views becomes more
efficient due to training.
A further complication arises from the fact that it is still
unclear to what extent depth information is used for building
internal representations of 3D shapes. There is evidence that
the influence of binocular disparity (shown to be strongest
contributor to depth information in recognition) declines
with increasing familiarity [9]. In contrast, experiments in
the field of haptic object recognition demonstrate that the
identity of familiar objects may be established very quickly
and seems to be mediated mainly by 3D structural
information [10,11]. The latter result would suggest a
participation of polymodal sensory systems in the
ontogenesis of mental object representations.
In this study we have investigated, within a supervised
learning paradigm, how prior knowledge of objects in
various sensory modalities influences learning speed,
recognition performance and the ability of spatial
generalization. The learning objects were molecule-like
models made up of four spheres. Prior knowledge was
varied in terms of the sensory modality (visual versus haptic
versus visuohaptic) employed during a so-called exploration
phase. Following this exploration subjects were trained in a
visual learning task with a fixed set of two-dimensional
(2D) views of the learning objects. Learning speed was

measured as the number of training cycles that were
necessary to reach a given criterion concerning the
classification of the learning views. In a subsequent
generalization test, recognition was assessed by the ability
to correctly assign a set of novel 2D views of the previously
learned objects. To gain further insight into the nature of the
mental object representations acquired during learning
additional computer simulations were conducted. The
simulations employed a recognition model based on
relational evidence theory [12] which allows to characterize
object representations in terms of components and relational
rules.

order. The exposure duration of each view was 250 msec,
and each presentation was followed by the corresponding
object label displayed for one second. The learning unit
ended with a recognition test to assess the learning status of
the subject. Here each view of the learning set was shown
once for 250 msec and labelled by the observer. The
sequence of learning units continued until the subject had
reached the learning criterion of 90% correct responses in
the recognition test. After having completed learning the
observers continued with the generalisation test. Here all
views of the test set were shown in random order. Each test
view had to be assigned to the previously learned objects.

2. Method

3. Results

The experiments employed a set of three objects. Each
object was composed of four spheres, with three of them
forming an isosceles triangle and the fourth being placed
perpendicular above the centre of one of the base spheres
rendering the objects similar to 'molecule' models. The
objects were generated both as virtual models and as
physical models. Virtual models were constructed and
displayed on a SGI O2 workstation using the Open Inventor
software package. The physical models were constructed of
styrofoam balls. From the virtual models, 2D views were
generated as perspective projections of the objects onto the
screen plane of the computer display. Two sets of views
were generated, a training set comprising 22 images and a
test set comprising 83 images. The two sets were obtained
by sampling the viewing sphere in 60 deg steps (training set)
and 30 deg steps (test set), respectively, and by eliminating
all views that were redundant due to object symmetry. At
the viewing distance of 1m the images appeared under a
visual angle of 1.5 deg.
The experiment was divided into three parts, a so-called
exploration phase, a supervised-learning phase and
generalisation test. During the exploration phase the
participants were allowed to familiarize themselves with the
objects. The subjects were divided into three groups that
differed concerning the sensory modality employed during
the exploration: visual, haptic, visuohaptic. Haptic and
visuohaptic exploration was done by grasping and
manipulating the physical object models. In the purely
haptic case the subjects were blindfolded. Visual exploration
was mediated by actively rotating the virtual object models
on the screen by means of the computer mouse. In each
case, the exploration phase lasted for 3 minutes and was
followed immediately by the visual-learning phase. In
addition, there was a fourth (control) group where subjects
started immediately with the visual learning without any
prior exploration.
The supervised learning procedure consisted of
subsequent learning units (see [13]). In each unit the each
view of the learning set was presented three times in random

The results show that learning duration, measured by the
number of learning units necessary to reach the criterion,
was significantly affected by sensory modality employed
during the exploration phase. Specifically, the short haptic
exploration phase reduced the learning duration by about
60% as compared to the control condition. Haptic
exploration also distinctly improved the ability to recognize
novel views of the previously learned objects in the
generalisation test, from a level of about 60% to about 75%
correct responses. The advantage in learning and
generalisation was the same no matter whether the haptic
exploration was accompanied by sight (in the visuohaptic
condition) or not (in the haptic condition). However, a
purely visual exploration of the objects (visual condition)
yielded no significant advantage relative to the control
condition, neither in terms of learning speed nor
generalization.
To explore how prior knowledge acquired during the
exploration phase specifically affected the ontogenesis of
the object representations during the subsequent visual
learning we conducted computer simulations on the basis of
the confusion error data. The simulations employed
CLARET, a recognition model based on relational evidence
theory [12]. CLARET involves a process of rule induction,
in which a taxonomy of rules is created to discriminate
between objects. The rules refer to relational attributes, such
as distance, angle or size ratio, that are used to describe
object structure. Starting from an initial rule, defined by an
attribute range which is satisfied by the relations of all
existing objects, rule refinement proceeds in two ways: (1)
By re-partitioning the attribute space via clustering, thus
producing rules of increasing attribute specificity, and (2) by
incorporating relational information in terms of rules which
include other rules in their body. Thus the resulting rule
hierarchy is characterized by two properties: attribute
specificity and relational depth.
Since the behavioural data revealed a distinct dichotomy
between subjects with haptic versus those with non-haptic
prior object experience, the data of the subjects were divided

into two groups, haptic and non-haptic, respectively. The
simulations yielded for the haptic group a high degree of
differentiation between values along the feature dimensions,
with an optimal fit around a value of 5 partitions. In
contrast, observers with no prior experience tended to
differentiate between attribute values much more coarsely,
with an optimum partition number around 1-2. Concerning
relational depth, only the fit for the haptic but not for the
non-haptic group improved as more rules were included in
rule generation. This warrants the conclusion that object
rules in the former case extend over multiple object
components whereas they remain confined to isolated
component pairs in the latter.

4. Conclusion
We have shown that a prior haptic exploration of 3D objects
leads to a substantial facilitation in visual learning and
generalisation. Computer simulations suggest that theses
facilitation may be due to a different representational format
of the underlying mental object representations.
Accordingly, prior object knowledge acquired via the haptic
sense stimulates the development of representations that are
characterized by a high degree of attribute differentiation
and an enhanced use of relational information. The present
results are preliminary in the sense that they do not yet allow
conclusions concerning the dimensionality of mental
representations of 3D objects. However, the observed
dependency of visual learning on haptic information
indicates that such object representations may have an
intrinsic polymodal quality, thus questioning the validitiy of
purely vision-based accounts of object recognition.
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