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Abstract

Neurophysiological research has revealed evidence that the
recognition of stationary three-dimensional objects in the cor-
tex seems to be based on neurons that encode prototypical two-
dimensional views of the object. Much less is known about
the neural mechanisms for the recognition of complex motion
patterns, like biological motion and actions. This paper investi-
gates if complex motion patterns can be recognized based on a
similar neural principle, using dynamic neural networks to rep-
resent learned prototypical motion patterns. Based on this idea,
a biologically plausible model for the recognition of biologi-
cal motion is derived that is compatible with the known neu-
rophysiological facts. The model combines neural mechanisms
that have provided a valid account for neurophysiological data
on the recognition of stationary objects with a recurrent neural
network structure that can be most adequately analyzed in the
mathematical framework of dynamic neural fields. Several sim-
ulation results are presented that show the computational feasi-
bility of different plausible neural mechanisms, and that lead to
a number of predictions that can be tested experimentally.

1 Introduction

Neurophysiological research in the last decade has re-
vealed important insights in the physiological basis of
the visual recognition of stationary objects [12]. A
central principle that is supported by neurophysiologi-
cal and psychophysical evidence is the representation of
three-dimensional objects in terms of learned prototyp-
ical views. Poggio and Edelman [17] have postulated
that cortical neurons exist which represent learned two-
dimensional views of objects with tuning curves that de-
cay gradually with increasing dissimilarity between the
stimulus and the learned prototypical view. This gradual
decay ensures good generalization of the representation.
This is important to represent classes of similar views

of an object by interpolation between a small number of
learned prototypical views.

Psychophysical evidence for this hypothesis was pro-
vided by demonstrating that the recognition of arti-
ficial three-dimensional objects (paper clips) is view-
dependent and shows a gradual decrease of the recogni-
tion performance with the dissimilarity between test and
training views [4]. Neurophysiological experiments by
Logothetis et al. showed later that area IT of the macaque
contains cells that can be trained to respond to individ-
ual views of a paper clip, and that have tuning curves
that decay gradually with the orientation difference be-
tween test and training view of the paper clip [12]. To
keep the number of prototypical views that must be stored
as small as possible, it is important to base the recogni-
tion on features that are invariant, for instance, with re-
spect to translation and scaling of the object in the vi-
sual field. Neurons in area IT show in fact substantial
invariance against scaling and translation of the stimulus
[12]. A simple neural mechanism to achieve such invari-
ance was proposed by Riesenhuber and Poggio and ver-
ified by reproducing neurophysiological data from area
IT in simulations [19]. The model assumes a hierarchy
of feature detectors with increasing complexity of the de-
tected features, and in parallel, an increasing invariance
against translation and scaling from hierarchy level to hi-
erarchy level. The invariance is achieved by pooling the
responses of translation- and scaling-variant detectors on
lower levels of the hierarchy using a nonlinear pooling
operation.

Compared with this relatively detailed knowledge
about neural processes that are relevant for the recogni-
tion of stationary objects, relatively few is known about
the recognition of complex motion patterns, such as bio-
logical motion. The recognition of biological motion has
been a popular topic in psychology several decades ago
(see [9] for a review), but the interest has intermediately
strongly decayed.



Very few neurophysiological results exist on the recog-
nition of biological motion patterns and actions. Among
those are the experiments by Perrett et al. who have found
neurons in in the superior temporal sulcus that are sensi-
tive to body shape and motion direction [15], or to ges-
tures [16]. Such results seem to be corroborated by func-
tional imaging studies showing activity during the per-
ception of actions in similar areas in humans [3].

It seems, therefore, an interesting theoretical question
whether the recognition of motion patterns can be based
on neural principles that are similar to the ones that have
successfully accounted for the recognition of stationary
objects in area IT. The main purpose of this paper is to
explore this idea.

In computer vision, the recognition of actions, ges-
tures and facial expressions has been a popular theme
during the last years. To our knowledge, there are only
very few biologically motivated neural accounts for mo-
tion pattern recognition. The most similar work is a con-
nectionist model by Goddard [8] which is not based on
learning, and which is not directly linked to details of the
neurophysiology of the visual system.

Different neurophysiological results might hint to mech-
anisms that might be relevant for the recognition of com-
plex movement patterns. One result is the existence of de-
tectors for complexly structured optic flow fields in area
MST (e.g. [11]). Even though such neurons are usu-
ally interpreted in the context of ego-motion detection,
such detectors might be also computationally useful for
the analysis of complex motion patterns [6]. The model
presented in this paper shows that this is the case. Neu-
rophysiological results show that IT neurons are able to
associate image patterns over time (e.g. [13]). Such phe-
nomena are usually interpreted in the context of visual
short- and long-term memory and have been associated
with reverberatory activity in recurrent neural networks
(e.g. [2]). The question arises if such dynamic neural
mechanisms can also support the recognition of complex
motion patterns. It is shown in this paper that this is the
case, and that recurrent neural networks permit a discrim-
ination between different complex motion patterns, and
between patterns with different temporal order.

2 Model

Figure 1 shows an overview of the model. The model
has two separate pathways for the analysis of shape and
motion information. Beyond general neuroanatomical ar-
guments, a strong functional argument for this separation
is that biological motion can be recognized from motion
information alone (as demonstrated by Johanssons point
light walker) [9], and from shape information alone (e.g.
from characteristic key frames from stick figure stimuli)
[20].
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Figure 1: Overview of the Model

The postulated ”form pathway” includes computatio-
nal functions that are usually associated with cortical ar-
eas V1/2, V4 and IT. The ”motion pathway” encompasses
computational functions that are typically assigned to ar-
eas MT and MST, and potentially higher motion sensitive
visual areas, like for instance area TPO in the superior
temporal sulcus. In particular, the anatomical localiza-
tion of the final neural recognition circuits is still rela-
tively unclear, and parts of area IT and different higher
areas in the superior temporal sulcus seem to be the most
probable candidates.

2.1 Form pathway

The initial stages of the form pathway were modeled us-
ing a simplified version of the hierarchical model for sta-
tionary object recognition in [19]. The first stage of the
form pathway consists of local oriented Gabor filters that
model the properties of V1 simple cells [10]. The model
contains

�������
symmetric Gabor filters with strongly over-

lapping receptive fields each of which covers about ���
of the simulated retinal area1 and eight different preferred
orientations. The receptive field centers are ordered within
an equidistant rectangular grid.

1The motion stimulus covers on average about half of this area.



The next stage of the form pathway contains posit-
ion-invariant bar detectors, modeling the properties of V4
neurons (e.g. [5]). Other features, like edges or crosses,
could be easily added, but sufficient selectivity for the
discrimination of our test stimuli was already achieved
with the bar detectors. The position-invariant bar de-
tectors respond to bars with a certain orientation within
their receptive field, independent of the spatial position
of the bar within the receptive field. The receptive fields
of these invariant detectors are much larger than the re-
ceptive fields of the Gabor filters, and cover about one
quarter of the simulated retinal area. Position-invariance
is achieved by a nonlinear pooling of the responses of
of bar detectors without position invariance. (Scaling in-
variance can be achieved in the same way, but was not
simulated for this paper.) The pooling is achieved by tak-
ing the maximum of the responses of the non-invariant
detectors. In this way, it is possible to pool multiple re-
sponses of local non-invariant detectors without destroy-
ing the specificity of the pooled response for the features
that are extracted by the local detectors. (For a detailed
discussion see [19]). The model contains � � � invariant
bar detectors with eight different optimal orientations.

The next processing stage is given by a radial basis
function network that is trained with prototypical motion
patterns which are specified by image sequences. The
neural units represent individual frames from these im-
age sequences. They encode thus the identity of the mo-
tion pattern, as well as time (because each motion pattern
consists of multiple image frames). An individual cell is
active when a particular image frame from the right mo-
tion pattern is present. The basis functions are gaussians,
leading to a gradual decay of the response of the neural
units when the dissimilarity between the stimulus and the
learned prototypical image frame increases. The inputs
of the basis function network are given by the responses
of a subset of the invariant bar detectors. The subset is
defined by the detectors that show significant variation of
their response when different biological motion patterns
are presented. A detector was treated as significant if the
variance of its response over a set of training patterns,
and over time, exceeded a certain threshold value. Let in
the following the variables ��� specify the relevant detector
outputs. The response of a basis function unit encoding
frame number � of the prototypical motion pattern � is
then given by the gaussian function:

���
	���
 �������
����� ��� � � �
	������� � ���! �� ��"

The variables � �
	� signify the bar detector responses when
the � -th frame of the � -th prototypical motion pattern is
presented as stimulus.

 � is the output variance of bar
detector # , and

�
is a positive constant. The output signals� �
	 of the basis function units are time-dependent and

provide the inputs for a dynamic recognition network that
is described in section 2.3.

2.2 Motion pathway

The functional architecture of the motion pathway is anal-
ogous to the form pathway. However, the underlying fea-
ture detectors are sensitive to complex optic flow features
instead of shape features. The first stage of the motion
pathway calculates the optic flow from the stimulus im-
age sequence. This function is typically associated with
cortical areas V1/2 and MT. The underlying processing
was not modeled in detail. The model was tested using
stick figure stimuli which permitted to calculate the asso-
ciated optic flow directly on the basis of simple geomet-
rical considerations.

The next stage of the motion pathway consists of de-
tectors for different types of local optic flow fields2 (ex-
pansion, contraction, and translation). These cells model
the tuning properties of neurons in higher motion-sensitive
cortical areas, like area MST (e.g. [11]). These detectors
have large receptive fields extending over about one fifth
of the simulated retinal area.

The model contains $ � translation detectors for four
different directions and two different optimal speeds (fast
and slow). The outputs of these detectors are given by
the ”motion energy” that is consistent with the detector
specificity. To determine this energy, we determine the
number of optic flow field vectors within a certain in-
terval of angles and speeds. The second class of optic
flow detectors are sensitive for contraction and expan-
sion flow. The center of expansion or contraction is given
by a line (cf. dashed-dotted line in the inset in figure 1).
Such detectors exist for two different orientations of this
center line (horizontal and vertical). MST cells that are
sensitive to contraction or expansion flow show gradual
invariance with respect to the position of the expansion
center (e.g. [11]). To model this behavior, invariant de-
tectors were again constructed by pooling the responses
of non-invariant detectors for contraction and expansion
using a maximum operation. The non-invariant detec-
tors have two subfields that are adjacent to the center line.
The subfield response is calculated by adding the speeds
of the optic flow vectors within the subfield that point to
(for contraction detectors), or away from the line (for ex-
pansion detectors). The response of the detector is then
given by the square root of the product of the subfield
responses3. The model contains

� � invariant contraction
and expansion detectors.

2In neurophysiological literature, also cells sensitive for rotational
flow have been described. From the inspection of the optic flow fields
that were generated by our stimuli, it seemed that such rotation detectors
would be only rarely adequately stimulated so that it was decided not to
simulated them.

3The model is presently tested with a new MST detector model that
is fitted in more detail to neurophysiological data



As in the case of the form pathway, significant fea-
tures were determined by calculating the variances of the
detector responses over a set of training examples. The
last stage of the motion pathway is given by a radial ba-
sis function network that is trained in the same way as
the network for form features. The output signal of this
network serves as input of a second dynamical neural net-
work that associates the different detected complex optic
flow field patterns over time.

2.3 Dynamic recognition network

The neural architecture described so far permits to rec-
ognize shape and complex optic flow patterns at a single
moment in time. For the recognition of biological mo-
tion, such information must be associated over longer pe-
riods in time. A simple neurally plausible mechanism for
such a temporal association of information is given by
a dynamic recurrent neural network that receives input
from the radial basis functions, and that has asymmet-
ric lateral connections. There are other possible mecha-
nisms for a temporal association of information, and we
are presently evaluating different alternatives. The mech-
anism that is described in this paper seems intriguing,
because is had been claimed already that recurrent neu-
ral networks are relevant models for sequence effects that
occur during the memorization of images in area IT (e.g.
[2]). It seems therefore interesting to evaluate if simi-
lar network structures can support the recognition of im-
age sequences. A further argument for the evaluation of
this neural mechanism is that recurrent network struc-
tures of this type can be learned with a biologically plau-
sible Hebbian learning rule, and that they account suc-
cessfully neurophysiological data on the direction speci-
ficity of V1 neurons [18]. A final decision about the valid
neural mechanism for temporal pattern association can
probably not be made without detailed neurophysiologi-
cal data, which is not yet available.

The proposed dynamic mechanism can be described
in a mathematically convenient way by a modification of
a neural field model was proposed by Amari [1]. In com-
parison with other recurrent neural network structures,
this description permits a relatively simple analysis of
the occurring dynamic phenomena. Interestingly, such
Amari fields with symmetric lateral connections support
memory solutions [1], which can in principle account for
delay activity in area IT [13]. The assumption of asym-
metric interactions leads to a new class of stable solution
that are useful for the recognition of complex motion pat-
terns.

The network dynamics that was used in the model can
be described as follows: Each radial basis function unit
is characterized by a dynamically changing output signal� �
	 ��� � . These signals provide input to a field of dynamic
neurons that encode the presence of individual frame of

the prototypical image sequences. Let � �
	 ��� � be the acti-
vation of the neuron that encodes the presence of the � -th
frame of the � -th prototypical motion pattern. It is as-
sumed in the following that the neurons are ordered along
an axis with respect to the number � of the frame that
they encode resulting in a one-dimensional neural field.
If a learned prototypical image sequence is presented as
stimulus the neurons that encode this prototypical pattern
receive positive input from the corresponding basis func-
tions. A traveling wave of activity arises in the neural
field that encodes the prototype.

The neurons within the fields are coupled through lat-
eral interactions. These interactions within the field have
a well ordered structure and their strength is described
by a convolution kernel �

� � � that has the form of an
asymmetric Mexican hat. This lateral connectivity im-
plies that, once a certain neuron is active, neurons en-
coding subsequent image frames of the prototypical mo-
tion pattern are pre-excited, whereas neurons that encode
previous frames of this pattern are inhibited. The asym-
metric lateral interactions lead to a strong dependence of
the amplitude of the activation in the neural field on the
order of the presentation of the stimulus frames. If a pro-
totypical image sequence is presented in the right tem-
poral order, a stable wave of activation is arising in the
neural field. In this case, the lateral interaction stabilizes
the propagating activation wave. A mathematical analy-
sis that exceeds the scope of this article shows that this
wave corresponds to a stable traveling pulse solution of
the neural field dynamics. If the stimulus frames are pre-
sented in wrong temporal order the activation in the field
is strongly suppressed and the a stable traveling pulse so-
lution can not be formed. In this case, the lateral interac-
tion does not stabilize the spatio-temporal activation pat-
terns that are compatible with the input signal from the
basis function network.

The mathematical form of the network dynamics is
given by the following differential equation system:

���� �
	 ��� � � �
� �
	 ��� ��� ���
	 ��� � �
	

�
�
�
� �

� � � ��� ��� � � � � 	 ��� �
��
��� ��
���� � � � �

��� �
	

and � are positive constants that determine the time
scale and the resting activity level of the neurons. �

�
� � is

a step threshold function. This nonlinearity is necessary
to create actively propagating solutions. The last term de-
scribes a mutual inhibition between networks that encode
different prototypes. The positive weight ��� determines
the strength of this inhibition.

� � is the sum of the thresh-
olded activity of the network that encodes the prototype� .
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Figure 2: Activity in the ”walking” and ”running” filed
as function of time for a walking stimulus

3 Simulation results

In this section a selection of simulation results is pre-
sented. The model was tested with stimuli that showed
a stick figure performing three different types of biolog-
ical motion: walking, running and limping. The image
sequences were generated using MATLAB. These three
motion patterns could be easily distinguished by human
observers, and also could be classified correctly with a
computer vision algorithm [7]. Figure 2 shows the neu-
ral fields that represent the ”walking” and the ”running”
prototype in the form pathway during the presentation of
a walking stimulus. The upper part of the figure shows
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Figure 3: Maximum activation of solution for walking,
walking with inverse temporal order and with scrambled
temporal order
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Figure 4: Activity in the ”walking” and ”running” field
as function of time for a walking stimulus and a time-
warped walking stimulus

the traveling wave of activity that arises in the ”walk-
ing” field. The lower panel shows that the activity in
the ”running field” is suppressed. If a running stimulus
is presented the situation is reversed: activity arises in
the ”running field” and the ”walking” field is suppressed.
The same behavior is observed for the motion pathway.
The proposed neural system permits thus the discrimina-
tion between different biological motion patterns.

Figure 3 shows the maximum activity in the ”walking
field” as a function of time in the form pathway for pre-
sentation of a regular walking stimulus (solid line), and
two walking stimuli with changed temporal order (inverse
temporal order: gray line, and random temporal order:
dashed line). For both patterns with wrong temporal or-
der the activity in the field is strongly suppressed, show-
ing that the proposed recurrent neural mechanism permits
to achieve a selectivity for the right temporal order.

Finally, Figure 4 shows that the neural system is able
to generalize to patterns with different timing. The figure
shows the maximal activity as a function of time for the
”walking” and the ”running” field the presentation of a
time-warped walking stimulus. The speed of the motion
was increased during the first part of the movement and
slowed in the second part by approximately 20 % such
that the cycle time of the movement remained constant.
The top panel of the figure shows the maximum activity
of the ”walking” (black) and ”running” field (gray) which



are strongly different. A discrimination between the two
patterns is thus easily possible. The lower panel shows
the same activities for the time-warped stimulus. The ac-
tivation levels still are nicely separated such that the pat-
tern can be correctly classified as ”walking”. Such gen-
eralization to patterns with moderately different timing is
important to avoid the necessity to store many prototypes
for patterns with slightly different timing.

The motion pathway tested with the same type of stim-
ulus shows worse generalization performance. This makes
intuitively sense, since changing the speed of the motion
also changes the optic flow field features leading to a re-
duction of the outputs of the optic flow pattern detectors.
This results in a reduced input to the dynamic recognition
network, and by that to worse discrimination. The model
predicts thus less generalization to time-warped stimuli
for patterns that are defined by motion alone (like point
light walkers).

4 Discussion

The theoretical study presented in this article shows that a
recognition of complex motion and action patterns is pos-
sible on the basis of a neural encoding of prototypical mo-
tion patterns. A neural mechanism was presented that is
consistent with the known neurophysiological facts. Ad-
ditionally, the presented computational experiments show
that recurrent neural networks provide one possible mech-
anism for achieving selectivity for temporal order. At the
same time, such networks achieve generalization to sim-
ilar patterns with slightly different timing. It was also
demonstrated that complex local optic flow patterns, like
the ones that are extracted in area MST, can be usefully
exploited for the recognition of biological motion. These
results provide information about the computational fea-
sibility of different potential neural mechanisms that might
contribute to the neural basis of visual action recognition.

The proposed model leads to a number of predictions
that can be experimentally tested. Here only a few exam-
ples can be given: (1) The model postulates that humans
can learn to recognize artificial non-rigid motion stimuli.
After learning, it should be possible to measure gener-
alization fields that decay gradually with the dissimilar-
ity of the test pattern from the learned pattern in space
and time. (2) The generalization gradient for patterns
with different timing should fall off more rapidly for pat-
terns that are defined by motion information alone than
for patterns that are mainly defined by shape information.
(3) The model postulates the existence of neurons with
tuning properties that reflect these generalization prop-
erties. (4) The analyzed mechanism for temporal inte-
gration postulates the existence of strong and asymmet-
ric lateral connections between motion-pattern-sensitive
neurons. (5) The proposed recognition dynamics pre-

dicts non-linear temporal integration during the recog-
nition of motion patterns. (Evidence for this point has
been provided in [14].) The main focus of our present
work is to test such predictions in psychophysical experi-
ments in order to differentiate between different possible
computational mechanisms for motion pattern recogni-
tion. Our simulations also serve to select suitable experi-
mental questions that can be tested in psychophysical and
neurophysiological experiments..
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