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a b s t r a c t

How does the visual system manage to segment a visual scene into surfaces and objects and manage to
attend to a target object? Based on psychological and physiological investigations, it has been proposed
that the perceptual organization and segmentation of a scene is achieved by the processing at different
levels of the visual cortical hierarchy. According to this, motion onset detection, motion-defined shape
segregation, and target selection are accomplished by processes which bind together simple features into
fragments of increasingly complex configurations at different levels in the processing hierarchy. As an
alternative to this hierarchical processing hypothesis, it has been proposed that the processing stages for
feature detection and segregation are reflected in different temporal episodes in the response patterns of
individual neurons. Such temporal epochs have been observed in the activation pattern of neurons as low
as in area V1. Here, we present a neural network model of motion detection, figure–ground segregation
and attentive selectionwhich explains these response patterns in an unifying framework. Based on known
principles of functional architecture of the visual cortex, we propose that initial motion and motion
boundaries are detected at different and hierarchically organized stages in the dorsal pathway. Visual
shapes that are defined by boundaries, which were generated from juxtaposed opponent motions, are
represented at different stages in the ventral pathway. Model areas in the different pathways interact
through feedforward and modulating feedback, while mutual interactions enable the communication
between motion and form representations. Selective attention is devoted to shape representations by
sending modulating feedback signals from higher levels (working memory) to intermediate levels to
enhance their responses. Areas in the motion and form pathway are coupled through top-down feedback
with V1 cells at the bottom end of the hierarchy. We propose that the different temporal episodes in
the response pattern of V1 cells, as recorded in recent experiments, reflect the strength of modulating
feedback signals. This feedback results from the consolidated shape representations fromcoherentmotion
patterns and the attentivemodulation of responses along the cortical hierarchy. Themodelmakes testable
predictions concerning the duration and delay of the temporal episodes of V1 cell responses as well as
their response variations that were caused by modulating feedback signals.

© 2009 Elsevier Ltd. All rights reserved.

1. Introduction

A key visual competency in primates is the ability to rapidly
detect relevant features, group them into prototypical surfaces
or objects, attend to and select them for guiding behaviorally
relevant actions. Due to the results of numerous psychological
investigations, the view has been established in which more and
more complex representations are built up over a hierarchy of
processing by combining features over increasingly larger spatial
ranges and from multiple feature channels. This is also supported
by the findings of, e.g., Hubel andWiesel (1959) and their proposal
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of modular organization of the visual cortical architecture in
vertebrates.
Roelfsema and collaborators presented recent results from

physiological experiments that challenge the hierarchical view of
processing visual input stimuli (Roelfsema, Tolboom, & Khayat,
2007). The authorsmeasured the timing of detection ofmotion, the
formation and segregation of figural shape from the background,
and the employment of selective attention to one region that
defines the target object. Using random-dot stimuli which do
not contain any shape information in static displays, a brief onset
of motion of random dots that move coherently in one direction
generates the percept of two circumscribed elongated shapes.
These shapes are instantiated by the grouping of those moving
points that have the same velocity, and thus obeying the Gestalt
law of ‘common fate’. The figures consist of two segregated parts,
which extend to cover two end points of the same distance from
the fixation. One of these regions also extends over the position
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Fig. 1. Overview of the model architecture for figure–ground segregation. The model consists of four main building blocks which combine stages of pre-processing to
generate an input representation, separate motion and form processing, and decision-making and attention selection. The model incorporates a motion pathway with areas
V1–MT–MST, and a form pathway with areas V1–V2–V4. Mutual interaction between both pathways allows segregating figural parts from the background based on the
boundary information from kinetic boundaries formed by opposite motion directions. The ratios given at different model inter-area links denote size ratios of the different
RF sizes at different sites. Model area LIP receives input from both areas MT and V4 to perform a decision task by saccade initiation to the endpoint of the selected target
figure. The working memory delivers an attention signal sent through the feedback path to enhance selected target features at the locations for which spatial attention is
deployed (compare with Fig. 3 and see text for discussion).

of the fixation point (FP) in the center of the stimulus, while the
other is disconnected from this location. The authors recorded from
neurons in area V1 by probing them in three different settings: in
the first setting, a neuron’s receptive field (RF) is in the background,
in the second the RF is located in themiddle of the distractor region
which is disconnected to the FP, and in the third setting the RF is
placed in the middle of the target region which is connected to
the FP (compare Fig. 3 below). By comparing the different neural
responses in replicated exposures to these configurations, the
authors found that the recordedV1 cells showa temporal signature
of neural responses. Motion feature detection in all parts of the
stimulus is signaled early, while the segregation of the figural parts
is signaled by a slight delay in response modulation. The selection
of a target region for subsequent saccade generation is signaled
after a further significant temporal delay. Thus, the different
temporal delays in the neuronal response profile define temporal
episodes in the firing of V1 neurons. The data is challenging
because previous findings suggest that the processeswith different
competencies occur at different processing stages along the visual
hierarchy. For example, oriented contrast is signaled by simple and
complex cells in area V1 (Hubel & Wiesel, 1959), while extended
boundaries along shape outlines are measured by contour cells in
area V2 (Baumann, van der Zwan, & Peterhans, 1997). Motion at
different speeds in a particular direction is measured by cells in
area MT (Born & Bradley, 2005), and responses of area V4 cells can
bemodulated by spatial attention (Reynolds&Chelazzi, 2004). This
is rather indicative of the hierarchical processing theory of visual
analysis in cortex. Such signals which are related to raw features,
figural shape, and attentive selection are nowshown to be reflected
already in the responses of V1 cells, thus at the bottom end of
the visual hierarchy. The responses, however, appear at different
phases assigning the activations to different temporal episodes of
processing.
This observation might reflect the result of mechanisms

that involve feedback from higher-level stages down to stages
as early as V1. In this contribution, we propose a neural
network architecture that is able to replicate these empirical
findings by generating responses in different temporal phases
with time scales in accordance to the physiological measures.
Based on the mathematical descriptions of cascaded layered
neural networks and their interactions, a model is proposed
that is composed of computational stages for input processing
(related to area V1), processing of motion and form in different
cortical pathways (corresponding to areas MT/MST and V2/V4,
respectively), and a level of attentive selection and neural
decision-making (corresponding to the FEF complex and area LIP).

Model simulations are reported demonstrating that hierarchical
feedforward processing is combined with modulating feedback
and recurrent cross-pathway interactions to build up robust
surface and object representations. The re-entry of higher-order
signals also backproject to cells in area V1. The temporal delays
observed in physiological measures are suggested to be the
consequence of different process timings needed to resolve
ambiguities and to propagate signals in the model. The model not
only replicates the reported V1 cell responses, but several model
predictions are made as well. These predictions might be tested
in future experiments. The result of this modeling investigation
links psychophysical theories with recent physiological findings.
It is argued that the observations do not necessarily contradict
previous theories. Rather, they might reflect the different times
of neural computation in a hierarchically organized network
that is interleaved by the counter-stream processing and re-
entrant signaling along the reverse hierarchy of cortical processing
(Hochstein & Ahissar, 2002).
A short version of this contribution has been presented in an

abstract form at the European Conference on Visual Perception
2008 (Raudies & Neumann, 2008).

2. Neural computational mechanisms

2.1. Description of model mechanisms

The model architecture for motion and form processing is
composed of fourmain building blocks and is based on the previous
developments of model components, e.g., Bayerl and Neumann
(2004), Beck and Neumann (2008). In this contribution, we
focus on the temporal dynamics of motion-induced figure–ground
segregation and target selection. We, therefore, emphasize model
components and their interactions that we suggest contribute
to the overall function leading to the observed time course of
differential V1 cell responses as motivated above. Fig. 1 shows
a schematic overview of the model with its model areas and
connections.
Initial motion detection is achieved by a two-stage process

(this corresponds to the ‘input stage’ box in Fig. 1). The first stage
mimics non-directional transient cells in retina/LGN to generate
the temporal dynamics of responses to the onset of 2D motion
input displays. These transiently responding model cells cohere
with M cells in the primate retina which provide a fast channel
signaling temporal input changes to the primary visual cortex
(Kaplan & Benardete, 2001). At the second stage, we utilize
extended Reichardt detectors (Reichardt, 1957) to implement the
function of directional selective simple cells in V1 which compute



Author's personal copy

162 F. Raudies, H. Neumann / Neural Networks 23 (2010) 160–176

spatio-temporal correlations in the input sequence. These initial
V1 responses feed forward into two parallel pathways that serve as
key stages for processing and representation of motion and shape
related information.
Model areas MT and MST along the dorsal pathway contain

different types of cells. MT motion cells integrate V1 responses
over a larger spatial neighborhood (V1:MT ratio ranges from ap-
proximately 1:5 up to 1:10) to generate stimulus velocity rep-
resentations utilizing speed and direction selective mechanisms
(Born & Bradley, 2005). Motion contrast is detected utilizing a cen-
ter–surroundmechanism inwhich the direction tuning is similar in
both sub-fields. No emphasis has been devoted here to distinguish
between MT contrast cells and mechanisms identified in MSTv,
which have been shown to contribute to the detection of small ob-
jects against a homogeneous background (Eifuku & Wurtz, 1998).
We utilize here contrast cells inMSTvwhich, in turn, enhance com-
patible input activities from MT through feedback. MSTv cells in
themodel have slightly increased RF size with anMT:MSTv ratio of
1:1.25. Feedback fromMT enhances and disambiguates initial mo-
tion responses represented in V1 and induces the different phases
of temporal binding of cells and their activations as observed by
Roelfsema et al. (2007).
The stages along the ventral pathway, namely model areas

V2 and V4/IT, are modeled to account for processes of long-
range grouping and boundary formation (Thielscher & Neumann,
2007). They are linked bidirectionally (in the same fashion as
model areas MT and MST) to implement a scheme of feedforward
(FF)/feedback (FB) interaction within separate pathways. In a
nutshell, the iterative computation in the model form pathway
helps to establish the shape boundaries utilizing orientation
selectivemechanisms of long-range integration acting on different
scales (Grossberg & Mingolla, 1985; Grossberg, Mingolla, & Ross,
1997; Neumann & Sepp, 1999).
In the present context, static forms and their outlines are

generated solely by coherent motion displays. The brief motion
impulse of components of the random dot display leads to
spontaneous segregation of stimulus components in accordance
to the Gestalt law of ‘common fate’ Metzger (2006). It has been
shown that V2 cells respond to motion features (Boynton &
Hegde, 2004). Anatomical and physiological investigations have
revealed that primary motion signals detected in area V1 are
delivered to both areas MT as well as V2 (thick stripes). From
V2 these cells then project to MT (Sincich & Horton, 2005), while
reciprocal projections from MT to V2 also exist (Bullier, 2001). In
the model, only V1–MT connections were included, while V1–V2
connections were omitted. This simplifies the model description
since contrast defined boundaries are not present in the input
pattern. In the experiment by Roelfsema et al. (2007), a target
object needs to be selected based on motion-defined shape and
its spatial connectedness to the location of the FP. We suggest that
motion of the figures is enhancedby theMT/MSTmachinerywhich,
in turn, enhances boundary processes in the V2/V4 machinery.
In addition, we incorporate mutual cross-pathway interactions
between representations of motion and form, namely betweenMT
and V2 (compare Berzhanskaya, Grossberg, and Mingolla (2007)
and Beck and Neumann (2008) for more extended modeling
investigations of form–motion interaction). We suggest that such
bidirectional interaction helps to establish stable boundaries
from kinetic contrasts (detected by MT/MSTv contrast cells) and
thus creates coherent distributed form and motion boundary
representations by mechanisms with different computational
competences to reach behaviorally relevant actions (Grossberg,
2000). These re-entrant processes of FF/FB signal interactions as
well as the cross-pathway interactions are based on modulatory
interactions and thus incorporate the linking principle proposed by
Eckhorn, Reitboeck, Arndt, and Dicke (1990). Feedback processing

is organized over several stages along the hierarchy of cortical
areas and defining a reverse hierarchy of processing (Hochstein &
Ahissar, 2002).
The final selection of the saccade target, thus, necessitates

to actively attend to one of the presented figural shapes as
well as finally deciding to select that object. In the model,
we include area LIP mechanisms in order to account for the
time course of integrating the necessary form and motion
information to yield above-threshold activation for decision-
making for target selection. Model LIP is included in the model
to receive feedforward connections from the dorsal as well as
the ventral stream to generate a decision based on the sensory
input representations (Heekeren, Marrett, & Ungerleider, 2008).
Feedback from LIP down to areas MT and MST has been omitted,
since we are at the moment mainly interested in the timing
of the temporal evidence accumulation and not on the re-
entrant influences of intermediate results on the earlier sensory
representations. An abstract model workingmemory as part of the
Frontal Eye Field (FEF) has been incorporated to deliver a top-down
attention signal for selective enhancement by generating a bias
(Reynolds&Chelazzi, 2004). Feedback fromaworkingmemory site
that delivers such an attention signal enhances those activities that
are selected for detailed processing.

2.2. Formal notations

Initial motion detection. This mechanism is subdivided into two
stages. First, temporal changes are signaled at individual spatial
locations which are subsequently integrated to detect a motion
signal in a particular direction. Since the stimulus motion used
in the experiments uses motions of constant speed only to
differentiate between figures and background we distinguish
motion directions only. The input dynamics is generated by
simulating a lumped M-cell circuit (like in the retina; Kaplan and
Benardete (2001)) by compressing an input luminance signal sinput
and gating this signal by a habituative mechanism. The response is
calculated by the following stages

ẋsimple = −A · xsimple +
(
B− G · xsimple

)
· sinput (1a)

ẋgate = −A · xgate +
(
B− G · xgate

)
· 1−

(
C + D · xgate

)
· sinput (1b)

sm = A · xsimple · xgate. (2)

The terms xsimple and xgate of Eqs. (1a) and (1b) denote the excitatory
input responses and the response of the gating mechanism,
respectively. Both mechanisms follow first-order dynamics. The
gating response is realized simply as a consumer load that is
excited by a tonic input (set to a value of one) and declines with
continuous inhibitory input (compare Carpenter and Grossberg
(1981)). The output is computed in Eq. (2) by taking the product
of the two activities from Eqs. (1a) and (1b). The parameters A, B,
C, D, and G are constants to adjust proper activity decay, saturation
levels and strength of inhibition (the full parameter set is presented
in Table A.1 in the Appendix).
Motion is subsequently detected by using a scheme of spatio-

temporal correlation. We first employed a center–surround stage
for filtering the input to generate a bandpass filtered version of the
transient responses sm. The correlation stage utilizes an extended
Reichardt detector followed by a normalization stage (compare
Bayerl and Neumann (2004)):

scorr (x, v; t) =
[
gcorr

(
sm (x; t −1t) , sm (x+1x; t)

)
− gcorr

(
sm (x+1x; t −1t) , sm (x; t)

)]
+

∗Λv, (3)

snorm (x; v) =
scorr (x, v)

Anorm +
∑
v
scorr (x, v)

(4)
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with a temporal delay of 1t = 15 ms (40 iterations) and tested
spatial shifts 1x ∈ {(+2, 0), (−2, 0), (0,+2), (0,−2)} in
pixel. Thus, tested speeds are ±2 px/15 ms (1/20px/iteration).
The first term of the summation in Eq. (3) denotes the forward
correlation, whereas the second denotes the backward correlation,
both along a particular direction 1x. We used a square distance
measure to compute the similarity between two signals. The
similarity measure is then evaluated using a Gaussian basis
function, gcorr (a, b) = exp

(
− (a− b)2 /

(
2σ 2v

))
, to achieve a

non-linear transform of the input. In Eq. (3) the function [•]+
denotes a half-wave rectification, the correlation responses are
smoothed by a proper kernel, Λν , in the spatial domain. These
responses are then normalized utilizing a fast mechanism of
center–surround interaction. We employ a steady-state shunting
inhibition to normalize over velocities, resulting in activities
snorm (Eq. (4)). Finally, the normalized correlation measures are
temporally integrated to generate a temporal buffer between
frames of motion onset and stationary input. We employed the
following mechanism

ẋinput = −A · xinput +
(
B− G · xinput

)
· snorm (5)

which integrates the activities resulting from temporal changes
in the input luminance pattern. The parameters A, B, and G are
constants to adjust proper activity decay and the level of the input
saturation level (the full parameter set is presented in Table A.1 in
the Appendix).
Description of model cortical areas. The model dynamics of the
building blocks and the different stages therein were defined
formally using single voltage compartment model cells with
gradual activation dynamics. Each model area is described by
a hierarchical three-level cascade of processing stages (Herz,
Gollisch, Machens, & Jaeger, 2006), which are expressed in formal
terms by four first-order ODEs:

ẋFF(1) = −A · xFF(1) +
(
B− G · xFF(1)

)
×

{
f
(
sFF
)
∗Λ

(space)
σ1 ∗ Ψ

(feature)
σ2

}
, (6)

ẋFF(2) = −A · xFF(2) +
(
B− G · xFF(2)

)
× · xFF(1) ·

(
1+ F ·

{
zFB ∗ΛFBσ1

})
, (7)

ẋFF(3) = −A · xFF(3) +
(
B− G · xFF(3)

)
·
{
xFF(2) ∗Λ+σ1 ∗ Ψ

+

σ2

}
−
(
C + D · xFF(3)

)
· yFF(3), (8a)

ẏFF(3) = −A · yFF(3) +
(
B− G · yFF(3)

)
· xFF(3)

−
(
C + D · yFF(3)

)
·
{
yFF(3) ∗Λ−σ1 ∗ Ψ

−

σ2

}
. (8b)

The terms xFF(1), xFF2, and xFF3 denote the activity of excitatory
cells in the three stages of a model area, the term sFF in Eq. (6)
is the driving input signal, while zFB in Eq. (7) denotes the
modulatory feedback signal. The term yFF(3) in Eq. (8b) denotes
the activity of inhibitory cells at the output stage of shunting
center–surround competition. The excitatory center and inhibitory
surround have been separated, defined by the mechanisms in
Eqs. (8a) and (8b), to allow incorporating the mutual lateral
interaction, and thus spreading, of activity in fields of inhibitory
interneurons. The symbols Λ and Ψ denote weighting kernels in
the spatial and the feature (e.g., motion) domain, respectively. The
symbol ‘∗’ denotes the convolution operator, f (•) in Eq. (6) denotes
a signal function (for (non-) linear transforms of the input) and
A, B, C, D, G, and F are constants to adjust proper activity decay,
saturation levels and strength of feedback (the full parameter set
is presented in Tables A.2–A.4 in the Appendix). In functional
terms, the cascade can be interpreted as follows: The first stage
(Eq. (6)) consists of an initial (linear or non-linear) filtering stage
to integrate activity from the previous model area to provide a

driving input. At the second stage (Eq. (7)), driving input activations
are enhanced by modulatory coupling of FB signals. The FB
mechanism cannot by itself generate any activation in lower levels
without coexisting, or gating, non-zero bottom-up activation.
The third stage Eqs. (8a) and (8b) realizes a combined contrast
enhancement and activity normalization step that is achieved by a
stage of center–surround shunting inhibition over spatial location
and feature domain (Grossberg, 1973; Heeger, 1992; Sperling,
1970). For example, surround inhibition of model MT integration
cells utilizes spatial and velocity blurring. ON-center and OFF-
surround activitywere computed by utilizing separate populations
of excitatory cells and inhibitory interneurons which stabilize the
dynamics of the system and allows the propagation of activity
enhancement over a population of mutually coupled cells.
Motion contrast detection. Motion is detected when dots in the
regions of the figural part of the randomdot stimulus startmoving.
Dots in the background either remain stationary or move in
the opposite direction of the figural parts. Shape boundaries are
located at positions where motion in one direction is juxtaposed
with patches of zero motion or motion in the opposite direction.
Such locations are detected by a center–surround mechanism,
namely

ẋFF(1)MT = −x
FF(1)
MT +

(
B− G · xFF(1)MT

)
·
{
s̃ ∗Λ+σ+

}
−

(
C + D · xFF(3)MT

)
·
{
s̃ ∗Λ−σ−

}
, (6a)

with s̃ = f
(
xFF(3)V1

)
∗ Λ

(space)
σ1 ∗ Ψ

(feature)
σ2 . The excitatory center

Λ+σ+ and the inhibitory surround kernel Λ
−

σ− are normalized and
integrate activities from the same motion directions. Through bal-
anced inhibition homogeneous fields of motion in the same direc-
tion (including zero motions) are suppressed while differences in
motion directions reduce inhibition and, in turn, generate contrast
cell responses. The amplitudes are normalized by a stage of shunt-
ing competition as denoted in Eqs. (8a) and (8b).
Mutual interactions between model dorsal and ventral pathways.
Model cortical processing is organized using two parallel pathways
in accordance of the dorsal and the ventral streams. Interactions
between motion and form processing have been included in order
to explain the representation of stationary form that is defined by
motion contrasts only. The model of cross-pathway interactions
is sketched in Fig. 2. These interactions are here established by
modulating actions between neural signal representations. As a
consequence, the action of the second stage of the processing
cascade as outlined in Eqs. (6), (7), (8a) and (8b), namely Eq. (7)
in particular, is now modified in order to incorporate the
recurrent interactions aswell. For the form–motion interaction the
formalism reads

ẋFF(2)MT = −A · x
FF(2)
MT +

(
B− C · xFF(2)MT

)
· xFF(1)MT

×

(
1+

F
2
·

{(
xFF(3)MST +

∑
φ

xFF(3)V2

)
∗ΛFB

})
(7a)

which now incorporates the activity xFF(3)V2 in the modulation term
which is summed with the feedback activity xFF(3)MST from model
area MST contrast cells. At locations with high boundary activity
motion contrast is enhanced, irrespective of the local boundary
orientation. Thus, activities of model V2 cells are summed over
all orientations φ to modulate model MT cell activities equally for
each direction.
The form pathway in the model receives no feedforward input

fromareaV1, since the input stimulus consists of dense randomdot
patternswhich do not signal any shape outline. In this case, a dense
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Fig. 2. Cross-pathway interactions in the neural model architecture: Model area MT output feeds into V2 to enable grouping of boundaries of static shape outline that is
defined by kinetic features only. Model area V2 responses also input toMT throughmodulatory connections, which sharpens the contrasts at the contour defined by opposite
movement directions. Taken together, the mutual interaction between MT and V2 defines a recurrent scheme of neural processing and generation of motion-defined shape
representations.

Fig. 3. Outline of the stimulus display configuration. (a) Configuration of stimuli,
where the black squares indicate the positions of the RFs to measure activity in
area V1. For the target and the distractor those fields are placed in themiddle of the
figures, and for the background in themiddle of the two figural parts. (b) Schematic
drawing of the stimuli and partswithin the figures. (c) Temporal arrangement of the
display sequence in an experiment: Each trial starts with a fixation spot, followed
by a brief temporal period of motion. Then the fixation spot is briefly shown again
followed by the display of two potential endpoints. Finally, a saccade should be
performed to the endpoint in that part of the figure that is connected with the
FP (the question mark indicates the choice being made to select the target region;
redrawn from Roelfsema et al. (2007), p. 786).

distribution of oriented input responses generates an unspecific
pattern of orientation fields. This fieldwould then bemodulated by
feedback frommodel area V4 as well as the input from the motion
pathway from the stage of model area MT. In order to simplify
the model, we directly provided the motion signal generated in
MT as input to the form channel. For that reason the motion–form

interaction is described as

ẋFF(1)V2 = −A · x
FF(1)
V2 +

(
B− C · xFF(1)V2

)
·

{∑
v
xFF(3)MT

}
(6b)

by summing activities xFF(3)MT over all motion directions and
replicating activity for all orientations. These activities are
modulated by orientation specific feedback signals from cells in
model area V4 (compare Eq. (7)).
Feedback to model area V1. Cells in model area V1 which are
selective to local motion signals receivemodulating feedback from
both areasMT aswell as V2. The second stage in the cascade is thus
changed accordingly to get

ẋFF(2)V1 = −A · x
FF(2)
V1 +

(
B− C · xFF(2)V1

)
· xFF(1)V1

×

(
1+

F
2
·

{(∑
v
xFF(3)MT + x

FF(3)
V2

)
∗ΛFB

})
. (7b)

Decision-making for saccade target selection. The final stage of
feedforward integration and accumulation of perceptual evidence
for sensory decision-making has been modeled formally by
another first-orderODEof similar type as in the sensory processing.
Here, we have adopted themechanism described in Grossberg and
Pilly (2008), namely

ẋtargetLIP = −H · x
target
LIP +

(
B− xtargetLIP

)
×

(
K · xpool,targetLIP + T

(
Gtarget

)
+ Gtarget · f

(
xtargetLIP

)
+ P target

)
− xtargetLIP ·

(
M · f

(
xdistractorLIP

)
+ Q

)
+ ησ . (9)

The term K · xpool,targetLIP + T
(
Gtarget

)
+ Gtarget · f

(
xtargetLIP

)
+ P target

defines excitatory input to a decision neuron, receiving activity
xpool,targetLIP from pooled motion activity (over all directions) from
the center of the target figure, T (•) is a monotonic function that
decreases non-linearly after evidence accumulation has reached
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the threshold level Γ2 (see below), Gtarget is a monotonically
increasing accumulation function that raises its incline once the
first decision threshold Γ1 is exceeded, f (•) is a non-linear
signal transform with saturation of a self-exciting recurrence,
and K is a constant. P target is a tonic switch which enforces a
decision towards one of the two saccade locations. The termM · f(
xdistractorLIP

)
+ Q denotes a recurrent competitive field of slowly

accumulating motion energy from sensory levels. Here, f (•) is a
similar non-linear signal function as employed for the excitatory
cell accumulating motion energy from the distractor population.
Q is a tonic switch which enforces a reset of all activities in the
competitive field when the accumulation has reached a second
thresholdΓ2. Internal noise is added by ησ which denotes Gaussian
perturbation with standard deviation σ . The constant H denotes
the passive activity decay rate. The mechanism for decision-
making is realized as a competitive field that consists of two
mutually inhibitory cells. Thus, the neuron which represents the
target competes against the neuron that represents the distractor.
The dynamics of the distractor neuron is defined by the same
mechanism as in Eq. (9) but exchanging all ‘target’ by ‘distractor’
variables, and vice versa.
Input to the perceptual decision-making stage is generated by

the first-order equation

ẋpool,targetLIP = −A · xpool,targetLIP +

(
B− G · xpool,targetLIP

)
×
1
2

(∑
v
xFF(3),targetMST ,v +

∑
φ

xFF(3),targetV4,φ

)
−

(
C + D · xpool,targetLIP

)
×
1
2

(∑
v
xFF(3),distractMST ,v +

∑
φ

xFF(3),distractV4,φ

)
+ ησ (10)

where v andφ denote velocities and orientations, respectively. The
same type of shunting center–surround competition is utilized in
which the target anddistractormotion energies are integrated over
a pool of direction selective neurons in model area MST. We use
the two-element recurrent competitive field in order to investigate
the delays in evidence accumulation and subsequent saccade
generation. This mechanism ensures that energy is accumulated
to arrive at a decision in the third temporal phase when the
target figure (which is the attended region) built up the highest
activation. The parameter set for Eqs. (9) and (10) is presented in
Table A.5 in the Appendix.

3. Simulation results

3.1. Time course of motion feature detection, figure extraction, and
selective attention

Using the proposed model architecture, we simulated stimulus
displays to demonstrate different timings of motion-induced
figure–ground segregation and target selection. Input stimuli were
generated by a homogeneous noise texture pattern, sinput =
0.2 + 0.8 · (rand > 0.5) using the Matlab rand function. The
figural parts within this texture pattern move to the right
while the background moves to the left, each at a speed of
2 px/15 ms (1/20 px/iteration). A frame persists 15 ms leading
to a frame rate of 66,67 Hz. After the duration of 15 ms, the
stimulus parts are displaced by two pixels. All model simulations
were performed by using the same set of parameters.1 These are

1 There is one exception to this rule, however. For the stimuli of increased
size we used different parameter settings for the bipole filter in the grouping
scheme and their integration into the dynamics of the first-order ODEs. The exact
parameterizations are given in Table A.2 in the Appendix.

summarized in Tables A.1–A.5, initializations of all equations are
given in Table A.6 (see Appendix).
The first computational experiment aims at demonstrating the

results of quantitative simulations to replicate data of Roelfsema
et al. (2007) and to provide a functional explanation for the
reported observations. The model was probed by input sequences
of random dot stimuli of size 128 × 128 pixels.2 Two elongated
regions of which one covers the central FP start moving coherently
in one direction, while the background moves into the opposite
direction. This motion onset lasts for only 29–50 ms in the
experimental setting which corresponds to 3 frames (or 45 ms) in
our simulation.3 Opposite motion of random dot stimuli generates
a vivid percept of two smaller objects (defining the figure) moving
against a background due to the Gestalt principle of ‘common fate’
Metzger (2006). The figural shape width has been parameterized
so that it covers approximately three times the RF size of V1
cells, consistent with the experimental condition (Roelfsema et al.
(2007), their supplementary material). Fig. 3 summarizes the
layout of the stimulus configuration and the animal task to
generate a perceptual decision. In addition, the temporal sequence
of stimulus animation, presentation and potential target locations
and the saccade generation as an indication of the perceptual
decision being made are shown.
In the model, the brief motion onset generates motion

energy that is signaled by direction selective cells. Center-
surround shunting inhibition generates normalization of velocity
sensitive cell activations. We claim that the normalization effect
is stronger for cells located in background regions in comparison
with cells responding to figural patterns. This is because in the
background the surround neighborhood of V1 as well as MT cells
integrates homogeneous motions of the same direction and, in
turn, strongly reduces the center response. In those regions of
the figural parts, the outer surround of a cell’s RF integrates from
oppositemotion directions and, thus, has a lower inhibitory impact
on the center. In area MT, the effect is even more pronounced
because of the V1:MT cells’ RF size ratio of 1:5 (see Fig. 1).
As a consequence, integration cells, which define the center
mechanism in theMT normalization stage, aswell as the inhibitory
surround, cover both the figure and part of the background, leading
to a contrast enhancement of MT responses. The model thus
predicts differences in peak height of activation after stimulus
onset corresponding to physiological measurements (Fig. 4, top,
Neurophysiology; bottom, Model simulation and Fig. 5a). In
addition, motion contrast cells in model MSTv respond coarsely
to the kinetic boundaries generated at locations with opposite dot
motions. These cells also generate responses, though with lower
amplitude, in the interior of the figural regions. Their feedback to
MT motion integration cells generates sustained activation for a
period after the initial brief dot movement the stimulus became
stationary again. In turn, the initial activation in primary visual
cortex will be enhanced by combined MT and V2 feedback, as
measured in the physiological experiments of Roelfsema et al.
(2007). This effect can be observed as stronger evoked neuronal
activation in the experiment (see Fig. 4, top, Neurophysiology —
D–B; bottom, Model simulation — D–B/distractor–background).
The model simulations suggest that the prolonged activation in

model area MT/MST and V2/V4 generates a short-term memory
effect to hold activities related to the figural shapes (Fig. 5b). The
initial motion contrast signals the rough outline of the motion-

2 Supplementary material is provided on the website http://www.informatik.
uni-ulm.de/ni/mitarbeiter/FRaudies.html to view the temporal stimuli used as
input. The details of the arrangement of the target/distractor figure, the location
of the fixation spot and the RF locations and size of themodel V1 target neurons are
presented.
3 The input presentation over 3 frames of motion is compared against a
presentation over 6 frames in a comparison experiment to evaluate the differences
in arriving at a perceptual decision for target selection.
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Fig. 4. Comparison of experimental data and results frommodel simulations. Top,
Neurophysiology: Temporal evolution of activities measured in area V1. On the
left side, activities were recorded from primary visual cortex in macaque monkeys
(Reprinted from the publication Neuron 56, P.R. Reolfsema, M. Tolboom, and P.S.
Khayat, Different Processing Phases for Features, Figures, and Selective Attention
in the Primary Visual Cortex, page 787, Fig. 2A and page Fig. 3D and E, Copyright
2007,with permission fromElsevier). Bottom,Model simulation: Simulation results
generated by the neural model. In both, the experimental data as well as simulated
neural responses three different temporal episodes have been identified. These
were assigned to (i) motion detection where neurons at the location of the target
(T), distractor (D) and background (B) have a high activation; (ii) figure–ground
segregation,where activities of neurons located in target and distractor are stronger
than those located in background; (iii) selection of a target (attention), where cells
located in target receive a late amplification that tags the target region which is
connected to the FP. In both, data and simulations, results were shown for single
cell trials as well as statistical data from multiple trials and the statistical results
generated thereof.

defined shapes. One of the two segregated figures is connected
to the FP in the center of the stimulus display. After the FP
disappears two indicators for potential target locations in the
end zone of each figure appears, each at equal distance from
the FP. The correct saccade target location for the monkeys to
select is the one that lies in the region that was connected with
the FP. Previous experiments using contour traces have gained
evidence that this decision necessitates the propagation of an
attention signal along the activations generated for the contour
representations (Roelfsema, Lamme, & Spekreijse, 2004). In the
recent experiment, the selected target shape is later signaled
neuronally by a slight but significant increase in activity (see Fig. 4,
bottom, Model simulation — T–D/target–distractor and Fig. 5c).
We claim that this observed increase in activity is generated by
the interaction of multiple neuronal sites at different stages of the
model hierarchy. Motion contrast activity generated in model MT

enters model V2 long-range boundary grouping cells which feed
their activity back to MT contrast cells. This mutual cross-pathway
interaction facilitates the formation of a localized stationary shape
boundary representation. The representations are fed forward to
a cortical site that is related to perceptual decision-making. It
has been demonstrated in previous experimental investigations
that the posterior-parietal cortex, namely area LIP, is concerned
with the generation of perceptual decisions (Merriam & Colby,
2005). Area LIP projects to pre-frontal regions and receives input
from, e.g., FEF. It also backprojects signals to the dorsal regions of
motion analysis, namely areas MT and MST. We incorporate the
functionality of generating an attention signal through top-down
pathways in the model by injecting a fuzzy signal of attentional
modulation around the center of the stimulus. This signal has a
circular spread with a diameter of five pixels and is positioned
above the FP in area V4. The strength of activation is set to
an amplitude of 10 units (gradually dropping off). Temporally,
this signal is employed during times of 37.5 ms (100 iterations)
and 255.0 ms (600 iterations), whereas these times refer to the
stimulus onset (0 iterations). This modulation generates a re-
entrant signal to enhance the declining activity that has originally
been generated by motion contrast cells and the grouping to
form shape outlines. The recurrent process of center–surround
normalization in Eqs. (8a) and (8b) allows a diffusion of the
attention signal along the interior of the shape. This propagation
takes time depending on the extension of the figural shapes, viz.,
the distance from the FP to the target points representing the cell
RFs in the stimulus center. Like in the experimental setting the
probed cell is located approximately in the middle of the target
shape. Over time, the modulation of the response to the target
produces a late increase in activation. Consequently, the increased
activity measured is interpreted as a signature of a traveling
attention signal alongside the elongated target shape to build an
attentional shroud (Tyler & Kontsevich, 1995) (compare Fig. 4,
bottom, Model simulation — T–D/target–distractor and Fig. 5c).

3.2. Predicted effects of figure size: Length and width of figural shapes

The results of the first computational experiment and its
proposed functional interpretation lead to several stimulus
variations, which are predicted to cause changes in the neuronal
responses and the derived perceptual decisions. Those variations
and the model predictions concerning the perceptual effects could
in turn be tested in subsequent experiments. These results would
then help to verify the model or provide further data to refine the
model’s functionality. In the second computational experiment, we
investigated varying lengths andwidths of the target anddistractor
shape in three different configurations. For configurations with
increased figural sizes the display size is also increased to 200 ×
200 pixels. An overview about the parameterization of the input
stimulus for these configurations is given in Table 1.
Length variations lead to increased distances of saccade target

locations from the FP. The model proposes the propagation of a
modulatory attention signal along the shape of the target figure.
Other parameters left equal, the model predicts the same time
courses for initial motion responses and the differences observed
for the distractor and background responses. The late response
as measured by the residual target–distractor signal should be
delayed for an increased length of the figural shapes. Using the
same target/distractor shapes but now varying theirwidth leads to
a different prediction of changes in response. In the current setup,
the shape widths were approximately three times the V1 RF sizes.
The (outer) surround fields in the shunting competition for activity
normalization (output of the three-stage cascade of each model
area) as well as the RF sizes of MT cells exceed the width of the
figural shapes. As a consequence, center–surround normalization
as well as motion contrast detection leads to increased activities
even in the center of the figural shape. An increase in figural width
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Table 1
Parameter values of the input stimulus for different conditions. The geometry of the stimulus parts ‘target’ and ‘distractor’ is shown in Fig. 3. Note, L denotes the total length
of the ‘target’ figure and B the widths of the ‘target’ and the ‘distractor’ figures.

Parameters condition Display size (px× px) L1(px) L2(px) R(px) L = L1 + 2 · R(px) B = 2 · R(px)

(Roelfsema et al., 2007) 128× 128 64.0 31.5 13.0 90.0 26.0
Increased length L by factor 1.5 200× 200 109.0 76.5 13.0 135.0 26.0
Increased width B by factor 2.0 200× 200 81.0 13.5 27.0 135.0 54.0

Fig. 5a. (a): Spatial distribution of activity in the six different model areas being simulated for the event of motion onset (37.5 ms or 100 iterations). So far, model areas
LGN, V1, and slightly MT have an activation which encodes the presence of four directions of motion 0◦ , 90◦ , 180◦ , and 270◦ .

Fig. 5b. (b): Event of segregating target and distractor figure from the background (56.25 ms or 150 iterations). No motion input is present, the three frames persist 45 ms.
Thus, model areas LGN has very low activity, now, the motion pathway V1–MT–MST is active.

is predicted to cause a drop in facilitation for V1 cells probed in
the center of the shapes. The effect should be gradual over a range
of width parameterizations, since MT integration as well as MT

(and MST) contrast cells have much larger RF sizes in comparison
with those in V1. However, their excitatory response will lead to a
measurable reduction in response and thus the gain enhancement
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Fig. 5c. (c): In the third temporal episode, the target is selected in advance of the distractor (131.25 ms or 350 iterations). At this time, areas MT and MST of the motion
pathway as well as V1 and V2 of the form pathway are active. The attentional signal, recalled from working memory, is integrated through modulation in model area V4
and propagated in space along the figural shape of the target. Additionally, this signal is transferred through feedback links to areas V2, V1, and MT at lower position in the
hierarchy of visual processing.

through feedback signals to V1 cell activities will be gradually
decreased as well.
Fig. 6 shows simulation results generated by the model for the

figural components of the display by Roelfsema et al. The width
of the figures was set to 26 pixel (corresponding to approximately
three times the central RF size of model V1 cells) and the length
of the long region of the figure (target) was set to 90 pixel.
The model was then probed with two variants of the stimulus
configurations used in the simulations of Fig. 4. In one the shape
length, i.e., distance between FP and saccade target location in the
end zones, was increased by a factor of 1.5, while in the other
variant, the width of the figure region was increased by a factor of
two. Results of the simulation are shown in Fig. 6(b) for the length
variation and Fig. 6(c) for the variation of the stimulus width,
respectively. Fig. 6(a) contains a replication of the results shown
in Fig. 4 for better comparison.

3.3. Predicted effects of motion coherence

Time course and amplitude in detection, figure–ground separation,
and attention. The initial stimulus motion impulse has been gen-
erated by a brief onset of motion of figure and background in op-
posite directions. Considering the local motion in a circumscribed
stimulus region, we observe motions at 100% coherence either to
the left or to the right. In accordance to studies investigating per-
ceptual decision-making in motion perception, we devised a third
computational experiment to probe our model. Now, the motions
in the figure regions and the background are generated randomly
in arbitrary directions which are overlaid on the coherently mov-
ing parts thus generating different motion coherence levels. The
coherent motions were again in opposite directions for figure and
background. The different coherence levels have an impact on the
cascaded motion and form processing, the mutual interactions be-
tween cells in the motion and form pathway, as well as the level
of attention selection and decision-making. For initial motion pro-
cessing responses for coherent motions are reduced, because inte-
grated motion in a coherent direction is disturbed by noisy input
due to the increased proportion of randommotions. Note, that the

overallmotion energy in area V1 (after pooling) is roughly constant
for all coherence levels. This is mainly due to the small scale of the
mechanisms which respond to individual dots or groups of dots.
At stages higher up in the hierarchy where motion signals are in-
tegrated and locally disambiguated motion responses are reduced
when the coherence level is reduced. This can be observed in the
differences in the motion signals generated for the figure (repre-
sented by the distractor region) and the background in response to
the brief motion onset. The amplitude of the difference in signal is
reduced when the motion coherence level is decreased (see Fig. 7,
D–B). This reduction is mainly caused by the reduction in motion
contrast response that is signaled by center–surround processing
of themotion input. Increased levels of randommotion generate an
elevated homogeneous net input to balanced center and surround
mechanisms for contrast computation. The noisy motion input is,
thus, mainly neutralized. The remaining energy of the motion con-
trast signal is reduced, thus leading to reduced cell responses.
The target selection in the model is generated by integrating

activity that is held in the network by the re-entrant processing
between MT–V2, MST, V4 and working memory. Activation
of motion sensitive neurons located in the distractor slowly
decay after the initial motion pulse and the short period of
contrast activation and grouping of kinetic boundaries. Neurons
representing the target, however, are further enhanced by
modulation from the attention signal as discussed above. When
the coherence level of the input motion is reduced, the attentional
feedback signal amplifies lower input signals held for the target
figure. The model thus predicts that the amplitude of the late
response is reduced as well and vanishes for low coherence levels
in the motion input signal.
A further prediction is made concerning the appearance of the

peak in the late target enhancement. It appears somehow counter-
intuitive that the peak in late enhancement appears earlier for
decreased motion coherence. This can be explained by the lower
response delivered bymotion integration and subsequent contrast
detection stages. The amplification of the activation distribution
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Fig. 6. Predictions of neural responses generated for different figural configurations. (a) Simulation results (average over 20 trials) for the figural configuration that has been
adapted to Roelfsema et al. (2007) (compare Fig. 3 (a)), these displays are replicated from Fig. 4, Model simulation, for comparison. (b) Simulated responses for increased
length of the figural components. The length of the input stimulus has been changed by a factor of ∼1.5 (compared with the reference configuration), while keeping the
width dimension. For an increase of the stimulus length, the central locations (with the probed cells and their RFs) are more distant w.r.t. the fixation spot. According to the
proposed propagation of neural signals, the mean value for increasing the activation of the target figure is delayed by 130 ms. (c) Simulated responses for increased width
of the figural components. The width of the figural parts have been changed by a factor of approximately two (compared with the reference configuration), while keeping
the length dimension. The probed cells and their RFs remain at the same position as in the reference configuration. For an increased width, the segregation of the figural
parts by a late neural tagging signal diminishes. Motion contrast cells in area MT/MSTv respond with high amplitude only to the endpoint locations of the figure regions. In
the central parts, the responses are greatly reduced due to their increased distance from the figure boundary. This causes a higher activation of the distractor figure when
compared with the background (distractor–background>0) but no higher activation of the target figure when compared with the distractor (target–distractor<0) and thus
to the background.

by the feedback attention signal increases the activities only
slightly to break the symmetry against the distractor shape. The
response amplitude is, however, getting lower in comparison with
those cases of increased stimulus motion coherence level. The
enhancement of the target figure cannot be hold for an unlimited
period of time. Due to the limited duration of reverberating
activities in the MT–V2 network the activity starts to decline
slowly, while the attention induced activity propagates along the
shape extension. As a result of this interaction and the resulting
feedback to V1 the balance between enhancement and lower input
response amplitude generates a peak in the late response flank that
appears earlier for stimuli with lower motion coherence. On the
other hand, the peak amplitude is getting stronger for increased
motion coherence level, as discussed above. Fig. 7 shows responses
and their time course for different levels ofmotion coherence in the
input.

Prediction of delays in decision-making for saccade generation. Two
target locations in the end zones of the target and distractor
element, respectively, both compete for activation in area LIP to
generate above-threshold activation which is subsequently used
to generate a saccade to the selected location (Grossberg & Pilly,
2008). In our model, decision neurons integrate activities from
neurons located in the region of the target and those located in
the distractor region. The decision to select the target locations
for saccadic eye movements is predicted to take longer for shapes
defined by lower motion coherence while keeping the shape sizes
constant. Model LIP neurons integrate more activity for the target
in comparison with the distractor shape due to the increase by
the attention signal (as explained above). The attention signal
causes a late increase in target activation. When the motion
signals are integrated by LIP neurons the signal integration for the
target reaches the decision threshold, while the other representing
the distractor is reduced by the competition between LIP cells.
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Fig. 7. Impact of the motion coherence level on the task of figure–ground
segregation. The temporal evolution of activations for different coherence levels
(denoted in the legend) is shown. Motion energy is nearly the same for all different
coherence levels. The difference lies in the coherence of the motion stimulus which
can be seen in the D–B and the T–D graphs, respectively. These differences indicate
the strength of segregation between figure (represented by the distractor response)
and background (D–B) and the difference between target and distractor region
(T–D). In both cases, an increase in the input noise (increased incoherence of the
motion signal) lead to a successive reduction of neural activation.

However, if the input responses are lower in amplitude, as in
the case of slightly decreased motion coherence, the integration
takes longer until it reaches the decision threshold level. If motion
coherence is even more reduced, neither the activations at target
nor at the distractor locations are strong enough to reach the
threshold level and to initiate an eye movement. In this case, after
a delay of approximately 1.1 to 1.2 seconds. a randomized decision
is initiated. We calculated the percentages of correct decisions to
select the target as a function of motion coherence. The data has
been fitted by a psychometric function (Weibull function; compare
the definition in Wichmann and Hill (2001))

YWeibull (x;α, β, γ , λ) = γ + (1− γ − λ)

×

(
1− exp

(
−

( x
α

)β))
, (11)

with parameters α (threshold value), β (steepness), γ (lower
bound, γ = 0.5), and λ (miss rate, indicated by a fixed level; here
we set λ = 0).

In Fig. 8, we show the results of perceptual decision-
making together with the time courses for mean target saccade
initiation. Two different experimental conditions were simulated
in which the presentation time of the input motion sequence
was varied. If the motion is only present in three subsequent
frames (in accordance to the experiment of Roelfsema et al.
(2007)) the motion energy that is built up by the different
processing stages in the model neural system is not yet fully
established. Therefore, overlay of incoherent motion can impair
the temporal integration necessary to arrive at a decision. As a
consequence, 75% correct decision of the target is only reached at
a level of approximately 80% motion coherence. For longer input
presentation (six frames in our simulations) the decision threshold
is reached for approximately 70% motion coherence.
All model predictions presented in Sections 3.2 and 3.3 could be

tested in animal experiments using the setup utilized by Roelfsema
et al. (2007) in order to confirm or falsify the model in its current
form and definition.

4. Discussion

4.1. Results and new contributions

We have developed a model of the early and intermediate
stages of motion and form processing, the interactions with
mechanisms of selective attention in visual cortex, and their
relative timing to form different episodes. Our contribution aims
at revealing the function of cortical areas with neurons of different
computational competences and their interactions to generate
coherent task related representations of the input stimuli. In
particular, the investigation has been motivated by the results
of recent neurophysiological experiments reported in Roelfsema
et al. (2007). The findings are challenging since they address
the processing involved in feature detection, the separation of
figure from ground and attending to a target object for steering
the observer behavior. Roelfsema and coworkers have provided
strong evidence that the result of neural processing leads to
a signature revealing different temporal episodes in which the
input is processed and assigned to a particular decision. The
model development built on previous results of our group,
e.g. Neumann and Sepp (1999), Bayerl andNeumann (2004), Bayerl
and Neumann (2007), Thielscher and Neumann (2007) and Beck
and Neumann (2008), aiming at developing core mechanisms of
visual perception in cortex. The proposed extensions to build a
yet more complex model of multiple areas and their interactions
suggest key building blocks for assembling model components of
cortical processing involved in perception and their interaction
with stages of processing related to cognition and behavioral

Fig. 8. Role of motion coherence level and presentation time for decision-making in a 2AFC task of selecting the target location. Activities generated by initial motion stimuli
are integrated and processed and finally fed forward into area LIP. Model neurons generate a decision for one of the two figures presented, which is indicated by triggering
an eye-movement event. Results of decision-making for two different display presentation times are shown. Mean values of these decisions are shown in (a) by fitting a
psychometric function to the simulation results. For three frames of initial motion presentation 75% correct detection rate is reached for approximately 80% coherentmotion,
while for six frames the same performance level is reached at approximately 70% coherent motion. In both conditions, 500 trials were simulated and their results have been
averaged. The deviations of simulated reaction times were shown as box plots (whisker length 1.5 of interquartile distance) are displayed in (b) and (c) for three frames and
six frames input motion, respectively.
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control, such as attention and decision-making. In other words,
the model suggests how neural mechanisms devoted to visual
perceptual processing along the dorsal and ventral pathway
mutually interact. Even further, the model perceptual level is
connected with higher cortical stages such as the dorso-lateral
region (particularly area LIP) and the pre-frontal cortex (and
an abstract working memory, as part of the FEF). The resulting
model successfully explains experimental data and makes new
predictions that could be tested in future experiments.
The new contributions of this work are in particular: (i) the

development of a model for interactions between the form
and motion channel including form and motion features that
attributes different roles for different kinds of cells in area MT
and MST and the representation of shapes defined by kinetic
information, (ii) a suggestion of how the interaction between the
different pathways (selective for motion and form processing) can
lead to a distributed representation of shapes that are defined
by kinetic boundary information, (iii) the specification of the
influence of an attention signal that modulates the perceptual
representations byway of top-down feedback, (iv) the propagation
of a modulation signal to enhance the attended object mainly
independent of its shape and size (the ‘attentional shroud’), and
(v) the demonstration on how changes in the input stimulus
configuration (motion coherence in our case) may influence
the timing for reaching a perceptual decision. Taken together,
the interactive neural processing (simulated by the different
model components) demonstrates that the observed temporal
episodes as early as in area V1 neurons may have different causes
of processing at higher cortical stages. It would, therefore, be
rather interesting to investigate changes in the stimulus and task
conditions to confirm or falsify the model predictions being made.

4.2. Related work

Neural models of feature detection and integration. Previous work
has been reported to investigate separate aspects of the reported
modeling work, namely motion detection, boundary grouping,
selective attention and decision-making. We will consider here
only those mechanisms which focus on the integration and
disambiguation of raw features, such as motion. Grossberg,
Mingolla, and Viswanathan (2001) presented a model of motion
integration and segmentation in areas MT and MST based on the
inputs from the form pathway. The model was further extended in
Berzhanskaya et al. (2007). Unlike their model, our investigation
realizes a coherent architecture that builds upon basic building
blocks as defined by the three-level cascade (see Section 2.2). Here,
feedback is excitatory and gradual as observed in physiological
investigations (e.g., Bullier (2001)), which contrasts the model by
Grossberg et al. (2001) which proposes a decision-like mechanism
through the inhibitory influence of global context information
delivered by large-spanning MST kernels. In Berzhanskaya et al.
(2007) boundaries defined by luminance discontinuities formed in
the form pathway (area V2) influence the motion representation
(area MT and MST) in a modulatory fashion. In our model,
we suggest that the mutual interactions between model V2
and MT also help to establish kinetic, thus purely motion
defined, boundaries to outline the figural shapes. Here, the cross-
pathway interaction aims at establishing a stable shape outline
representation that is solely defined by motion in opposite
directions. A key observation is that the cell response is slightly
but consistently lower when it is located in the background (in
comparison to a probe with the figure). We claim that this is
due to the increased magnitude of the inhibition generated from
integrating background activation in the mechanism of shunting
center–surround competition in our model.
Neural models of figure–ground segregation and border-ownership
computation. Segregating a figure from a complex background
and the segmentation of surfaces requires the determination of

border ownership (BO) indicating which side of a boundary is
the surface that generates the perceptual boundary (also called
belongingness). Figure–ground segregation also provides the scene
components which can be attended to (Qiu, Siguhara, & von
der Heydt, 2007). Recently, Zhou, Friedman, and von der Heydt
(2000) have demonstrated that cells in areas V2 and V4, but
not in V1, of the ventral pathway signal the direction of BO in
addition to their selectivity to contrast polarity. This was taken
as evidence that such cells explicitly code BO. Several models
have been suggested to account for these and earlier findings of
segregating figures form ground and assigning BO direction to a
boundary. Several criteria have been identified which are used
either alone or in combination to gather (local) evidence for BO
direction. The observation that figure–ground direction can be
assigned to real luminance contours as well as illusory boundaries
suggests a representation that is build in area V2 or beyond (see
the extended overview in Neumann, Yazdanbakhsh, and Mingolla
(2007), section 3.4, and the references cited there). Most recently,
Craft, Schütze, Niebur, and von der Heydt (2007) have proposed
a model that shares several ideas of the computational principles
suggested in our contribution. Similar to the model of Baumann
et al. (1997) input is integrated from oriented end-stopped cells
as well as from edge contrast cells. This model of figure–ground
segregation proposes the existence of mutually competing cells
which signal opposite BO directions. Their activities are integrated
by grouping cells with a roughly circular integration field that
accounts for the convexity of closed figural shapes. Similarly,
Jehee, Lamme, and Roelfsema (2007) propose a FF/FB model for
boundary assignment that consists of five different layers aiming
at simulating the hierarchy of areas along the ventral pathway.
RF sizes double when moving from one layer to the next and
thus comprise a spatial multi-scale scheme of processing. Unlike
the model proposed by Craft et al. (2007), contour cells and
pairs of boundary assignment cells and excitatory as well as
inhibitory feedback are proposed between cells in the boundary
layers of different scales, or areas in the model of Jehee et al.
(2007). Our contributions make complementary suggestions on
how the neural machinery might accomplish feature integration
and segregation of figural shapes from the perceptual background.
Most of the related experiments and proposed models focus on
the processing of static figure displays. We argue that the tagging
of a figural shape through a brief episode of enhanced response
modulation is a consequence of the feedback from established
and stabilized activities from motion and form representations.
This temporal signature is measured as early as in area V1. The
previous modeling investigations do not consider the temporal
phases of the particular neural responses. It should be noted,
however, that the figures in the test cases considered in this article
are all isolated and no surface overlapping occurs. Therefore, the
pairs of mutually inhibitory BO cells could be omitted here. Such
functionality could be incorporated in the proposed model when
extended and overlapping moving shapes would be considered as
well.
Mumford, Kosslyn, Hillger, and Herrnstein (1987) found

evidence that human perception utilizes both boundary detection
as well as region growing processes in figure–ground segregation,
while Tang and von der Malsburg (2008) suggested the integrative
role of bottom-up and top-down cues. Mumford and coworkers
manipulated pictures of static figures in order to selectively impair
boundary detection and region segmentation, respectively. In a
comparison task, the observer decision (same/different) for a
manipulated display against the original target the mean reaction
time was measured. Our model also emphasizes boundary and
region oriented processing. Boundaries need to be detected first
to outline shapes defined by opposite motion. The enhancement
of cell responses signalling a figure is the result of contrast
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processing that extends into the interior of elongated shapes (due
to different scales of distributed filter stages), boundary grouping,
and the interaction of feedforward and feedback processing. This
finally leads to the pronounced activity for the figural shapes.
We suggest that the amplitude of enhancement is reduced for
different shape widths, although it remains over a large size
variation due to the different filter scales involved. The work
of Tang and von der Malsburg (2008) suggests that multiple
feedforward streams (bottom-up cues) combine with prior model
information delivered by a top-down stream. The combination rule
for cue integration follows a probabilistic framework. The top-
down cue improves the robustness and stability of processing.
Sporns, Tononi, and Edelman (1991) suggested that grouping
and figure–ground segregation can be achieved by increasing the
correlations of rhythmic activity in ensembles of spiking neurons
through re-entrant connections from higher-level processing
stages. In model simulations using simple stimuli, the authors
demonstrated for coherently moving shapes against random
motions in the background that the synchrony of cell activity
representing coherent motion direction is increased.
The coding proposed by Sporns et al. (1991) cannot differentiate

between coherent motions in opposite directions, as in our
stimulus configurations. We suggest that different coherence
levels in the input pattern lead to differential variations in the
motion response and, in turn, to longer decision times in selecting
the correct saccade target. We do, however, concur that re-entrant
processes for modulating coherent input amplify the firing rates
for patterns of coherent motion arrangements. Different from
the approach of Tang and von der Malsburg (2008), we assign
different roles to the feedforward and the feedback streams.
While feedforward processing of the input conveys the results of
feature processing, the feedback stream acts as a modulator for
the driving input. Together with the subsequent center–surround
process activities can be enhanced (mainly by the feedback) as
well as reduced (through the increased inhibitory strength of
the inhibitory activities). This principle thus implements a biased
competition as suggested by Reynolds and Chelazzi (2004) for
attention mechanisms. Based on their own neurophysiological
investigations, Eckhorn et al. (2004) have gathered evidence that
synchronized spiking activity in the γ -band is an indicator for
the representation of scene segments. Eckhorn and coworkers
observed that the coherence of the γ -activity is reduced across
boundaries which segregate figural shapes from the background
region. The authors propose a model of inhibitory feedback
that accomplishes de-synchronization to segregate figural shapes.
Unlike their model, we emphasize that feedback is excitatory in
nature and amplifies an input signal. We suggest that multiple
areas interact to enhance local contrast and the interior of the
associated figure. The contrasts are then grouped to form outline
boundaries of the given shapes. This does not contradict the
observation of unlocking phase-synchrony across the boundary.
It provides evidence that the firing-rate pattern receives a late
amplification to signal the figural parts of the scene.
The temporal dynamics of figure–ground segregation has

recently been investigated by Neri and Levi (2007). The authors
found by using psychophysical investigations that in humans
figure–ground signals are generated in a transient temporal
episode as late as approximately three times after the initial
stimulus induced response occurs. According to the authors, this
is a supporting evidence for the delayed influence of top-down
feedback which might enhance neurons representing the inside of
a figure (like in the model of Zipser, Lamme, and Schiller (1996)).
In EEG studies, Appelbaum, Wade, Pettet, Vildavski, and Norcia
(2008) identified different types of non-linear figure–ground
interaction as a result of cell populations responding to figural
regions, the background region or boundary segments that

separate between both. The reported delays are also visible in
our model. An attentional modulation signal is generated after
the fixation spot disappears. The top-down enhancement amplifies
the activities of neurons representing the associated figural shape.
Here, both the boundary neurons as well as those being located
in the interior are influenced. This enhancement in turn leads
to a competitive advantage in the subsequent center–surround
normalization.We claim that this contributes to the delayed phase
signalling the attended target shape.
Neural models of selective attention and object tagging. The setting
of the core experiment of Roelfsema et al. (2007) follows the
same spirit of the experiments reported in Roelfsema et al. (2004).
The group found that cells that signal continuous contours are
grouped to form perceptual boundaries connecting to potential
saccade target locations at their end points. The boundary that is
connected to the FP is assigned the target, while the disconnected
contour is the distractor. Again firing rates of cells in area V1
are enhanced by visual attention which manifests in a late phase
of response modulation. These findings support the hypothesis
that grouping and perceptual attention share the same neural
circuits and that an attention signal can propagate along an
extended object that has been grouped to form a perceptual
item (Houtkamp, Spekreijse, & Roelfsema, 2003). In order to
account for these findings, Raizada and Grossberg (2003) have
suggested a detailed model of the laminar structure of area V1
and V2 and their interactions. A feedback signal in case of a
Gaussian activity blob is added to the boundary activation that
has been generated by the processes of long-range integration.
The added input and the subsequent blurring of activation through
mutual interactions at different neural layers lead to activity
enhancement in the representation for the target boundary. We
are utilizing an extension of this idea in a unified architecture
and its interactions. As explained above, we argue that the top-
down modulation and subsequent shunting competition leads to
a net effect of biased competition, independent of the level in the
processing hierarchy. An attention signal generated at a higher
cortical stage is, therefore, assumed to act in a modulatory fashion.
We demonstrate here, how such a signal from a higher-level stage
that modulates the activity in the form channel finally leads to an
enhancement at the stage of V1 (compare Fig. 1). Furthermore, the
shunting center–surround mechanism for activity normalization
also enforces lateral spreading of activities along the extended
target object. This leads to a shroud of attentional modulation
that finally spreads over the length of the target object (compare
also Fazl, Grossberg, and Mingolla (2009) and Mingolla, Fazl, and
Grossberg (2007)).
The results of von der Heydt and Qiu (2007) provide evidence

that attention is devoted to segregated figureswhich are separated
from cluttered background by investigating the underlying neural
circuits. They tested monkeys by presenting flat static 2D shapes
(similar to the setup used by Zhou et al. (2000)) and found
that area V2 neurons responding to figural shapes respond even
stronger when top-down attention is devoted to a particular
prototypical object signalled by a target neuron. von der Heydt and
Qui conclude that the generation of a representation of separated
figure from ground interfaces with neural circuits that deliver top-
down attention signals. They suggest a circuit based on theirmodel
proposed in Qiu et al. (2007) that aims at explaining this finding.
In our contribution, we suggest that attentionmechanisms provide
an attention signal that modulates signal representations at earlier
stages and thus shares the same machinery as in top-down
enhancement at lower sensory levels of processing (see above).
This concept has already successfully beenused tomodel processes
of texture segregation, boundary grouping, andmotion integration
and segregation (e.g., Thielscher and Neumann (2007), Neumann
and Sepp (1999) and Bayerl and Neumann (2004)). The model
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Table A.1
Summary of the model for the dynamics of retina/LGN cells. Simple cells and habituative transmitter gates are combined multiplicatively to mimic the behavior of M-cells
in primates (corresponding to Y-cells in cat; (Kaplan & Benardete, 2001)).

Stage of initial motion detection

Eq. (1a) ẋsimple = −A · xsimple + (B− G · xsimple) · sinput
Constants A B G
Simple cell 64 80 16
Eq. (1b) ẋgate = −A · xgate + (B− G · xgate) · 1− (C + D · xgate) · sinput−
Constants A B G C D
Habituative transmitter gate 16 16 0 −16 32/3
Eq. (2) xm = A · xsimple · xgate
Constant A
M-cell 2.5

Correlation function in Reichardt detector scheme, 4 directions, 1 speed

Eq. (3) scorr (Ex, Ev; t) = [gcorr (s(Ex; t), s(Ex+1Ex; t −1t))− gcorr (s(Ex+1Ex; t), s(Ex; t −1t))]+ ∗Λv
gcorr (a, b) = exp(−(a− b)2/(2σ 2v ))

Constants and values Λv denotes a Gaussian kernel with σ = 2 px and velocities tested are
v ∈ {(−2, 0), (+2, 0), (0,−2), (0,+2)}px/15 ms. The tuning in the Gaussian is
σv = 10−2 .

Eq. (4) snorm(Ex, Ev) = scorr (Ex,Ev)
Anorm+

∑
Ev scorr (Ex,Ev)

Constant Anorm = 10−3

Eq. (5) ẋinput = −A · xinput + (B− G · xinput) · snorm
Constants A B G
Temporal integration 4 12 8

Table A.2
Three-level cascade of model cortical processing: Integration stage and the parameters employed in the different model areas. 4

1st stage: Integration of feedforward activations

Eq. (6) ẋFF(1) = −AxFF(1) +
(
B− GxFF (1)

)
· {f (s) ∗Λσ1 ∗ Ψσ2}(1) , f (s) = sβ

Area/parameters A B G β σ1(px) σ2 (◦)
V1 2.0 6.0 2.0 2 – 0.5 · 360/4
MT(2) – – – 2 5.0 0.5 · 360/4
MST 1.5 2.5 1.0 2 0.5 0.5 · 360/4
V2(3) 1.5 2.0 (3.75)(4) 2.0 – – –
V4(3) 1.25 2.0 1.0 – 3.5 –

1st stage: Grouping in form pathway, configuration of bipole filters, eight orientations

Area/parameters σ1 (px) σ2 (px) d (px)(5)

V2 3.0 (5.0)(4) 2.0 (3.0) 0.6 (0.7)
V4 1.5 0.75 0.4

1st stage: Integration of feedforward activations

Eq. 6a ẋFF(1) = −AxFF(1) +
(
B− GxFF(1)

)
·
{
s̃ ∗Λ+σ+

}
−
(
C + DxFF(1)

)
·
{
s̃ ∗Λ−σ−

}
, s̃ = f

(
xFF(3)V1

)
∗Λ

(space)
σ1 ∗ Ψ

(feature)(6)
σ2

Area/parameters A B G C D σ + (px) σ − (px)
MT 1.5 7.0 0.5 8.0 0.5 2.5 4.5

Note: (1) The convolution operates along the feature channel, indicated byΨ ; in the case of motion, these refer to the directions represented in model areas V1, MT, andMST
and orientations in the case of form processing in model areas V2 and V4.
(2) In model area MT, the integration step is merged with the mechanism of center–surround interaction to realize motion contrast cells (see Eq. 6a).
(3) In the model areas V2 and V4, the non-linearity is incorporated by the multiplicative conjunction of the two elongated Gaussian filters to realize a bipole filter for
long-range grouping (compare Neumann and Sepp (1999)).
(4) For the stimulus configuration with two figural regions a value of B = 2.0 was employed, in the test case with long length parameterization a value of B = 3.75 was
employed (put in parentheses). Together with the different configuration of the bipole filter, these are the only values changed for the different configuration of the stimuli.
The symbol ‘·’ denotes a multiplication and ‘∗’ a convolution in the different feature domains.
(5) The bipole filter employs an anisotropic Gaussian with major axis of specified by σ1 and minor axis by σ2 . The input signal is convolved with this Gaussian and the
results are then shifted by+d and−d along the specified orientation. Both the shifted components are multiplied to realize the bipole filter to realize a conjunctive feature
integrator, or AND-gate, mechanism.
(6) The input signal s̃ is non-linearly enhanced through f

(
xFF(3)V1

)
and subsequently smoothed to reduce the spatial resolution from model area V1 to MT. Constants for σ1

and σ2 are specified in the first sub-table in the row for model area MT.

discussed in Section 2 above also utilizes top-down modulatory
enhancement of volitional attention to a figure segment at a
particular spatial location (connected to the FP). We demonstrate
how such a localized attention signal can spread along the
target figure leading to amplification in the neural responses
representing the shape. Thus, we add new evidence that such an
attention signal interfaces the neural representations of sensory

4 For the specification of (6a), (6b), (7a), (7b), (8a) and (8b) which appear in
Tables A.2–A.4, respectively, we used a generic notion for rate changes in activation.
Therefore, we have omitted all indices that appear for activities x and y.

input, including enhanced activities for figural components, to
signal attended objects by a late response episode.

5. Conclusion

In this article, recent neurophysiological findings about the pro-
cessing underlying motion feature detection, figure–ground seg-
regation and attentive selection of target regions are investigated.
Previous and recent psychological findings suggest that early de-
tection, segregation of a figure and attention to a target is mainly
the result of hierarchical compositional processing and aggre-
gation of low and intermediate results. The new experimental
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Table A.3
Three-level cascade ofmodel cortical processing: Stage ofmodulating feedback for re-entrant processing between low- and higher- level stages and the parameters employed
in the different model areas.

2nd stage: Modulating feedback coupling

Eq. (7) ẋFF(2) = −A · xFF(2) +
(
B− G · xFF(2)

)
· s ·

(
1+ F ·

{
z ∗ΛFBσ1

})
Area/parameters A B G F σ1

(px)
V1 2.0 6.0 2.0 2.0 2.0
MT 1.5 3.5 2.0 4.0 1.0
MST 1.5 2.0 1.0 –(1) –(1)

V2 1.25 1.75 1.0 4.0 2.5
V4 1.0 1.5 1.0 4.0 1.5

(1) The model area MST receives no feedback signal at the moment, thus these values were omitted from the specification.

Table A.4
Three-level cascade ofmodel cortical processing:Mechanisms of on-center off-surround interaction and activity normalization and the parameters employed in the different
model areas. Center–surroundenter–surround interaction is realized by employing a separate layer of inhibitory interneurons which integrate the activity that vote for the
surround. Here, the activity x from the first equation is integrated by inhibitory cells to generate activities y in the second equation.

3rd stage: Shunting center–surround inhibition

Eq. (8a) ẋFF(3) = −AxFF(3) +
(
B− GxFF(3)

)
·
{
s ∗Λ+σ1 ∗ Ψ

+

σ2

}
−
(
C + DxFF(3)

)
· yFF(3)

Area/parameters A B G C D σ1 (px) σ2(◦)
V1 1.0 5.0 1.0 0.0 9.0 1.0 0.25•180/4
MT 1.5 3.0 1.5 3.0 1.5 1.0 0.25•180/4
MST 1.0 2.0 0.5 0.0 0.5 – 0.25•180/4
V2 1.0 1.5 0.25 1.25 0.5 – 0.5 • 180/8
V4 1.0 1.0 0.25 0.5 0.25 – 0.5 • 180/8
3rd stage: Inhibitory interneurons

Eq. (8b) ẏFF(3) = −A · yFF(3) +
(
B− G · yFF(3)

)
· xFF(3) −

(
C + D · yFF(3)

)
·
{
yFF(3) ∗Λ−σ1 ∗ Ψ

−

σ2

}
Area/parameters A B G C D σ1 (px) σ2(◦)
V1 1.0 4.0 4.0 4.0 8.0 3.0 0.5 • 180/4
MT 1.0 1.0 2.0 1.0 2.0 3.0 0.5 • 180/4
MST 1.0 1.0 0.5 0.5 1.0 – 0.5 • 180/4
V2 1.0 1.0 1.0 0.1 1.0 – 1.5 • 180/8
V4 1.0 1.0 1.0 0.1 1.0 – 1.5 • 180/8

findings by Roelfsema et al. (2007) demonstrate that neural re-
sponses that occur as early as at cortical stage of area V1 attribute
the feature properties in their activation. The authors conclude that
this stands in contradiction with the hierarchical view of process-
ing since V1 neurons signal all these stimulus properties in modu-
lations of their response that occur at different temporal delays.
A neural computational model of visual motion and form

processing is proposed here and is linked with a mechanism
of decision-making to select an attended target region. The
model simulations for the first time replicate the reported
findings of Roelfsema et al. (2007) and predict new results
that can be tested in follow-up experiments within the same
framework. The simulation results reflect the responses of complex
network interactions involving model stages of pre-processing
for initial detection, several model areas of two parallel but
interacting pathways for motion and form processing, and a
final stage of attention selection and neural decision-making.
The neural model simulations demonstrate that the results of
different temporal phases in motion detection, figure–ground
segregation and selective attention, are the result of interactive
computations involving multiple low and intermediate cortical
areas. Importantly, Roelfsema and co-authors have claimed
that their findings suggest that area V1 may contribute to
different processing steps that have previously been attributed to
hierarchical processing of stimuli. However, the model proposed
in this contribution suggests that the psychological theories
and the more recent physiological findings may not be in
conflict, but rather demonstrate distinct views of the distributed
processing in different cortical areas. In particular, the complex
interaction during hierarchical and interactive computation at
different levels of cortical processing takes time. Different neural
competencies contribute to the establishment of task related

representations, for example, the detection of motion defines
shape boundaries and links elements that belong to the attended
region. Cortical processing is known to rely on feedforward
processing along cascades of hierarchical processing in different
pathways. Activities in higher-order areas feed back to generate
re-entrant signals to manipulate the activities at the lower levels.
This feedback processing is proposed to be mainly modulating the
feeding signals and is organized over all stages of the hierarchy,
thus defining a reverse hierarchy of processing (Hochstein &
Ahissar, 2002). The result of modulatory processing along the
reverse direction is now predicted leading to a measurable effect
even in area V1 cells as reported in the study of Roelfsema et al.
(2007). The different timings of the phases mainly reflect the
efforts of processing over different stages to build up the related
representations.
In sum, the model investigations suggest that the computa-

tional processes act over a hierarchy of different visual areas.
Feedforward, feedback, and recurrent interactions influence neural
representations at different stages of neural processing, including
area V1. These responses are the ones that have been measured
physiologically. Thus, the modeling investigations link psycholog-
ical theories with neurophysiology. They shape our understand-
ing of neuroscience findings and predict further results of futures
experiments.
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Table A.5
Model mechanism for decision-making (Grossberg & Pilly, 2008). Model area LIP integrates input activations from model areas V4 and MST which respond to the figural
parts. Pooling of activity which relates to the target and distractor figure is employed. Both activations are normalized to level out the motion onset event and additionally
each difference in activation is enhanced (Eq. (10)). In the pool, two decision-making neurons vote for the target and the distractor input region. A decision is indicated
by an initiating signal for an eye movement (Eq. (9)). The noise process denoted by ησ in Eqs. (9) and (10), respectively, is realized by adding zero mean Gaussian noise,
N (µ = 0, σ ), in each iteration.

Decision making

Eq. (9) ẋtargetLIP = −H ·xtargetLIP +
(
B− xtargetLIP

)
·

(
K · xpool,targetLIP + T

(
Gtarget

)
+ Gtarget · f

(
xtargetLIP

)
+ P target

)
−xtargetLIP ·

(
M · f

(
xdistractorLIP

)
+ Q

)
+ησ

with T (x) = 35·(1+5·3510/(5010+3510))
80−35 − x · 355/(505 + 355),

P target =
{
40 if xtargetLIP > Γ1
0 otherwise

Q =
{
30 if xtargetLIP > Γ2
0 otherwise, and

or if in the specified temporal interval of [0,1] s the threshold Γ1 was never reached pick up a random decision by
P target = 4 · Gtarget if xtargetLIP > xdistractLIP
Pdistract = 4 · Gdistract otherwise

Parameters H B K Gtarget,distract Γ1 M Γ2 ση
Values 1 80 20 2 55 5 70 5

Decision making

Eq. (10) ẋpool,targetLIP = −A · xpool,targetLIP +

(
B− G · xpool,targetLIP

)
·
1
2

(∑
v x
FF(3),target
MST ,v +

∑
φ x
FF(3),target
V4,φ

)
−

(
C + D · xpool,targetLIP

)
·
1
2

(∑
v x
FF(3),distract
MST ,v +

∑
φ x
FF(3),distract
V4,φ

)
+ ησ

Parameters A B G C D ση
Values 0.1 0.2 0.05 0.05 0.05 0.0001

Table A.6
Summary of initial values x0 for state variables in eachmodel area (central column).
Different noise levels (σ0) were added in the deterministic equations as stochastic
components of the initial values (noise is assumed to be Gaussian distributed, with
mean µ0 = 0 and standard deviation σ0). In areas V1, MT, MST, V2 and V4, all the
activations were initialized by the same base values adding the random component
due to the additive noise level.

Area Equations x(0) = x0 σ0

V1 (6), (7a), (8a), (8b) 0.03 0.005
MT (6a), (7a), (8a), (8b) 0.03 0.005
MST (6), (7), (8a), (8b) 0.03 0.005
V2 (6), (6), (8a), (8b) 0.01 0.005
V4 (6), (7), (8a), (8b) 0.01 0.001
LIP (10) 0.001 0.0001
LIP (9) 15 5
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project no. 027 198) and the German Federal Ministry of Research
and Technology (BMBF, Brain Plasticity and Perceptual Learning,
project no. 01GW0763) to H.N. F.R. is supported by a scholarship
from the Graduate School of Mathematical Analysis of Evolution,
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Appendix

All model simulations were performed by utilizing a second-
order Runge Kutta method with a step size of δt = 0.375 ms
(one iteration) to solve the specified ordinary differential equations
(ODEs). Thus, the temporal duration of a full simulation with 600
ms relates to 1600 iterations. The ODEs, specified to describe the
model, include a set of parameter values which are summarized in
the following tables. These tables are organized along the different
schemes for processing at the individual stages.
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