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Abstract. An important step in visual processing is the 
segregation of objects in a visual scene from one another 
and from the embedding background. According to cur- 
rent theories of visual neuroscience, the different features 
of a particular object are represented by cells which are 
spatially distributed across multiple visual areas in the 
brain. The segregation of an object therefore requires the 
unique identification and integration of the pertaining 
cells which have to be "bound" into one assembly coding 
for the object in question. Several authors have suggested 
that such a binding of cells could be achieved by the 
selective synchronization of temporally structured re- 
sponses of the neurons activated by features of the same 
stimulus. This concept has recently gained support by the 
observation of stimulus-dependent oscillatory activity in 
the visual system of the cat, pigeon and monkey. Further- 
more, experimental evidence has been found for the 
formation and segregation of synchronously active cell 
assemblies representing different stimuli in the visual field. 
In this study, we investigate temporally structured activity 
in networks with single and multiple feature domains. As 
a first step, we examine the formation and segregation of 
cell assemblies by synchronizing and desynchronizing con- 
nections within a single feature module. We then demon- 
strate that distributed assemblies can be appropriately 
bound in a network comprising three modules selective for 
stimulus disparity, orientation and colour, respectively. In 
this context, we address the principal problem of segregat- 
ing assemblies representing spatially overlapping stimuli 
in a distributed architecture. Using synchronizing as well 
as desynchronizing mechanisms, our simulations demon- 
strate that the binding problem can be solved by tem- 
porally correlated responses of cells which are distributed 
across multiple feature modules. 

1 Introduction 

Data from various fields of visual neuroscience indicate 
that local stimulus features such as velocity, disparity, 
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orientation and colour are processed in parallel by spa- 
tially separate neuronal populations in the brain (Treis- 
man and Gelade 1980; Julesz 1981; Ballard et al. 1983; 
van Essen and Maunsell 1983; Livingstone and Hubel 
1988; Zeki 1988; Felleman and van Essen 1991). These 
observations suggest that the different features of an 
object in the visual field are represented by the responses 
of cells which are distributed across multiple cortical 
areas. Furthermore, if more than one object is present in 
a natural scene, superimposed responses will be elicited 
in the different feature-selective neuronal populations. 
Thus, the representation of an object poses the problem 
of unambiguously integrating the distributed responses 
associated with this particular object (yon der Malsburg 
1981, 1986; Damasio 1989). This "binding" problem is 
central to the tasks of figure-ground segregation and 
scene segmentation in visual processing. 

A classical approach to the binding problem proposes 
an object representation by highly specific "cardinal 
cells" which are assumed to implement the convergent 
integration of primary visual responses (Barlow 1972). 
However, cardinal cells would have to be selective for all 
possible feature constellations, leading to a combina- 
torial explosion of the required number of cells. Thus, 
this kind of single cell coding is not suited as a general 
solution for the integration of distributed responses (von 
der Malsburg 1981; Crick 1984; Damasio 1989). Follow- 
ing the work of Hebb (1949), an alternative approach 
suggests the representation of an object by the assembly 
of distributed cells coactivated in response to the stimu- 
lus. According to this proposal, cells belonging to the 
assembly would be identified by their concurrent increase 
of firing rates. This approach implies a stimulus-depend- 
ent dynamic association of cells with individual object 
representations, thus avoiding the combinatorial prob- 
lem of a cardinal cell representation. However, identify- 
ing assemblies by increased firing rates does not allow the 
unique assignment of activated neurons to simultaneous 
representations of more than one object within the same 
region of the cortex. To solve this problem, several 
authors (Milner 1974; vonde r  Malsburg 1981, 1986; 
Abeles 1982; Shimizu et al. 1986) have suggested that a 
temporal code of neuronal responses might be employed 
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to define multiple assemblies simultaneously. According 
to their proposals, the synchronization of neuronal activ- 
ity would provide an appropriate label to identify 
uniquely those cells which belong to the same assembly 
representing a particular object. 

Evidence for a temporal structure of sensory re- 
sponses has been found in rabbit (Freeman 1975), cat 
(Gray and Singer 1987, 1989), pigeon (Neuenschwander 
and Varela 1990) and monkey (Livingstone 1991; Kreiter 
and Singer 1992; Murthy and Fetz 1992). In the cat the 
synchronization of oscillatory neuronal activity could be 
demonstrated within and between visual areas and be- 
tween the two cerebral hemispheres (Eckhorn et al. 1988; 
Gray et al. 1989; Engel et al. 1991a, b). In addition, 
assemblies of cells defined by synchronous activity have 
been observed to form and segregate in a stimulus- 
dependent manner (Gray et al. 1989; Engel et al. 
1991b, c), For a discussion of the concept of temporal 
coding in view of the currently available experimental 
data, see Engel et al. (1992a, b). 

Previously, we demonstrated that visual stimuli sim- 
ilar to those used in the physiological experiments can be 
represented by assemblies of synchronous activity in 
a continuous oscillator model (K6nig and Schillen 1991; 
Schillen and K6nig 199 la). However, those experimental 
stimuli consisted of simple light bars, which therefore 
activated neurons responding to the same feature proper- 
ties only. Thus, it has yet to be shown that a representa- 
tion by synchronous assemblies generalizes to more 
complex visual stimuli which vary smoothly in the 
feature domain. Furthermore, another essential test for 
the concept of defining assemblies by correlated activity 
requires the proper binding of stimulus responses distrib- 
uted across multiple feature modules. We, therefore, first 
demonstrate the formation and segregation of assemblies 
by two superimposed stimuli with smoothly varying 
stimulus properties within a single feature domain. Then, 
we show in a network comprising several feature mod- 
ules that the stimulus representation in each module 
inherently depends on the information represented in the 
other modules. We demonstrate that the proposed model 
is able to appropriately bind and segregate distributed 
representations, even if the presented stimuli exhibit 
some common features at overlapping locations in the 
visual field. 

2 Oscillatory network model 

For our investigation of temporally structured neuronal 
activity, we used networks of coupled, delayed, nonlinear 
oscillators (K6nig and Schillen 1991). Elementary oscil- 
lators consist of an excitatory unit Ue, coupled with delay 
Zei to an inhibitory unit u, which projects back to unit Ue 
with delay z~e (Fig. 1A). An additional unit allows for the 
input of a stimulus ie(t). 

The dynamics of the system is determined by the 
following delay differential equations: 

ZO2e(t) = --  O~exe(t) --  w i~F[x i ( t  --  Zie)] + ie(t) + tl~(t) 

ZoXi ( t )  = - -  ~ i x ~ t )  + w e i F [ x e ( t  - -  Zei)] + t h ( t )  

where t = time, x ( t ) =  unit activity, ~ = damping con- 
stant, w = coupling strength (w > 0), ~ = delay time, 
ie(t) = external stimulus input, and 

1 
F i x ( t ) ]  - e~(O_x(t) ) + 1 

is a Fermi function output non-linearity with slope a 
and threshold O. Here, Zo ~ 0.5 ms corresponds to our 
unit of time, and with our standard set of parameters, 
Zo ~ T.~ 20 ms, where T = oscillation period length. 
Next, t/(t) introduces white noise with variance 
V(rl(t)) = ~ f l 2 z o ,  where fl is a measure of the noise level. 
These differential equations evolve naturally from the 
description of a simple harmonic oscillator by the intro- 
duction of a nonlinear and delayed coupling. Aspects of 
a related system have been analysed by Wilson and 
Cowan (1973). 

Assuming that not single neurons but rather en- 
sembles of neurons are the essential elements of cortical 
processing, we represent "neuronal" activity in this 
model as a continuous function x(t) .  Correspondingly, 
each of the units ue and ui is interpreted as a neuronal 
population with a combined firing probability reflected 
by the unit's output non-linearity F(x) .  The inclusion of 
delays into the model is motivated by (1) the presence of 
delays in the nervous system through synaptic trans- 
mission and finite conduction velocity and (2) the 
profound influence delays have on the phase relation 
of oscillatory activity in coupled neuronal networks 
(Schuster and Wagner 1989; K6nig and Schillen 1991; 
Schillen and K6nig 1991a; Niebur et al. 1991). In particu- 
lar, the coupling between the different hemispheres of 
the brain is subject to substantial conduction delays 
(Innocenti 1980). 

The details of the dynamics of this delayed nonlinear 
oscillator have been presented elsewhere (K6nig and 
Schillen 1991; Schillen and K6nig 199 l b). For the simula- 
tion of stimulus-dependent oscillatory activity, we make 
use of the system's input-dependent transition between 
a stable fix point and a limit cycle oscillation. Because of 
this property, units receiving stimulus input exhibit oscil- 
latory activity, while non-stimulated cells assume the fix 
point activity. 

In our model, oscillatory elements are coupled by 
synchronizing and desynchronizing delay connections, as 
described before: connections from the excitatory unit of 
one oscillator to the inhibitory unit of another (Fig. 1B, 
dashed) establish the synchronous activity of the coupled 
oscillators (K6nig and Schillen 1991). Couplings between 
excitatory units (Fig. 1B, dotted) are used to desynchron- 
ize oscillatory activity (Schillen and K6nig 1991a). As 
discussed in Schillen and K6nig (1991a), this introduc- 
tion of synchronizing and desynchronizing mechanisms 
is motivated by the experimental observation of how cell 
assemblies form in response to the simultaneous pre- 
sentation of overlapping stimulus bars of different ori- 
entation (Engel et al. 1991c). As indicated in Fig. 1B, the 
coupling length of the desynchronizing connections is 
usually chosen to be greater than that of the synchroniz- 
ing ones. Here, the figure only demonstrates the principle 
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Fig. IA. Basic oscillatory element implemented by coupling an excitatory unit (~) with an inhibitory unit (e)  using delay connections. An additional 
unit (O) allows for stimulus input, t, Time; x(t), unit activity; F(x), sigmoidal output function; w, coupling weight; T, delay time; ie(t), stimulus input. 
Subscripts: e, excitatory unit; i, inhibitory unit. For further details see Krnig and Schillen (1991). B. Oscillatory elements coupled by two types of delay 
connections. Dashed, short-range synchronizing connections (w~'~) (Krnig and Schillen 1991); dotted, long-range desynchronizing connections (w~) 
(Schillen and Krnig 1991a). The depicted connections originate and contact at units only, without interactions at line crossings. Note that the panel is 
only meant to indicate the principle of the employed coupling connections and not a particular connectivity pattern. C. Coupling of oscillatory 
elements within a single feature module. The depicted module represents 16 levels of a particular feature over 16 x 16 topographic locations. The 
coupling weights of the oscillator at position (8,8,8) are shown as projections onto three subplanes: synchronizing connections, green; desynchronizing 
connections, red. The coupling weights follow a Gaussian distribution indicated by the level of shading. Notation: Throughout this paper, w c') denotes 
the coupling weight between oscillators which are r oscillator positions apart (r-nearest neighbour coupling). For weight parameters w, we specify both 
the exact values wo particular to a given demonstration and the value ranges tested to exhibit a comparable behaviour of the model: w o e [w~, w~]. For 
the model's other parameters, values and value ranges have been discussed elsewhere (Kfnig and Schillen 1991; Schillen and Kfnig 1991a,b). 
Parameters: w~ = 0.6e[0.5, 0.8], wi, -- 1.0, w~ ) = 0.125e [0.1, 0.15], w~ 2~ = 0.1 e [0.075, 0.125], w~ ~ = 0.05e [0.03, 0.1], w~a~ ) = 0.0075~ [0.004, 0.008], 
w~ ) = 0.0075e [0.004, 0.008], z~i = t~ = z~) = 4Xo, zg2 = 8~o, fl = 0.1zff 1/2;z0 ~ 0.5 ms, unit of time; other parameters as in SchiUen and Krnig (1991) 

of  the employed coupling connections.  The specific con- 
nectivity pat terns relevant to  the simulations investigated 
are discussed in the context  of  the sections below. 

We use ne twork  parameters  very similar to those in 
our  previous investigations (Krn ig  and Schillen 1991; 
Schillen and K r n i g  1991a, b) with only some adjustments 
of  synaptic weights to the larger number  of  coupling 
connect ions in the current  model. A discussion of  the 
physiology-related mot ivat ion of  network parameters  
can also be found in K6nig  and Schillen (1991). The 
simulations were performed with the M E N S  modelling 
envi ronment  (Schillen 1991a, b) on a VAXstat ion 3100. 

3 Stimulus representation in a single feature domain 

Within a single feature module,  each oscillator is con- 
sidered to respond selectively to stimuli which present the 
appropr ia te  feature within the oscillator's associated re- 
ceptive field. Thus, each feature module  can be visualized 
as a three-dimensional a r rangement  of  oscillators: a two- 
dimensional  topographic  m ap  of  the visual field versus 
a one-dimensional  representat ion of a feature domain  
such as disparity, or ientat ion or  colour  (Fig. 1C). Within  
a module,  oscillators are coupled by short-range syn- 

chronizing (Fig. 1 C, green) and long-range desynchroniz-  
ing (Fig. 1C, red) delay connect ions  a long the module 's  
topographic  and feature dimensions. 

As shown in Fig. 2A, we test the assembly format ion 
within such a feature module  with a stimulus configura- 
t ion consisting of an inclined plane with a partially over- 
lapping second plane in the foreground. We assume that  
the investigated module  processes stimulus disparity, dif- 
ferentiating 16 disparity levels over 20 • 16 visual field 
locations. In this disparity module,  stimulus configura- 
t ion (A) is therefore represented by the input  distr ibution 
shown in (B). The coupling of  each of  the module ' s  
oscillators by synchronizing and desynchronizing delay 
connect ions is implemented as illustrated in Fig. 1C. 
Thus, each oscillator has the depicted coupl ing connec- 
tions extending up to third-order  neighbours in the topo-  
graphic dimensions and up to fourth-order  neighbours 
in the feature dimension. Coupl ing weights assume 
a Gaussian weight distribution as indicated by shading 
(Fig. 1C). 

The assembly format ion resulting from this stimulus 
configurat ion is illustrated in Fig. 2C and  D: each of  
the two stimuli establishes an assembly of  cells with 
synchronous  activity, cor responding to the disparity rep- 
resentation of  the inclined and the overlapping plane, 
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Fig. 2A-D. Example of stimulus dependent assembly formation in a single feature module. The depicted module is assumed to process stimulus 
disparity. A. Outline of a stimulus configuration consisting of an inclined plane with a partially overlapping second plane in the foreground. B. Input 
distribution representing stimuli A in a module of 16 disparity levels versus 20 • 16 topographic locations. Coupling conditions as shown in Fig. 1C. 
Non-cyclic boundary conditions. Disparity level is coded by colour. C. Activity-phase map of all the module's oscillators that receive stimulus input 
according to B. Each circle represents a single oscillator. Activity is coded by circle radius, oscillation phase by colour (0...2n). At the locations where 
the two stimulus planes overlap, only oscillators from the foreground stimulus are depicted. D. Mean normalized cross-correlations between 
oscillators numbered in B. Oscillators 0]. �9 .(~ belong to the inclined plane, oscillators ( ~ . . . ( ~  to the overlapping plane. D1, D2. Cross-correlations 
within and D3 between the two stimulus planes. 1)4. Cross-correlations between the two stimulus planes from a control stimulation that did not enable 
desynchronizing coupling connections between the two planes. Normalization by geometric mean of the two auto-correlations. Mean of 20 epochs of 
1272, T, period length of isolated oscillator 

respectively. N o t e  that  the assembly representing the 
inclined plane comprises cells from all disparity levels. 
These cells are synchronized because the stimulus is 
cont inuous  in bo th  feature and topographic  dimensions. 
This synchronizat ion is achieved by the short-range syn- 
chronizing connect ions even though  long-range desyn- 
chronizat ion is also active within this assembly. The 
representat ion of  the overlapping plane is synchronized 
in a similar way. However ,  the discontinuity between the 
two stimuli results in a segregation of  the two corres- 
ponding  assemblies due to the desynchronizing connec- 
tions. As shown in Fig. 2D3, the activities of  the two 
representations assume a r a n d o m  phase relation with 
respect to each other. This desynchronizat ion is achieved 
even though  the two planes are within the range of  
mutual ly synchronizing interactions at locations at which 
their disparity difference is small. Note  that  the two stimu- 
lus representations lose their r a n d o m  phase relationship 
if active desynchronizat ion is disabled (Fig. 2D4). 

The presented example of  a disparity module  general- 
izes canonically to other  feature modalities such as 
orientation, colour, motion,  etc. In  general, within the 
described type of module,  stimuli which are cont inuous 
with respect to topographic  and feature dimensions are 
represented by assemblies of  cells with synchronous  os- 
cillatory activity. Contrastingly,  stimuli which are dis- 
cont inuous with respect to either topographic  or  feature 
dimension establish assemblies with asynchronous  
activity relative to each other. This solves the problem 
of distinguishing simultaneous representations of  multi- 
ple stimuli within a single feature domain.  

4 Binding distributed stimulus representations across 
multiple feature domains 

As a next step, we investigate binding by synchronizat ion 
between multiple feature domains.  For  this purpose, we 
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make  use of several replications of the feature module  
described in the previous section. Between the individual  
feature modules,  we in t roduce synchroniz ing connect ions  
which couple each oscillator, selective for a par t icular  
feature and  topographic  locat ion in one module,  with all 
the oscillators of any other module ' s  feature doma in  at 
the corresponding topographic  location. These connec-  
t ions allow the synchroniza t ion  of assemblies dis t r ibuted 

over mult iple feature modules,  where each cell in an  
assembly represents its par t icular  feature only. Thus,  this 
design avoids the combina tor ia l  problem of a representa- 
t ion by cardinal  cells, each of which would  have to be 
specific for a par t icular  c omb i na t i on  of features. 

Figure 3 demonstra tes  the b ind ing  of dis t r ibuted 
st imulus responses across mult iple feature domains .  
The ne twork  comprises three feature modules  for the 

Fig. 3A-C. Example of stimulus-dependent assembly formation in multiple feature modules. The depicted network comprises feature modules 
processing stimulus disparity, orientation and colour. A. Stimulus configuration of two non-overlapping bars having different disparities, identical 
orientation and different colours. B. Input distributions according to A applied to the different feature modules. Each single feature module is 
a replication of the module described in the previous section with the exception that only those feature layers are simulated which receive stimulus 
input. There are identical weight distributions of connections within and between all modules; no module is distinguished. Non-cyclic boundary 
conditions. C. Mean normalized cross-correlations between oscillators numbered in B. The upper four panels demonstrate the synchronization of the 
two stimulus assemblies with zero phase lag. The lower two panels show the segregation of the two assemblies with respect to each other. 
Normalization by geometric mean of the two auto-correlations. Mean of 20 epochs of 24T. Parameters: wel = 0.4~[0.3, 0.6], w~e= 1.0, 
w~ ) = 0.24~ [0.16, 0.24], w~ ..... 3) = 0.01 ~ [0.003, 0.02]; intermodule synchronization: w(~ ~ = 0.08 e [0.06, 0.1]; other parameters as before 
Fig. 4A-C. Example of stimulus-dependent assembly formation in multiple feature modules with stimuli overlapping in the visual field. The 
investigated network is identical to the one used with Fig. 3. A. Stimulus configuration of two overlapping bars having different disparities, different 
orientations and identical colour. B. Input distributions according to A. C. Mean normalized cross-correlations between oscillators numbered in B 
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representation of stimulus disparity, orientation and 
colour, respectively. If the model is to solve the binding 
problem with respect to multiple feature domains, we 
have to show that the simultaneous presentation of two 
stimuli results in the formation of two distinct assemblies, 
each correctly binding the distributed feature representa- 
tions associated with one of the stimuli. We test the 
network with a stimulus configuration consisting of two 
bars of identical orientation which differ in colour and 
are located at two different disparity levels (Fig. 3A). 
Because units without stimulus input become only weak- 
ly activated through the network's coupling connections, 
these units remain at a stable fix point and do not 
bifurcate to a limit cycle oscillation (Krnig and Schillen 
1991; Schillen and Krnig 1991b). Thus, we can limit our 
simulation of each module to those two feature layers 
that contain units actually activated by the presented 
stimulus configuration (Fig. 3B). Hence, the network's 
connectivity pattern comprises synchronizing connec- 
tions within each feature layer, desynchronizing connec- 
tions between the two feature layers of each module, and 
synchronizing connections between all three modules 
as described above. The intermodule connections are 
chosen to be symmetric. Figure 3C illustrates the differ- 
ent assemblies established within the network: each of the 
two stimuli is represented by a distributed assembly of 
cells, where all cells belonging to one assembly engage in 
synchronous oscillatory activity with zero phase lag (C, 
upper four panels). With respect to each other, the two 
assemblies are segregated by the random phase relation 
of their activities (C, lower two panels). In this way, cells 
encoding the different features of the same stimulus are 
properly bound across the different feature modules by 
the synchrony of their responses and thus constitute 
a unique representation of the stimulus. 

Next, we extend the previous example to a configura- 
tion of overlapping stimuli, as commonly present in 
a natural visual scene. Figure 4A shows the stimulus 
configuration consisting of two bars with different 
disparities, different orientations but identical colour. 
Figure 4B illustrates the corresponding input to the 
different modules of the network. 

Here, the principal segmentation problem with over- 
lapping stimuli is apparent in the input distribution of 
the colour module: because of their common colour and 
spatial overlap, the two bars constitute a stimulus input 
to the colour module which is continuous with respect to 
feature and topographic dimensions. Considering the 
colour module alone, this input is just of the kind which 
would have to be represented by a single assembly of 
synchronous cells. This synchronization would corres- 
pond to a false binding of the colour representations of 
the two bars. In addition, this incorrect binding in the 
colour module would propagate through the synchroniz- 
ing intermodule connections to all other feature modules 
in the network, thus completely synchronizing the two 
distributed assemblies which represent the features of the 
two stimulus bars. However, the two bars clearly consti- 
tute two distinct objects as signified by their disparity 
difference. It is, therefore, necessary that the false binding, 
which would be induced by the stimulus input to the 

colour module alone, be prevented by the segregation of 
the stimulus representations in the other feature modules. 
Thus, in order to establish this segregation in the dispar- 
ity and orientation module, a stimulus-specific active 
desynchronization of the two assemblies in these mod- 
ules is required. With segregation established in these 
modules, the correct binding of the colour representa- 
tions of the two bars is achieved through the intermodule 
coupling. In our model, the necessary desynchronization 
is suitably provided by the desynchronizing connections 
already implemented for the function of a single feature 
module (cf. previous section). 

Figure 4C shows the assemblies generated by present- 
ing the network with the two overlapping bars: as with 
the non-overlapping stimuli, each of the two bars is 
represented by an independent assembly of cells identi- 
fied by the synchronization of their oscillatory activities 
with zero phase lag (C, upper four panels). As discussed 
above, the desynchronizing connections prevent a zero- 
phase-lag synchronization between the two assemblies 
coding for the two different stimuli (C, lower two panels). 
However, with the increased number of feature modules, 
random-phase desynchronization becomes critically de- 
pendent on the exact choice of the desynchronizing coup- 
ling weights (Wtfe ..... 3)~[0.002,0.0025]). We therefore 
present an anti-phase segregation which can be easily 
established over a wide parameter range (Wte ~ ..... 3)~ 
[0.003, 0.020]). Nevertheless, the two stimulus repres- 
entations in the colour module are segregated and 
properly bound to their respective assemblies. As 
predicted, the two assemblies become completely syn- 
chronized with zero phase lag if the desynchronizing 
connections are eliminated from the network (data not 
shown). Note that the segregation in the colour module is 
not due to a suitable choice of biased coupling weights. 
Identical weights are used for all intramodule and inter- 
module connections. Thus, none of the modules is distin- 
guished in any way. 

5 Discussion 

In this study we have investigated the stimulus-depend- 
ent formation of assemblies defined by temporally struc- 
tured neuronal responses in networks with distributed 
representations of objects in the visual field. We have 
shown that the synchronization of oscillatory activity 
can be used to solve the binding problem in networks 
comprising single and multiple feature modules. In the 
following, we discuss some characteristic aspects of the 
assembly formation with respect to the coupling within 
a single and between multiple feature modules. 

Within single feature modules, cells are coupled by 
short-range synchronizing and long-range desynchroniz- 
ing connections (Fig. 1C). This introduction of 
synchronizing and desynchronizing mechanisms is moti- 
vated by the experimental observation of how assemblies 
form and segregate when overlapping stimulus bars of 
different orientation are presented simultaneously (Engel 
et al. 1991c; Schillen and K6nig 1991a): the short-range 
synchronizing connections support the syfichronization 



of units at neighbouring sites in topographic and feature 
space. This implementation reflects the visual experience 
that adjacent and similar stimulus features are likely to 
belong to the same stimulus. Thus, any stimulus which is 
continuous with respect to the module's topographic and 
feature dimensions will be represented by a population of 
cells responding with synchronous activity (Fig. 2C, D1, 
D2). In contrast, the long-range desynchronizing connec- 
tions along the module's feature dimension desynchron- 
ize the activity of units representing stimuli which are 
overlapping in the visual field but discontinuous in fea- 
ture space (Fig. 2C, D3). These connections reflect the 
observation that adjacent but dissimilar features likely 
belong to different stimuli. Note, however, that we do not 
implement any long-range coupling along the topo- 
graphic dimensions. There is no a priori knowledge 
about whether simultaneously active units that are topo- 
graphically far apart belong to the representation of the 
same stimulus or not. Hence, our model's connectivity 
pattern contains neither long-range synchronizing nor 
long-range desynchronizing connections in the topo- 
graphic space. Stimulus responses that are sufficiently 
separate to be uninfluenced by coupling connections 
exhibit uncorrelated activity due to system noise. With 
this implementation, the described model of a feature 
module allows the simultaneous representation of mul- 
tiple stimuli within a single feature domain in agreement 
with current experimental observations. 

Between multiple feature modules, intermodule con- 
nections synchronize the activity of units at correspond- 
ing topographic locations in the respective modules. 
Thus, the different features of an object can be repres- 
ented by a synchronously oscillating assembly of cells 
which are distributed over the different feature modules 
in the network (Fig. 3C). The advantage of this temporal 
code is that only one stimulus feature (disparity, orienta- 
tion, colour) needs to be represented in any one module. 
Which of the features characterize a particular object in 
the visual field can be inferred singly by finding those 
stimulus representations in the different feature modules 
which exhibit synchronous oscillatory activity. The num- 
ber of intermodule connections required for binding by 
a temporal code scales only with the square of the num- 
ber n of feature modules in the network. This compares 
well with the number of possible feature combinations 
which scale with the power of n. 

The presented simulations demonstrate the feasibility 
of binding distributed object representations by a tem- 
poral code of neuronal activity. However, as outlined in 
the previous section, problems arise in such distributed 
architectures if stimuli exhibit some common feature at 
overlapping locations in the visual field: due to the dis- 
tributed representation of the different stimulus features 
in selective feature modules, the colour module in Fig. 4B 
ignores, for example, that the overlapping stimuli differ in 
disparity. The colour module cannot therefore determine 
that the complete synchronization of all its stimulated 
cells would be incorrect. This information has to be 
conveyed by the interaction of the other feature modules. 
Through active desynchronization those feature modules 
which "know" about the segregation of the overlapping 
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stimuli can force the appropriate segregation in the other 
modules of the network. In this way, the false binding 
in the colour module is vetoed by the segregation in 
the disparity module. As a consequence, the colour 
module is still "ignorant" of the stimulus disparities but 
"knows" that it is processing two different stimuli and 
which of its cells code for the same stimulus. In our 
model, the desynchronizing connections implemented for 
the function of the single feature module turn out to be 
necessary and sufficient to achieve the desynchronization 
required for the segregation of overlapping stimuli in 
distributed architectures (Fig. 4). This supports our pre- 
vious postulate of active desynchronization made on the 
ground of experimental observations (Schillen and K6nig 
1991a). 

As shown by a previous study (Schillen and K6nig 
1991a) and by the simulation of the single feature 
module, the implemented desynchronizing delay connec- 
tions are well suited to establish random phase relations 
between assemblies which represent different spatially 
overlapping stimuli. However, by increasing the number 
of feature modules in the network, each unit's synaptic 
input becomes more and more dominated by the inter- 
module connections, the direct stimulus-driven inputs 
remaining constant. This resembles the condition in the 
visual cortex where 90% of the synaptic input originates 
from intracortical connections and only 10% from 
thalamic afferents. However, increasing the number of 
intermodule connections increases the demands on the 
mechanisms which maintain each unit's activity within 
an appropriate dynamic range. In the brain several 
modulatory systems cooperate in controlling neuronal 
excitability. In our model, we did not implement such an 
unspecific modulatory system. Instead, we control the 
network's global activity and the balance of synchroniz- 
ing and desynchronizing interactions by a suitable choice 
of coupling parameters. As a consequence of this restric- 
tion, increasing the number of feature modules reduces 
the range of coupling parameters within which a ran- 
dom-phase segregation can be established for stimuli 
with common features at spatially overlapping locations 
(Fig. 4). Deviations from this "balanced" parameter set 
affect the model's behaviour in the following ways: in- 
creasing the synchronizing coupling weights leads to an 
indiscriminate synchronization of all activated oscil- 
lators. Reducing synchronizing interactions first in- 
creases the model's convergence time. Further reductions 
then lead to the emergence of slowly travelling waves of 
correlated activity and, eventually, to an asynchronous 
oscillation of all activated units. Increasing the desyn- 
chronizing coupling weights results in a synchronous 
oscillation of all units in each assembly and a fixed 
anti-phase relationship between assemblies segregated by 
active desynchronization (Fig. 4C, lower two panels). In 
contrast to a random phase relationship, the anti-phase 
segregation of such assemblies does not critically depend 
on the exact choice of parameters. We have therefore 
presented simulation results for a parameter set which 
exhibits an anti-phase-relation between these stimulus 
representations. Note, however, that the discussion of the 
segmentation problem inherent to overlapping stimulus 
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bars does not  depend on this detail. In general, this 
problem applies to all objects which are distinct accord- 
ing to several of  their stimulus features but  have some 
c o m m o n  feature located at overlapping positions in the 
visual field. 

Mos t  of  the previous studies on assembly formation 
by synchronizat ion of  oscillatory activity concentrated 
on network models representing only one feature domain  
(Kammen  et al. 1989; Sompol insky et al. 1990; Sporns 
et al. 1991; Wilson and Bower 1991; von der Malsburg  
and Buhmann  1992) and, thus, were not  concerned with 
binding across multiple feature modules. In contrast  to 
this, Sporns et al. (1989) investigated a network compris-  
ing two modules,  one pr imary  module  responding to 
moving  oriented bars and a secondary module  obtaining 
edge configurat ions from output  combinat ions  of the 
first. Reciprocal connect ions  between these modules were 
used to synchronize the responses to the two or thogonal  
bars consti tut ing an assumed edge. This simulation nice- 
ly demonstrates  a synchronizat ion by form analysis 
based on specific edge-detecting cells. However,  the em- 
ployed connectivity pat tern between the two modules 
implies an a priori association between the responding 
neuronal  representations. Hence, this s tudy does not  
present an example of  binding between different feature 
domains  where no explicit associations are established in 
general. 

Along similar lines, Eckhorn  et al. (1990) studied 
a two-layered ne twork  in which units in the two layers 
have similar stimulus properties but different coupling 
lengths of  synchronizing connections.  This allows a spe- 
cific wiring between layers which represents the a priori 
association of  units that  are to be synchronized. As 
above, this approach  does not  generalize to situations 
where no preferred associations between different feature 
modules  are given. 

A very interesting approach  was presented by H o r n  
et al. (1991). In their study, correlated noise in the input 
signal is used to induce a stimulus-specific synchroniza-  
t ion of  responses in different feature modules. However,  it 
is unclear how correlated noise would  be present between 
cortical representat ions which receive inputs through 
separate systems, such as magno-  and parvocellular 
pathways.  In  these cases, it seems to be necessary for 
different feature representations to communica te  
th rough  the available coupl ing connections. Neverthe- 
less, wherever the precondi t ions for a binding of  different 
feature domains  by correlated noise are given, this 
concept  may  complement  nicely with our  approach  of  
binding by intermodule connections.  

The results presented in this paper  demonst ra te  that  
the synchronizat ion of  temporal ly  structured activity can 
be used to solve the binding problem inherent in distrib- 
uted neuronal  representations. In  networks comprising 
multiple feature-selective modules,  distributed object 
representations can be uniquely identified by cell assem- 
blies defined by synchronous  oscillatory responses. This 
avoids the combinator ia l  problems of  a representation by 
specific cardinal cells. The present investigation shows 
further that  a principal segmentat ion problem arises in 
distributed architectures if objects exhibit some c o m m o n  

feature at overlapping locations in the visual field. Our  
results indicate that  the simultaneous representation of  
such stimuli requires some mechanism for a stimulus- 
dependent active desynchronizat ion of  the correspond-  
ing neuronal  assemblies. This stresses the importance of  
mechanisms which allow not  only the synchronizat ion 
but  also a specific desynchronizat ion of temporal ly coded 
neuronal  representations. 
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