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Abstract. The hypothesis of object representation by synchronization in visual cortex has been

supported by our recent experiments in monkeys. They demonstrated local synchrony among
rhythmic or stochastic y-activities (30-90Hz) and perceptual modulation, according to the rules of

figure-ground segregation. However, y-synchrony in primary visual cortex is restricted to few
millimeters, challenging the synchronization hypothesis for larger cortical object representations. The
gpatial restriction is due to y-waves, traveling in random directions across the object representations.
Phase continuity of these waves may support the coding of object continuity. Interactions across still
larger distances among cortical areas in human data involved amplitude envelopes of y-signals. Based
on models with spiking neurons we discuss potentially underlying mechanisms: (i) Fast inhibitory
feedback loops generate locally synchronized y-activities. (ii) Hebbian learning of connections with

distance-dependent delays explains the stabilization of cortical retinotopy, the limited size of

synchronization, the occurrence of y-waves, and the larger receptive fields at successive levels. (iii)
Slow inhibitory feedback supports figure-ground segregation. (iv) Temporal dispersion in far
projections destroys coherence of fast signals but preserves sow amplitude modulations. In
conclusion, we propose that the hypothesis of object representation by y-synchronization be

extended to more general forms of signal coupling and associative processing.
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|. TemporaL CopiNG BY DiFrerenT TypPeS oF SigNAL CourLING IN THE VisuaL CoRTEX

There are two basic possibilities for testing the presence and relevance of neura temporal coding on
the basis of signal recordings from perceptual systems. One can measure how well the putative
temporal code correlates (i) with the properties of a sensory stimulus or (ii) with the perceptual or
behavioral response to the stimulus. It is an open question which statistical measure is adequate for a
certain situation (e.g., mutual information [1]), which signal types provide the best insight (e.g.,
intracellular membrane potentials, single unit spike trains, or population signals including multiple
unit activity or local field potentials; cf. Appendix), or which signal parameters are relevant (e.g.,
average rate vs. precise spike timing, signal power or coupling in certain frequency bands, etc.).
However, if we can develop neural models that are biologically plausible and appropriate for the
investigated sensory or cognitive task, we can carry out such measurements also in these models, and
systematically identify the signals and model components influencing the validity of a special
temporal code. This approach is partially followed in this work about aspects of temporal coding in
the visual cortex.

In our view of the visual system, temporal coding is intimately linked to the neura
mechanisms of dynamic cortical cooperativity, including the largely unknown mechanisms of
perceptual feature binding and, in general, the interaction among different levels of visual processing.
How are local features flexibly grouped into actually perceived objects and events, and how do their
current representations interact with visual memory and other higher-order processes? It has been
proposed that binding of spatialy distributed features and inter-areal cooperation are supported by
the temporal code of fast synchronization among neurons involved in a common task, for example,
the coding of avisual object [2, 3]. This hypothesis attracted attention when synchronized y-
oscillations (30-90Hz) were found in the primary visual cortex (V1) of anesthetized cats[4,5, 6] and
awake monkeys [7, 8]. Many subsequent experiments were supportive, some challenging with
respect to binding of local features by y-synchronization (reviews, e.g., [9, 10]). For example,
synchronization of signals in the y-range was found to be restricted to few millimetersin primary

visual cortex, even with large coherent stimuli [6, 11]. According to a strict interpretation of the



original synchronization hypothesis, this should result in locally restricted perceptual feature binding.
But thisisin contradiction to the capability of perceiving the local features of large objects as
coherently bound. However, the capability of far-range feature binding across the surface of alarge
visual object is probably due to a continuous binding among overlapping regions of locally restricted
feature binding (as demonstrated by the perceptual laws of Gestalt psychology; e.g., [12]).
Accordingly, we suggest phase continuity of signalsin the y-range (as opposed to strict synchrony),
as alessredtrictive type of signal coupling within retinotopically arranged cortical areas, to be abasis
of gpatial feature binding across entire objects. Such phase coupling has been found to cover larger
cortical ranges than y-synchrony [13, 14], and we will argue why it probably fills the entire surface
representation of visual objectsin primary visual cortex.

While the spatial range of lateral signal coupling in topographically organized maps can be
extended by the above mentioned phase continuity coding, such continuity may not be available
between separate topographical maps (here: different visual cortical areas). However, y-
synchronization has been found between neural groups with overlapping receptive fields in adjacent
visual cortical areas V1 and V2 in cats [4, 6] and monkeys [8]. It is probable that such synchrony is
also present among other visual areas when the feed-forward-backward delays are short (i.e., when
the areas are close to each other in temporal coding space, e.g., as between V1 and MT [15]). In
contrast, cooperativity between cortical areas that are far apart in temporal coding space (due to
long reciprocal conduction delays) may be reflected in other forms of signal coupling which are less
sendgitive to any spatio-temporal restriction of synchronization. This assumption is motivated by the
fact that different spike conduction velocities within an axonal bundle are likely to cause temporal
dispersion of population activity during transmission [15] and thus destroy the synchrony of the
associated signals. Therefore, completely disregarding the phase structure and solely concentrating
on the time-varying amplitude (amplitude envelope) of y-signals seems to be a particularly promising
approach, which will be detailed in the present article.

For our present work different types of neural signals have been recorded, and different forms
of temporal coding have been investigated by means of various frequency selective coupling

measures (cf. Appendix). We will demonstrate dynamic coupling of cortical signalsin the form of



locdl intra-areal phase synchrony, medium-range phase continuity of y-waves, and long-range
coupling involving amplitude envelopes of y-signal components. We will give examples for the
correlation of physiological measures with sensory events, with perceptual and behavioral outputs,
and with cognitive states, in monkeys and humans. In essence, we argue that the temporal coding
hypothesis of binding-by-synchronization, initially restricted to y-synchrony of oscillatory signals, has
to be extended to more general forms of temporal coding, including non-linear signal coupling across
the entire frequency range of cortical activity with phase- and amplitude-coupling among transient
and stochastic (non-rhythmic) signals. On the basis of neural models with spiking neurons we will
discuss most of the physiological results and suggest potential neural mechanisms underlying the

presented types of temporal coding.

[1. ExPeriIMENTAL EviDENCE

A. pActivity in Monkey Primary Visual Cortex is Phase-Coupled within Representations of Scene

Segments and Decoupled Across their Contours.

The binding-by-synchronization hypothesis suggests coupling among y-activities representing the
same object, or more generally, the same scene segment. Accordingly, neural groups representing
different scene segments should decouple their y-activities. Both predictions have been tested by
investigating the effect of a static figure-ground stimulus on local field potentials (LFPs; see
Appendix) in primary visual cortex (V1) of awake monkeys, recorded smultaneoudly from inside
and outside afigure s representationa area[16] (Fig. 1A). Time-resolved analysis of phase coupling
by means of spectral coherence revealed: (i) y-coherence between neurons representing the same
scene segment (figure or ground) is higher than for a homogeneous gray background of the same
average luminance (Fig. 1B,D); (ii) stimulus-specific y-coherence is strongly reduced across the
representation of the figure-ground contour compared to a spatially continuous stimulus (Fig. 1B,D);
(iii) decoupling across the contour emerges with alatency of about 100 ms, and is absent in the

earliest neuronal response transients (Fig. 1D); (iv) coherence of low-frequency components does not
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show a difference between the figure-ground and the continuous condition (not shown). We propose
that the increased y-coherence between neurons representing the same scene segment and the
decoupling of y-activity at a contour representation are crucial for figure-ground segregation, in

agreement with the initial binding-by-synchronization hypothesis.

B. y-Phase Coupling in Monkey Extra-striate Cortex Correlates with Perceptual Grouping.

Are such synchronization effects correlated with perceptual feature grouping and figure-ground
segregation? This was tested in a difficult figure-ground task in which a monkey indicated whether
he perceived a figure composed of blobs among identical distractor blobs serving as background [17]
(Fig.2). Thistask was sufficiently difficult such that about 25% of responses were incorrect (failed
figure detection). Pairs of local populations of figure-activated neuronsin visual area'VV2 showed
increased synchronization within the y-range in correct compared to incorrect responses during a
short period before the monkey’s behavioral response (Fig. 2). Other signal measures were unrelated
to perception. These were the first indications that y-synchronization in V2 may not only represent

physical stimulus properties but also support perceptua grouping.

C. Phase Coupling in Low and Medium Frequency Ranges in Monkey Primary Visual Cortex

Correlates with States of a Bistable Percept.

Another study investigated relations among synchronization in primary visual cortex (V1) and
perceptual grouping, using conditions of bistable perception [18]. Monkeys reported their aternative
percepts among dichoptically presented, incongruent (and hence rivalrous) grating stimuli of
orthogonal orientations. During congruent (non-rivalrous) stimulation, y-power and y-coherence of
LFP-signalsin V1 were modulated depending on the grating orientation, as in previous work (e.g.,
[11,19]). During incongruent (rivalrous) stimulation LFPs were often correspondingly modulated in
consonance with the changing perceptual state, although the visual stimulus was constant (Fig. 3).
These perception-related modulations occurred at low and medium (4-27Hz), but barely at y-

frequencies (28-90Hz).These results are at odds with the concept of feature-linking by y-synchrony,



but not with a more general role of synchrony for perceptual binding that includes low and medium
frequencies. The somato-dendritic nature of the perception-related signal components (modulation of
LFPs, but not population spike density), together with their latency led us to the assumption that
these modulations are driven by top-down signals to area V1 from other cortical areas aready
representing or carrying a prediction about the oncoming perceptual state. Such long-range inter-
areal interactions may be carried by dower signal components (< 30 Hz; cf. Section I11) than local

processing based on fast y-range signals.

D. Phase Continuity but not Synchrony of y~Wavesis Present Across Medium Cortical Distancesin

Monkey Primary Visual Cortex.

Previous work demonstrated that the synchronization range of y-activity in primary visual cortex is
limited to about 5mm (e.g., [11, 20, 21] and Fig. 6A). Hence, objects with larger cortical
representations can not solely be coded by y-synchrony within their representational area. One
explanation for the limited synchronization range lies in the spatio-temporal characteristics of y-
activity. In fact, wave-like phenomena defined by spatially continuous phase-fronts (j»waves) do
extend farther than 5mm, but phase differences between any two sites change randomly already
within 100ms and also increase with cortical distance (Fig.4A) [13, 14]. Conventional pairwise
coupling measures (cross-correlation, coherence; cf. Appendix) do not capture such non-trivial phase
relationships across medium-range cortical distances, which explains the findings of restricted
synchronization ranges. To quantify those waves a new method has been developed in our group
([13, 14]; Appendix). It reveded that y-wavestravel at variable velocities and directions. Figure 5
shows the velocity distribution measured with a4 x 4 microelectrode array in monkey V1 during
retinally static visual stimulation. Note that this distribution is rather similar to the distribution of
spike velocities of horizontal connectionsin V1 [15]. We suggest that continuity of y-waves supports
the coding of object continuity, in which case their extent over object representationsin visual area
V1 and the related visual fields should be much larger than that covered by y-synchronization. This
has indeed been found (Fig. 6A,B).



E. Far-Range Coupling Involving Amplitude Envelopes of j+-Sgnalsin Human Cortex Depends on

Cognitive Sates.

High-frequency processes seem to be mainly relevant for local aspects of stimulus processing, asin
many cases they show a spatialy limited synchronization range. This was not only observed in
microelectrode recordings from monkey cortex [11, 20, 21], but also in intracranial recordings from
human cortex [22, 23, 24, 25]. In the following we will present a perspective that goes beyond lateral
cooperativity within one cortical area or cooperativity between homologous sites of different
representational maps. Results from human subdural recordings suggest a special role of amplitude
envelopes of y-range signals in long-distance signal coupling. Investigating the correlation between
amplitude envelopes of y-bandpass-signals (y-envelopes) has been shown to be a useful method for
capturing coupling events even during the absence of y-coherence (envelope correlation, [26]).
Similarly, correlation between low-frequency signals and y-envelopes has turned out to be another
efficient measure of cortico-cortical signal coupling (envelope-to-signal correlation, [27]). For
comparing the spatial range of different coupling measures in intracranial signals, subdural recordings
from human subjects are especially suitable, since they cover comparatively large cortical regions.
Fig. 7 shows the incidence of event-related coupling changes of coherence and envelope-based
coupling measures during performance of a visua delayed-match-to-sample task. The results
demonstrate that (i) a notable dissociation between coupling measures occurs only in the y-frequency
range, where amplitude-based signal coupling is generally more responsive to sensory and cognitive
events than phase coupling (upper row); (ii) in the y-range, the incidence of coupling events
involving envelopes drops off less rapidly with distance than that of phase coupling events (upper
row, right diagram); (iii) the incidence of envelope-to-signal correlation events depends on the
cognitive task even for large inter-electrode distances, whereas task-dependence in the other

coupling measures occcurs only within a spatial range of afew centimeters (lower row).



[11. PorentiaL NeuraL MecHaNisms oF FLExiBLE SieNaL CouPLING

At present it is not possible to identify directly from experimental measurements the neura
mechanisms underlying the above mentioned experimental observations of spatio-temporal
processing in cortical sensory structures. We therefore use largely reduced model networks with

spike-coding neurons to discuss potential mechanisms,

A. Synchronization of Spike Densitiesin Local Populations by Feedback Inhibition

Thefirst question we ask is. how may fast signalsin the y-range, including their rhythmic states, be
generated? We argue in Fig. 8 that membrane potentials of local populations of excitatory neurons
are smultaneously modulated by inhibition exerted via a common feedback loop (physiology:
[28, 29, 30]; models: [31, 32, 33,34]; discussion in [35]). Thisloop can quickly reduce transient
activations, whereas sustained input will lead to repetitive inhibition of the population in the y-
frequency range (Fig. 8). In both modes — transient and rhythmic chopping — the common modulation
of the neurons' membrane potentials causes their spike trains to become partially synchronized, even
if they fire at very different rates. The stronger a neuron is activated and depolarized, the earlier it
will discharge itsfirst spike during the common repolarization phase, whereby such a population
burst will be dominated by the most strongly activated neurons. Aslocal cortical populations
generally project to common targets [36], synchronized spike densities (popul ation spike packages)
will have stronger impact there than uncorrelated spike densities of equal average amplitudes,
because they (i) appear quasi-simultaneously, and (ii) mainly comprise spikes of strongly activated
neurons, which represent the stimulus at a better signal-to-noise ratio than the neurons that were
activated weaker by the same stimulus.

We can apply this scheme to the primary visual cortex, where local neural clusters represent
similar feature values (e.g., receptive field position, contour orientation, etc.). According to the
synchronization hypothesis, partial synchronization of spike densities by a common inhibitory

feedback meansthat currently present local combinations of visual feature values are systematically



selected by their strength of activation and tagged as belonging together, which is comprised in

single or repetitive population discharges.

B. Lateral Conduction Delays can Limit y-Synchrony to Few Millimeters in Cortex, Produce Wave-
Like Phenomena, Stabilize Cortical Topography, and Lead to Larger Receptive Fields at

Successive Levels of Processing

In primary visual cortex there are dense horizontal connections monosynaptically projecting over a
range of several hypercolumns [37, 38]. One could suppose that smultaneously activated neural
populations representing the entire surface of a visual object might al synchronize their spike
packages via these horizontal connections. As mentioned in Section 11-D, however, y-synchrony is
restricted to about 5 mm cortical distance (corresponding to 5 hypercolumns), even if the cortical
representation of avisual object is much larger [6, 11]. Hence, y-synchrony for feature binding would
be restricted to visual objects being not larger in their cortical representation. In the following we
will develop a concept of how distance-dependent spike conduction delays can explain this restricted
range of y-synchrony and the occurrence of wave-like phenomena in a network of spiking neurons.
Hebbian learning combined with distance-dependent spike conduction delays leads to spatially
restricted lateral connectivity within alayer and restricted feed-forward divergence between layers.
Therefore, such a mechanism is also suitable to explain the emergence of larger receptive fields at

successive levels of processing while preserving a topographica mapping.

1) Hebbian-Learning Model with Finite Conduction Velocities. The model [39] consists of
spike-coding neurons at two successive, 2-dimensional retinotopic visual processing stages named
level-1 (representing visual cortical area V1) and level-2 (V2) (Fig.9). Learning of lateral coupling
weights and level-1-to-level-2 weights is implemented using a Hebbian correlation rule [40]. Feed-
forward connections are additive and determine the properties of the classical receptive fields.
Lateral connections are multiplicatory, i.e., modulatory, which means they cannot directly evoke
spikesin atarget neuron, but require quasi-smultaneous feed-forward input to that neuron (model:

[41]; physiology: [42]). Spikes evoked by quasi-simultaneous feeding input to neighboring neurons



can synchronize via their modulatory mutual lateral connections because these spikes will often
occur within the so-called capture range of the spike encoder’ s dynamic threshold [41,43,44].
However, latera connections in the model have finite conduction velocities such that, with increasing
distance, conduction delays become larger. This reduces the probability of neurons becoming quas-
synchronized because constructive superposition of locally evoked and laterally conducted activities
getsless probable for increasing delay. Hence, synchrony is laterally restricted to a spatia range

which is proportional to the conduction velocity of the lateral connections.

2) Spatio-Temporal Sructuring of Lateral Connectivity with Hebbian Learning. The relation
between conduction velocity and synchronization range suggests an influence of temporal
neighborhood (defined by the distance-dependent delays) on the ontogenetic, possibly prenata
formation of functionally relevant structures from an initially unstructured system. This effect can be
simulated with the model. In the beginning, neurons are fully interconnected within level-1 (Fig. 9,
scenario A). Feed-forward input spike trains have spatially homogenous random patterns and are
given atemporally confined, weak co-modulation, mimicking activity before visual experience. This
type of spike pattern appears, dightly modified by the connections, at the output of the level-1
neurons (Fig. 10) and hence, is used for Hebbian learning. The only topography in the network is
given by the distance-dependent time delays of the lateral connections. During afirst learning
period, the homogeneous coupling within layer-1 shrinks to a spatially limited coupling profile for
each neuron, with a steep decline of coupling strength with increasing distance (Fig. 11). The
diameter of the resulting coupling profile for each neuron is equal to the lateral synchronization

range, and hence directly proportional to the lateral conduction velocity (Fig. 12).

3) Spatio-Temporal Sructuring of Inter-Level Connectivity. In a second learning period
following the learning period within level-1, the feed-forward level-1-to-level-2 connections are
adapted, also starting from full connectivity (Fig. 9, scenario B). Asaresult of Hebbian correlation
learning, the feed-forward divergence retracts to alimited spatia range which is given by the size of
level-1 synchronization fields, i.e., forward connections from neurons within a level-1
synchronization field (sending near-synchronized spike packages) converge onto one level-2 neuron

(Fig. 13). This convergent projection pattern even emerges if the feed-forward connections and the
10



level-2 lateral connections are modeled with distance-independent constant delays (Fig. 9, scenario
C). The physiological interpretation of this result is that the size of level-1 (visual area V1)
synchronization fields can determine the size of level-2 (area V2) receptive fields. Indeed,
synchronization fieldsin area V1 and classical receptive fields in area V2 of the monkey do have
similar sizes. Since equivalent considerations should hold for projections from the retinato V1, the
model accounts for the emergence not only of a spatialy regular, but also of aretinotopically

organized connectivity.

4) Traveling y-Waves with Altering Phase Relations. After having learned the lateral synaptic
weight profiles, the model reproduces the phenomenon of waves with jittering phase relations,
traveling in random directions, just asit was observed in the primary visual cortex (Fig.4) [14,45].
Traveling waves of y-activity, though concentrically expanding, have already been described in
different cortical areas of different animal species (e.g., [46]). The varying phase relations in the
model as well as the more rapid spatial decline of y-coherence (compared to y-wave probability) are
consistent with the experimental data (Figs. 4, 6). Formation of y-waves in the model results from
locally restricted inhibition, lateral conduction delays, and steep spatia decline of coupling strength
[39]. It seems probable that y-waves in physiological signals are also strongly depending on the Slow
lateral conduction velocities, because the distribution of y-wave velocities (Fig. 5) is similar to the
distribution of spike conduction velocities of lateral connectionsin primary visual cortex. These
velocities have been estimated in different preparations, including rat dices and in vivo recordings

from cats and monkeys, to range between 0.1 and 1.0 nvVs (review: [15]).

In conclusion, low lateral cortical conduction velocities, combined with Hebbian correlation
learning, can explain the restricted spatial range of y-synchrony and the occurrence of traveling y-
waves with random phase relations. They can aso account for the larger receptive fields at higher
processing levels and for the emergence and stability of topographic visual (and other sensory)
representations without the need for visual (sensory) experience. During visual experience, of course,
similar influences on synchronization-field and receptive-field size and on topographic stability may
be operative at successive levels of processing, including other parts of the visual system. Asthe

traveling waves probably can cover the entire representation of an object’s surface in the primary
11



visual area, we propose that phase continuity of y-waves may constitute a mechanism that supports

the coding of object continuity in visual cortex [13].

C. Model Explaining Figure-Ground Segregation and Induced Modulations at Lower Frequencies
by Sower and More Globally Acting Feedback Circuit

In afurther approach the above model of the visual cortex has been expanded by using orientation-
selective excitatory neurons and two types of inhibitory neurons with different spatio-tempora
properties. However, the lateral connections among the excitatory neurons were modeled without
delay and learning has been excluded in order to keep the complexity of the network within limitsin
order to understand its processing. Figure 14 shows a simplified wiring diagram of this model. The
spiking neurons have linearly and nonlinearly acting synapses and are retinotopically arranged in two
primary layers with receptive fields at perpendicular orientation preferences. Additionally to afast
within-layer inhibitory feedback loop, responsible for the local chopping of activity at y-frequencies
(see above and Fig. 8), orientation-independent ow shunting inhibition is common to both

orientation layers in this model.

1) y-Decoupling Across Figure-Ground Contour. In the figure-ground experiment,
representations of different scene segments in primary visual cortex (area V1) were decoupled in
their y-activities (Fig. 1B,D), while the same sites showed substantial y-coupling when representing
one coherent scene segment. Analogous results are obtained with the model (Fig. 1C,E). It explains
the reduced y-coherence as a blockade of lateral coupling at the position of the contour
representation due to several effects. First, neurons responding preferentialy to the horizontal
grating are only weakly activated by the vertical contour. Second, their activity is even more reduced
by the orientation-independent dow shunting inhibition, induced by the strongly activated vertically
tuned neurons at the contour. As a consequence, neurons activated by the horizontal grating near
both sides of the contour can not mutually interact, because orientation-selective lateral coupling is
interrupted by the inhibited horizontally tuned neurons at the contour representation. The resulting

decoupling of insde and outside representations is not present during the first neural response
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transient after stimulus onset (Fig. 1D,E), since the sharp, simultaneous response onset common to
both orientation layers denotes a highly coherent broad-band signal which dominates internal
dynamics. Note that orientation-selectivity was implemented for the sake of comparability with the
experimental data. This does not limit the general validity of this model, since any object border
constitutes a discontinuity in at least one visua feature dimension, and therefore an analogous

argumentation always holds for other local visual features.

2) Perception-Related Low-Frequency Modulations with Bistable Stimuli. In experiments
with binocular rivalry aways one of two dichoptically presented overlapping visual objects
dominates perception. Perception-related modulations of signals and of their phase coupling
occurred mainly in the low-frequency range, to alesser degree at medium frequencies, and barely at
y-frequencies in the primary visual cortex of monkeys[18]. At the same time, stimulus-related
modulations of y-activity were strongly present. This stimulus-specificity of high- and low-frequency
components, and the perception-specificity of only low-frequency signal components may also partly
be explained on the basis of our model in Figure 14: The relatively dow shunting-inhibition loop,
shared by both layers of orientation-selective neurons, can produce single or, with sustained sensory
drive, repetitive low-frequency modulations of population activities. However, the selective
perception-related increase of these low components (Fig. 3) requires an external perception-related
signal that selectively amplifies, for example, the excitability of neurons representing the currently
dominating grating. This signal could be fed with positive sign to the modulatory linking inputs
acting on the feed-forward inputs (Fig. 14A) viaa multiplicative stage (“IN” in Fig. 14B). Indeed, the
physiological results partly were indicative for atop-down influence on area V1 to explain the
perception-related modulations (cf. Section 11-C). Such imbalanced, sustained input to lateral linking
connections would also enhance the lateral coupling strength in the respective orientation layer,

which may support perceptual dominance of the grating with the corresponding orientation.
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D. Spatial and Temporal Aspects of Object Representations

We have seen that within an object’ s representation in primary visual cortex, locally synchronized y-
activations emerge that overlap in space and time and thereby support the formation of y-waves
traveling across the object’ s surface representation with random phase relations. When waves of y-
activity travel across V1, thisis paralleled by quasi-synchronous activity of those V 2-neurons having
corresponding receptive field positions [4, 6, 8], i.e., those receiving input from, and sending y-
feedback to, corresponding V 1-neurons. Thus, adjacent V2-neurons, driven simultaneoudly by
adjacent parts of atraveling wave, will also form atraveling wave of y-activity (with similar extent,
velocity and direction if projected to visual space). We expect such an argumention to hold for
subsequent stages of processing, provided that they are retinotopically arranged, are activated by
bottom-up input, and have fast inter-areal feedback (compared to a half-cycle of ay-wave).
Accordingly, quasi-synchrony should generally be present among neurons with overlapping receptive
field positions across cortical levels connected via fast feed-forward-backward loops (e.g., as among
V1-V2 and V1-MT [15,47]). Based on the observed y-decoupling across a figure-ground contour
(Section I1-A), we suppose that these waves are damped off at object contour representations, i.e.,
they can not pass them. Continuity across the entire representation of an object then could be coded
by traveling waves of y-activity that appear smultaneously in several areas. Object continuity may

thus be coded by phase continuity of traveling y-waves.

E. Far-Range Cooperation is Mediated by Amplitude Envelopes of )»Range Sgnals

Especialy when inter-areal cooperativity across large cortical distances is concerned, it is probable
that different conduction velocities and/or activation delays within a population of projecting neurons
lead to temporal dispersion of spike patterns as they were at the source site [15]. Such a dispersion
would reduce signal coherence between source and target site primarily in the y-frequency range,
because the superposition (i.e. average) of high-frequency signals is more sensitive to a given
temporal jitter than that of low-frequency signals. It istherefore interesting that, based on

electrophysiological findings, some authors have proposed that coupling between high-frequency
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signals might reflect local cooperative processing, whereas coupling between low-frequency signals
could be associated with global, i.e., long-range interactions in higher cognitive functions (e.g.
[48,49]; cf. aso section 11-C). In a further step of argumentation, nonlinear interactions between fast
and sow signal components have been suggested to reflect the functional integration of local and
global neural processes[22,48,50,51].

Based on these arguments, we propose that signal coupling involving slow amplitude
modulations of fast signals (y-activity) may serve as a valuable indicator of neural long-distance
interactions for two reasons. First, amplitude modulations represent a special and very intuitive form
of inter-frequency interaction. Second, signal coupling involving such modulationsis less sensitive to
temporal dispersion than coupling involving high-frequency signals proper. This may primarily apply
to cases in which effective transmission delays are long and Hebbian learning (see above) has not led
to a selection of fibres with equal conduction velocities.

A simple mechanistic concept (Fig. 15) is able to account for the occurrence of y-envelope-
to-signal correlation between subdurally recorded local field potentials, which was particularly
cognition-dependent (cf. Fig. 7). These signals mainly reflect a spatial (ensemble) average of
dendritic membrane potentials (Appendix), whose high-frequency fluctuations in turn have
considerable influence on the spike patterns. While their amplitude correlates with the spiking
probability [52, 53], their phase structure determines the precise timing of the spikes [53]. We can
therefore suppose that the amplitude envelope of the measured y-signal (upper left part of Fig. 15)
reflects the temporally smoothed overall spike density within the source population, whereas the fine
temporal structure of the y-signal determines the precise temporal spike pattern within the ensemble
(lower left part of Fig. 15). During spike propagation to a remote common target, even dightly
different conduction velocities within the axon population will cause temporal dispersion of the
spikes and thus destroy the temporal structure of the ensemble spike density (lower right part of
Fig.15). The dispersed activities will elicit post-synaptic potentials in the target population, which in
turn will superimpose to make up (part of) the subdural signal recorded there (upper right part of
Fig. 15). As a consequence of temporal dispersion, y-coherence between the two recording sites will

be low. On the other hand, ow modulations of the temporally smoothed spike density, as reflected
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by y-envelopes at the source site, will correspondingly modulate the amount of post-synaptic
potentials elicited at the target site, which in turn will be directly reflected in the sum potential
recorded there. This effect causes correlated time courses of source-site y-envelopes and target-site

low-frequency signals.

V. AprrEnDIX — DEFINITION OF SYNCHRONY AND CORRELATION M EASURES,

AND CHARACTERIZATION OF RECORDED SIGNALS

A. Synchrony

In the present context the terms synchrony and synchronization are related to temporal properties of
neurons, in particular to postsynaptic integration time. In afirst approximation the integration time
can be estimated as the half-height duration of an average excitatory postsynaptic potential. When
multiple presynaptic action potentials arrive within the integration time of a neuron, we will call them
synchronized. Integration times can differ in different neurons, in a single neuron at different
synapses, and they can change dynamically. The latter effects depend on postsynaptic membrane
properties and on the temporal patterns of spike input [42,54, 55, 56]. In cortical neurons integration
times can span the broad range of 2—100 ms. In the activated cortex of awake mammals, in which we
are interested in the present paper, integration times are estimated as ranging within 5-50 ms (for a
review see [57]).

Synchronized neural events may occur singly, or repetitively with a more stochastic or
rhythmic (oscillatory) character. At atarget neuron, synchronized excitatory input spike patterns
produce higher and steeper membrane depolarization than temporally dispersed inputs of the same
average spike density. Hence, synchronization increases the output spiking probability [57,58, 59, 60]
and also facilitates preservation of transmitted temporal spike patterns. Depending on the temporal
synchronization range imposed by the aforementioned integration times, synchrony can show up in

different frequency bands of physiological signals. Synchronization on atemporal scale of 5-15 ms,
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for example, corresponds to the so-called gamma (y-) range (30—90 Hz), and will therefore be

termed y-synchronization.

B. Recorded Neural Sgnals

The neural signals in the present work were either recorded extracellularly with multiple
microelectrodes from awake monkeys or subdurally from human subjects (cf. below). Monkey data
are based on local population activity contained in multiple unit activity (MUA), and local field
potentias (LFP). MUA and LFP were generally recorded by the same microelectrode. Broad-band
signals were band-passed (1-10 kHz) to extract the spike activities. Further processing consisted of
full-wave rectification and low-pass filtering at 140 Hz to obtain a continuous signal that is
proportional in its amplitude to the extracellularly averaged spike densities of neurons near the
electrode tip (half decline radius about 50 um) [61, 62]. For LFP only band-pass filtering
(0.1-140 Hz) of broad-band signals was used to obtain extracellularly averaged postsynaptic
potentials (half-decline radius about 400 um) [63]. Due to the extracellular superposition, MUA and
LFP amplitude increases as synchronization of the contributing neural signals becomes more precise.
This means MUA and especially LFP recordings are per se sensitive probes for synchronized activity
in the neural population contributing to the signals. But they are also more sensitive to coupling
among separated neura populations than are single unit spike trains. Even during fast oscillations,
i.e., states of high y-synchrony within a neural population, single unit spike activity is only weakly
coupled to the group signals [64].

In principle, the same considerations hold for subdurally recorded signals from human cortex.
They also mainly reflect a spatial (ensemble) average (i.e., the correlated proportion) of dendritic
activity near the electrode [65]. However, they represent neural activity from within a radius of
approximately 5 mm and thus comprise postsynaptic activities of millions of neurons each. Given this
comparatively poor spatial resolution, assigning subdural recording sites to certain positionsin the

visual field is hardly possible.
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C. Different Forms of Sgnal Coupling Quantified by Appropriate Measures

Cortical interaction has to serve various functions, and has to meet different spatial and temporal
requirements. Therefore, cortical interaction will certainly be based on a variety of neural
mechanisms. It would be naive to expect a single type of temporal coding, e.g. phase synchronization
in the y-range, to be indicative for any form of cooperativity. For the present paper, we therefore
used different coupling measures which are all selective for signal frequencies. The main difference
between the measures concerns their sensitivity for the signals' phase structure. To quantify
synchrony we used spectral coherence [66]. High coherence requires a phase difference between two
signals which has to be constant (but not necessarily zero) over time. Thus, synchrony in this context
does not mean precise coincidence of events, but it still indicates atemporally stable phase
relationship. Coherence determines linear coupling at each frequency independently. To quantify
phase continuity, i.e., to detect traveling waves, we used a new and highly adapted multi-channel
correlation method [13, 14]. This method, in contrast to coherence or cross-correlation, allows
variable relative phases over time between two separated recording positions. But within each short
time interval (20 to 40 ms) the phase gradient across space has to be constant. For example, signals
obtained from linearly arranged, equidistant recording positions need to have phase differences
proportional to the distance of the recording positions. In athird approach we quantified non-linear
coupling through correlations between amplitude envel opes of band-pass signals in various frequency
bands [26] or between such envelopes and Slow signals [27]. This measure is completely
independent of the signals' phases. Note that for model data we mimic the physiological signal types

and use exactly the same measures for analysis of both types of data.
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Ficure Caprions

Fig. 1. Coherence of y-activity is reduced across the representation of an object’s contour.

A: Schema of visual grating stimulus and positions of receptive fields. B: A grating without object
induced a substantial increase in y-coherence of local field potentials (LFPs) (light gray) compared to

a blank screen condition (pre-stimulus. dashed line). Introduction of the object reduced LFP y-
coherence between inside and outside representations amost to pre-stimulus level from about 100ms
after stimulus onset [16] (dark gray). Coherence within each segment (object or background)
remained high (data not shown). C: The model (Fig. 14) shows equivalent results. D,E: Time course
of coherence without object (light gray) and across the figure-ground contour (dark) in the
experiment and the model. Note that decoupling across the contour emerges 100 ms after stimulus-
onset. Datain B is taken from the time intervals with maximal decoupling for each monkey.

(Modified from [16,45].)

Fig. 2. Correct perception of the orientation of a dual-inline row of dots among distractors by a
monkey caused a short increase in coherence at about 80Hz and 60Hz in visual area' V2, shortly
before the monkey reported his perception (t=0). The time-frequency map indicates the significance
of increase in LFP coherence in trials with correct vs. failed detection of the figure. Three figure-
ground stimuli are shown above, with dot rows being left-tilted (left), right-tilted (middle) or absent

(right). (Modified from [17].)

Fig. 3. Local field potentials (LFP) at low to medium frequencies in monkey primary visual cortex
show modulations related to perceptual switching during binocular rivalry. Visual stimulation was
either congruent in both eyes or incongruent, the latter leading to rivalry. Signal modulations were
calculated as a function of reported stimulus. Bars: percentage of recording sites showing significant
modulations correlated with alternating reports either consistently (light) or oppositely (dark) in both

conditions. Percentages refer to the numbers of sites modulated in the congruent condition (numbers
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above bars). Asymmetriesin favor of co-modulations (light > dark) indicate perception-related

modulations only at low to medium frequencies, while stimulus-related modulations (cf. Numbers)

also occurred at y-frequencies.

Fig. 4. y-waves occur with fast and random changes of spatia phase relations in monkey primary
visual cortex. A: Simultaneoudly recorded single-trial time courses of local field potentials (L FPs)
from alinear array of 7 recording positions during sustained static visual stimulation. B: Model-LFPs

during presentation of an equivalent stimulus (cf. Section I11-B). (Modified from [45].)

Fig.5. Velocity distribution of traveling waves of y-activity measured with 4 x 4 microelectrode

arraysin monkey primary visual cortex.

Fig.6. The spatial range of y-wavesis larger than that of y-coherence. A: Coherence of local field

potentials in monkey primary visual cortex is restricted to few millimeters (half-height decline
2.2mm). B: The probability of continuous y-waves remains high across larger distances (estimated

half-height decline: 9.5mm). C, D: The model shows equivalent dependencies (4.1 vs. 12.8 space

units). (Modified from[45].)

Fig. 7. Signal coupling based on envelopes of y-signals covers larger spatia ranges than coherence of

y-signals proper. Curves show the incidence of coupling events in human intracranial brain signals (as
afunction of inter-electrode distance) during a visual delayed-match-to-sample experiment (data
from 8,500 electrode pairsin 6 subjects). Numbers of significant event-related deviations from
baseline are given as multiples of chance level (shaded areas at the bottom of each diagram). N refers
to the approximate number of independently performed Wilcoxon tests contributing to each data

point. Upper row: results for different frequency ranges (al tasks). Lower row: results for different

cognitive tasks in the y-frequency range.
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Fig. 8. Basic model of common spike density modulation in alocal population of excitatory neurons
by a common inhibitory feedback neuron. Note that first-spike latencies in each modulation cycle at
the outputs (right) are roughly inversely proportional to the input spike densities (profiles at left),

whereas the output spike rates are proportional to it (detailsin text).

Fig. 9. One-dimensional sketch of the initial connectivity in the Hebbian learning model with
distance-dependent lateral conduction delays. For a single level-1 neuron (dark), the scheme shows
lateral modulatory connections (scenario A), and feed-forward connections with either distance-

dependent (scenario B) or constant (scenario C) conduction delays. (Modified from [39].)

Fig. 10. Spatio-temporal properties of level-1 output activity in the Hebbian learning model. A: Two
events of spatialy homogeneous, transient spike-rate enhancement (upper panel: total population
spike density; lower panel: single spike traces). B: Asin A, but with additional independent Gaussian
white noise at the inputs. Note that the activity is spatially homogeneous in the sense that any two

spike trains have the same weakly correlated temporal statistics. (Modified from [39].)

Fig.11. Spatia coupling profile between a single level-1 neuron (center position) and its neighbors.
A: Before learning, weights are randomly initialized. B: After learning, synaptic strength decays with

increasing distance. (Modified from[39].)

Fig.12. Due to Hebbian learning the size of the synaptic weight profile (coupling kernel) of lateral
linking connections at level-1 becomes directly proportional to the lateral conduction velocity.

(Modified from [39].)

Fig.13: The size of level-1 synchronization fields determines the size of receptive fields of level-2
neurons. Synaptic weight profiles of level-1-to-2 feeding connections evolve correspondingly to

synaptic weight profiles of level-1 latera linking connections. (Modified from [39].)
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Fig.14.. Simplified model of primary visual cortex with two retinotopic layers of orthogonal
orientation detectors. Each layer consists of an excitatory (smple cellsat 0° and 90°) and an
inhibitory sublayer forming fast, local feedback loops preferring the y-frequency range (Fig. 8). The
cones between layers indicate direction and width of divergent projections of each single neuron.
Modulatory lateral coupling is confined to excitatory neurons of the same orientation preference with
coaxialy aligned receptive fields. Both orientation maps share an additional sublayer mediating slow,
local shunting inhibition. To account for stochastic input from brain regions excluded from the
model, all neurons receive independent broad-band noise. B: The spike-coding model neuron with

dynamic threshold [41] is extended with inputs exerting shunting inhibition on the feeding pathway.
Synapses are modeled by leaky RC-filters, lateral coupling input is offset by +1 (Z) and then coupled

to the feeding pathway by multiplication (I1).

Fig.15. Temporal dispersion of neural activity can explain the occurrence of envelope-to-signal

correlation without corresponding y-coherence between population signals. Field potentials recorded

over or within the source population reflect mean membrane potential fluctuations (upper left),

whose y-frequency components in particular determine the temporal pattern of the generated spikes
(lower left). During propagation to the target population, spikesin a bundle of axons are subject to
temporal dispersion due to different conduction velocities. This destroys the precise temporal
structure of the population spike pattern (lower right). Superposition of postsynaptic potentials
elicited in the target population therefore yields field potentials in which only ow spike-density

modulations of the source population are reflected (upper right).
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