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A B S T R A C T

At any given moment, the brain is subjected to a barrage of sensory information from
the environment around us. Selective attention allows to focus on the behaviourally-
relevant subset within this overwhelming information stream, depending on the task at
hand, and ignore the rest. Attended signals are routed through to deeper parts of the
brain, getting processed and reaching awareness, whereas the routing of non-attended
signals is suppressed. Despite extensive evidence for attention-dependent changes in
neural activity, the mechanism behind such flexible routing of information is not well
understood.

One possibility is proposed by the routing by synchrony (RBS) mechanism – wherein
modulation of effective connectivity between neural populations is established by gamma-
rhythmic synchronization and coherence of their neural activities. Neural populations
receiving attended signals can align their gamma-rhythmic activity to that of the send-
ing populations, such that incoming spikes would arrive when the receiving popula-
tion is most excitable, enhancing signal transfer. Conversely, non-attended signals arrive
unaligned to the receiver’s rhythm, reducing their transfer. Experimental studies have
already provided correlative evidence that gamma-rhythmic coherence between popu-
lations processing visual stimuli is modulated by attention. However, it remains to be
shown whether the observed synchronization and coherence phenomena are responsi-
ble for flexible information routing causally. Here, we investigate RBS using two comple-
mentary approaches, aiming to establish a causal link between physiological phenomena
and the neural mechanisms responsible for selective information processing.

In the first project, we make a prediction, based on previous experimental findings
and the theory behind the RBS mechanism – information encoded within neural activity
should itself be conveyed through gamma-rhythmic packages. To investigate this pre-
diction, we perform an intricate analysis on neural recordings collected from monkeys
performing a visual selective attention task, which utilized visual stimuli allowing to
assess their information content within neural activity. New methods are developed, al-
lowing to compute how stimulus information content depends on the gamma phase and
amplitude of neural activity. The results are in agreement with the prediction, showing
that stimulus information is indeed conveyed via gamma-rhythmic packages, in support
of the RBS mechanism.

In the second project, via a modeling approach, we investigate the consequences of
direct microstimulation of neural circuits involved in selective attention. Using stimula-
tion pulses in order to control gamma-rhythmic coherence between neural populations
would allow to directly test the efficacy of the RBS mechanism and potentially control in-
formation routing itself. We propose a method that relies on the inherent oscillatory dy-
namics of the system – applying minimal stimulation to nudge the natural activity of the
network into a desired state. A closed-loop stimulation paradigm is developed, based
on the phase-response characteristics of a biophysically realistic network performing
selective routing of information. This allows us measure the contamination of stimulus
information content by artificial pulses. Within the scope of our model, we demonstrate
that precisely timed perturbations can be used to artificially induce the effect of atten-
tion by selectively routing visual signals to higher cortical areas and pinpoint caveats
and limitations of utilizing this approach in vivo.
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Part I

T H E P R E C U R S O R





1
M O T I VAT I O N

"It from Bit. Otherwise put, every it – every particle, every field of force, even the
spacetime continuum itself – derives its function, its meaning, its very existence
entirely – even if in some contexts indirectly – from the apparatus-elicited answers
to yes or no questions, binary choices, bits.

It from Bit symbolizes the idea that every item of the physical world has at bottom
– at a very deep bottom, in most instances – an immaterial source and explanation;
that what we call reality arises in the last analysis from the posing of yes-no ques-
tions and the registering of equipment-evoked responses; in short, that all things
physical are information-theoretic in origin and this is a participatory universe."

—John Archibald Wheeler [243]

The brain is, essentially, an information-processing machine. Through various sensory
organs, it receives data from the outside world. This input data is routed throughout the
brain, integrated, filtered and transformed, allowing an organism to attain some level of
awareness about the world. Then, information from the brain is fed back into various
muscles throughout the body, resulting in actions and behaviour. In other words, infor-
mation processing is at the heart of all the cognitive functions performed by the brain,
including processes such as attention, formation of knowledge, memory, making pre-
dictions, performing judgment and evaluation, reasoning, problem solving and decision
making. The integration and computation of information involved in these functions
involves the coordinated interaction of large neuron ensembles distributed within and
across different brain areas. How this coordination is achieved is one of the fundamental
and yet unresolved problems of modern neuroscience.

A critical component underlying the coordination of information throughout the brain
is its ability to flexibly adapt and allocate resources appropriately depending on the con-
text. A good practical example of this is provided by what is called the cocktail party effect
[8]: in a noisy room with many ongoing conversations and music playing in the back-
ground, a person can focus on just one speaker, allowing to process and comprehend
the contents from the desired source clearly, while filtering out the rest of the auditory
input. This is a complex computational problem, since the voices of all speakers are
superimposed into a single waveform received by our ears. One can switch the focus
of attention between multiple speakers quickly. Crucially, the speed at which the brain
can switch between different tasks and computational configurations is too fast to be
explained by changes and adaptation of its anatomy, the physical connections within
its neuronal circuits. This means that there has to be some functional mechanism that
allows to flexibly modulate the effective strength of connections throughout the brain.
The mechanism behind this context and task-dependent modulation of effective connec-
tivity [3] is at the heart of cognition, allowing humans and other organisms to adapt
their behaviour in response to changing context and task demands [3, 82, 83, 89]. What
sort of a neural network configurations does the brain utilize that would allow for fast
and flexible modulation of effective connectivity? How is flexible processing achieved?

The cocktail party effect presented above is an example of selective attention, one of
the major cognitive functions relying on effective connectivity. Selective attention is the
ability to allocate information processing resources to a selected, behaviourally relevant,
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4 motivation

subset of the input sensory information – attention guides the flow of information. With-
out it, our brains would be overwhelmed by the vast amount of information present in
the world, unable to filter out irrelevant information and focus on the relevant compo-
nents. Studies on selective attention, in particular within the visual system, have made
for a major source of insight on the possible mechanism behind modulation of effective
connectivity.

The visual system consists of a hierarchy of brain areas, with a repeating pattern of
convergent feedforward connectivity – with neurons in lower areas sending fanned-in
projections to neurons in higher up areas [224]. A direct consequence of this convergent
connectivity is the increase in the sizes of receptive fields (portion of visual field that
a neuron is responsive to) as one goes up the visual hierarchy – neurons higher up in
the hierarchy combine inputs from multiple neurons with smaller receptive fields from
the preceding areas of the visual hierarchy. This makes it possible to set up a controlled
experiment, presenting two neighboring visual stimuli, such that each stimulus is within
a distinct receptive field of a neural population lower in the hierarchy, and both stimuli
are within the receptive field on the higher-up population (Fig. 1).

A seminal study performed by Moran and Desimone in 1985 [163] utilized this setup.
The researchers trained monkeys on a task to selectively attend to one of two neigh-
boring oriented bar stimuli and ignore the other. Recordings of neural activity were
collected from the lower area V1 (with each neuron’s receptive field containing just one
stimulus) and the higher areas V4 and IT (with receptive fields containing both stimuli).
The results showed that firing rate of neurons in the higher-up visual areas V4 and IT
was as if just the attended stimulus is present. Simultaneously, the firing rate of neurons
in the preceding visual area V1, the source of the feedforward input to V4 and IT, was
seemingly unaffected by attention. In other words, the experiment demonstrated that
attention modulates the effective connectivity from V1 neurons to neurons in V4/IT,
crucially, through a mechanism that does not rely on firing rates alone. So, what sort
of a neural mechanism would allow neural circuits to adapt the effective connectivity
between its cells?

The research presented in this dissertation explores a prominent theory proposing
one such mechanism, referred to as routing by synchrony (RBS) [98, 99, 122, 123] or com-
munication through coherence (CTC) [77, 79]. The mechanism utilizes rhythmic neural

visual �eld

V1

V4

attention

Figure 1.1: Experimental setup and network configuration showcasing selective routing of information.
Two visual stimuli are presented within the visual field. The receptive field of each V1 population contains
one stimulus. Both of these populations project to the same V4 population, whose receptive field contains
both stimuli. When one of the stimuli is attended, the activity in V1 populations does not change, but V4
responds as if just the attended stimulus is present.



motivation 5

activity in the gamma frequency range (40-100Hz) – neurons processing visual stimuli
have been found to exhibit oscillatory activity, with neighboring neurons synchronizing
the discharge of their output into gamma-rhythmic bursts [80, 114]. The central idea
behind the mechanism proposes that gamma rhythms in sending and receiving neurons
(or local populations of neurons) can synchronize, establishing coherence between the
rhythms with an appropriate, favorable phase-coupling such that the bursts of spikes
from the sending neurons arrive to the receiving neurons when they are most excitable
during their gamma cycle, enhancing the transfer of information. Conversely, sending
and receiving neurons could also establish coherence at with an unfavorable phase-
coupling, such that the bursts of spikes arrive to the receiving neurons when they are
least excitable, suppressing information transfer. In this manner, effective connectivity
between neurons can be modulated by controlling the phase, as well as the overall level
of gamma-rhythmic coherence between them.

In support of the RBS mechanism, in 2012, two independent studies utilized a similar
experimental setup described above, showing that V1 neurons processing an attended
stimuli do establish coherence with the downstream V4 neurons, whereas V1 neurons
processing non-attended stimuli establish little or no coherence with the receiving V4
cells [29, 98]. However, this experimental evidence was purely correlative in nature, un-
able to show a causal link between gamma-rhythmic coherence and modulation of ef-
fective connectivity. Cumulatively, whether rhythmic activity serves a functional role or
not remains a subject of debate in the scientific community, with the opposing view
stating that the observed gamma-rhythmic synchronization could merely be an epiphe-
nomenon, a side effect of neural circuitry without functional significance [157, 200].

Working out the intricacies of how neural circuitry achieves flexible information rout-
ing could have major implications for clinical neuroscience. From an information the-
oretic point of view, cognitive dysfunction can be thought of as the inability of neural
circuitry to properly coordinate and process information. Further, there is a substantial
body of research providing evidence that cognitive dysfunction is associated with abnor-
mal rhythmic activity in the gamma-frequency range, with studies showing such a link
across a wide spectrum of disorders [14, 222]: Parkinson’s [241], Alzheimer’s [208, 223],
schizophrenia [127, 133], attention-deficit/hyperactivity [11, 135], anxiety [174], major
depression [74], bipolarity [137], etc. Some clinical studies have successfully employed
targeted stimulation paradigms in order to stimulate specific brain regions at a partic-
ular frequency in order to alleviate cognitive impairment in human subjects [141, 199].
However, most such studies utilized high frequency (130Hz) stimulation, in a purely
experimental manner, without theoretical underpinnings explaining how or why a par-
ticular stimulation protocol affects information processing [143]. Finding causal support
for the role of gamma in neural information processing would allow the clinical research
to make major translational progress, moving from speculative observational evidence
towards concrete methods to identify and treat such disorders [86].

Further insight into how the brain achieves flexible information routing could also
lead to advancements in the research field of artificial intelligence and machine learn-
ing. In the past decade, deep convolutional network algorithms have led to major break-
throughs, allowing to achieve unprecedented performance in specialized tasks such ob-
ject [125] and speech [108] recognition, as well as more complex tasks such as surpass-
ing previous human and algorithm performance at games such as chess [203] and Go
[202]. The structure of deep convolutional networks was inspired by neuroscience. Here,
"deep" stands for a network having many layers of neuron-like units. Lower layers con-
tain more units, such that the connectivity from lower to higher layers is convergent.
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This results in having features represented by units in one layer of the artificial network
combined to represent more abstract features in the next layer, analogous to the hierchi-
cial processing found in visual system of the human brain [224]. However, a prominent
factor present in networks used in machine learning is their lack of flexibility – artificial
neural networks fail to adapt and generalize across different stimuli domains or tasks
– for instance, a network trained to detect and identify human faces fails miserably at
detecting anything else. Thus, major efforts are employed in order to produce what is re-
ferred to as artificial general intelligence – an intelligent algorithm that would be capable to
generalize previously acquired knowledge, attaining the ability to understand and learn
any intellectual task that a human can [20, 95]. Some of the recent advances in the field
have employed new algorithms, called transformers, which enact a form attention called
soft attention within the system, allowing units within a layer to dynamically select which
inputs from the previous layer to operate on, in particular improving performance on
tasks with temporal components, e.g. the order of words during a language translation
task [228]. While all of this sounds analogous to the role of attention in the brain, the
new transformer architecture does not utilize any sort of oscillators producing rhythmic
activity. Further research towards understanding the role of the brain’s rhythmic activ-
ity could potentially be the key to move the field closer to producing general artificial
intelligence [233, 234].

In summary, modulation of effective connectivity between neurons is critical for cog-
nition, allowing for flexible routing of information across brain areas. A visual selec-
tive attention task serves as the paradigmatic experiment relying on modulation of
effective connectivity – two visual stimuli are each processed by distinct V1 neurons,
which project onto the same V4 neurons. Information transfer between V1 and V4 is
enhanced for V1 neurons processing attended stimuli, and suppressed for non-attended
stimuli. Experimental evidence shows that such flexible attention-dependent informa-
tion routing cannot not rely purely on neural firing rates. Rather, a mechanism relying
on gamma-rhythm coherence between activities of sending and receiving neurons is
proposed – routing by synchrony. Further investigation into the mechanism would shed
light on how the brain achieves modulation of effectively connectivity and has further
potential to impact clinical neuroscience and machine learning research. Can we find ex-
perimental support linking information routing directly to observed gamma dynamics?
Is it possible to control information routing by controlling gamma-rhythmic coherence
between neural populations?

1.1 outline

The proceeding dissertation is organized in the following manner:

• Chapter 2 provides an expanded introduction, starting from basic neuroscience
principles that then build up to a comprehensive review of the history and existing
literature on the subject of the gamma-rhythmic information routing mechanism.

• Part II, composed of three chapters, presents a series of data analyses performed
on V1 and V4 neural activity recordings collected from two monkeys performing
a visual selective attention task using a similar configuration to the one employed
by Moran and Desimone 1985 [163], utilizing visual stimuli that allow to compute
their information content within neural activity. The data set was collected and
presented by Grothe et al 2018 [99], which showed that V4 neural activity con-
tains significantly more attended than non-attended stimulus content. We utilize
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this data-set to a perform an analysis exploring the role of gamma-rhythmic syn-
chronization and coherence in attention-dependent information routing from V1
to V4.

In Chapter 3, we propose a hypothesis, built upon existing experimental evidence
on attention-dependent gamma synchronization and coherence between V1 and
V4. The hypothesis states that if attentional information routing utilizes the RBS
mechanism, then we expect that attended stimulus information content within V4
to be conveyed through gamma-rhythmic packages, whereas non-attended infor-
mation content should exhibit no such effect. We develop a method that allows
us to extract gamma phase- and amplitude-dependent signal information content
within neural activity. This allows us to directly test the hypothesis, with the re-
sults showing that attention-dependent stimulus information content is modulated
by V4’s gamma rhythm. In chapter 4, we investigate gamma rhythm’s role for feed-
back, as opposed to feedforward information processing. In chapter 5, we explore
the role of gamma synchronization on stimulus information content within V1 as
well as the role of gamma coherence between V1 and V4 on information routing.
Cumulatively, the results from the chapters show a direct link between gamma-
rhythmic synchronization/coherence and feedforward attention-dependent infor-
mation routing, confirming our hypothesis and showing a direct and causal link
between stimulus information routing and gamma-rhythmic activity.

• In part III, we propose a closed-loop stimulation paradigm in order to control
gamma coherence between sending and receiving neurons, while observing the
impact on information routing. Using microstimulation pulses in order to control
coherence would allow to directly test the efficacy of the RBS mechanism. The
closed-loop algorithm utilizes minimal electric perturbations, by relying on real-
time state of the system, in order to work out the appropriate moment in time to
apply a single electric perturbation in order achieve a desired phase coupling be-
tween neural populations. This approach is unique, since many experimental and
clinical paradigms have employed continuous periodic stimulation in order to es-
tablish and maintain a desired effect, without consideration for state of the system.
The paradigm is tested within a biophysically-constrained model of neural pop-
ulations akin to the V1 and V4 populations processing stimuli during a selective
attention task. In order to make the activity of the model comparable to real neu-
ron activity, we test the efficacy of the paradigm for models affected by increasing
levels of noise. Cumulatively, by testing the paradigm within the model, we de-
velop and prepare all the necessary tools to perform a similar experiment in vivo.
Such an experiment would provide conclusive evidence resolving any doubt con-
cerning the RBS mechanism. Further, the proposed approach – relying on system
state, minimizing the amount of the electric stimulation, and combined with con-
crete understanding of the underlying network dynamics – could enable further
progress in clinical studies on cognitive disorders.

• Finally, in part IV, the outlook, we discuss and expand on the impact of the per-
formed investigations. Various challenges faced throughout the research projects
are addressed. We expand beyond the scope of the presented research by dis-
cussing the role of gamma within the bigger picture, the role of other rhythms
and their interaction with gamma. Utilizing the insight acquired throughout the
performed projects, we propose a series of further experiments, data analyses and
models in order to further understand the role of neural rhythms in cognition.





2
B R I E F N E U R O S C I E N C E P R I M E R

2.1 neurons

Neurons are the fundamental units of the brain, responsible for acquiring, processing
and disseminating information about an organism’s body and its environment. They do
so by sending and receiving electro-chemical signals across wide networks of intercon-
nected units forming the neural circuitry of the brain. The main components of a neuron
are the soma – the body of the cell, dendrites – extensions with many tree-like branches
where the neuron receives signals from other cells, and an axon – a long (up to a meter or
more!) cable-like projection that ends in branched terminals responsible for delivering
signals to other cells. The axon terminals of one cell terminate at the dendrites of another
cell at a location called the synapse – signals travelling down the axon of the presynaptic
(or sending, or upstream) cell get transmitted to the dendrites of the postsynaptic (or
receiving, or downstream) cell.

A neuron is not intrinsically a good conductor of electricity, rather relying on elabo-
rate mechanisms that generate electrical signals based on the flow of ions (e.g. K+, Na+,
Cl−, Ca2+) across the cell’s plasma membrane . The flow of ions across the membrane is
controlled by ion channels and ion pumps – complex proteins embedded within the cell’s
membrane. Ion pumps consume energy in order to transfer ions against the concentra-
tion gradient, establishing and maintaining a difference of ion concentrations inside and
outside a cell. Ion channels let ions diffuse rapidly down the concentration gradient. For
many types of ion channels, their permeability is controlled by the membrane potential –
voltage-gated channels. Be default, without any extra input currents into the cell, the over-
all flow of ions across the cell’s membrane produces a negatively polarized equilibrium
– the resting membrane potential, typically -40 to -90 mV.

If the membrane potential of a neuron becomes sufficiently depolarized (e.g. due to an
input current), Na+ voltage-gated channels open up, causing a rapid flow of Na+ ions
into the cell, causing rapid depolarization. Once the membrane potential is sufficiently
high, K+ channels open, causing a flow of K+ ions out of the cell, rapidly re-polarizing
the neuron and causing the Na+ channels to close again. This sudden opening and
closing of ion channels within the cell body propagates down the cell’s axon, producing
an action potential (also called a spike). The action potential is an all-or-nothing event —
for a specific cell, the magnitude of it’s action potentials are consistent, independent
on how each one is initiated. Following an action potential, the cell needs some time,
referred to as refractory period, to be ready to release another spike. The release of an
action potential is often referred to as firing of the neuron, hence, firing rate refers to how
many spikes are elicited by a neuron within a period of time. Multiple action potentials
are often referred to as a spike train.

At the end of the axon, at the presynaptic terminal, an action potential results in
the release of neurotransmitters from synaptic vesicles into the synaptic cleft, the space be-
tween the presynaptic axons and postsynaptic dendrites (for chemical synapses). These
neurotransmitters bind to receptors, special channels within in the dendrites of the post-
synaptic cell, activating them and resulting in a flow of ions across the postsynaptic
cell’s membrane that deflect the its membrane potential from its resting state. Crucially,
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Figure 2.1: Neuron anatomy

a presynaptic neuron releases the same set of neurotransmitters from all of its axon
terminals. This effectively means that for a particular neuron, the effect of its action po-
tential can either depolarize/excite its post-synaptic targets, or hyperpolarize/inhibit its
post-synaptic targets (bringing the membrane potential away from the firing threshold)
– known as Dale’s principle [212]. This leads to one of the major identifiers of neuron type
— whether a cell is excitatory or inhibitory.

In addition to being identified as inhibitory or excitatory, there are many sub-types of
neurons, varying across multiple attributes, such as the shape and spread of their den-
drites, size of soma, axon length, etc. Of particular interest for our research, interneurons
are relatively small inhibitory cells whose axons are relatively short, projecting locally to
other cells in their vicinity. These units have been found to play a vital role in generating
rhythmic neural activity [245] (covered in detail in a following section on brain rhythms).
Pyramidal neurons are among the fundamental excitatory units; they project both locally
and across larger distances across different areas of the brain.

Within the neural circuitry of the brain, a single neuron receives input from multiple
(up to many thousands) of cells. Generally, the balance between input excitation and
inhibition – homeostastis – ensures proper neural function [45, 235]. Too much inhibition
and the post-synaptic neuron stays hyperpolarized and never fires; too much excitation
and the neuron never stops firing. Cumulatively, a post-synaptic unit’s spiking activity
is rarely the same as that of its inputs. At each synaptic relay, the information content
present within the input activity is transformed, for example amplifying or attenuating
the signal from subsets of the input signals. Typically, a single neuron plays a relatively
minor role within the scope of the network of interconnected units it belongs to.

2.2 modelling a neuron

Neurophysics, in many cases synonymous with computational/theoretical/mathemat-
ical neuroscience, employs mathematical models, computational simulations and theo-
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retical analysis in order to understand the principles behind brain function. Modeling
studies aim to capture the essential features of a biological network by employing the
appropriate levels of abstraction depending on the research scope and granularity of the
analyzed biological system. For the research presented in this dissertation, we utilize
single-neuron models that aim to recreate biologically plausible spiking activity.

A common way to model a single neuron is that of an electrical circuit, the input-
output membrane voltage model, describing the relationship between the neuronal
membrane currents at the input stage and the membrane voltage and spiking activ-
ity at the output stage in accordance to Kirchhoff’s law. Such models generally consist
of a set of nonlinear differential equations based on the time derivative of the law of
capacitance:

Cm
dV(t)

dt
= −∑

i
Ii(t, V)

where on the left side of the equation, Cm is the cell’s membrane capacitance, V is the
membrane potential and on the right side we have the sum of the various currents
Ii flowing through the membrane. A series of classical experiments by Hodgkin and
Huxley from 1952 [110–113] utilized the voltage clamp method to work out the non-
linear equations of various voltage-dependent ionic currents of a giant squid neuron,
providing a model that closely recreated the membrane’s voltage behaviour including
the generation and shape of action potentials. Each voltage-dependent ionic current was
given by:

I(t, V) = g(t, V) · (V − Veq)

where Veq is the equilibrium potential for the specific ionic channel and g(t, V) is its
voltage-gated conductance (inverse of resistance). The conductance for each channel
is further expanded in terms of its maximal conductance ḡ, cumulatively resulting in
the following voltage-current relationship accounting for a cell with sodium (Na) and
potassium (K) channels:

Cm
dV(t)

dt
= −ḡKn4(V − VK)− ḡNam3h(V − VNa)− ḡl(V − Vl)

Here, gl stands for the constant conductance associated with current leaking out from
the cell due to passive ionic channels. n, m and h are dimensionless quantities between 0
and 1, determining the voltage-gating properties associated with potassium and sodium
channels and ensuring that the action potential shape is similar to the biological one.
Ultimately, for many studies including our own, one only needs to ensure the proper
timing of the spikes, without much concern for their shape. For these purposes, it is
common to utilize mathematically simpler models, such as the leaky integrate-and-fire
(LIF) model.

LIF model describes a neuron’s membrane voltage as a function of the input current,
predicting the spike times without all of the biophysical details that shape an action
potential. When the voltage of an LIF neuron reaches the threshold potential Vth, the
neuron is said to have released a spike and its membrane potential is immediately re-
set back to the resting potential VR. Otherwise, its behaviour can be described with a
differential equation, similar to the Hodgkin-Huxley model:

Cm
dV(t)

dt
= −ḡl(V − Vl)
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Figure 2.2: Electrical circuit diagrams for Hodgin-Huxley and Leaky Intergrate-and-Fire neuron models

Overall, there are quite many versions of similar conductance-based neuron mod-
els, adapted to recreate certain neuron behaviours, such as burst spiking, adaptation,
synaptic plasticity, etc. In the modeling study presented in this dissertation, we used the
quadratic integrate-and-fire model, covered in detail in the relevant chapter. This model is
a reduction of the Hodgkin-Huxley model, keeping biophysically accurate behaviour of
the cell’s potential prior to releasing a spike, and utilizing the thresholding approach for
spike generation from the LIF model.

2.3 electrophysiology

A number of techniques are employed in order to record and study brain activity. Some
techniques are invasive, involving surgical implantation of measuring devices, and some
are noninvasive, allowing to access the brain activity without any surgery. Common non-
invasive techniques, falling into the category of neuroimaging, include:

• Functional Magnetic Resonance Imaging (fMRI) – detects changes in the blood oxy-
genation throughout the brain that occur in response to neural activity. fMRi has
a spatial resolution of a few millimeters and is capable of recording from the en-
tire brain simultaneously, however the recorded signal has a rather low temporal
resolution of multiple seconds.

• Electroencephalography (EEG) – records the electrical activity of the brain through
electrodes placed on the the surface of the scalp. It has a spatial resolution of about
a centimeter and a temporal resolution of about a millisecond.

• Magnetoencephalography (MEG) – is similar to EEG but instead of sensing the elec-
trical fields it records the magnetic fields generated by neural currents. Its spatial
and temporal resolution are similar to EEG.

While the benefits of non-invasive techniques are paramount, their lack of spatial or
temporal resolution does not allow to study the fine details of neural network dynam-
ics and function, especially at the level of assessing the activity of individual neurons.
Electrophysiology includes a number of invasive techniques, involving the insertion of
electrodes directly into brain tissue. Of these, intracellular electrodes allow to record
voltage and currents across the membrane of a single cell. Techniques involving intracel-
lular recordings include:
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• Voltage clamp – lets the experimenter "clamp" the voltage of a cell at a desired value,
allowing to assess how ionic currents of a neuron behave at a specific voltage.

• Current clamp – keeps constant current into the cell to observe changes in voltage.

• Patch clamp – instead of a sharp electrode, this method involves using a micro-
pipette to attach to a patch of a cell’s membrane, which allows to either study the
ionic channels within the patch iself, or displacing the patch to allow intracellular
recording.

The research presented in this dissertation is focused on inter-areal neural dynamics,
looking to assess the activity of local populations of neurons at a millisecond level tem-
poral resolution. The non-invasive techniques allow to assess neural population activity,
however they either lack the necessary temporal resolution (fMRI) or lack the neces-
sary spatial resolution (EEG). Intracellular recording techniques allow to only focus on
a single cell at a time. Consequently, the analyses performed in this dissertation relies
on invasive extracellular recordings. These techniques involve placing the electrode into
the brain tissue in the medium between intact neurons and recording the extracellu-
lar electric fields. These recordings result in a signal containing contributions from fast,
millisecond-level precision spikes of nearby neurons, as well as slower synaptic currents
of a larger local population of cells.

Filtering an extracellular recording with a high-pass filter (>500Hz) and taking the
absolute value of the result extracts the entire spiking activity (ESA), with neurons closest
to the electrode showing up as high amplitude deflections in the signal [60]. ESA is a
continuous signal representing the spiking activity of the local population of neurons.
Consequently, taking a threshold of the high-pass filter of an extracellular recording
allows to extract the spiking activity of a few neurons closest to the electrode, a dis-
crete spike-times signal referred to as multi-unit activity (MUA). Further, analysing the
waveform of each spike allows to categorize the spiking activity of individual cells.

Taking the low-frequency component of an extracellular recording provides the local
field potential (LFP). LFP is commonly used as an indicator for the activity of a local popu-
lation of neurons. However, the precise nature of LFP is not fully understood, including
how far the local population of neurons extend, or the level of contribution of neurons
distant from the electrode. The composure of LFP varies depending on the local network
configuration, making it particularly tough to recreate it accurately in models [64]. For
instance, the synaptic currents summed up in the LFP signal occur as a result of the
input activity to the local neurons, weighted by their distance to the electrode, however,
due to recurrent connectivity, the signal ends up as a complex mixture of input activity
as well as the local output activity [38, 101].

2.4 neural network organization

The number of neurons within a mature human brain is estimated to be 86 billion [105],
with an average of roughly 7000 synaptic connections from each cell to other units [57],
resulting in estimates of a 1014 to 1015 connections in total. This enormous number of
neurons and their connections is simplified by the high levels of organization. Neigh-
boring interconnected neurons form local populations, which combine to form distinct
functional areas of the brain. Systems of the brain are then composed of multiple intercon-
nected functional areas, with each system being responsible for a different function (e.g.
the sensory systems: visual, auditory, somatosensory, etc).
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Each system is composed of multiple cortical areas that form an organized functional
pathway [156, 224, 242]. Although there are certainly neural projections between distant
areas of the brain, a large portion of neural connections are confined between the serial,
neighboring areas within a pathway. Neurons and connections participating in infor-
mation flow from lower-order areas to high-order areas are referred to as ascending or
feedforward or bottom-up. Connectivity from the higher-order areas down to lower-order
areas is referred to as descending or feedback or top-down.

For the sensory systems, lower-order areas, starting with the peripheral sensory cells
(e.g. in the retina of the eye, the cochlea of the inner ear, the surface of the skin), transfer
stimuli information to higher-order areas which in turn project onto further higher-order
areas up the functional pathway. Feedforward connectivity exhibits a strong convergent
nature, having many neurons from lower-order areas project to a single neuron in a
higher-order area. Thus, the information representation of the sensory stimuli within
neural activity starts with simple features in the lower-order areas, growing in complex-
ity as multiple projections from lower-order areas converge and get processed at each
successive step up the functional pathway.

An important feature of the organization of most sensory systems is that the neu-
rons are arranged topographically throughout successive stages of feedforward process-
ing. Neighboring groups of cells in the retina project to neighboring groups of cells in
the thalamus, which in turn projects to neighboring regions in the primary visual cortex
and so on to higher-order secondary and tertiary visual areas. Thus, at each successive
synaptic relay, neurons form an orderly neural map of information from the receptive
surface. The spatial receptive field of a neuron (or a local population of neurons) refers
to the area of the sensory space (or range of frequencies in the case of the auditory
system) that the neuron is responsive to. Due to the strong converging nature of feed-
forward connectivity, the size of receptive fields increases at each successive step up the
functional pathway [91].

Within each functional pathway, feedforward projections from one area to the next
are accompanied by reciprocal feedback projections. These projections relay the informa-
tion generated by higher-level cognitive functions, such as memory and attention, and
are responsible for modulating the activity of neurons in the lower-order areas within
the global context of sensory input, pre-existing knowledge, emotional state, stimulus
expectation. One of the major processes implemented by such top-down connectivity
is attention, selecting relevant information out of otherwise overwhelming amount of
feedforward sensory input. Without such filtering, it would be difficult to handle the
large amount of information. The mechanism behind selective processing of feedfor-
ward information is the primary subject of this dissertation, covered in more detail in
a following section. A large portion of information processing – responsible for brain
functions such as sensory perception, cognition, motor control and language – occurs
within the area of the brain closest to the surface – the neocortex.

The neocortex is a major part of the brain, consisting of roughly 2mm of tissue closest
to the surface. It contains a vast amount of the brain’s functional areas and is respon-
sible for many cognitive functions such as sensory perception, cognition, generation of
motor commands, spatial reasoning and language. It has a very high density of neurons,
roughly 20% excitatory and 80% inhibitory, referred to as grey matter (named so for what
it looks like anatomically). The volume below the grey matter is primarily composed of
the axon connections from the neurons above – white matter. Most of the neocortex has
a uniform structure consisting of six distinctive layers, with each layer containing a
consistent set of neuron types within a functional area. Neurons within a column of
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neocortex have nearly identical receptive fields and are thought to form a local process-
ing network. A cortical column is often considered to be a canonical microcircuit of the
brain [56]. The neurons within each layer of a column exhibit repeating connectivity pro-
files – inter-laminar projections within the column itself, projections to and from other
neighboring columns, and inter-areal connections to and from other areas of the brain.
It has been found that feedforward intra-areal projections originate in the upper three
layers (called superficial or supragranular) and terminating at layer IV (called the granular
layer), whereas the lower layers (referred to as deep layers or infragranular) send feed-
back projections terminating at layers I and VI in lower-order areas [70]. Related to this,
upper and lower layers of the neocortex have been found to exhibit distinct patterns of
rhythmic neural activity.

The visual system is the largest and most intensively studied system, leading to many
of the discoveries about cognitive function and the structure of neural network organiza-
tion. It also happens to be the area utilized in the studies presented in this dissertation.
The following section covers some of the intricacies of the visual system, revisiting and
expanding the concepts presented above. The reader should remember that many of the
findings and discoveries about the functional organization of the visual system corre-
spond to similar structure within the other functional systems.

2.5 the visual system

The following text on the visual system has been summarized from the following textbooks: chapters 25-29
of Principles of Neural Science by Kandel et al. [119] and chapter 12 of Neuroscience by Purves et al. [181].

Vision is the sense that humans and many other species depend on most. The visual
system can be divided into a number of distinct sub-regions that can be arranged hierar-
chically, with simple visual features represented within neural activity within the lower-
order areas, which then combine through convergent connectivity to form more complex
feature representation in higher-order areas [224]. For many mammalian species, in par-
ticular for primates, early visual areas retain a topographical organization throughout
the functional pathway, also referred to as continuous retinotopic mapping, having neigh-
boring neurons receptive to a confined region of the visual field.

Prior to sensory information entering the cortex, the visual system starts at the retina
of the eye, where specialized cells called photoreceptors activate in response to absorbing
photons of light. Photoreceptors are divided into two types: rods are responsible for vi-
sion under dim illumination; cones are categorized by the range of wavelengths of light
that they respond to, allowing for color vision. For primates, the density of cones is
dramatically higher in the center of the retina, allowing for much higher acuity in the
region, an effect that propagates up the visual system. Within the retina, the photorecep-
tors project onto bipolar cells, which in turn project to retinal ganglion cells. The ganglion
cells receive input from multiple photoreceptors and perform simple feature extraction,
characterized by their center-surround receptive fields – on-center cells activating in re-
sponse to an annulus with a bright center surrounded by a ring of darkness, off-center
cells activating in response to a dark center surrounded by a ring of brightness. The
ganglion cells in the retina project to the lateral geniculate nucleus or LGN in the thalamus
which acts as a relay point for visual information from the retina to the primary visual
cortex, located at the posterior of the brain.

A prominent hypothesis in neuroscience argues that information processing in the
cortex occurs through distinct pathways or "streams" of information processing – the
two stream hypothesis. It’s important to note that one should not over-emphasize the in-
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dependence of the two streams as experimental evidence has shown there is interaction
between them [151]. One stream, called the dorsal pathway, extends from the back of the
brain through the top and then towards the front of the brain. This functional pathway,
often referred to as the where stream, is involved in information processing concerning
object location and movement. Cumulatively, the dorsal pathway performs visuo-motor
integration and is responsible for spatial awareness and vision-related movement guid-
ance. The other stream, referred to as the ventral pathway, extends from the back of the
brain, towards the bottom left and right sides of the brain. This visual pathway, often
referred to as the what stream, is involved in processing of shape and form of visual stim-
uli, cumulatively performing object recognition. Both streams are comprised from series
of distinct areas. The majority of neural connections are between adjacent areas within
a stream, referred to as serial connectivity, although there is also connectivity between
the two pathways themselves, referred to as parallel connectivity. The research presented
in this dissertation primarily involves the early visual areas in the ventral stream, in
particular areas V1, V2 and V4, covered in detail below. However, the results and con-
clusions arising from these explorations are relevant across both streams as well as other
functional systems.

The primary visual cortex, usually shorthanded as area V1 and historically referred
to as the striate cortex for looking "stripy", is the starting location for both streams. It
combines the center-surround information content of the inputs from the LGN, result-
ing in having its neurons respond selectively to an array of simple features. V1 neurons
selectively respond to brightness, orientation, spatial frequency, direction of motion and
temporal frequency (e.g. in the case of a drifting grating). Typically, a neuron in V1
has a receptive field size ranging around 0.5-5 degrees, with smaller fields towards the
center/fovea and larger fields with increasing eccentricity. Additionally, V1 begins inte-
gration of information from the two eyes, resulting in an ocular dominance map. All these
features are organized into distinct maps of selectivity that span the region. These maps
of functional organization coexist, overlaying each other and resulting in any particular
cluster of neurons activating in response to a specific combination of stimulus features.
Thus, a neuron in V1 is most excitable, or tuned to a gabor visual stimulus – a grating,
localized in visual space with a specific orientation and spatial frequency. Neighboring
neurons possess nearly identical response properties to a stimulus, forming a cortical
column. A small segment of the visual cortex corresponding to a particular part of the
visual field contains cortical columns that span all the possible feature values. One of
the information processing operations of V1 is thought to be edge-detection – a simple
filtering of the visual input to enhance edges and contours. Critically, V1 activity shows
very little modulation by attention.

The primary visual cortex projects to the next step in the visual system – the sec-
ondary visual cortex also known as the prestriate cortex or just visual area V2. The
receptive field sizes of a neurons in V2 are roughly 2 times greater than V1. This area re-
tains the gabor-like information coding from V1 while integrating the ocular dominance
information, allowing the neurons to assess the depth of the elements within the visual
scene to perform some rudimentary segmentation of the visual input into foreground
and background elements. From area V2, feedforward projections are split into the ven-
tral and dorsal streams. V2 projects to area V3, which can be subdivided into dorsal and
ventral subdivisions, each with distinct connections to areas within the corresponding
stream. V2 also projects to area V4 in the ventral stream.

For the dorsal "where" stream, neurons within the dorsal subdivision of V3 send pro-
jections towards to the top of the brain, the parietal lobes, into area V5, often referred
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Figure 2.3: Visual system of macaque, ventral and dorsal pathways

to as area MT, middle temporal area. This area also receives direct input from area V1
and V2 and contains neurons that are highly selective for direction and speed of motion.
Area MT connects with areas VIP (ventral intraparietal), and LIP (lateral intraparietal) –
involved in visual attention and eye movements, area MIP (medial intraparietal) – rep-
resenting space in terms of head/eye/nose-centered coordinates and used for visual
control of reaching and pointing, and AIP (anterior intraparietal) – containing neurons
responsive to shape size and orientation of objects and integrating visuo-motor informa-
tion utilized for grasping and manipulating hand movements. These regions of the brain
are connected with areas in the front of the brain, the frontal cortex, including areas FEF
(frontal eye field), which plays an important role in visual attention and guiding eye
movements, and areas PMd (dorsal premotor cortex) and PMv (ventral premotor cortex)
– with neurons in these areas serving the role of preparation and guidance of movement
in relation to the to objects in the immediate space surrounding the body. These areas
are considered to be the final stage in the dorsal stream. They are connected to areas
within the prefrontal cortex (PF), which carries out higher cognitive functions such as
memory and decision making, sending information back down the dorsal pathway to
enable goal-oriented information processing.

In the ventral "what" stream, area V4 receives most of its feedforward input from
area V2 and some from V1. The receptive field size of a neurons in V4 are roughly
4 times greater than in V1. The neurons within this area retain tuning for orientation,
color, brightness and spatial frequency present within the inputs from the lower-order
areas. Some neurons are tuned for object features of intermediate complexity, like simple
geometric shapes and texture. Critically, V4 is the first visual area in the ventral stream
that has been found to exhibit strong attentional modulation. Area V4 sends strong
converging projections to higher-order areas in the ventral stream, to area TEO in the
temporal cortex and onwards to neurons in the inferotemporal cortex (IT). The receptive
field of IT neurons tend to be large, with many neurons being responsive to nearly the
whole visual field. Further, these neurons do not respond to simple features like spots
or oriented bars, but rather exhibit consistent responses to complex forms. A subset
of IT neurons is selective for facial images, with cells being selective for specific faces.
Further, IT neurons are usually invariant against changes to stimulus size, contrast, color
or position within the visual field. The IT cortex is considered to be the final stage in
the ventral stream. It is connected to higher-order brain areas such the prefrontal cortex
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and hippocampus, responsible for cognitive processes such as learning and memory
formation, sending modulation signals that propagate back down the ventral pathway.

Cumulatively, for each stream, through convergent connectivity of the afferent projec-
tions, successive areas in the feedforward direction contain neurons with larger recep-
tive fields and response properties that are tuned to increasingly complex features of the
visual input. In the feedback direction, information from higher-order areas is relayed
from higher-order to lower-order areas, modulating the activity within lower-order areas
to select subsets of afferent signals, boosting behaviourally-relevant information at the
cost of non-relevant inputs. This selective processing of information is a fundamental
cognitive process – selective attention.

2.6 selective attention

Selective information processing is one of the critical characteristics of the mammalian
brain, allowing to quickly adapt information processing in response to the complex and
rapidly changing sensory input and behavioural demands. While this flexibility could,
in principle, be achieved through direct anatomic changes in synaptic connectivity, such
modifications are on a considerably slower time scale than required for many cognitive
processes. Thus, some sort of a functional mechanism is necessary in order to adapt the
effective connectivity through the brain. In our investigations, attention serves as the
characteristic cognitive function that employs flexible information processing. Broadly
speaking, attention is the cognitive function responsible for allocating neural resources
to process a subset of external or internal information at the expense of resources that
might have been allocated to other concurrent information.

2.6.1 Key concepts and psychology of attention

A popular example of selective attention is referred to as the cocktail party effect, where
a listener can selectively attend to one voice, tuning out other simultaneously ongoing
conversations and sounds around them. Similar effects are found throughout the other
sensory modalities. One of the earliest theories of selective attention was proposed by
1950s by psychologist Colin Cherry [49] and later complemented by Donald Broadbent
[31] in the 1950s, stating that the capacity to process information is limited and unat-
tended information is filtered out from the processing steam early on in the sensory
system – the early-selection model. These ideas were expanded further by Anne Triesman,
noting that at least some information from the unattended source is getting processed,
for instance when hearing your name grabs your attention in an otherwise unattended
conversation [219]. This finding has led to the proposal of the late-selection model, where
an attentional mechanism is only employed after some level of higher-level processing
is completed, determining what input information enters consciousness. Psychological
theories of attention were revisited further, incorporating the concept of perpetual load
[130]. Perceptual load is the idea that there’s a limited capacity of information process-
ing available to be allocated across the set of input information, thus the complexity of
a task and the brevity of presentation strongly influences the amount of information
routing of attended and non-attended components. If a task is simple, the perceptual
load is low, allowing for more processing available for non-attended inputs and allow-
ing them to reach higher processing levels where late-selection mechanisms operate. If
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a task is complicated or the amount of time to process and input is sufficiently small,
non-attended components do not get processed.

Many studies on attention involve a subject consciously directing their attention to a
particular aspect in the sensory environment. This type of voluntary attention is called
endogenous, with attention being directed via a top-down source. Endogenous attention
can be further categorized as overt – involving orientation of head and eyes to a stimu-
lus, improving information processing of the desired stimuli by facing the source of the
sound or placing a visual stimulus in the center of the fovea; or covert – where attention
is directed without moving the head or eyes. Many studies focused on overt attention
involve analyzing patterns of gaze throughout a scene [81, 120], whereas studies focused
on covert attention typically involve holding fixation on a particular point while present-
ing cued (to be attended) or uncued (non-attended) stimuli at particular locations of the
visual field [47, 65]. In contrast to conscious top-down processes, attentional shifts can
also occur involuntary, driven by bottom-up stimulus information. This sort of attention
is referred to as exogenous. Here, attention is directed towards a subset of the sensory
input with high salience – the degree to which a portion of the sensory input is different
from its surroundings. Cortical areas such as LIP and FEF have been found to provide
a sort of an information-allocation priority map, referred to as a salience map, based on
local stimulus features within a scene [69, 126, 216].

A noteworthy series of psychological studies examining the effect of covert attention
on perception were performed by von Helmholtz in the late 19th century [238, 239]. In
one of the studies, subjects were asked to fixate on a central fixation point on a board in
a dark room which had random letters written on at varies eccentricities away from the
fixation point, unrecognizable until the board was briefly lit up. The experiment showed
that participants were only able to discriminate the letters located within restricted re-
gions of the visual field which the subjects covertly attended prior to switching on the
light. This illustrates the link between attention and selective information processing dur-
ing visual spatial attention. Further studies showed that attention results in an increased
sensitivity to stimulus changes within the attended region, indicated by the subjects’ be-
havioural performance in an experiment, e.g. by the accuracy and reaction times of their
responses [67, 179]. Attention can also be directed towards a particular named feature,
feature-based attention [155], such as color or shape of the presented stimulus, or even
a combination of features present within complex objects, object-based attention [63]. In
these cases, rather than increasing information processing within a region of the visual
field, attention is thought to increase the information processing capabilities specific to
a desired feature or combination of features across the entire visual field.

2.6.2 The neuroscience of attention

Psychological studies have allowed to examine attentional processes in terms of subjects’
behaviour, drawing conclusions based on subjects’ performance, such as accuracy and
reaction times when performing a carefully designed task. Neuroscience studies attempt
to find neural correlates and work out the neural mechanisms underlying the resulting
behavioural effects. A variety of effects have been reported on neural activity of single
neurons or local population of neurons when comparing the activity when processing
attended versus non-attended stimuli, at various stages of the visual pathway.

Within single units, attention tends to increase the mean firing rate, improving the
signal to noise ratio of the encoded information [142, 165, 190, 220]. However, Mitchell
et al. 2009 [162] found that the attentional effect on firing rates in V1 is rather small,
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accounting for just a fraction, 9.5%, of the differences in performance between the at-
tended conditions. In the same study, the researchers analyzed the paired correlations
of neural spiking activity, finding that task-irrelevant activity fluctuations were signifi-
cantly reduced when processing attended stimuli. Crucially, multiple studies have also
found significant effects of attention on the rhythmic activity of the neural populations
– covered in more detail in the next section.

The above effects were acquired from experiments with only one stimulus, attended
or non-attended, within the receptive field of a neuron or population of neurons. In
order to study attention dependent routing of information, it is necessary to assess the
activity of neurons that contain both attended and non-attended stimuli within their
receptive field. A study by Moran and Desimone 1985 [163] performed precisely such an
experiment by recording neural spiking activity in areas V4 and IT. Within the recep-
tive field of the recorded neurons, the researched placed either an effective stimulus
(eliciting a high-firing rate), or an ineffective stimulus (eliciting a low-firing rate), or
both simultaneously, with the task to attend to one of the stimuli. By comparing the
firing rates between the conditions, the researchers found that when two stimuli were
present within the receptive field, neurons respond as if just the attended stimulus was
present. Simultaneously, the researchers found that V1 neurons, containing one of the
two stimuli and responsible for sending stimulus information to V4 and IT, did not
exhibit attention-dependent changes in their firing rates.

These findings from the above experiment have been replicated for other areas in the
visual pathway [99, 131, 142, 185, 186, 220], showing that attending to a stimulus results
in having its representation enhanced in downstream populations while suppressing
the representation of a non-attended stimulus. Crucially, this effect cannot be explained
solely by the small effects of attention on the firing rate within lower-area sender neu-
rons, e.g. V1 neurons that project to V4. This poses the central question explored by
the research in this dissertation: where and how does attention intervene in the neural
circuitry and neural dynamics between sending and receiving neurons.

There are multiple possible points where attention can intervene [99]. In early inter-
vention point, attention could modulate the output of the sender populations resulting
in a stronger input signal to V4 from the V1 population with the attended stimulus in its
receptive field – input gain modulation. In the intermediate intervention point, attention
could modulate the interaction between sending and receiving populations with the at-
tended signal from V1 getting enhanced en route to V4 – afferent signal gating. In the
late intervention point, attention could modulate the response of the receiver population
at its output stage – output gain modulation. In the next section, we finally introduce
rhythmic neural activity.

2.7 rhythmic neural activity

Rhythmic neural activity, also referred to as neural oscillations, were observed as soon
as the first methods of recording of a brain’s electrical activity were developed over a
century ago, first in rabbits and dogs in 1875 by Adolf Beck [53], and then in human
brains with the invention of the Elektrenkephalogramm (EEG) by Hans Berger in 1924
[118]. Since then, oscillatory neural activity has been found to be widespread throughout
biological neural networks, observed at many levels of neural organization, and linked
to many cognitive functions [39, 77]. When an area in the visual cortex of a subject is
activated by a stimulus within its receptive field, neurons tend to engage in rhythmic
synchronization in the gamma-band (30-90Hz) [76, 80, 96].
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Oscillatory neural activity in a group of neurons arises as the result of synchronized
firing of the cells in a temporally-rhythmic manner, resulting in alternating periods of
low and high levels of neural activity. Rhythmic neural activity can be characterized
by its frequency, amplitude and phase, occurring at various frequency bands, which got
their names from the order in which they were observed – alpha (8-12Hz), beta (13-30Hz),
gamma (>30Hz), and afterwards delta (1-4Hz) and theta (4-8Hz).

2.7.1 Local circuit oscillation mechanisms

There are two network setup candidates that have been found responsible for generation
of self-sustained gamma neural rhythms within local populations of neurons [41]. Both
circuits rely on inhibitory interneurons (I) that project locally within a cluster of neurons,
acting as a rhythmic pace-maker within the local population.

In one setup, a sub-population of the inhibitory cells exhibit strong recurrent connec-
tivity to itself – I-I connectivity [33, 121, 240, 246]. In this setup, the inhibitory cells are
sufficiently excited by an external input to begin firing, which, after a delay, causes the
cells to get suppressed by their own recurrent inhibitory input, which, in turn, removes
the recurrent inhibition allowing the population to start firing again. The inhibitory cells
also project to the local excitatory pyramidal neurons, enforcing their rhythm across the
local population.

In the second network setup, the sub-populations of excitatory and inhibitory cells
send and receive reciprocal projections – E-I connectivity [27, 33, 68, 247]. In this case,
spikes from the excitatory population cause the inhibitory cells to start firing, which
consequently suppress the excitatory neurons, which then cause the inhibitory cells
themselves to stop firing without their excitatory drive, allowing the excitatory neurons
to start firing again and repeating the cycle.

Both circuits are proposed to be driving attentional gamma oscillations [217]. In both
circuits, the delay between a neuron population firing off a burst of spikes and the sub-
sequent effect of these spikes on the receiving neurons sets a range of frequencies of
oscillations that can be produced. Raising (or lowering) the level of excitatory drive to
either network raises (or lowers) the frequency at which it oscillates within a relatively
narrow range of frequencies. In this way, a network is said to be resonant to the spe-
cific frequency-band, generating or enhancing rhythmic activity when its neurons are
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Figure 2.4: ING and PING oscillation mechanisms
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driven from an outside source. In the case of gamma oscillations, the first mechanism
is often referred to as ING (interneuron gamma) and the second is referred to as PING
(pyramidal-interneuron gamma) [13, 26, 244].

2.7.2 Binding by synchrony

One of the major functions proposed to be enacted by neural rhythms is that of "solving"
the binding problem. The binding problem asks the question of how features of individual
objects, sensory (e.g. seeing an object) or abstract (e.g. a thought), are grouped together
or segregated into discrete concepts. Within the constructive nature of the feedforward
visual system, how do all the features of an object (e.g. its color and its shape coded by
separate neurons) get combined to cumulatively form the perception of that object as its
own individual thing?

The theory, called binding-by-synchrony (BBS) proposed that neurons coding for fea-
tures of some object are "bound" together by firing synchronously in the gamma rhythm
whereas neurons that do not code for features of an individual object do not synchro-
nize [160, 200, 204]. In essence, rhythmic activity would allow to exploit the time do-
main to bind stimulus features together, allowing to flexibly group widely distributed
neurons into coordinated assemblies. A number of studies have shown support for this
theory, showing neurons processing the same stimulus within an area do exhibit gamma-
rhythmic syncrhonizatoin in their responses [66, 124]. However, other investigations
found that such gamma-rhythmic synchronization is not consistent, present for certain
perceptually-bound stimuli but decreased or absent for others [90, 116, 183, 215]. The
debate whether gamma-band synchronization plays a fundamental functional role [78,
123] or is merely an epiphenomenon arising from neural circuit organization, accompa-
nying cognition without a functional role [157, 200] remains a subject of major debate
today.

Eventually, later experiments indicated that synchronized oscillatory activity is not
only stimulus driven, e.g. feedforward, but also depends on feedback processes such
as anticipation of an attention-demanding task [106, 167, 189]. Direct links to attention-
dependent routing were shown by Fries et al. 2001 [76], finding that spikes in V4 occur
during specific phases of V4’s gamma-band LFP activity when V4 neurons encode an
attended stimulus but do not align to specific phases when the neurons encode a non-
attended stimulus. Similar findings have been replicated for other visual areas [23, 34, 97,
213]. Cumulatively, these experiments led to the development of a new theory, linking
synchronization to selective routing of information, referred to as routing-by-synchrony
(RBS) or communication-through-coherence (CTC).

2.7.3 Routing by synchrony

The RBS mechanism, formalized in 2005 [77] and then refined in 2015 [79], proposes
that a sending and receiving populations of neurons establish coherence between their
gamma rhythms, allowing to control the efficacy of information transfer between them.
In detail, gamma synchronization has been found to affect information processing at all
stages of interaction between sending and receiving populations:
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2.7.3.1 Sender population: synchronization enhances impact of output activity

In the pre-synaptic/sending population, gamma-rhythmic synchronization of neural ac-
tivity focuses the spiking output into periodic bursts, increasing their post-synaptic im-
pact by the nature of delivering a higher amount of spikes simultaneously, allowing for
enhanced spike coincidence detection in the post-synaptic population. A study directly
demonstrating this effect was performed by Zandvakili and Kohn 2015 [254], showing that
spiking activity in post-synaptic V2 was preceded by elevated levels of gamma-rhythmic
coordination of spiking activity in pre-synaptic V1.

2.7.3.2 Receiver population: synchronization modulates input gain

In the post-synaptic/receiver population, gamma-rhythmic activity results in a periodic
modulation of excitability, with a period of when a population is inhibited and not
prone to firing followed by a period of when the population is excitable and prone to
firing. In support, researchers used optogenetic stimulation to entrain neurons in the
somatosensory cortex of rats, showing that both neuronal [46] and behavioural [201]
responses were enhanced in accordance with the enforced rhythm. Ni et al 2016 [172]
replicated the effect for the visual cortex, utilizing optogenetic entrainment of V4 during
a selective-attention task. In chapter 3, rather than linking rhythmic activity to behaviour,
we go straight for the source – linking signal information content encoded within neural
activity with gamma dynamics.

2.7.3.3 Coherence between sending and receiving neurons

When the two populations establish coherence at an appropriate, favorable phase, the
bursts of spikes from the sending population arrive to the receiver population when
it is most excitable, enhancing information transfer. Theoretically, the two populations
can also establish coherence in an unfavorable phase, with the bursts of spikes from
the sender population arriving to the receiver when its least excitable. Thus, coherence
between sending and receiving neurons can be used for selective information routing.
In support, two independent experiments, by Grothe et al. 2012 [98] and by Bosman et
al. 2012 [29], found that a V1 population processing an attended stimulus establishes
strong coherence in the gamma-band with the receiving neurons in V4. Meanwhile,
a V1 population processing a non-attended stimulus exhibits similar levels of gamma
activity, but does not establish coherence with V4.

Existing research has not directly analyzed the precise phase relationship between the
sending and receiving populations. Moreso, there has not been a direct investigation into
how the different levels of coherence for attended and non-attended conditions would
affect information trasnfer between the two populations. In chapter 5, we investigate
these dynamics within a limited V1 recordings dataset.

2.7.3.4 Laminar specificity

In the original formulation of RBS in 2005 [77], Fries proposed that coherence in the
gamma-band occurs at zero-phase lag, allowing for bidirectional transfer of informa-
tion, in the feedforward and feedback directions, mirroring the previously established
findings for the synchronized neural assemblies in the binding-by-synchrony theory.
Even though bidirectional transfer of information according to RBS is possible in theory,
recent studies revealed that gamma-rhythmic influence occurs specifically in the feedfor-
ward direction, corresponding to the laminar-specific anatomic connectivity, originating
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in the superficial layers of the sending populations arriving to the input layer 4 in the
receiving population [15, 34, 145, 168, 225].

Feedback influences were found to occur in a different frequency band, beta, originat-
ing in the deep layers of the cortex. Consequently, in 2015, Fries updated the formulation
of the RBS mechanism, specifying the laminar and feed-forward specificity of gamma-
rhythmic coherence. The effect of stimulus information coding in dependence of the
laminar-specific rhythms has not been explored. Consequently, this laminar distinction
proved to be critical in the data-analyses presented in chapter 3, requiring to split the
data set into surface and deep recording sites. This allowed us to perform a pilot study
examining how stimulus information is coded within the deep, feedback-specific layers
of V4, presented in chapter 4.

2.7.4 Neural rhythms and stimulation

Previous studies have been successful at utilizing optogenetic microstimulation, allow-
ing researchers to form strong causal conclusions about the functional significance of
gamma synchrony [46, 172, 201]. Specifically, the researchers employed periodic pulses
of optogenetic stimulation in order to completely entrain a target population of neu-
rons, enforcing an artificial rhythm onto a local population. However, similar stimula-
tion paradigms have not been used in order to establish coherence between sending and
receiving neurons.

Is it possible to control the phase of rhythmic activity without continuous entrainment
perturbations to the system? By exploiting the nature of oscillator dynamics, theoretical
studies have shown that it is possible to deliver a precise pulse of the required amplitude
in order to achieve a desired phase-shift in the activity or to potentially completely reset
the phase of an oscillation [2, 28, 42]. This concept is captured by phase-response curves,
where the delivery of a single stimulation pulse at a specific phase of the activity results
in a consistent effect on the ongoing dynamics, e.g. shifting the gamma phase.

Can we manipulate neuronal synchronization and coherence while leaving other as-
pects of neural activity unchanged to show effects on neural information transfer? De-
livering minimal amounts of stimulation in order to control rhythmic activity, while
simultaneously allowing natural oscillatory dynamics to occur would be extremely ben-
eficial. Such a paradigm would allow to form concrete indisputable conclusions about
the role of natural rhythmic activity. Existing modeling studies have relied on extremely
stable oscillatory dynamics, without much consideration for the level of noise and insta-
bility present within biological networks, which avoids numerous practical issues that
would occur in vivo [170].

In chapter 6, we construct and study a biophysically plausible model, exhibiting in-
formation routing by synchronization. The model allows us to simulate the effect of
phase-specific perturbations within a network of populations, utilizing a closed-loop
paradigm in order to causally control information routing within the system. Further,
we are able to address numerous practical issues, such as the development of methods
in order to assess real-time phase in order to deliver precise pulses as well as analyzing
the efficacy of the approach in relation to the amount of noise within the network.
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I N F O R M AT I O N I N V 4 I S G A M M A - R H Y T H M I C

Selective visual attention allows the brain to focus on behaviorally relevant information
while ignoring irrelevant signals. As a possible mechanism, routing-by-synchronization
was proposed: neural populations receiving attended signals align their gamma-rhyth-
mic activity to that of the sending populations, such that incoming spikes arrive at
excitability peaks of receiving populations, enhancing signal transfer. Conversely, non-
attended signals arrive unaligned to the receiver’s oscillation, reducing signal transfer.
Therefore, visual signals should be transferred through gamma-rhythmic bursts of infor-
mation, resulting in a modulation of the stimulus content within the receiving popula-
tion’s activity by its gamma phase and amplitude. To test this prediction, we quantified
gamma phase-dependent stimulus content within neural activity from area V4 of two
male macaques performing a visual attention task. For the attended stimulus, we find
highest stimulus information content near excitability peaks, an effect that increases
with oscillation amplitude, establishing a functional link between selective processing
and gamma activity.

3.1 introduction

Visual information processing is computationally demanding, requiring the brain to
handle a continuous, high-dimensional stream of sensory input signals. Selective atten-
tion helps to reduce this computational complexity by focusing on signals which are
behaviorally relevant at the expense of other, irrelevant signals [130]. Selective process-
ing is already observed at the single neuron level: when presented with two stimuli
inside their receptive fields (RFs) of which one is attended, V4 neurons respond primar-
ily as if only this stimulus was present [99, 163, 185]. However, there is only a small
attention-dependent modulation of firing rates of the V1/V2 populations providing the
input signals from the two visual stimuli to V4 [142, 149, 153, 163, 165, 194]. Hence,
selective responses in downstream areas cannot result exclusively from upstream rate
modulations, suggesting that selective attention relies on a different mechanism in order
to dynamically change effective connectivity depending on task demands.

One influential idea proposes inter-areal synchronization of oscillatory neural activ-
ity in the gamma-band frequency (40Hz-100Hz) in order to enact dynamic modulation
of effective connectivity between presynaptic and postsynaptic populations [77, 79, 122,
123]. In this scheme, gamma-rhythmic activity serves multiple functions. For presynap-
tic populations, it coordinates their spiking output into periodic bursts, increasing their
postsynaptic impact [10, 76, 209, 213, 254]. These periodic bursts of spikes focus stim-
ulus information into gamma-rhythmic packages [249]. For postsynaptic populations,
gamma-rhythmic activity enacts modulation of gain of its inputs, with alternating win-
dows of high and low excitability [9, 41, 172, 195, 232]. When both sending and re-
ceiving populations exhibit gamma-rhythmic activity, they can establish coherent states
with coupled phases (Fig. 3.1A). In a favorable state for information routing, the gamma-
rhythmic bursts of spikes from the presynaptic population arrive at the receiving popula-
tion during windows of high excitability, resulting in enhanced information transfer. In
an unfavorable phase relationship, the spikes arrive predominantly during windows of
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inhibition in the receiver population, resulting in suppressed information transfer. Thus,
effective connectivity between presynaptic and postsynaptic populations can be modu-
lated by establishing an appropriate phase relationship between their gamma rhythms.
This mechanism has been referred to as communication-through-coherence (CTC) [77,
79], or as routing-by-synchrony (RBS) [98, 99, 122, 123, 176]. In support, research has
shown that V4 populations establish stronger phase coherence with the presynaptic
populations processing attended stimuli as opposed to those processing non-attended
stimuli [29, 98].

Cumulatively, RBS posits that stimulus information arrives to V4 from lower visual
areas in the form of gamma-rhythmic information packages, where the phase relation-
ship between the sending and receiving populations determines whether information
get passed on or suppressed (Fig. 3.1B). Additionally, the gamma oscillation amplitude
is not constant [30, 152, 207], so one also expects selective routing to be enhanced (or
diminished) during periods of higher (or lower) amplitude gamma activity.

Here, we directly investigate whether selective information transfer of extended, time
varying signals in V4 complies with the RBS mechanism. For this purpose, we quan-
tify attended and non-attended stimulus information content (SIC) within V4’s neural
activity at different phases and amplitudes of successive gamma-oscillation cycles. If
gamma synchronization and selective information routing were causally linked to each
other, we expect SIC to be modulated by phase with its maximum corresponding to V4’s
excitability peaks (Fig. 3.1B). This effect should be consistently higher for the attended
signal compared to the non-attended, increasing (or decreasing) during periods of high
(or low) gamma activity.

3.2 materials and methods

3.2.1 Experimental model and subject details

All procedures and animal care were in accordance with the regulation for the welfare of
experimental animals issued by the federal government of Germany and were approved
by the local authorities. Data from two adult male rhesus monkeys (Macaca mulatta) were
used for this study. Parts of the data have been used in a previous publication [99].

3.2.2 Surgical procedures and behavioral task

Details about the surgical preparation, behavioral task and recording details have been
described in detail in past publications [98, 99]. In short, animals were implanted under
aseptic conditions with a post to fix the head and a recording chamber placed over
area V4. Before chamber implantation, the monkeys had been trained on a demanding
shape-tracking task (Fig. 3.2A). Neural signals were measured from area V4 with 1–3
epoxy-insulated tungsten microelectrodes (125 µm diameter; 1–3 MΩ at 1 kHz; Frederic
Haer). Reference and ground electrodes for Monkey F were platinum-iridium wires
below the skull at frontal and lateral sites. The reference for Monkey B was a platinum-
iridium wire placed posteriorly below the skull, and the ground was a titanium pin at
the posterior end of the skull.

The task (Fig. 3.2A) required fixation throughout the trial within a fixation window
(diameter 1–1.5 degrees of visual angle) around a fixation point in the middle of the
screen. Eye position was monitored at 100 Hz using a video-based eye tracking system
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Figure 3.1: Routing by synchrony mechanism predicts modulation of stimulus information content
within V4’s gamma-rhythmic neural activity, depending on V4’s gamma phase and amplitude.
A. Schematic outline of the routing by synchrony (RBS) mechanism, which allows downstream neurons
to process stimulus information mediated by selected subsets of afferent inputs while suppressing the in-
formation provided by other inputs. Two stimuli (red and blue shapes) compete for being processed by
a downstream V4 population with a large receptive field (RF) containing both stimuli indicated by the
gray dashed oval. Each visual stimulus is contained within RFs of separate V1 populations (red and blue
dashed ovals) evoking spiking activity within their corresponding V1 population (red and blue vertical
bars in the insets). The V1 populations exhibit gamma-rhythmic activity, causing their spikes to occur in
bursts. These bursts of spikes act as input to V4, which exhibits its own gamma-rhythmic activity (gray
oscillatory lines in the insets). The rhythmic activity of the V1 population corresponding to the attended
stimulus is synchronized with V4’s gamma rhythm in a favorable phase relationship, such that its spikes
arrive at V4 when it is most excitable (left inset, red arrows). This effectively evokes spiking activity in V4,
resulting in a reliable transfer of the attended stimuli’s information. Conversely, the rhythmic activity of
the V1 population with the non-attended stimulus in its RF exhibits substantially less phase-locking with
V4’s gamma rhythm [29, 98], resulting in many cycles where the bursts of spikes arrive at V4 when it is
least excitable, failing to evoke further spikes (right inset, light blue arrows). In consequence, the transfer
of the non-attended stimulus signal is suppressed.
B. Scheme showcasing how the information contained within attended and non-attended stimuli (stimu-
lus information content, SIC), should be modulated depending on V4’s gamma phase and amplitude in
accordance with RBS. Assuming that the upstream cortical population processing the attended stimulus es-
tablishes a favorable phase relationship with V4 as shown in (A, left inset), the highest amount of attended
SIC should arrive during V4’s excitability peak (red line in top plot). Assuming that for the non-attended
stimulus, the corresponding upstream population establishes substantially less phase-locking with V4, and
in a predominantly anti-phasic relationship, we expect SIC modulation to be much lower, with a slightly
higher amount of non-attended SIC arriving at V4’s excitability trough than at its peak (blue line in top
plot). The middle plot shows V4’s gamma-rhythmic gain (solid black line for high amplitude gamma ac-
tivity and dashed black line for low amplitude). Modulating the phase-specific SIC inputs to V4 (top plot)
by V4’s gain (middle plot) provides a prediction of how attended and non-attended SIC should depend
on V4’s excitability gamma phase and amplitude within its output activity (bottom plot). The correspond-
ing bar plot (bottom right) displays the average SIC within V4’s output activity independent of phase,
demonstrating how attended and non-attended SIC should change during V4’s high amplitude versus low
amplitude gamma activity (solid colored bars for high amplitude condition and dashed colored bars for
low amplitude condition).
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(monkey B: custom made, monkey F: IScan Inc). If the animal moved its eyes away
from the fixation point, the trial was immediately terminated. Microsaccades within
the fixation window were extracted by computing eye movement speed and extracting
windows where it exceeded 3 standard deviations of its mean.

After a baseline period, the monkeys had to covertly attend to one of two statically
presented, closely spaced stimuli (shapes) that was cued (static/cue period). Then both
shapes started morphing into other shapes. The monkeys were trained to respond by
releasing a lever when the cued initial shape reappeared at a pseudo-randomly selected
position in the shape sequence, after two to five morph cycles. The animals had to ignore
reappearance of the initial shape in the distracter sequence. The shapes were placed at
equal eccentricity. Stimuli were presented with a refresh rate of 100 Hz on a 22 inch
CRT monitor containing 1152 x 864 pixels (monkey B) or 1024 x 768 pixels (monkey F),
which was placed at a distance of 92 cm (monkey B) or 87 cm (monkey F) in front of the
animal.

In order to be able to track the information content of the stimuli within the neural
activity, we used filled shapes and tagged the neural activity they evoke with imposed
broadband luminance fluctuations (’flicker’) on the stimuli: we changed the luminance
of the shapes by choosing a random, integer gray pixel value with each frame update
of the display. For monkey F, the values were drawn from an interval [128, 172], and
for monkey B, from the full range [0, 255], corresponding to luminance fluctuations
in a range of 6.9-12.5 and 0.02-38.0 Cd/m2, respectively. Both shape streams had their
own independent flicker time series of luminance values. Note that the flickering of the
stimuli was not relevant to perform the task. A few trials were included in which only
one stimulus was presented for offline controlling of response strength to individual
stimuli.

3.2.3 Recording

The electrodes’ signals were amplified by a factor of 1000 (Monkey B; USB-ME-256 Sys-
tem, Multi-Channel Systems GmbH) or 5000 (Monkey F; MPA32I and PGA 64, 1-5000
Hz, Multi-Channel Systems GmbH) and digitized at 25 kHz. For positioning stimuli, re-
ceptive fields were mapped manually while the monkey was fixating centrally, followed
by an automated mapping procedure consisting of rapid presentations of circular dots.
Stimuli were placed at equal eccentricity in the RF such that they induced similarly
strong gamma-rhythmic activity [99]. This requirement was successfully fulfilled in 16
recording sessions, resulting in 35 recording sites in total (Monkey F: 23 sites, Monkey
B: 12 sites).

3.2.4 Data preprocessing and site selection

From the recorded raw data, we extracted the local field potential (LFP) as a proxy re-
flecting average neural activity around the recording site, and the entire spiking activity
(ESA) as a measure of local spiking activity [60]. All filters used in the process were real-
ized as forward-backward FIR-filters to preserve the phase of the original signal, using
the function ’eegfilt’ from EEGLab [54] with standard parameters for the cutoffs:

• For obtaining the LFP signal, we extracted the low frequency component from the
25 kHz raw neural recordings by applying a bandpass FIR filter with band stops
at 1 and 200 Hz.
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Figure 3.2: Behavioral task and quantification of stimulus information content.
A. Stimulus sequence. After the monkey presses a lever, the trial starts with the appearance of a fixation
spot (baseline period). Shortly afterwards, two stimuli in the form of static shapes are presented within the
RF of the V4 recording site (dashed ellipse). One of the shapes is cued to be memorized and attended with
green shading while the other shape has to be ignored (static period). Then the cued shape reverts to gray
and both stimuli begin to morph into different shapes. After a number of morph cycles, the initially cued
shape reappears in the attended location. If the animal releases the bar within a short time window around
the reappearance of the cued shape, a reward is delivered.
B. Throughout the morphing period, each shapes’ luminance was modulated in time by a random white-
noise signal. These luminance fluctuations were irrelevant to the task but served as independent tags for
signals originating from the stimulus to be attended, and from the stimulus to be ignored. We evaluated
spectral coherence between the recorded neural signals and each input signal to quantify stimulus infor-
mation content (SIC) in V4 activity. By pooling across relevant lag and frequency bins from the spectral
coherence (indicated by the black lines) a single value (SC) was acquired for each signal.
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• For obtaining the ESA signal, the raw data was first bandpass-filtered from 400
Hz to 2500 Hz. We then took the absolute value of the result, and subsequently
applied a second bandpass FIR filter with band stops at 1 and 200 Hz to simplify
phase dissociation (see detailed explanation below).

Finally, both signals were down-sampled to 1000 Hz and z-score normalized, yielding
yLFP and yESA used in our data analysis explained in the next section. For ensuring that
the recording sites were within the superficial layers of V4 we employed an additional
selection criterium: The shape of the visual evoked potential (VEP) caused by the stimu-
lus onset shows the characteristic time course expected for the superficial layers, which
starts with a negative deflection as opposed to the initial positive deflection observed in
the deeper layers [92, 168]. We computed the VEP for each recorded site by averaging
its LFP over trials. These selection criteria left 12 recording sites for monkey F and 10 for
Monkey B.

The experimental setup involved having two stimuli within the V4’s RF; each location
was cued to be attended for half of the recorded trials in each session. We decided to split
the trials of each recording site by the attended location, providing us with 24 data sets
for monkey F and 20 data sets for monkey B. This was possible because SC values from
trial sets split by attended location were as statistically independent as SC values from
different recording sites, suggested by the fact that the distributions of the differences
between the split sets and the full sets were not significantly different (Wilcoxon signed
rank test).

3.2.5 Data analysis

Data analysis consisted of several processing steps applied to the LFP and ESA signals
in sequence (Fig. 3.3). Briefly, first gamma phase and amplitude were extracted from
the LFP, and gamma phase converted to excitability phase by assessing the spike-field
coupling from ESA and LFP activity. Then, gamma excitability phase was used to isolate
the signal values occurring at specific phases to form a phase-specific signal. Periods of
high (low) gamma amplitude were selected to form an amplitude-specific signal. In the
final step of the analysis, stimulus information content in the neural signals was assessed
by computing the spectral coherence between the luminance flicker and the dissociated
LFP or ESA signals. In the following sections, each of those steps are explained in detail.

3.2.5.1 Extraction of gamma phase and amplitude

By applying a wavelet transform with Morlet kernels, we first computed the average
power spectrum of the LFP signal yLFP during the period in which the stimuli were
morphing until 200 ms before a correct response, and normalized it by the average
power spectrum observed before stimulus onset in the baseline period (separately for
each recorded site). The spectra revealed clear peaks in the gamma frequency range, of
which we extracted a lower and upper frequency limit by taking location at half of the
highest point around the peak (approximately 40 to 100 Hz for monkey F recordings,
and 50 to 110 Hz for monkey B). Subsequently, gamma activity was obtained by applying
a forward-backward FIR band-pass filter to the LFP with cutoff frequencies determined
by the lower/upper frequency limits. By applying the Hilbert transform to the result,
we obtained LFP’s gamma phase ΦLFP and amplitude ALFP.
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Figure 3.3: Extraction of gamma phase- and amplitude-specific neural signals.
A. Normalized spike-field coupling in the gamma frequency range, computed from ESA and LFP signals,
for all the recording sites for each animal (thin lines for each site, bold line for the mean across sites).
The peak of spiking activity consistently occurs at roughly the trough of LFP’s gamma cycle (indicated by
dotted line), as expected for the superficial layer [225]. By shifting LFP’s gamma phase by the appropriate
amount, individually for each trial set, we attain the ESA-aligned gamma phase, which is used as a proxy
for excitability gamma phase throughout the rest of the analysis.
B. Time course of ESA-aligned gamma phase corresponding to a 350ms snippet of a trial. The locations of
peaks are marked with purple dots, and excitability troughs with brown dots.
C. Corresponding gamma amplitude with 30% highest and 30% lowest thresholds marked with horizontal
lines. The thresholds are computed from the distribution of amplitudes gathered across the whole set of
trials, shown to the left of the main plot. Periods of time when the amplitude surpassed the high threshold
are shaded in orange, and periods of time below the low amplitude threshold are shaded in green.
D. The corresponding LFP neural activity with precise peak and trough times of the ESA-aligned gamma
phase identified in (B), and high and low amplitudes identified in (C). By using the corresponding samples
of the neural activity (either purple or brown dots for peak vs trough, or orange or green time periods for
high vs low amplitude, or a combination of both), we can compute the amount of SIC within the selected
components of the neural activity. Note that the LFP is obtained by low-pass filtering the recorded signal
and thus each value represents neural activity from a small time window around it.
E. Same as in (D), but for the corresponding ESA signal.
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Next, we would like to know when in each gamma oscillatory cycle neuronal ac-
tivity is maximal, as a proxy for maximal excitability. Ideally, phases of high (or low)
excitability should roughly correspond to high (or low) spiking activity. Unfortunately,
the recorded ESA reflects only a small number of neurons next to the recording site,
resulting in a signal that is too noisy to reliably extract gamma phase and amplitude.
On the other hand, while the LFP provides a clean and reliable measure of the local
populations’ rhythmic activity, its recording is affected by conduction delays and phase-
shifts that depend on the recording electrode impendence as well as its precise location
and orientation within the neural tissue [16, 17, 84, 169], making it a poor proxy for
excitability’s phase. To resolve this issue, we related gamma phase information from the
LFPs to spiking activity contained in the ESA by computing the mean ESA value for
each LFP gamma phase, thus obtaining an estimate for the spike-field coupling. By sub-
tracting the phase for which spike-field coupling was maximal from ΦLFP we acquired
the ESA-aligned gamma phase ΦESA, which served as a proxy for excitability gamma
phase throughout the entire analysis. For the amplitude of excitability’s gamma rhythm,
we kept LFP’s amplitude ALFP.

3.2.5.2 Phase and amplitude dissociation, wavelet transform

Extraction of gamma phase-specific components of the neural recording signals y was
performed before using a wavelet transform W f to obtain a frequency-resolved neural
signal representation, while dissection with respect to gamma amplitude was performed
thereafter. Applying these three operations in sequence yields the dissected and spec-
trally resolved neural activity z̃(t, f ) = DA[W f ◦ Dφ[y(t)]]. Here we write amplitude and
phase dissection as formal operations DA and Dφ, respectively, which were realized as
follows.

For performing phase dissociation, we first determined the time points tkφ at which
the excitability phase passed through a desired target phase (e.g., φ = 0 for peaks, or
π for troughs). These times were then used to create a new signal Dφ[y] by sampling
from the original signal y(t) (LFP or ESA) at those points. In conjunction with the then
following integration over time during the wavelet transform, we can formally write this
notching operation by using the δ-distribution:

Dφ[y](t) := ∑
k

δ(t − tkφ)y(t).

Note that in order to obtain the phase-dependency curves of the SIC, we evaluated
it for a finite set of gamma phases with equal spacing. For this reason, we wanted the
’notched’ signal y(tkφ) to represent not only activity at exactly the time point tk φ, but
also in its vicinity. This was trivially the case for the LFP since it was originally obtained
by low-pass filtering. For the more rapidly varying ESA, we had to apply a second
bandpass filter (see description above), in order to avoid ’missing’ an activation peak by
notching the signal at a slightly different time.

Amplitude dissociation was realized by first obtaining the distribution of gamma am-
plitudes throughout each individual recording session. From this distribution, we se-
lected the 70th (and 30th) percentiles to use as high (and low) amplitude thresholds Ahi
(and Alow). Using these thresholds, we selected time periods exhibiting high (or low)
oscillation amplitudes by means of indicator functions:

Ihi(t) = Θ(A(t)− Ahi)

Ilow(t) = Θ(Alow − A(t))
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where Θ denotes the Heaviside function. Using these indicator functions, the amplitude
specific spectra DA[ỹ](t, f ) takes the form

DA[ỹ](t, f ) := Ihi/low(t)ỹ(t, f )

If only phase dissection was performed (no amplitude selection), we used the identity
function for DA, thus DA[ỹ] = ỹ, and if only amplitude dissection was performed (no
phase selection), we used the identity function for Dφ, thus Dφ[y] = y.

3.2.5.3 Spectral Coherence

To evaluate how much the luminance fluctuation x(t) of a shape contributed to the
neural activity z(t), we utilized spectral coherence (SC). First, we computed the spec-
trograms x̃(t, f ) and z̃(t, f ) where f is the frequency and t is the time, using a wavelet
transform with Morlet kernels. Here z̃(t, f ) represents the neural signals which already
underwent phase- and/or amplitude dissociation in conjunction with the wavelet trans-
form as described in the preceding section. The transform yields complex valued coeffi-
cients representing the amplitude and phase of the signals. By evaluating the normalized
cross-correlation between x̃ and z̃ we obtained the spectral coherence measure

SCxy( f , τ) =

∣∣∣∑p,t x̃( f , t) · ỹ( f , t + τ)
∣∣∣2(

∑p,t |x̃( f , t)|2
) (

∑p,t |ỹ( f , t + τ)|2
)

where x̃∗ indicates the complex conjugate of x̃, τ is the lag between the two signals, and
where the sums are performed over the population of trials p included in the computa-
tion for the time points t in each trial.

Due to the normalization terms in the denominator, the values of SCxz lie between
zero and one. All integrals were computed over all times for which t and t + τ lie within
a selected time period during a trial, i.e. from the beginning of the second morph cycle
until 200ms before the monkey’s response. Summation was performed either over all
trials from all recording sites for cumulative population analyses, or over individual
sets of trials from single sites, separated by the attended location.

Once SC is calculated, we compute the pooled value SC over a region of interest in
frequency-time lag space to reduce a two- dimensional result to a single value. The
region of interest was defined as a frequency dependent cone of width ± 7

6 T around
1
2 T + tonset, where T = 1/ f and tonset denotes the onset delay of the neural response in
V4 after stimulus onset which was 50ms in monkey F and 60ms in monkey B (see Grothe
at al., 2018 [99]). We first took the average across lags within the frequency-dependent
region of interest, and then took the mean of the time averages from 5 up to 15 Hz. 15
Hz was selected as upper the limit, since the majority of the individual sets results did
not yield significant SC above this value.

3.2.5.4 Confidence intervals and statistical tests

For assessing significance of each SC measure, we computed the 95% chance level of
its value being different from zero (indicated by the gray shading towards the bottom
of each plot in figures 3.4A, 3.6A and 3.7). This was done by taking the 95th-percentile
from the distribution of SC-measurements gathered by pairing the neural recording
signal with 200 surrogate luminance flicker signals.
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95% confidence intervals for SC were gathered by bootstrapping across trials. From
a set S of N trials, we randomly sampled trials with replacement, generating another
set S∗ with the same number of trials N, many of which are duplicates of each other.
Using this new data, we calculated our desired test statistic SC∗

*. This procedure was
repeated 20000 times, creating a distribution of SC∗

values, from which we extracted the
2.5% and 97.5% quantiles.

In order to assess whether a test statistic SC1 (computed from data extracted from set
S1 with N1 trials) is significantly different from SC2 (computed from set S2 with N2 tri-
als), a non-parametric permutation statistical test was used [144]. By randomly shuffling
the trials between the two sets, we created new sets S∗

1 with the same number of trials N1

and S∗
2 with N2 trials, each containing no trial duplicates but rather a mixture of trials

from the original sets, which are then used to compute the test statistic SC∗
1 − SC∗

2 . This
procedure was repeated 20000 times, generating a null distribution for the test statistic,
allowing to calculate the significance level p-value by evaluating the proportion of this
distribution that fell above/below the true value of the statistic, SC1 − SC2, computed
from the original data sets. In cases where 100% of the null distribution is above/below
the true statistic, the p-value is reported as p<1/20000.

To assess whether a distribution of SC-measures is significantly different between two
conditions (i.e. whether the data clouds in the scatter plots in upcoming figures 3.4B and
3.6B lie above or below the diagonal), we determined whether the ratios between the SC
values for individual sets are significantly different from 1 by using the Wilcoxon signed
rank test on the distribution computed via log

(
SC1/SC2

)
.

3.3 results

For investigating whether and how attention-dependent signal transfer is affected by
V4’s gamma phase and amplitude, we analyzed local field potentials (LFP) and multi-
unit spiking activity (measured as entire spiking activity, ESA) recorded from the su-
perficial layers of area V4 in two macaque monkeys (Macaca mulatta). During recording,
the animals were engaged in a demanding shape tracking task requiring the monkeys
to attend to one of two concurrently presented dynamic stimuli within the recorded
population’s receptive field (RF) (see Fig. 3.2A and methods section for details). The
two stimuli consisted of complex shapes, which, after an initial static period, morphed
through a series of different shapes throughout the trial. At the beginning of each trial,
one of the two stimuli was cued. The task for the monkey was to attend to the cued stim-
ulus while maintaining fixation, and to respond when its initial shape reappeared in the
morphing sequence. The other, non-attended stimulus had to be ignored. The number
of morph-cycles that the stimuli went through before returning to the initial shape was
randomized. The neural signals included in this analysis were taken from the start of
the second morph cycle until 200 ms before a correct behavioral response. The first cycle
was excluded since it never morphed into the target shape and thus would not require
the animal to pay ’full’ attention to the target shape in this particular time interval.

Crucially, the two stimuli were tagged by independent and behaviorally irrelevant
random luminance fluctuations, with a luminance change every 10ms. This allows us
to evaluate stimulus information content (SIC) in V4 activity by computing the spectral
coherence between the neural activity and the luminance signals (see Fig. 3.2B). Spectral
coherence provides a frequency- and time-delay-resolved correlation measure between
two signals. By pooling across relevant lag and frequency bins, we acquired a single
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value SC as a measure for the average SIC of the shapes’ luminance fluctuation within
the recorded neural activity.

In order to probe whether a potential SIC modulation is aligned to excitability phase
as predicted in figure 3.1, we employed ESA as a proxy for excitability. Specifically, we
first identified which LFP gamma phase was associated with maximum ESA, and then
shifted the LFP gamma phase by the appropriate amount for each recording site giving
us the ESA-aligned gamma phase. Throughout the whole analysis, this is the gamma
phase employed as a proxy for excitability’s gamma phase (Fig. 3.3A).

To quantify SIC in dependence on gamma phase and amplitude, we extracted neu-
ral activity specific to each phase of the gamma cycle and separately for periods of
high and low gamma-band amplitudes. We then computed SC between these phase
and amplitude-specific signals and the luminance fluctuations of the attended and non-
attended stimuli (see Fig. 3.3 and methods section for details).

3.3.1 Information modulation by phase

We extracted components of the neural signals associated with a specific gamma phase
by selecting the discrete time points that correspond to that particular phase, and sam-
pled the neural signals at those points. In the example shown in figure 3.3B, we marked
the time points corresponding to ESA-aligned gamma peaks (in purple) and troughs (in
brown). The dots in figures 3.3D and E indicate which samples from the LFP and ESA
signals, respectively, will be obtained when selecting at peaks (in purple) or troughs (in
brown). The method is not limited to sampling just from the peak or from the trough,
allowing to extract a signal specific to any desired phase. By computing SC between the
phase-specific neural activity signals and the input stimuli, we can assess the amount of
attended or non-attended SIC in dependence on gamma phase.

For the attended stimulus (Fig. 3.4A, left two columns), SIC at peaks (SCpeak) was sig-
nificantly larger than SIC at troughs (SCtrough), consistently across monkeys and signals
(p<0.00005 for both animal’s LFP signals, p=0.0002 for monkey F ESA, p=0.003 for mon-
key B ESA, non-parametric permutation test). In contrast, for the non-attended stimulus,
there was no significant difference between SIC at peaks and troughs for ESA. The LFP
showed a significantly higher SIC at peak vs trough for monkey B (p=0.0021 for monkey
B LFP). The absolute modulation strength, calculated via SCpeak − SCtrough, is signifi-
cantly higher for the attended stimulus than for the non-attended stimulus for both an-
imals and neural signal types (p<0.00005 for both animal’s LFP, p=0.0045 for monkey F
ESA, p=0.0094 for monkey B ESA). Aside for a few values near the ESA-aligned gamma
trough for monkey B’s non-attended ESA results, all observed SC-values were signifi-
cantly greater than chance level, indicating that information might be transferred during
all gamma phases, even though to different extents. For monkey B, the SC-values for the
attended signal are significantly higher than their non-attended counterpart across all
phases (p<0.00005). For monkey F, the difference between attended and non-attended
conditions is significant at the peaks (p<0.00005). At the falling phase for monkey F LFP
and at the trough phase of the monkey F ESA conditions, the non-attended SC-values
are slightly higher than the attended ones, but after correcting for multiple comparison
across all the phases, this effect is not significant.

The effect of a higher SIC at peaks than at troughs for the attended stimulus was
consistent across individual recording trial sets. The scatter plots in the two leftmost
columns of Fig. 3.4B display SCpeak vs SCtrough for each individual trial set for the at-
tended stimulus. The majority of data points show significantly higher SIC at peaks
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Figure 3.4: Stimulus information content is modulated by V4’s gamma phase.
A. SIC dependence on phase for data pooled across all sessions. In each plot, we display how SC depends
on the ESA-aligned gamma phase (horizontal axis) from which the neural signal is extracted. The shading
around each line corresponds to the 95% confidence interval. Significance of the difference between SCpeak

vs SCtrough is indicated in each plot (*p<0.05, **p<0.01, ***p<0.001). The gray shading at the bottom of each
plot corresponds to the 95% chance level (values below this level indicate no significant SIC). The grey
dashed sinusoid line indicates the corresponding average LFP phase.
B. SIC at peaks versus troughs of the ESA-aligned gamma phase for individual sets. For each condition,
we display a scatter plot of SCpeak vs SCtrough pairs. In the scatter plots, individual sets that exhibit a
significant difference (p<0.05) are marked with a circle, and with a cross otherwise. The significance of
the group distribution, i.e. whether it lies significantly below or above the diagonal, is marked with black
asterisks on the side that contains significantly more trial sets (*p<0.05, **p<0.01, ***p<0.001).
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rather than troughs (p<0.05, marked with circles; 15 of 24 for monkey F LFP, 14 of 20 for
monkey B LFP, 10 of 24 for monkey F ESA, and 11 of 20 for monkey B ESA). Note that
only a few trial sets exhibit significantly lower SIC at gamma peaks (1 of 24 for monkey
F LFP, 1 of 20 for monkey B LFP, 1 of 24 for monkey F ESA, 2 of 20 for monkey B ESA).

We assessed the individual set’s group statistics by determining whether the distribu-
tion of log-ratios, log

(
SCpeak/SCtrough

)
, is significantly higher or lower than 0, indicated

by the black asterisks in the scatter plots of Fig. 3.4B (Wilcoxon signed rank test). For
the attended stimulus, the peak SIC was significantly higher than the trough SIC across
both monkeys and both neural signals (p=0.0006 for monkey F LFP, p=0. 0007 for mon-
key B LFP, p=0.0062 for monkey F ESA, and p=0.0089 for monkey B ESA). For the
non-attended stimulus, the scatter plots show a tendency to exhibit higher SCpeak than
SCtrough with more significant results above the diagonal, however, the group statistic
was only significant for monkey B’s LFP (p=0.0145, top right scatter plot in figure 3.4B).

In order to confirm that the phase modulation effects are specific to the gamma-band,
SIC modulation by phase was analyzed across multiple frequency bands for both LFP
and ESA signals (Fig. 3.5). This was done using the very same procedure as for the
main analysis, but using phase computed from LFP bandpassed with different center
frequencies. This control analysis revealed that the phase-modulation effect is indeed
strongest for the gamma band.
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Figure 3.5: SIC modulation by phase for multiple frequency bands.
SIC dependence on phase for data pooled across all sessions, with the phase-specific neural activity ex-
tracted in the same manner as before, but using phase computed from LFP bandpassed across multiple
frequency bands. The horizontal axis denotes LFP phase with π corresponding to signal troughs, which, in
the case of the gamma band (center column), should roughly correspond to excitability peaks.
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3.3.2 Information modulation by amplitude

For the amplitude dissection, we first gathered the distribution of gamma amplitudes
throughout each individual trial set. From this distribution, we selected the 70th (and
30th) percentiles to use as high (and low) cutoff thresholds to select activity from high
and low gamma amplitude periods. Using these thresholds, for each trial, we selected
the time periods exhibiting high (or low) oscillation amplitudes. In the examples in
figure 3.3C, the corresponding periods are indicated by orange and green shading, re-
spectively. In figures 3D and E, the same shading indicates which periods of the LFP
and ESA signals were selected by amplitude dissociation. Since the thresholds were
computed across a set of trials, the total proportion of each individual trial included in
the analysis varied slightly, with most trials’ proportion falling within the 20-40% range.
On average, the duration of each individual period was around 40ms with 90ms inter-
vals in-between, corresponding to about 8 periods occurring every second. Using these
amplitude-specific periods, we evaluated and compared the amount of SIC within high
amplitude (SChighAmp) versus low amplitude gamma oscillations (SClowAmp).

When we ran the analysis on a cumulative set of all the trials over all recording sites
for the attended stimulus, we found a small increase of SIC in neural activity during
high amplitude gamma oscillations in comparison to low amplitude gamma activity
(Fig. 3.6A). Aside for monkey F’s LFP, the difference between the amplitude conditions
is significant (p=0.00005 for monkey B LFP, p=0.0229 for monkey F ESA, p=0.0034 for
monkey B ESA). This corresponds to the prediction derived from our hypothesis (cf.
Fig. 3.1B). For the non-attended stimulus, the analysis did not reveal any significant
differences between SIC within periods of high versus low gamma activity.

Results from analyzing individual sites corroborated the cumulative outcomes (Fig.
3.6B). There are few individual trial sets that showed a significant difference due to the
smaller size of the effect. For the attended stimulus, the majority of the sites with a
significant difference did indicate increased information present during periods of high
amplitude oscillations as seen in the scatter plots in the left two columns of Fig. 3.6B.
When we looked at the distribution of the ratios log

(
SChighAmp/SClowAmp

)
, except for

LFPs from monkey B, all conditions exhibited a significant shift towards a higher SIC
for high amplitude gamma, as indicated by the black asterisks (p=0.0057 for monkey F
LFP, p=0.0032 for monkey F ESA, p=0.0053 for monkey B ESA).

For the non-attended stimulus (right two columns of Fig. 3.6B), SIC did not show
any significant differences for the individual sets, except for monkey B’s ESA signal.
This was the only case for which we found that SChighAmp is significantly lower than
SClowAmp (p=0.0047).

3.3.3 Information modulation by phase and amplitude

Selections of the neural activity with respect to phase and amplitude were combined
to acquire LFP and ESA activity associated to the co-occurrence of a particular gamma
phase and amplitude (Fig. 3.3).

In figure 3.7, the results for the SIC computed from the set of all trials collected from
all the recording sites is displayed, with the high amplitude results in orange and low
amplitude results in green. Corroborating the hypotheses in Fig. 3.1B, the data exhibited
higher SIC modulation by gamma phase within high amplitude periods and lower SIC
modulation by phase for the low amplitude periods.
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Figure 3.6: Stimulus information content is modulated by V4’s gamma amplitude.
A. SIC extracted from periods with high- versus low-amplitude gamma oscillations for data pooled across
all recording sessions. In each plot, for the specific condition as indicated by the row and column labels,
we display pairs of SChighAmp (in orange) and SClowAmp (in green), separately for each animal, neural data
type, and attention condition. The error bars indicate the 95% confidence interval. The gray shading at the
bottom of each bar indicates the 95% chance level for that value. Significance level of the differences is
indicated above each pair of bars, computed via permutation testing across the trials (*p<0.05, **p<0.01,
***p<0.001).
B. SIC extracted from periods of high versus low gamma neural activity for individual sets. For each
condition, we display a scatter plot of SChighAmp vs SClowAmp pairs. In the scatter plots, sets that exhibit a
significant difference (p<0.05) are marked with a circle, and with a cross otherwise. The significance of the
group distribution, whether it lies significantly below or above the diagonal, is marked with black asterisks
on the side that contains significantly more sets (*p<0.05, **p<0.01, ***p<0.001).
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The outcome lends itself to multiple tests: comparing SIC at high versus low ampli-
tudes at peak and trough (significance indicated at the bottom of each plot at peak and
trough phases in black) and comparing SIC at peak versus trough phases in either high
or low amplitude conditions (significance indicated at the top of the plot with colors
corresponding to the amplitude conditions).

The difference between high and low amplitudes for the attended stimulus was strong-
ly phase-specific: while SIC near peaks within high gamma amplitude activity was sig-
nificantly larger than SIC within low gamma amplitude activity (p<0.00005 for monkey
F and monkey B LFP, p=0.0314 for monkey F ESA, p=0.0020 for monkey B ESA), there
were no significant differences near troughs. Consequently, SIC modulation by gamma
phase was higher in the high amplitude condition (SCpeak is greater than SCtrough with
p<0.00005 for all data sets), and lower (but still significant in three out of four cases) in
the low amplitude condition (p<0.00005 for monkey F and monkey B LFP, p=0.009 for
monkey F ESA and not significantly different for monkey B LFP). The absolute mod-
ulation strength, SCpeak − SCtrough, is significantly larger for the attended signal versus
the non-attended signal in the high amplitude condition (p<0.00005 for both animal’s
LFP, p<0.00005 for monkey F ESA, p = 0.0025 for monkey B ESA) and decreases for
the low-amplitude condition (still significant with p<0.00005 for both animals’ LFP, not
significant for ESA). Overall, this corroborates the prediction from the corresponding
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Figure 3.7: Stimulus information content is modulated by V4’s gamma amplitude.

A. SIC extracted from periods with high- versus low-amplitude gamma oscillations for data pooled
across all recording sessions. In each plot, for the specific condition as indicated by the row and column
labels, we display pairs of SChighAmp (in orange) and SClowAmp (in green), separately for each animal,
neural data type, and attention condition. The error bars indicate the 95% confidence interval. The gray
shading at the bottom of each bar indicates the 95% chance level for that value. Significance level of the
differences is indicated above each pair of bars, computed via permutation testing across the trials (*p<0.05,
**p<0.01, ***p<0.001).
B. SIC extracted from periods of high versus low gamma neural activity for individual sets. For each
condition, we display a scatter plot of SChighAmp vs SClowAmp pairs. In the scatter plots, sets that exhibit
a significant difference (p<0.05) are marked with a circle, and with a cross otherwise. The significance of
the group distribution, whether it lies significantly below or above the diagonal, is marked with black
asterisks on the side that contains significantly more sets (*p<0.05, **p<0.01, ***p<0.001).
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curves in figure 3.1B: for the attended signal, SIC modulation by phase is increased
during high amplitude gamma activity and decreased during low amplitude gamma
activity.

Similar to the previous phase-only analysis (cf. Fig. 3.4), SIC modulation by phase was
reduced dramatically for the non-attended stimulus when compared to the attended
stimulus (Fig. 3.7 right two columns). However, in the high amplitude condition, we ob-
served more cases with a significantly higher SIC at the peak versus the trough (p=0.0274
for monkey F LFP, p=0.0003 for monkey B LFP). In the low amplitude condition, the dif-
ferences between peaks and troughs became insignificant. There were no significant
differences between the high and low amplitude conditions at any phase.

3.3.4 Controlling for eye-movements.

Throughout the recording sessions, if the animal moved its eyes away from the fixation
point, the trial was immediately terminated and subsequently excluded from the anal-
yses. However, there were still microsaccades within the close vicinity of the fixation
point occurring at a rate of 0.82Hz for monkey F and 0.77Hz for monkey B (on average
across the recording sessions). Microsaccades have been previously reported to modu-
late firing rate [136] and gamma-band activity in V4 within a 400ms period following
each microsaccade [30]. In order to account for any possible effects of microsaccades, we
ran a control analysis, repeating the entire procedure on the data set excluding 400ms
periods following every microsaccade.

Furthermore, we detected small but significant differences in the overall distribution
of eye-positions within the fixation window, between attended vs non-attended condi-
tions as well as between the periods corresponding to high vs low gamma amplitudes.
These differences could potentially lead to a different coverage of the stimuli by the V4
RFs, possibly affecting SIC of the population’s activity. To address this issue, we ran a
second control, repeating the analysis on a subset of data by removing periods of data
until a Kolmogorov–Smirnoff test was unable to detect a difference in the corresponding
distributions of eye position (p > 0.1).

The results from both control analyses revealed almost identical SIC measurements
and significance test results (not shown) compared to the ones presented in figures 3.4,
3.6 and 3.7. Throughout all the test results, the only notable change happened for the
small difference between SIC at peak versus SIC at trough for the non-attended signal in
monkey F’s LFP activity: the significance of the difference in figure 3.4A (top plot in third
column) changes from p=0.0587 to p=0.0245 becoming significant in the eye-position
control analysis, and changes from p=0.0274 to p=0.158 becoming not significant for
the high amplitude condition in figure 3.7 when performing the microsaccade-control
analysis. These findings indicate that the results of our analyses are not confounded by
eye movements.

3.4 discussion

In the present work we tested the prediction of the RBS mechanism that attention-
dependent visual stimulus information is not continuously dispersed over time but
instead occurs selectively in pulsed information packages, modulated by phase and
amplitude of V4’s gamma-rhythmic activity.
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Our analysis reveals that the luminance fluctuations tagging the attended stimulus are
expressed most strongly within neural activity close to the phase in the gamma oscilla-
tion cycle where local spiking peaks (i.e. close to the LFP troughs), showcasing a pattern
of modulation significantly different from the non-attended signal. During periods with
high amplitude gamma oscillations the overall SIC for attended stimuli is higher in the
V4 activity than during low amplitude oscillations, whereas for non-attended stimuli
there is no significant difference. SIC’s increase with amplitude is particularly strong at
the peak of spiking activity and absent at the trough. Since the peaks of spiking activity
should roughly correspond to the peaks of excitability, these results corroborate central
predictions derived from the RBS mechanism.

Certain details of the results seem to deviate from the predictions illustrated in figure
3.1B (bottom plot). For instance, when comparing attended and non-attended SIC, our
expectation was that the non-attended SIC should be at least as large as the attended SIC
in the vicinity of excitability troughs. However, for monkey B, we find that the attended
signal is consistently better expressed across all phases. This may be explained by a tem-
poral dispersion of information across phase, which occurs due to multiple factors. First,
the precision of phase estimation itself is limited by noise in the recorded neural activ-
ity. Additionally, we also smoothed the neural activity prior to the phase-specific signal
extraction, such that the value of the signal at each time point represents a temporal win-
dow of activity around it. Finally, computing SIC based on spectral coherence involves
comparing the neural recording and luminance fluctuation signals with wavelets that
are centered at the time of interest but also extend in temporal space. Taken together,
these methodological limitations all lead to the luminance flicker signal being partially
mapped to phase ranges at which it does not actually occur, thereby increasing SIC in
low-SIC ranges and decreasing SIC in the high-SIC ranges of the oscillatory cycle. In
consequence, our analysis is likely to underestimate the magnitude of SIC modulation
by phase.

Dissociating signal content with respect to gamma amplitude could be subject to a
similar reduction in SIC modulation amplitude. If we assume constant contributions of
noise throughout the recordings, precision of phase estimation will decrease during pe-
riods of low gamma amplitude activity. Such an effect may contribute to the differences
between high and low amplitude SIC results observed in figure 3.7 where we perform a
simultaneous phase and amplitude-specific signal extraction.

The results for the non-attended signal provide further insight into the details of
the RBS mechanism. Here, we observe only weak, or no phase-dependent modulation
of SIC. The absence of a strong modulation implies a certain coherence for the non-
attended signal with the receiving population in an anti-phasic relationship in order
to counteract V4’s gain modulation. This is compatible with a weak level of coherence
between non-attended V1 and V4 as observed in Grothe et al., 2012 [98]. On the other
hand, a weak modulation of non-attended SIC in V4 could emerge if there is no co-
herence between non-attended V1 and V4 as observed in Bosman et al., 2012 [29]. In
principle, our results are also compatible with a strong anti-phasic coherence between
sender and receiver, however, such a strong coherence has never been observed experi-
mentally, even though it would be functionally optimal for selective information routing.
This may be due to how the phase-locked states between the sending and receiving pop-
ulations are established. Previous studies have shown evidence that gamma activity acts
in a feedforward manner, with the upstream populations’ gamma rhythm entraining the
gamma in downstream areas [15, 29, 158, 187, 188, 225]. With this in mind, it is up to the
sending population processing the attended stimulus to entrain V4 with its own gamma
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rhythm, whereas the population processing the non-attended stimulus fails to entrain
V4, remaining primarily uncoupled. Essentially, the presynaptic populations compete to
entrain their postsynaptic targets. Even though the effect of attention on rates in V1 has
been reported to be relatively weak in numerous studies [142, 149, 153, 163, 165, 194],
modeling studies suggest that even a moderate advantage for the attended signal can
be sufficient to entrain the receiving V4 population [102]. It has also been reported that
the gamma peak frequency increases slightly with attention in V1 [29], which further
promotes its ability to entrain the receiving population [43].

Our predictions for how SIC is encoded within V4’s neural activity relied upon the as-
sumption that the information from the sending populations arrives in pulsed packages
at V4. In its simplest form, such an encoding can be realized by synergistically com-
bining synchronous dynamics with a rate coding scheme [4]. Womelsdorf et al., 2012
[249] demonstrated such a scheme in V1, showing that the firing-rate at the peaks of
gamma-oscillatory activity is more informative for stimulus orientation. A complemen-
tary scheme for encoding information relative to gamma activity is phase-coding. Using
the same orientation-selectivity data set, Vinck et al., 2010 [231] showed support for such
a phase-coding scheme with the observation that stronger activation by a stimulus leads
to spikes emitted earlier in the gamma cycle. Cumulatively, regardless of precisely how
stimulus information is encoded within each gamma-cycle of the sending populations’
neural activity, the crucial component of RBS is that the gamma-rhythmic coordination
of said activity increases its postsynaptic impact in a periodic manner, effectively deliv-
ering information to the receiving population in the form of gamma-rhythmic packages
[10, 76, 209, 213, 254].

In our results, the higher level of attended information content at excitability peaks
in the receiver population in V4 cannot be explained solely by its oscillatory activity.
Indeed, having more spikes in the vicinity of V4 excitability peaks has the potential to
encode more information at these phases, regardless of any inter-areal phase coherence
between the sending and the receiving population. However, if spikes from sending pop-
ulations arrived unaligned to V4’s gamma oscillation, we would expect a similar level
of SIC phase-modulation for both the attended and the non-attended signals. Further,
attention-dependent differences of mean rate in the sender populations do not suggest
the big difference observed between the phase-dependent modulation of SIC of attended
and of non-attended stimuli, because the mean firing rates in the sending populations
are not strongly modulated by attention [142, 149, 153, 163, 165]. Therefore, we expect
that selective phase coherence ensures that information packages for predominantly the
attended signal arrive close to the optimal phase at V4 explaining the qualitative differ-
ence of the phase modulation between attended and non-attended stimuli.

While selective routing of signals and information based on the synchronization in the
gamma band is a consistent mechanism [77, 79, 122, 123], it is conceptually difficult to
draw valid conclusions on information transmission from measuring gamma coherence
within or between cortical areas alone [40]. Developing complementary approaches to
better link the observed dynamics of neuronal activity to the proposed function in infor-
mation processing is thus necessary. A significant advance was made by showing that
the power of gamma-band activities at two recording sites maximally correlate when
these gamma oscillations are in a favorable phase relationship [250]. Consistent with
this finding, it was demonstrated that Granger causal influence from upstream to down-
stream visual areas in the gamma band is enhanced by attention [15], going along with
increased gamma phase synchronization. However, since gamma activity is an internal
rhythm, the relation to the transmission of stimulus information remained unclear. In



46 information in v4 is gamma-rhythmic

our approach, as opposed to investigating internal gamma rhythms alone, we directly
estimate the stimulus information that is contained within V4’s lower frequency (5 to 15
Hz) activity by computing the spectral correlation between the luminance flicker of the
visual stimuli with V4’s neural activity. In consequence, the results establish a causal
link between V4 gamma dynamics and stimulus content, demonstrating a qualitative
difference between how attended and non-attended signals are conveyed through V4.

An impact of the pulsed information transmission scheme of RBS on behavior might
occur if the animals need to respond quickly to sudden stimulus changes, which result
in neural responses with fast initial transients lasting only a few gamma cycles [218]. If
the relevant information for detecting such changes is predominantly contained in these
rapid neural responses, it will be crucial whether it arrives at a favorable or unfavorable
phase. Arriving at an unfavorable phase would naturally lead to a larger neural response
latency, which could delay successful change detection. Indeed, it has been found that
larger response latencies are strongly correlated with longer reaction times, possibly
caused by such an effect [85]. Further evidence was given by Ni et al., 2016 [172] who
demonstrated that both neural responses and reaction times were modulated by the
gamma phase in V4 at which a sudden stimulus change occurred and also depended on
the V1-V4 interareal coherence [191].

Taken together, our findings directly demonstrate that signals carrying information of
attended stimuli occur in short packages, tightly locked to the phase of the gamma-band
oscillation, in the vicinity of the excitation maximum of the local target population. The
results strongly support previous evidence for differential phase synchronization as a
mechanism for attention-dependent selective signal routing. In particular, we established
the methods to infer and quantify the properties of pulsed transfer schemes in neural
data. Since evidence in support for CTC and RBS have also been reported across other
visual areas [22, 115, 250] and different brain regions [37, 46, 201], our techniques will
allow future studies to pinpoint similar processes in other areas, and to investigate
whether the dynamical features exhibited by our data point towards a general principle
for flexible information processing throughout the brain.
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D E LV I N G D E E P E R I N T O V 4

In the previous chapter, a dedicated effort was made to limit the performed analyses
exclusively to recordings made within the superficial layers of V4. In this section, we
explore the reasoning behind this selection criteria, discussing the laminar organization
and accompanying functional effects in the visual system. Further, we run the same
analysis from the previous chapter on recording sites that were classified as not coming
from the superficial layers of V4.

4.1 introduction

Laminar structure is present throughout the entire cerebral cortex, showcasing a colum-
nar organization with a canonical arrangement of six layers [166]. In fact, a common
name for the visual area V1 is – the striate cortex, with the name given to the area to
describe its stripy, layered properties that were evident when scientists were looking at
it for the very first time, all the way back in 1700’s [88, 93]. Accordingly, in reference to
the striate cortex, area V2 is often called the prestriate cortex, whereas V4 belongs to the
extra-striate cortex (which also contains V3, and V5/MT).

The ubiquitous nature of the layered structure is accompanied by a consistent circuit
motif connecting different areas throughout the sensory cortex [103]. Anatomically, the
visual system is characterized by a very specific laminar connectivity [70, 145]. Briefly,
feedforward projections from hierarchically lower areas tend to originate in the superfi-
cial (also called supragranular) layers and target the middle layer 4 (the granular layer)
of the hierarchically higher areas. The input layer 4 sends projections to the rest of the
column, up into the supragranular layers and down into the deep (also called infra-
granular) layers. Meanwhile, feedback projections tend to originate in the deep layers
and target the supra- and infra-granular layers in the upstream areas.

Multiple studies have elucidated the functional processes that parallel the anatom-
ical structure described above. Specifically, the feedforward interactions transmitting
bottom-up sensory information are mediated by gamma oscillations, while the feedback
interactions are mediated by oscillations in the alpha-beta range (5-20Hz) [15, 34, 158,
225]. In other words, the findings suggests that the supragranular layers relay bottom-
up signals containing sensory information through the gamma rhythm, whereas the
infragranular layers employ top-down control via the beta-rhythm [52, 72, 187, 227].

Altogether, the existing research indicates that the neural computation processes in
the superficial layers are substantially different from the computations performed in the
deep layers. In the previous chapter, the goal was to focus on the feedforward gamma-
band activity conveying the sensory signals of the visual stimuli. With this in mind, only
the available recording sites from the superficial layers were utilized. In this chapter,
we take a closer look at the selection criteria (see Fig. 4.1). Further, we also apply the
analysis of how stimulus information content (SIC) is modulated by gamma phase and
amplitude for the deep layer sites.

47
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4.2 results and discussion

4.2.1 Identifying the layer of the recording site

The recordings in the experiment were performed using Tungsten intracortical elec-
trodes. Although the intent was to record primarily in the superficial layers of V4, the
electrode insertion procedure does not allow for such accuracy, resulting in a mix of
recordings across various layers of V4.

In order to identify whether a recording site was within the superficial or deep lay-
ers, we utilized two metrics. The first metric involves the shape of the visual evoked
potential (VEP) caused by the stimulus onset. The characteristic time course of the VEP
for the superficial layers typically shows a negative deflection shortly after the stimulus
onset. Conversely, for the deep layers, the VEP shows a positive deflection shortly after
stimulus onset [92, 168]. The VEP was computed for each recorded site, by averaging
the LFP across all trials for each trial set (see the insets along the horizontal axis in Fig.
4.1). Then, the time point with the highest level of variability between the different trial
sets was determined – 125ms after the stimulus onset. The value of the VEP at this time
point can then be used to classify the layer of the recording.

The second metric involved measuring the level of spike-field coupling in the gamma
frequency range. Spike-field coupling in the gamma frequency range is known to be
high in the superficial layers and primarily absent in the deep layers [34, 168]. Spike-

Figure 4.1: V4 recording site layer classification.
For each trial set, the visual evoked potential (VEP) and the spike-field coupling were computed. For
the VEP, the point in time 125ms following the onset of the visual stimulus was used to determine the
magnitude of the positive/negative deviation, as indicated on the horizontal axis insets. For the spike-field
coupling, the spread of the circular distribution was assessed by computing Kappa, shown on the vertical
axis insets. In order to separate recordings from the superficial and deep layers, a threshold was applied to
each metric. Trial sets with VEP deflection less than 0.35 (z-score normalized LFP), and with a Kappa value
larger than 0.26 indicate a superficial recording. This classification leaves 24 trial sets for monkey F that we
classify as recorded in the deep layers of V4.
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field coupling was computed by tabulating mean spiking activity for each LFP gamma
phase, resulting in a von Mises distribution indicating the level of coupling between
the two signals. Then, for each trial set, we computed Kappa, K, which corresponds
to the spread of a circular von Mises distribution (1/K is analogous to the variance of
a Gaussian distribution). Large values of Kappa indicate a high level of gamma-phase
specificity, whereas K = 0 indicates a flat distribution with no phase-coupling present
between the spiking activity and the LFP (see the insets along the vertical axis in Fig.
4.1).

The VEP polarity and the gamma-band spike-field coupling metrics reveal a corre-
lation. Higher values of Kappa correspond to a larger negative deflection of the VEP,
indicating a superficial layer recording. Conversely, low levels of Kappa correspond to a
positive deflection of the VEP, indicating a deep layer recording. The correlation between
the VEP polarity and spike-field coupling Kappa provides some confidence that these
two measurements are appropriate to identify whether the recording site is in the deep
or superficial layer.

For monkey F, 24 of 46 trial sets were classified as being recorded in the deep layer of
V4. Having this substantial amount of data allows us to perform a pilot study analysis,
with just one monkey, to see how the stimulus information content is modulated by the
gamma rhythm in the deep layers of V4.
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Figure 4.2: V4 superficial/deep layer spectral power.
In each plot, the top and bottom of each colored region correspond to the 25th and 75th percentile of
spectral power of all the sessions. The plots in the top row show the raw spectral power, for the baseline (in
light gray) and the morphing periods (dark gray) of stimulus presentation. For the morphing period, there
are additional plots for the high (in red) and the low (in blue) gamma amplitude periods. The two plots in
the bottom row show the spectral power normalized by the baseline.
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Curiously, the amount of energy in the beta and gamma bands does not appear to
be very different between the superficial and deep recordings (see figure 4.2). Further,
since the recordings in the deep layers either have very weak or entirely lack spike-phase
coupling in the gamma range, it is not possible to reliably assess a proxy for excitability,
as we did in the previous chapter. Thus, for the following analyses, we evaluate the
phase modulation relative to LFP gamma phase, as opposed to the ESA-aligned phase
in the previous chapter. Aside for this, and also aside for the laminar location of the
recording sites, all the methodology and analyses are identical to ones utilized in the
previous chapter (see figures 3.2 and 3.3).

4.2.2 Deep layer: information modulation by phase

In this section, we evaluate how much of the luminance flicker is present with the phase-
specific components of V4’s deep layer neural activity. Since we are using LFP phase
instead of the ESA-aligned gamma phase, it is important to remind the reader that
in the superficial layers, the highest level of spiking activity corresponded roughly to
LFP’s trough. Thus, for the deep layer results presented here, we keep the LFP’s trough
phase in the center of the plots, to make the results comparable (see the dotted lines
representing the LFP phase in figures 3.4A and 4.3A).

As figure 4.3 shows, LFP neural activity does show significant levels of modulation by
phase. Specifically, for the cumulative analysis, where we combine all the available data
into one computation, there is substantially more information at the peak as opposed to
the trough of the LFP neural activity (Fig. 4.3A, p < 0.00005). The individual trial sets
corroborate this result, with significantly more sets below the diagonal in the scatter
plots of figure 4.3B (p = 0.0017).

This result is the opposite of the one in the superficial layers (see figure 3.4), where a
similarly large modulation was present, but in the opposite direction. A possible expla-
nation for this effect would be that the LFP’s gamma rhythm flips polarity between the
superficial and deep layers, as shown in the laminar profile of V4’s gamma oscillations
presented by Kerkoerle et al., 2014 [225].

For the non-attended signal, the cumulative analysis reveals that the SIC is signifi-
cantly higher at LFP trough than at the peak. As with all the previous non-attended
condition results, this effect is rather low in amplitude, however it is still highly signifi-
cant (p = 0.0028). Thus, the attended and non-attended SIC are modulated into opposite
directions, which was not the case for the superficial layer results. While it is impor-
tant to keep in mind that the non-attended effect magnitude is low, trusting its validity
leads to some interesting functional interpretations. First, this result supports the idea
that the upstream V1 populations processing the attended and non-attended signals es-
tablish coherence with opposite phase-locking with the recorded V4 population as we
originally hypothesized. If we modify V4’s gain of its inputs to be lower than presented
in the toy model shown in figure 3.1, it would be possible for the modulation of the
non-attended signal to go through unimpeded, which would give the result of having
opposite polarities of phase-modulation between the attended and non-attended signals.
In other words, this result provides support that the deep layers of V4 do not exhibit
gamma-rhythmic gain modulation as strongly as the superficial layers.

Crucially, none of the ESA results show a significant different between the peaks and
the troughs. In fact, the SIC values are very low, to the point of not showing any signif-
icant information content for many phases. Further, if we pay specific attention to the
modulation across the entire phase axis, we do observe slightly higher SIC specifically
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Figure 4.3: Signal information content modulation by gamma phase, V4 deep layer recording sites.
A. SIC modulation by phase for data pooled across all sessions. In each plot, we display how SC is mod-
ulated by the LFP gamma phase (horizontal axis with LFP’s trough in the middle) from which the neural
signal is extracted. The shading around each line corresponds to the 95% confidence interval. Significance
of the difference between SCpeak vs SCtrough is indicated in each plot (*p < 0.05, **p < 0.01, ***p < 0.001,
see methods for details). The gray shading at the bottom of each plot corresponds to the 95% chance level
(values below this level indicate no significant SIC). The grey dashed sinusoid line indicates the correspond-
ing average LFP phase.
B. SIC at peaks versus troughs for individual sessions. For each condition, we display a scatter plot of
SCpeak vs SCtrough pairs. In the scatter plots, individual sets that exhibit a significant difference (p < 0.05)
are marked with a circle, and with a cross otherwise. The significance of the group distribution, i.e. whether
it lies significantly below or above the diagonal, is marked with black asterisks on the side that contains
significantly more sessions (*p < 0.05, **p < 0.01, ***p < 0.001, see methods for details).
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at LFP’s rising phase. Curiously, this specific phase location corresponds to the lowest
level of SIC for LFP activity (compare the two plots on the left of figure 4.3).

The analysis on the deep layer recordings reveals a difference between the LFP and
ESA neural signals. In contrast, for the superficial layer recordings, the results from the
ESA and the LFP neural signals consistently corroborated each other, showing qualita-
tively similar modulations. This provides for the opportunity to compare the nature of
the two different neural signals. With ESA, the spiking signal is supposed to represent
the output activity of a small amount of neurons in the vicinity of the electrode. In
contrast, the LFP reflects the sum of the synaptic currents in a larger area around the
electrode. Theoretical studies have typically supported that the LFP signal is actually
dominated by the afferent input currents to the local neurons as opposed to their output
spiking activity [94, 173, 178, 252]. However, due to several factors, such as recurrent
connectivity, assessing the precise nature of the pre and post-synaptic components of
the LFP signal becomes convoluted [38, 147].

Before we make any further inferences, we should first scrutinize the effects of gamma
amplitude, followed up with how the phase modulation changes between periods of
high versus periods of low levels of gamma activity.

4.2.3 Deep layer: information modulation by amplitude

In this subsection, we evaluate how much of the luminance flicker is present within peri-
ods of low versus periods of high levels of gamma activity in V4 deep layer recordings.

As figure 4.4A shows, when performing the cumulative analysis, combining the trials
from all the recordings sites into one computation, there are no significant differences
between SIC within periods of low versus high levels of gamma activity.

The scatter plots in figure 4.4B display the results for the individual trials sets. Here,
we do find a significant difference between SIC in high and low-amplitude periods for
two of the conditions, however, the level of significance is low (p = 0.032 for attended
LFP and p = 0.042 for the non-attended ESA).

Altogether, the analysis suggests that the SIC does not seem to depend too strongly
on the level of local gamma activity. This deviates from superficial site results presented
in the previous chapter. The superficial recordings revealed that the amount of attended
SIC consistently decreased at lower amplitude levels.

Since the level of information coding does not seem to strongly depend on the ampli-
tude of the local gamma activity, one can speculate that in the deep layers V4’s gamma
cycle does not modulate the gain of its inputs. If this is the case, SIC modulation by phase
that we observed in the previous section may explicitly reflect the phase specificity of
the input to the recorded population of neurons.

On the other hand, the magnitude of the effect was already quite small in the superfi-
cial recordings, which could mean that in the deep layer recordings the effect could be
simply too small to be detected.
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Figure 4.4: Signal information content modulation by gamma amplitude for deep layer recording sites.
A. SIC extracted from periods with high- versus low-amplitude gamma oscillations for data pooled across
all sessions. In each plot, for the specific condition as indicated by the row and column labels, we display
pairs of SChighAmp (in orange) and SClowAmp (in green), separately for each animal, neural data type, and
attention condition. The error bars indicate the 95% confidence interval. The gray shading at the bottom of
each bar indicates the 95% chance level for that value. Significance level of the differences is indicated above
each pair of bars, acquired by permutation testing across the trials (*p < 0.05, **p < 0.01, ***p < 0.001, see
methods for details).
B. SIC extracted from periods of high versus low gamma neural activity for individual sessions. For each
condition, we display a scatter plot of SChighAmp vs SClowAmp pairs. In the scatter plots, sessions that exhibit
a significant difference (p < 0.05) are marked with a circle, and with a cross otherwise. The significance
of the group distribution, whether it lies significantly below or above the diagonal, is marked with black
asterisks on the side that contains significantly more sessions (*p < 0.05, **p < 0.01, ***p < 0.001, see
methods for details).
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4.2.4 Deep layer: information modulation by phase and amplitude

In this section, we combine the neural activity dissociation by gamma phase together
with the dissociation by gamma amplitude, allowing to assess how the modulation by
phase changes with the level of gamma activity.

The results of the cumulative analysis are displayed in figure 4.5. Here, for the high-
amplitude condition, we find that the attended-stimulus information content within the
LFP signal shows a significant increase at both the peak and trough gamma phases, but
not during the rising or the falling phases of the neural activity. The effect magnitude is
particularly high for LFP’s trough, producing a bimodal shape for modulation by phase.

In the previous chapter, the effects observed for the analysis combining gamma phase
and amplitude neural signal dissection (figure 3.7) were under critique, due to the di-
minished phase-modulation in the low amplitude condition potentially being explained
away by simply having less reliable phase estimates when the gamma activity was low.
In the deep layer, rather than observing a similar increase (or decrease) in phase-specific
modulation during periods of high (or low) gamma activity, the modulation shows a
substantial qualitative difference, going from a mono-polar distribution with highest
values for the LFP-peak towards a bi-polar distribution with highest values at both the
peak and the trough.
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ods in dependence on V4’s gamma phase for the deep layer recording sites.
For each condition, as indicated by the row and column labels, each plot displays how SIC is modulated
by phase of signal extraction (horizontal axis), separately for high gamma amplitudes (in orange) and low
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sponding phase. The colored asterisks at the top right of each plot indicated whether there is a significant
difference between SCpeak and SCtrough for the corresponding amplitude condition.
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One possible explanation for this effect could be attributed to the method utilized
in order to extract the phase-specific neural activity components. There is an inherent
level of noise within the signal, which leads to a margin of error when we compute the
gamma phase. Since the neural activity experiences fast changes during the rising and
falling phases, the inaccuracy in determining the gamma phase may result in highly
inaccurate samples of the neural activity at the phase-specific time-points. This would
result in a particularly noisy phase-specific signal when extracting the phase-specific
components for the phases corresponding to the rising and falling of the neural activity,
diminishing the amount of measured SIC within it. Conversely, the samples extracted
from the peaks and the troughs of the gamma-rhythmic neural activity are much more
stable against time shifts, leading to a cleaner peak and trough phase-specific signal com-
ponents. Cumulatively, when performing the analysis, SIC estimation is most accurate
at peaks and troughs. Due to this effect, all the phase-specific analyses throughout the
research project focused on comparing SIC values for the two phase values. The effect of
SIC getting biased towards the peaks and troughs of the neural signal could potentially
result in a bipolar phase modulation, as seen the top left plot of figure 4.5.

However, if the above effect is substantial, why don’t we observe similar bipolar shape
of modulation in the other conditions? It is quite possible that there is indeed an addi-
tional mechanism at play that could explain the modulation shape. One possible expla-
nation is that we are observing a mixture of two phase-modulation effects, one with the
highest SIC at the peak and one with the highest SIC at the trough. With such a mixture,
the phase-modulation component with highest SIC at the trough of LFP appears to be
more susceptible to strength of the local gamma oscillation than the phase-modulation
component with highest SIC at the peak of LFP. One possible way to have to a mixture of
two effects could arise through recurrent connectivity within the deep layer population.
In this scenario, the original gamma-rhythmic bursts of input might arrive at the LFP
peaks. This input would evoke output activity within the local neurons, that would in
turn feed back into the same population with a delay such that the recurrent input ar-
rives at the LFP troughs. This recurrent delayed connectivity mechanism can essentially
replicate the input neural signal across other phases.

It is important to note that the above explanation is speculative. The presented results
are just from one animal, which makes it dubious to draw inferences towards what the
effects would be like on a population level. Nonetheless, the clear qualitative difference
between the superficial and deep layer recordings still provides strong support that these
layers are participating in different roles. The pilot study results invite further investi-
gation. Having more animals and more recording sessions would further elucidate the
difference and the functional roles of the computations performed within the different
layers of V4’s cortical columns.
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G A M M A - R H Y T H M I C I N F O R M AT I O N I N V 1

5.1 introduction

In the previous two chapters, we performed analyses on how stimulus information con-
tent (SIC) encoded within V4 neural activity is dependent on V4’s gamma phase and
amplitude. Prior to the analyses we were able to put forth a set of predictions, based on
the routing-by-synchronization (RBS) mechanism. Cumulatively, our results were able
to confirm the predictions, essentially recreating the bottom subplot of figure 3.1B and
thus providing strong support for the RBS framework. However, the prediction of how
SIC is contained within V4’s activity is only a part of the whole picture. In the proposed
hypothesis, V4 plays the role of the receiver population, getting inputs from two sender
population in V1, one sending information of the attended stimulus and one sending
information of the non-attended stimulus. Crucially, the hypothesis relies on a set of
assumptions with strong support from existing literature about the SIC phase-coding
within V1 output activity and the coherence in the gamma-rhythms between V1 and V4,
providing us with the top subplot of figure 3.1B, expanded here in figure 5.1.

One of the prerequisites for the RBS mechanism is that each V1 population exhibits
its own gamma-rhythmic activity with stimulus information content modulated by its
gamma phase. The assumption is that SIC within V1’s output activity should depend
on V1’s gamma-phase, with higher amount of information at the excitability peaks of
the rhythmic activity, i.e. when the population releases it’s gamma-rhythmic bursts of
spikes. In support of this, Womelsdorf et al. 2012 [249] found that V1 spikes occurring at
the excitability peak do exhibit higher stimulus orientation selectivity. In our hypothesis
about how RBS is implemented in the early visual system, the amplitude of the gamma
oscillations in V1, as well as the phase-dependent coding of the stimulus information is
not dependent on whether or not the stimulus with V1’s receptive field is attended —
we assume equal strength of SIC modulation by phase within V1’s activity (Fig.5.1).

The other component of RBS is that the gamma-rhythmic activity of V1 processing
the attended stimulus establishes a strong coherence with V4’s gamma-rhythmic activ-
ity with proper phase-locking such that V1’s bursts of activity arrive to V4 when it’s
most excitable. V1 processing the non-attended stimulus either does not establish co-
herence with V4 at all, or establishes much weaker coherence with phase-locking that
would have the non-attended stimulus arrive in bursts to V4 when it’s not excitable. This
should result in having the attended stimulus information enter V4 consistently at its
peaks, while having the non-attended stimulus information get spread across the differ-
ent phases of V4’s activity. The coherence between V1 and V4 populations is the primary
component of RBS, with strong support from existing studies [29, 98]. Curiously, Bosman
et al. 2012 [29] found that the non-attended V1 established no coherence at all with V4,
whereas Grothe et al. 2012 [98] found that non-attended V1 did establish weak coherence
with V4. Notably, the phase-relationship of the coherence has not been directly reported
on.

Cumulatively, the phase-dependence of stimulus information in V1 together with the
V1-V4 coherence results in having the attended signal consistently enter V4 at its ex-
citability peaks, whereas the non-attended stimulus information enters V4 spread across

57
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Figure 5.1: Phase-dependent V1 SIC at the V1 output stage and at the V4 input stage.
Regardless whether the location of V1’s RF is attended or not, SIC within V1’s output is highest at the V1
excitability peak. When attended, V1 establishes a strong coherence with V4 at a favorable phase-locking,
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level of coherence V4 at an unfavorable phase locking, such that non-attended information is spread across
the different phases of V4 excitability.

the different phases. This phase-dependent input information content is represented in
the last column of plots in figure 5.1. In the present chapter, we utilize a limited data
set of V1 activity collected together with the V4 data that was the focus of analyses in
the previous two chapters. As such, the experimental setup, involving an attention task
with two morphing shapes (see figure 3.2) as well as the methods, involving extraction
of phase-specific neural activity (see figure 3.3) are presented in detail in part 3.2 of
this dissertation. The aim of the following analyses is to essentially recreate the pieces
in figure 5.1, revisiting previous findings and existing assumptions about attended and
non-attended stimulus information coding in V1 as well as the phase-relationship be-
tween V1 and V4.

5.2 results and discussion

5.2.1 V1 data, laminar location of recordings

When the data for the experiment was collected, the previously-existing V1 array of
monkey B had degraded to the extent that no useful recordings in this visual area could
be performed. A chronic electrode array implanted in monkey F’s V1 was still delivering
reasonable data across 8 recording sessions. From a grid of 96 tungsten electrodes with
2mm spacing, the RFs of 15 sites contained one of the two shape stimuli. However, the
electrode array was inserted relatively deeply into the cortical tissue to prevent acciden-
tal removal during sudden head movements of the animal. The location of electrodes in
the deep layers is a problem when the goal is to characterize information transmission
from V1 to downstream areas, due to existing evidence that feedforward information
transfer occurs from the superficial layers of the cortex [15, 34, 145, 158, 225].

In order to attempt to characterize the laminar location of the V1 recording sites, we
assessed the average visually evoked potential (VEP) of the recordings — the average
of the LFP signals across all the trials following the initial appearance of the shape
stimulus with the V1’s RF (Fig. 5.2). For each session, we separated the trials by the
attended condition, whether the shape within the V1’s RF was attended or non-attended.
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Figure 5.2: V1 visually evoked potentials.
The average LFP following stimulus onset. VEP collected from trials with V1’s RF attended are in red, non-
attended in blue. Points of interest at 50ms and 100ms are marked in each plot. Recording site 3 is the only
one with a prolonged negative deflection following 50ms.

The results show that the shape of the VEPs does not reveal a difference depending
on whether the location of the V1’s RF was attended or not. The shape of the VEP
is known to depend on laminar location of the recording. Specifically for V1, Shroeder
et al. 1998 [197] found that for the superficial layers, the VEP begins with a negative
deviation around 50ms, and a positive fluctuation for the deep layers. However, the
1998 experiment utilized bright flashes covering the entire visual space, which is quite
different from presenting a small stimulus specifically within the RF of the recorded V1
population. The V1 VEPs we find in our experimental setup are quite similar in shape
to the VEPs for the V4 population. A similar shape for V4 VEPs has been reported in
Nandy et al. 2017 [168], who also utilized a high contrast stimulus placed within the RF.

Cumulatively, without additional evidence (such as the level spike-LFP coherence in
the gamma range utilized in the previous chapter) we are unable to confidently identify
the laminar location of our V1 recordings. We observe a number of shapes among the
V1 VEPs for our dataset. In particular, recording site 3 is notable for being the only
one whose VEP goes and stays negative after 50ms. Following the same procedure as
the one utilized for V4 data, this would be the only electrode to qualify as potentially
being in the superficial layers. Although we are uncertain about the laminar nature of
the recordings, and only limited to recordings from one animal, we still perform the
analyses as a pilot study on how stimulus information coding depends on V1’s local
rhythm, and how this changes after accounting for V1-V4 coherence.

5.2.2 V1 information modulation by phase

Here, we follow a similar procedure as we did when assessing phase-modulation of SIC
within V4’s activity in section 3.3.1. We extract the gamma phase from the V1 LFP signal
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for each trial. Then we select a subset of points from the LFP activity corresponding to
a specific gamma phase, where the LFP trough should roughly correspond to excitabil-
ity peak and LFP peak should roughly correspond to excitability trough (note that we
cannot confirm this since there is no corresponding spiking signal). This allows us to
compute spectral coherence between the phase-specific neural signal and the stimulus
flicker signal. The spectral coherence is then pooled across the relevant time and 5-15Hz
frequency bins in order to obtain the final measure of stimulus information content
specific to each phase: SCϕ.

Since we have 15 recording sites with chronically implanted electrodes, staying in the
same location across the 8 recording sessions, the results are pooled across the sessions,
while keeping the recording locations separate. The results reveal that there is indeed
SIC modulation by phase within V1. Foremost, we observe that attention does not play
a major role in the overall levels of SIC. We do observe slightly higher levels for the
non-attended signal which confirms the corresponding finding from Grothe et al. 2018
[99] where 7 of 15 sites showed significantly higher SC in the non-attended case. Cumu-
latively, this indicates that attentional gating of information does not appear to occur at
the level of V1.

For each recording site, attended and non-attended SIC follow a similar phase modula-
tion. Some recording sites exhibit substantially higher signal information at LFP troughs,
as expected, however, the opposite pattern with highest signal information content at
LFP peaks is also present. Recording sites 1, 6 and 7 exhibit a particularly strong SIC
modulation by phase, but the highest values of SC are found at LFP peaks, which should
correspond to excitability troughs. This reversal could be due to the reversal of LFP po-
larity in the deeper layers. The plot for recording site 3, which is the only one we could
identify as potentially located in superficial layer, shows the expected curves: attended
and non-attended SIC curves are nearly identical and both showcase higher SC values
at LFP trough.

5.2.3 Attentional modulation of V1-V4 coherence

In order to assess the level of phase-coupling between V1 and V4, we compute frequency-
resolved spectrograms of the neural signals W( f , t)V1 and W( f , t)V4 via a Morlet wavelet
transform (for details see section 3.2). These values are used to compute the coherence
between V1 and V4, utilizing the same spectral coherence formula that was previously
used to assess the amount of flicker information within a neural signal:

CV1V4( f , τ) =

∣∣∣∑p,t W̃V4( f , t) · WV1( f , t + τ)
∣∣∣2(

∑p,t |WV4( f , t)|2
) (

∑p,t |WV1( f , t + τ)|2
)

where W̃V4 is the complex conjugate of WV4, τ is the lag between the two signals, and
the sums are performed over all the timepoints t from the morphing period of the trials,
combining all valid pairings p of V1 and V4 recordings from the same session.

This measure essentially tells us the strength of coherence at each frequency for differ-
ent lags between V1 and V4. Figure 5.4A and B show coherence for electrode 3. Instead
of focusing on the low frequency component, as we do in order to assess SIC within
the neural signal, now we focus on the high levels of coherence present in the gamma
range. The plots reveal that the attended condition CV1attnV4 exhibits substantially higher
levels of coherence than the non-attended CV1nonV4, showing maximum coherence at a
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Figure 5.3: Phase-specific stimulus information content within V1 LFP activity.
SIC dependence on phase for V1 data pooled across all recording sessions, separately for each recording
site. The horizontal axis is labeled in terms of V1’s LFP phase, where phase 0 should roughly correspond
to excitability trough, and phase π should correspond to excitability peak. In each plot, we display how SC
depends on the LFP gamma phase (horizontal axis) from which the neural signal is extracted, in red for
when the stimulus within V1’s RF was attended, in blue for non-attended.

8ms temporal shift between the signals. We use this maximum coherence value C in
order to summarize the coherence levels between V1 and V4 for each recording site in
figure 5.4D. V1 recording site 3, in particular, showcased highest levels of coherence
with V4. Ultimately, the results reproduce the findings from Grothe et al 2012 [98]: V1
populations processing the attended stimulus establish strong coherence with V4 in the
gamma range, meanwhile V1 populations processing non-attended stimulus establish
much lower levels of coherence, roughly a fifth when compared to the attended. The de-
lay at which we observe maximum coherence δτ = 8ms serves as a very rough estimate
of synaptic delay between V1 and V4.

We can also assess the phase of coherence between the signals ΘV1V4 by taking the
angle of the complex valued spectral density in the numerator of the previous equation:

ΘV1V4( f , τ) = ̸

(
∑
p,t

W̃V4( f , t) · WV1( f , t + τ)

)

The values of ΘV1V4( f , τ) give us the phase relationship between the signals at which
they achieve maximum coherence. Θ is the phase value corresponding to the location
of the maximum coherence C from plot A. This value gives us a very rough estimate
of the phase difference between V1 and V4 signals, shown in figure 5.4E. For the at-
tended condition ΘV1attnV4, these values mostly fall slightly below 0, indicating that V1
activity peaks are synchronized with the pre-peak rising phase of V4 activity. For the
non-attended condition, these values primarily fall above 0, indicating that the small
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Figure 5.4: V1-V4 coherence magnitude and angle.
A and B. Coherence between V1 and V4 activity for V1 electrode 3. Data is separated by attention and
pooled across all the available pairings of LFP signals between V1 and corresponding superficial V4 elec-
trodes for each session, across all the sessions (a total of 12 sets of paired trials). For the attended condition
in A, the maximum coherence value, CV1attnV4, is marked, along with its corresponding frequency and a
rough estimate of the delay τ of 8ms between V1 and V4. The same position is labeled for the non-attended
condition in B.
C. Each value in the coherence magnitude plots has a corresponding phase-locking value ΘV1V4. The differ-
ence between the attended ΘV1attnV4 and non-attended ΘV1nonV4 conditions reveals that there is a consistent
difference between the two conditions in the area of high gamma coherence. The value at the point of
maximal coherence is marked, ΘV1attnV4.
D. The maximum coherence, CV1V4 marked in A and B, for each electrode. Attended condition corresponds
to consistently higher values of CV1V4 than non-attended; non-attended coherence value is not zero.
E. The distribution of phase-locking values, ΘV1attnV4 and ΘV1nonV4 at the corresponding delay τ across
the recording sites. When attended (in red), on average V1 gamma is slightly behind V4, with V1’s peaks
corresponding to the rising phase of V4. When non-attended (in blue), V1 gamma is slightly ahead of V4,
with V1’s peaks of activity corresponding to the falling phase of V4.
F. The difference between the attended and non-attended phase-locking value, ΘV1attnV4 −ΘV1nonV4 for each
electrode. The non-attended phase-locking to V4 is consistently delayed by around 0.2π compared to the
corresponding attended condition.

amount of coherence that does occur between non-attended V1 and V4 has the peaks of
V1 align with the post-peak falling phase of V4 activity, with the value shifting drasti-
cally across the lag axis.

The difference between the non-attended and attended phase-locking values (figure
5.4C) reveals a region around the proper lag and frequency with a consistent value.
Across all the recording sites (figure 5.4E), this value is always positive, indicating that
when the V1 population is processing the attended signal, it’s bursts of activity arrive to
V4 slightly earlier than when it is non-attended. Cumulatively, the phase-locking results
nicely corroborate the idea that the gamma-rhythmic activity of the V1 population pro-
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cessing an attended signal entrains V4, the non-attended rhythmic bursts of V1 activity
enter V4 shortly afterwards, when the window of high excitability in V4 has passed,
natural frequency of attended V1 is higher than natural frequency of receiving V4 [29].
When coupled, the two rhythms become phase-locked, with V1 attended entraining the
V4 rhythm [79].

5.2.4 V1 information modulation relative to V4 gamma

In this section we assess how SIC within V1 is distributed in relation to V4’s gamma
activity. This should correlate to how input information to V4 is distributed across the
phases of it’s gamma rhythm, whereas the previous analyses with phase-specific signals
in relation to V1’s gamma activity indicate phase-modulation as it exits V1.

First, we extract phase-specific signals from V1, utilizing the same procedure from the
previous two chapters (see figure 3.3), except instead of using a V1 population’s own
gamma phase to select the phase-specific time points within its neural activity, we substi-
tute the gamma information from a concurrent recording from a superficial V4 electrode.
The analysis is performed separately for each V1 site, separated by the attended condi-
tion and pooled across the possible V4 match-ups across the 8 recording sessions. In
order to properly align V1 and V4 signals for the phase-specific signal extraction, we
need to account for the synaptic delay between the two populations. For this we use the
δτ value, acquired from the coherence analysis between the V1 and V4 activities in the
previous section. This value stayed mostly consistent for all the electrodes, 7-9ms. Thus,
prior to extracting the V4-phase-specific V1 signals, we shift V1 activity forward by δτ.

By combining V1 and V4 data, taking V4’s gamma phase values and using them to
assess the phase-specific information within V1, the results reflect the gamma-phase
coupling between V1 and V4. In figure 5.3, we observed that information is indeed
concentrated around particular phases of V1’s activity, in relation to its own gamma
phase. In relation to V4’s gamma phase, low levels of coherence between V1 and V4
should "smear" V1 information across different phases of V4’s activity, decreasing the
level of phase-modulation (bottom row of figure 5.1). High levels of coherence should
result in keeping existing levels of information phase-modulation (top row of figure 5.1).

Figure 5.5A-D shows the multiple steps involved in the processing of stimulus in-
formation for two sample recording sites. The top row, A, shows how information of
attended and non-attended signals is modulated by phase within V1’s activity, with
both sites exhibiting SIC modulation by phase, but at opposite polarities. Row B shows
the corresponding levels of coherence in the gamma range between V1 and V4 popula-
tions, when V1 is attended the coherence is substantially higher. Finally, row C below
that shows how much SIC is present within V1 activity relative to V4’s gamma phase.
Here, we can immediately observe that any SIC phase-modulation of non-attended sig-
nals is removed, resulting in flat curves. Meanwhile, for the attended condition, SIC
phase-modulation is retained. Finally, we also include SIC modulation by phase of V4’s
LFP signal, from chapter 3.3.1. Together, these plots allow us to track how stimulus in-
formation is coded by phase as it goes through the steps of the RBS mechanism: row A
shows SIC within V1’s output, row B describes the level of coherence between V1 and
V4, row C shows SIC within V4’s input, and finally row D shows SIC within V4’s output
activity.

Figure 5.5E and F summarize how stimulus information coding changes between V1
output and V4 input stages across the 15 available V1 recording sites. The starting point
of each vector shows peak versus trough SC values relative to V1’s gamma phase and
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Figure 5.5: Stimulus information content phase-modulation, going from V1 output to V4 input.
A. SIC within V1 activity, showing modulation relative to V1’s gamma phase for two V1 recording sites.
Red curve indicates SIC modulation for attended signal, blue for non-attended. These curves correspond
to the amount of stimulus information present within V1 output activity.
B. Corresponding V1-V4 coherence plots.
C. SIC within V1 activity, showing modulation relative to concurrent V4 gamma phase. These curves corre-
spond to the amount of stimulus information as it enters V4 relative to V4’s gamma rhythm.
D. SIC within V4 activity, relative to its own gamma phase. This is the same data as shown in figure 3.4C.
These curves correspond to amount of stimulus information in the output of V4.
E. Change in phase-modulation of information content within neural activity between the V1 output stage
and the V4 input stage for the attended condition. The x-axis indicates the amount of information at ex-
citability peak and the y-axis corresponds to excitability trough (going from V1 output to V4 input).
F. Same as E, for the non-attended condition.

the arrowhead of each vector corresponds to peak versus trough SC in relation to V4’s
gamma phase. Data below the diagonal corresponds to recordings with more informa-
tion present around the excitability peaks and data above the diagonal corresponds to
neural activity with more information around excitability troughs. Data points on the di-
agonal itself indicate that there is no SIC modulation by phase. Across the 15 recording
sites, the non-attended condition data shows that information is modulated by phase
as it exits V1, and then the phase-modulation vanishes as it enters V4, with all arrows
pointing at the diagonal. This is not at all the case for the attended condition, with
the data showing that if there was SIC modulation-by-phase at the V1 output stage, it
remains there as it entered V4.

It is important to remember that we only had the opportunity to analyze V1 data from
just one animal, only the LFP signal, and without much confidence about the laminar
locations of the recording sites. In theory, deep layers are predominantly responsible for
feedback processing, where V4 would play the role of the sender population and V1
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the receiver. However, the layers within a cortical column are interconnected, thus our
analyses might merely reflect an "echo" of feedforward gamma-rhythmic information
processing from the superficial layers, convoluted within the deeper layers. If there had
been more V1 data, with spikes, from multiple animals, confidently from the superficial
layers of V1, it is quite likely that the one would observe much stronger effects, higher
levels of SIC phase-modulation with considerably more information content at V1’s
excitability peaks.

Altogether, the pilot study shows additional support for the RBS mechanism. We
have found that level of stimulus information present within neural activity is indeed
modulated by the gamma rhythm of V1 populations, sending out rhythmic bursts of
information packages for both attended and non-attended signals. V1 populations pro-
cessing attended stimuli exhibit strong coherence with V4, consistently delivering stim-
ulus information to the same phase of V4’s rhythmic activity. V1 populations process-
ing non-attended stimuli exhibit much weaker coherence with V4, delivering stimulus
information across all phases of V4’s rhythmic activity, diminishing the existing phase-
modulation of information content present within V1. The small amounts of coherence
between the non-attended V1 and attended V4 seems to occur at a slightly delayed
phase when compared to the attended condition, delivering gamma-rhythmic packages
to V4 after it has passed its excitability peak. Finally, V4’s gamma-rhythmic gain of its in-
puts further enhances the difference in the gamma-dependent SIC modulation between
attended and non-attended inputs to V4, allowing for its output activity to contain pre-
dominately the attended stimulus information.
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S T I M U L AT I O N S I M U L AT I O N





6
C O N T R O L L I N G G A M M A - R H Y T H M I C C O H E R E N C E W I T H
M I C R O S T I M U L AT I O N

Electrical stimulation is a promising tool for interacting with neuronal dynamics to iden-
tify neural mechanisms that underlie cognitive function. Since effects of a single short
stimulation pulse typically vary greatly and depend on the current network state, many
experimental paradigms have rather resorted to continuous or periodic stimulation in
order to establish and maintain a desired effect. However, such an approach explicitly
leads to forced and ’unnatural’ brain activity. Further, continuous stimulation can make
it hard to parse the recorded activity and separate neural signal from stimulation arti-
facts. In this study we propose an alternate strategy: by monitoring a system in realtime,
we use the existing preferred states or attractors of the network and to apply short and
precise pulses in order to switch between its preferred states. When pushed into one
of its attractors, one can use the natural tendency of the system to remain in such a
state to prolong the effect of a stimulation pulse, opening a larger window of oppor-
tunity to observe the consequences on cognitive processing. To elaborate on this idea,
we consider flexible information routing in the visual cortex as a prototypical example.
When processing a stimulus, neural populations in the visual cortex have been found
to engage in synchronized gamma activity. In this context, selective signal routing is
achieved by changing the relative phase between oscillatory activity in sending and
receiving populations (communication through coherence, CTC). In order to explore
how perturbations interact with CTC, we investigate a network of interneuronal gamma
(ING) oscillators composed of integrate-and-fire neurons exhibiting similar synchroniza-
tion and signal routing phenomena. We develop a closed-loop stimulation paradigm
based on the phase-response characteristics of the network and demonstrate its ability
to establish desired synchronization states. By measuring information content through-
out the model, we evaluate the effect of signal contamination caused by the stimulation
in relation to the magnitude of the injected pulses and intrinsic noise in the system. Fi-
nally, we demonstrate that, up to a critical noise level, precisely timed perturbations can
be used to artificially induce the effect of attention by selectively routing visual signals
to higher cortical areas.

6.1 introduction

With evolving technology, new and promising techniques to interfere with the brain’s
natural activity have played a crucial role in moving from correlational to causal links
between neuronal activity and behavior [71, 138, 214]. Crucially, the same techniques
are used clinically to treat pathological injuries and disorders [19, 21, 73, 146]. The devel-
opment of perturbation technology, among many others, includes ablations of cortical
and subcortical targets, chemical lesions, reversible inactivations, transcranial direction
current stimulation (tDCS), transcranial magnetic stimulation (TMS), intracortical mi-
crostimulation (ICMS), and finally the fairly recent and exciting optogenetic techniques
[253]. This advancement of tools has provided increasingly higher temporal and spatial
perturbation precision, allowing for more intricate control over neural activity, which in

69
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turn has supported progressively stronger conclusions about the neuronal mechanisms
underlying cognition.

While non-invasive techniques such as tDCS and TMS ease clinical applicability, the
effects of their stimulation unfortunately lack spatial precision. Invasive techniques, in
particular, ICMS and optogenetics allow for precise temporal and spatial resolution, pro-
viding the ability to deliver a single short and temporally precise perturbation at a pre-
cise location in the brain, which in turn, should greatly increase the ability to accurately
affect and control neural circuits. However, the effect of such a single short perturbation
can be very short-lived and, crucially, it can vary greatly in dependence on the state
of the neural system at the pulse onset. Because of this, many perturbation paradigms
have opted to either use a very strong pulse, essentially resetting and disrupting the
activity of the target network, or to use a continuous or repetitive-pulse stimulation in
order to establish and maintain a desired effect. For instance, a series of seminal stud-
ies [46, 201] entrained a local population in the barrel cortex of mice with a rhythmic
optogenetic train of pulses at 40 Hz. By delivering a vibrissa stimulation at different
phases of the entrained population’s cyclic activity, the researchers showed that the neu-
ral population’s response as well as the rodent’s behavioral performance depends on the
phase at which the whisker stimulation stimulus arrives to the population. In a more
recent study, [172] used a similar technique to show how an optogenetically induced
neural rhythm modulates the gain of spike responses and behavioral reaction times in
response to visual stimuli in cats.

Using continuous stimulation serves its role as a powerful research tool, however it
also brings up a number of concerns. First, in some cases, stimulation can effectively
destroy and suppress any ongoing local processing [138]. Even if it does not lead to full
suppression, in addition to achieving a desired effect, continuous stimulation may inter-
fere and contaminate the relevant neural signals. Further, in many cases, when analyzing
the activity recorded during the stimulation, it becomes hard, if not unfeasible, to sep-
arate the stimulation artifacts from the relevant neural data. Finally, such an approach
explicitly forces the neural system to remain in some desired network state, resulting in
artificial dynamics and making it questionable what we learn about processing during
natural activity.

In this study, we propose to use an alternate strategy. Rather than using continuous
stimulation in order to sustain a desired state of the neural network, we wish to utilize
a single precise pulse in order to push the system into one of its (potentially) existing
preferred states [221]. If the network is pushed into one of its attractors, the natural
tendency of the system to remain in such a state extends the duration of the effect of the
pulse, which opens up a larger window of opportunity to observe the consequences on
cognitive processing. Crucially, it becomes necessary to monitor the system in real time
in order to be aware of the system’s state and to deliver just the right stimulation at just
the right time, resulting in a closed-loop paradigm.

Approaching the brain’s rhythmic activity and synchronization phenomena from a
perspective of non-linear dynamics provides useful inferences on neural oscillator ac-
tivity [100]. First, oscillatory synchronization collapses the normally high dimensional
dynamics of neural dynamics into a low dimensional set of attractor states. Further, if a
neural system can be modeled using self-sustained, oscillators, a perturbation inserted
at a specific phase of a cycle would evoke a consistent phase-shift in the oscillator’s ac-
tivity – an effect that is captured by a phase-response-curve (PRC) [42, 198]. Numerous
experimental studies have found evidence for PRCs in vitro [5] and as well as in vivo
[229, 230, 237].
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In the present study, through a modeling approach, we develop a method to explore
the feasibility of utilizing PRCs in order to shift the synchronization of a system into a
desired state. First, we choose to model selective information routing in the visual cor-
tex, between V1 and V4 cortical areas. A prominent mechanism explaining how infor-
mation routing occurs, communication through coherence (CTC), relies on the inherent
oscillatory dynamics of neural activity and postulates that neural populations establish
favorable and unfavorable information routing states through frequency-specific phase-
locking [77, 79]. In support of this hypothesis, experimental studies have shown strong
evidence for gamma-band synchronization between sending V1 and receiving V4 neu-
ral populations during a visual attention task [29, 98]. Once a favorable synchronization
state is established, rhythmic bursts of V1 spikes arrive to V4 during its excitability
peaks, increasing the likelihood that further spikes are evoked leading to effective signal
routing. On the other hand, if the V1 and V4 populations establish an unfavorable phase
state relationship, the V1 spikes arrive to V4 during the excitability troughs and hence
should fail or at least be less effective in evoking further activity.

We begin with a model of an isolated neural oscillator and then expand to more real-
istic system of multiple coupled populations, constructed to exhibit the synchronization
and information routing phenomena observed in the visual cortex. We explicitly mea-
sure the information content in the model to evaluate the effect of signal contamination
caused by the stimulation in relation to the magnitude of the injected pulses and intrin-
sic noise level of the system. Further, we vary the background noise level to investigate
how increased stochasticity affects the phase-response properties the system and hence
our ability to control it. We demonstrate that up to a critical noise level, precisely timed
perturbations can be used to ’simulate’ the effect of attention by selectively routing a
visual signal to higher cortical areas and identify optimal pulse strengths required to
achieve this goal.

6.2 results

In the first part of this section, we present the model of a local cortical population as
the basic building block of our framework. Further, we introduce the techniques needed
to monitor oscillatory dynamics, and demonstrate how to use them to control single
oscillators to maintain a desired system state. Taken together, these considerations pave
the way for interacting with a more realistic, hierarchical cortical network in Part 2 of
this section.

6.2.1 Part 1: Stimulating a single population

6.2.1.1 Network model

Model structure and dynamics.
For representing a local population of neurons, we construct a recurrent network with
800 excitatory and 200 inhibitory, conduction-based quadratic integrate-and-fire neurons.
Their membrane potentials V evolve according to the differential equation

CmV̇ = p2V2 + p1V + p0 + ge(V − Ve) + gi(V − Vi) + σnη(t). (6.1)

Here, Cm is the membrane capacitance, Ve and Vi are the reversal potentials and ge and gi
the corresponding conductances for excitatory and inhibitory input currents, and η(t) is
1/f (pink) noise with magnitude σn. If the membrane potential V crosses the threshold
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Vthresh, a spike is generated and delivered to all connected neurons, and V is reset to
Vrest.

Synaptic term equations and all the relevant parameter values are presented in ta-
ble 6.1 in the Methods section. Connections exist from the inhibitory population to itself,
with projection probability ploc

ii = 0.5 and corresponding delay τloc
ii = 5 ms, and from the

inhibitory to the excitatory populations, with projection probability ploc
ie = 0.5 and cor-

responding delay τloc
ie = 5 ms (Fig. 6.1A). The high probability of connectivity from the

inhibitory neurons reflects the dense connectivity of the inhibitory interneurons found
in the cortex [175]. The neuron and coupling parameters are set to emulate realistic
neurons, in accordance with [12] (for details on the implementation and parameters see
Methods section). In our case, having 5ms delays allows the network to generate gamma
frequency oscillations (Fig. 6.1C) by means of an ING-mechanism [217].

Both populations are driven by afferent connections delivering excitatory input with
time-varying rates Se(t) and Si(t), realized by inhomogeneous Poisson processes. We
scaled the mean rate and driving magnitude of the afferent input such that we achieve
a relatively high firing rate of 60 Hz for the inhibitory units, and significantly lower for
the excitatory units at 15 Hz, reflecting the typical differences found between the firing
rates of the neuron types in the cortex [232].

Quantifying stimulus representation.
When interacting with a cortical network by external electric stimulation, we pursue
two goals: Assessing the implied changes in dynamical network states, and quantifying
the impact on function, i.e. the representation and processing of visual information. For
the latter goal, we adopt a method which was used successfully to quantify selective
signal transmission (’gating’) in dependence on the attentional state [99, 102]. The main
idea of this method is to modulate the visual (input) signal by a random change in its
amplitude (’flicker’), and to compare the output of a neural population with the input
flicker signal by computing a frequency-resolved correlation using spectral coherence
(SC). In our case, we modulated the external drive with mean rate S0

X, x ∈ {e, i} by a
flicker signal Fx via

Sx(t) = S0
x(1 + σFFx(t)) . (6.2)

Fx was sampled from a uniform distribution between [−1, 1], changing every 10ms, cor-
responding to the experimental flicker signals used in [99] where a luminance of a
stimulus changed every frame at 100 frames per second. The strength of flicker mod-
ulation was set to σF = 0.10. This modulation is passed onto the spiking rates of the
driven neural populations (Fig. 6.1A). Note that even though the background 1/f noise
η(t) and the flicker modulation Fx(t) appear to have similar effects on the model, the
flicker changes at a much lower rate and its magnitude is kept consistent throughout
all the simulations, whereas the magnitude of background noise η(t) is used to change
the noise level of the system. By design, the flicker is the signal we track throughout
the network, and η(t) constitutes intrinsic, interfering noise that affects the cleanliness
of oscillations and overall stability of network states.

To assess the input flicker modulation contribution to the neural activity, we utilize
spectral coherence (SC). This method allows the investigate the linear contribution of the
input to network’s activity and was successfully used experimentally to study similar
selective processing in [99]. In our study, it provides a simple proxy to evaluate how well
we can control the system and the level of signal degradation due to perturbations. This
does not exclude that stimuli information is also encoded in other ways such as popu-
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Figure 6.1: Single oscillator model and activity
A. A local population consists of an excitatory and an inhibitory neuron subpopulations. It is driven by
an input signal containing a time-varying amplitude modulation. The inhibitory population projects onto
itself and onto the excitatory neurons, resulting in an ING mechanism which produces cyclic population
activity in the gamma frequency range (60-75Hz). To evaluate the signal routing ability of the network,
we assess the spectral coherence SC( f , τ) between the input signal modulation and the excitatory output
activity for different frequencies f and signal time lags τ. A cumulative input signal information measure
SC (white text) is computed by pooling across the relevant time-frequency range within the cone of interest
(solid black lines).
B. A raster plot of the all spiking activity withing the system for the medium amount of background noise
σn = 0.075nA. Neurons 1-800 are excitatory (red shading) and 801-1000 are inhibitory. 1 in 50 neurons is
marked by a small black bar, in order to highlight the spiking activity of a few individual neurons.
C. Samples of excitatory and inhibitory population activity for increasing internal noise levels are displayed
for multiple background noise conditions. At zero noise, oscillatory spiking activity is very regular - large
population bursts are followed by periods of silence. With increasing noise, activity gets more irregular and
less phase specific.
D. We show how input signal modulation contribution to the neural activity SC decreases with increasing
internal noise σn. The dashed line at the bottom indicates the 95% chance level, calculated by pairing up
the network activity with surrogate input signals.
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lation or temporal coding, but suffices to compare the effects of ’simulated’ attention by
ICMS to ’physiological’ attention.

First, we compute the spectrograms of the input signal and the spike output using a
wavelet transform with Morlet kernels. The transform yields complex valued coefficients
Wz( f , t) representing the amplitude and phase of a signal z(t) around the frequency
band f at time t. By evaluating the normalized cross-correlation between the spectro-
grams of x(t) and y(t) we obtain the spectral coherence measure Cxy( f , τ), where f is
the frequency and τ is the delay between the two signals:

Cxy( f , τ) =
∑i W∗

x ( f , ti) · Wy( f , ti + τ)

∑i |Wx( f , ti)| · ∑i |Wy( f , ti + τ)| , (6.3)

Due to the normalization terms in the denominator, the values of Cxy lie between zero
and one.

If neurons are driven well by the external stimulus, experimental data [99] and model
simulations (Fig.6.1A) reveal that the input signal can be tracked in the population ac-
tivity of a local population in V1 (or V4) up to frequencies of about 45 Hz (or 25 Hz).
Hence, in order to obtain a cumulative measure of input signal contribution to the neu-
ral activity, we defined a cone-of-interest whose upper frequency limit was selected to
be at 45 Hz, and whose temporal range was defined as ±7/6 f around τ = τxy, where τxy

is the delay between input signal x and neural output y. We pooled across the relevant
frequencies f and time lags τ within the cone of interest, to compute a single spectral
coherence score SCxy.

Gamma oscillations and noise.
In a typical experimental situation, it is impossible to assess the output signal of a
specific neural population directly. Instead, the measurement is confounded by both,
measurement noise and noise induced by background activity or by contributions from
neighboring circuits. For interacting with the brain, it is therefore essential to quantify
the impact of noise on the assessment of the current system state and to determine
limits up to which successful control is still possible. We therefore introduced internal
noise via the additional term σnη(t) in equation 6.1 [75]. η(t) is 1/ f noise with standard
deviation equal to 1, making σn represent the magnitude of the noise. Every single
neuron unit receives its own unique noise input. By changing the magnitude σn, we
control the overall level of noise in the entire system.

In Fig. 6.1C in the top three plots, we display model activity at different noise levels.
With zero noise level we clearly see oscillations within the Gamma frequency range, with
low jitter and high regularity and phase specificity – inhibitory and excitatory popula-
tions of neurons both evoke concentrated bursts of spikes followed by periods of silence.
Increasing the noise renders oscillations more irregular and less phase-specific, and de-
creases peak amplitudes. Also, oscillation frequency increases from 60 Hz for the zero
noise condition to 75 Hz for 0.15 nA. In order to maintain a stable cyclic activity with
a constant frequency, the ratio of inhibitory and excitatory post-synaptic currents needs
to stay consistent within each population of neurons [41]. Increasing the magnitude of
noise inherently raises the firing rate of neurons. Since our units are recurrently coupled,
a change in average firing rate upsets the inhibition-excitation ratio of the system, which
results in a dramatic change in activity. To counteract this effect, for each noise level, we
update the magnitude of driving rates Se and Si to provide just the right amount of
input drive to excitatory and inhibitory units to maintain firing rates consistent with
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physiological evidence, i.e. an average of 15 Hz for excitatory and 60 Hz for inhibitory
units (parameters see Methods section).

For noise levels of about 0.1 nA, we observe signals similar to physiological findings
[99]. To cover a realistic range, we investigated noise levels from σn = 0 nA up to σn =

0.175 nA. Crucially, as can be expected, the input signal representation as quantified by
SC becomes worse with increasing noise, although it stays well above the significance
level (Fig. 6.1D).

6.2.1.2 Tracking oscillations and stimulation effects

Real-time phase tracking.
For a targeted interaction with a neural system, we have to assess its internal state in real-
time. In our case, the internal state is characterized by the current phase of an ongoing
oscillation (in the Gamma frequency range). Consequently, we will have to determine
this phase as precisely and timely as possible.

Tracking the phase of a signal in real-time imposes the constraint that only data from
the past can be used for phase measurement, whereas the typical offline phase measure-
ment algorithms rely on utilizing past and future data for an accurate estimate of the
instantaneous phase at that time point. Hence, we utilize use a phase-extraction scheme
motivated by [48] that relies on using autoregression (AR) in order to forecast the signal
forwards (Fig. 6.2 top row). The AR model has been found to perform well in forecast-
ing noisy signals with power spectrum limited to certain frequencies [24], making it
adequate for our data.

In order to use the AR model, it must first be trained on data without any perturba-
tions. Once the model is acquired, it is used to extend the signal into the future, allows
us to use any of the typical offline methods for phase extraction. In our case, we uti-
lize the Hilbert transform. We apply a zero-phase bandpass filter with bandstops at the
halfway points found in the power spectrum to obtain the gamma component of the
signal without distorting its phase. Then, the data is passed through a Hilbert transform
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Figure 6.2: Autoregression (AR) signal prediction and phase error.
In order to extract real-time phase or the phase of a signal prior to a perturbation, we utilize AR in order
to forecast signals into the future before using typical offline methods (Hilbert transform). In the top row,
we show a few current signals generated by our model for increasing levels of noise. The black-to-grey
line shows the original signal and the red line shows the AR prediction. In the bottom row, we show
the corresponding distributions of difference between offline vs real-time phase for multiple predictions,
showing the efficacy of the method.
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[25], providing us with the complex analytical signal. The argument of the analytical
signal reveals the instantaneous gamma phase. The narrow range of the bandpass filter
is necessary, since the instantaneous phase only becomes accurate and meaningful if the
filter bandwidth is sufficiently narrow [171]. The difference between the realtime and
offline phase extraction shows to be sufficiently small, demonstrating the efficacy of the
method (Fig. 6.2 bottom row), and obliviating the need to revert to more elaborate phase
estimation schemes such as using multiple band-pass filters with slightly different filter
parameters [164].

In addition to allowing us to extract realtime phase, the same method is also applied
to neural signals just prior to an input pulse to determine the phase of the ongoing
oscillation before it is affected by the systems response to the perturbation. A similar
method relying on AR was utilized specifically for this reason in [172].

Phase-response curves.
Using stimulation pulses, our goal is ’push’ a neural system towards particular states
and quantify the impact of such a ’configuration change’ on information processing.
For an oscillatory system, when a perturbation occurs at a specific phase of its cyclic
activity, the following oscillatory activity is shifted by a consistent amount. This can be
quantified by a phase-response-curve (PRC) [42, 198, 205] by tabulating the phase shift
∆φ induced by a perturbation in dependence on the phase φ at pulse onset (Fig. 6.3A).
Conversely, a PRC can be used to determine the ’right’ time for a stimulation in order
to shift the system’s phase by a desired amount.

We simulate electric stimulation by injecting a square pulse of current of 1 ms duration
into all the neurons within the oscillator. The pulse was intended to emulate intracortical
microstimulation (ICMS), affecting the population of local neurons indiscriminately. We
tested depolarizing (positive pulses, exciting the neurons) and hyperpolarizing (negative
pulses, inhibiting the neurons) pulse polarities at multiple pulse strengths δI, from 0.25
nA up to 4 nA. To collect the PRC curve data, first, we run the model for a total time
T without any stimulation pulses (Fig. 6.3A, left panel, black curves). Using real-time
phase measurement, this data allows us to tabulate normal, unpulsed phase progression
φ(t). For assessing the impact of perturbation on phase, we again run the model for time
T, now pulsing at random points in time, and obtain the pulsed phase progression φδI(t)
(Fig. 6.3A, left panel, red curves). The resulting phase shift observed after a delay time
τ is then given by ∆φ(τ) = φδI(tonset + τ) − φ(tonset + τ). Except for very simple or
idealized systems, ∆φ is typically not independent of τ. In particular, one distinguishes
between the immediate PRC for τ = 0+, and the permanent PRC for large τ [180].

Since we consider a stochastic dynamical system, one cannot directly obtain a PRC
from network simulations. Instead, we repeated the described procedure for sufficiently
many tonset’s to first obtain a phase-response probability density function ρτ(∆φ|φ)
(Fig. 6.3A, right panel, blue shading). By taking the circular mean across ∆φ, one can
condense ρτ into a mean PRC ∆φτ(φ) (Fig. 6.3A, right panel, red line), whose inverse
gives the appropriate onset phase(s) φ which achieve(s) on average a phase shift ∆φ at
time τ after giving the pulse.

Note that this inverse mapping does not have to be unique, nor does it have to exist
for any desired phase shift, especially for low pulse strengths. In theory, one can realize
any desired phase shift by using a sequence of (small) shifts into the right direction, but
since we have to cope with a noisy dynamics inducing frequency jitter, we typically aim
at achieving a desired shift with as few pulses as possible.
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Figure 6.3: Phase response curves.
A. The plots on the left (top and middle row) show the activity of the excitatory population (in black) and
how a single perturbation applied to the oscillator changes both activity and post-synaptic current (in red).
From the corresponding phase dynamics (bottom row), we capture the phase φ at the pulse onset, and
the resulting phase shift δφ 100ms later (blue arrow). This gives us a single data point (marked in black)
in the PRC space on the right. By repeating this procedure, we obtain the distribution of pulse responses
indicating the PRC and its variability due to internal and external noise sources. The blue shading in
the plot corresponds to the probability density of many runs, with darker blue corresponding to higher
probability.
B,C. We show multiple PRCs across different conditions - varying pulse magnitude (B) and internal noise
level (C). In each plot, the thick red line represents circular mean of the phase shift across the pulse onsets,
while the thin red lines indicate the corresponding 25th and 75th percentiles. At low pulse strengths, the
resulting PRC shows a smooth biphasic relationship - pulsing at the peak (0 < φ(tonset) < 0.5π) results in a
negative phase shift (delay) and pulsing at the trough (−π < φ(tonset) < −0.5π) gives a positive phase shift.
As we increase the strength of the perturbation the magnitude of the phase shift increases. At sufficiently
high pulse magnitude of either polarity, a perturbation leads to a complete phase reset.
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Note that the phase shift ∆φ does not occur immediately. Rather, following the stimu-
lation, the network takes time to stabilize and settle back into its normal cyclic activity,
similar to what has been described as ’permanent resetting’ in the case of PRCs for indi-
vidual neurons [180]. In the single oscillator model, it takes around 2-3 cycles (around
τ = 30 ms) for the network to settle into its new stable phase state. Following this time
point, the mean phase shift stays consistent, however, the variability goes up, due to the
activities’ intrinsic fluctuations in frequency.

For weak perturbations (δI = 0.25 − 1.0 nA pulse magnitude), the resulting phase
offsets are small, resulting in a smooth biphasic PRC. The negative and positive pulses
cause shifts into opposite directions (Fig. 6.3B, compare top and bottom rows of first
plots on the left). However, as the strength of the pulse increases, the phase-shifts in-
crease as well, until they look the same and a complete phase reset occurs resulting in
a PRC that approaches the shape of a straight line (Fig. 6.3B, plots on the right). With a
strong negative/hyperpolarizing pulse, both the excitatory and inhibitory neurons are
reset to their steady state and the whole system is silenced, leading to a predictable
amount of time that it takes for the network to recover and start oscillating. When a
strong positive/depolarizing pulse is delivered, both populations of the network dis-
charge a large volley of spikes, which is then followed by a strong hyperpolarization
τii = τie =5ms later due to the connections from the inhibitory neurons, which essen-
tially acts as a strong negative pulse onto the system. In each case, the neurons are reset
to the steady state, taking the network a predictable amount of time to recover back to
its oscillatory activity, regardless of onset phase of the perturbation.

As we increase the internal noise of the model, the variability of the PRC goes up
with it. At a sufficiently high noise level, σn ≥ 0.175 nA, we no longer achieve stable or
predictable phase shifts (Fig. 6.3C), which means that the oscillator has become too un-
stable to exhibit phase-response properties [100]. Additionally, when applying a specific
magnitude of a pulse, its effect seems to increase (getting closer to a full phase-reset)
with noise as well. In part, this is due to the fact that the amplitude of the oscillations in
the noisy conditions are lower, meaning that the relative magnitude of the pulse to the
oscillations gets higher with increasing noise.

6.2.1.3 Controlling oscillations

Phase control procedure.
To test the ability to use the phase-response characteristics of our model, we employ
the following task: we run two independent oscillators, X and Y, simultaneously. If we
let them run without interfering, the phase difference between their activities ΦXY =

φX − φY performs a random walk, as their frequencies fluctuate independently from
each other1. We want to pulse X to keep it synchronized with Y. To achieve this, first, we
track their phases φX and φY in realtime, using the AR model to forecast signal at each
time point (see Fig. 6.4A). Once ΦXY surpasses the allowed threshold level (more than an
eighth of a cycle difference, |ΦXY| > π/4), we apply a stimulation pulse at just the right
phase in order to enact a shift in X’s phase ∆φX that is as close as possible to the required
correction −∆ΦXY. As soon as φX matches the desired onset phase, the stimulation
current is given. After the pulse, we enforce a refractory period of τref = 100 ms when

1 In our mathematical notation, we consistently designate phases with φ, phases shifts (induced by the per-
turbation) with a prefix ∆, and phase differences (between oscillators i and j) with a Greek uppercase Φij.
Consequently, ∆ΦXY will describe the phase shift induced by a pulse on the phase difference between
oscillators X and Y.
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no pulses are allowed in order to let the network settle and maintain its new phase
relationship.

Synchronizing two independent oscillators.
In Fig. 6.4B we show the resulting phase difference between X and Y, with the desired
state shaded in grey. In the unpulsed control condition, due the inherent variability in
the oscillator’s frequency, their phase difference constitutes a random walk, resulting
in a uniform distribution. Once the closed-loop procedure is applied, the difference
of phases between the oscillators shows the desired distribution centered around the
target phase state (-π/4 to +π/4). Notably, the strength of the pulse does not affect the
distribution (hence, just one distribution shown for all pulse strengths in Fig. 6.4B). Once
the first few pulses bring the oscillators into the desired phase relationship, only small
phase shifts are required in order to maintain the phase difference. Since any of the
utilized pulse magnitudes are capable of achieving the required shifts, the final phase
difference distribution is unaffected.

On the other hand, the model’s inherent noise level plays a major role. As the noise
increases, the ability of the pulsing procedure to maintain the desired state decreases.
At the highest noise level, even though there PRC curve shows no reliable shifts, we
still achieve a distribution centered around the desired phase difference. Note, that this
is not due to any phase-response properties but is merely the effect of applying pulses
to the network whenever it is not in the desired state, thus pushing it away from the
’forbidden’ state, and then letting it run passively whenever the desired state is achieved
- the phase onset of the pulse does not matter.

Next, we use spectral coherence to assess the amount of input signal information
that is present in the networks’ output activity (Fig. 6.4C). By pulsing the population,
we degrade the signal content. With perturbations of higher magnitude, the amount
of degradation increases appropriately. Notably, negative perturbation pulses (in blue)
result in significantly less information degradation than the positive pulses (in red). The
excitatory pulses evoke large bursts of spiking activity, which strongly diminishes the
stimulus content measure, whereas the inhibitory pulses, at most, suppress the spiking
activity to zero which results in less stimulus interference. At high noise levels and at a
sufficiently high pulse magnitude (4 nA), the amount of signal information is no longer
significant and falls below the 95% chance level at the bottom of the plot. Thus, if we
want to use electrical stimulation for assessing information processing in the brain, we
have to take care to use an appropriate pulse strength to not completely overpower the
signals whose representations we desire to enhance.

6.2.2 Part 2: Stimulation bistable multi-population model

Here the techniques developed in the first part of our study will be applied to an es-
tablished, prototypical network implementing selective signal routing under attention.
After briefly describing the model itself and its dynamics, we will first quantify how
the model reacts to perturbation pulses applied to different parts of the system. Using
this knowledge, we can finally interact with the model ’cortex’ in a meaningful way,
simulating the effects of ’natural’, physiological attention by using ’artificial’ pulses to
selectively route external signals to neural target populations. Conversely, our results
provide predictions which can be used in physiological experiments to specifically test
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Figure 6.4: Using PRCs to synchronize two independent oscillators.
A. The top plot shows the diagram of the two oscillators next to their output activity traces, X (orange) and
Y (green). As soon as the phase difference between the two oscillators (lower plot, blue line) exceeds 0.25π

in either direction (region shaded in gray), the appropriate phase for pulse onset onto X in order to achieve
the required shift to bring it back into synchronization with Y is determined. Once X is at this right phase,
a pulse is applied (vertical red line). Following the stimulation pulse, a refractory period is induced for
100ms during which no pulses are allowed (blue-shaded regions).
B. Evolution of X-Y phase difference distribution with increasing noise. With higher noise, the amount of
time that the model spends in the desired state diminishes, as visible by the broadening distribution. The
magnitude of the pulse does not affect the distributions, since any of the pulses are equally capable of
causing the appropriate shift to maintain the desired phase relationship between the oscillators.
C. Signal content SC for different pulse strengths (blue-red scale) across different background noise condi-
tions. Stronger pulses cause larger and longer-lasting artifacts in activity which greatly reduce the signal
information content measure SC. Negative pulses consistently lead to less signal degradation than positive
pulses of the same magnitude. The errorbars correspond to the SE of 10-second simulation runs. The gray
shading at the bottom indicated the 95% chance level.
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the particular model setup and, on a more general level, hypotheses about the still de-
bated neural mechanisms realizing communication-through-coherence.

6.2.2.1 Structure and dynamics of network

Setup and connectivity.
We use the single population network from part 1 to construct a model composed of sev-
eral interconnected oscillator modules, representing interactions between neuron popu-
lations in areas V1 and V4, similar to the work of [102]. All the projections between
the populations originate from their respective excitatory subpopulation, reflecting the
finding that inhibitory neurons have been found to form primarily local connections,
whereas the excitatory neurons project to up- and downstream visual areas [210], and
laterally to neighboring populations [211].

A schematic of the model is presented in Fig. 6.5A. The input (upstream) layer of the
model is composed of two oscillators, X and Y, representing two neighboring V1 popu-
lations. These are driven by afferent connections delivering independent Poisson spike
trains, each modulated by its own input signal, SX and SY. Furthermore, X and Y share
a connection from the excitatory pool of neurons of one population to the inhibitory
neurons of the other, Xe to Yi and Ye to Xi with connection probability pXY = 0.02 and
delay τXY = 5 ms.

In the output (downstream) layer of the model, a third oscillator Z represents a single
V4 cortical population that receives input from each of the V1 populations, emulating
the convergence of receptive fields when going downstream in the visual system. Xe and
Ye project with equal strength onto Ze with connection probability pZe , and onto Zi with
connection probability pZi . Each of the individual populations retains local parameters
of the single cortical population from the previous section, resulting in cyclic activity
within the same natural frequency.

Increasing levels of additional background noise significantly increase the firing rates
of integrate-and-fire neurons [32]. Since our model contains all sorts of recurrent connec-
tions, these increased firing rates cause various runaway effects that drastically change
the behaviour of the model. Thus, to make the comparison between different noise levels
fair, we scale the driving magnitude of the afferent inputs into each population in order
to maintain consistent firing rates across the conditions. First, Se(t) and Si(t) are scaled
for the X and Y oscillators, similar to the case with a single cortical population. Once X
and Y evoke the desired output spiking rate of 15 Hz, pZi and pZe are scaled such that Z
is sufficiently driven to display the same spiking rates as well.

Model dynamics.
Due to the intra-population connectivity between X and Yand their associated synap-
tic delays, their oscillations are consistently in an anti-phase relationship. The outputs
from X and Y drive compete to entrain Z, which results in bistable model dynamics as
described in [102].

To demonstrate these dynamics, we display a snippet of activity in Fig. 6.5B-E, focus-
ing on Ze. When Z is entrained by X, the troughs of Zi’s input to Z activity correspond
to the peaks of X and to the troughs of Y, and vice versa when Z is entrained by Y
(marked by the vertical lines throughout plots B-D). Thus, during the first half of the
displayed activity, Ze’s spikes are mostly driven by X’s input, and the second half by
Y. These sort of dynamics enact the CTC mechanism to route the input information SX
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Figure 6.5: Bistable XYZ model.
A. The model consists of three cortical populations X, Y and Z. X and Y form the lower layer of the model,
each subpopulation is driven by its own input signal SX and SY. X and Y are connected laterally, from
the excitatory subpopulation of one population to the inhibitory subpopulation of the other. The lateral
connectivity is set up such that the two populations’ activity oscillates in antiphase. The outputs of X and
Y drive the activity of Z which forms the upper layer.
B-E. In row B, we display the the postsynaptic currents in Ze as a result of the inputs it receives from
Xe, Ye and Zi. X and Y’s activity is consistently in antiphase. In row C, we show the sum of all these
currents, which then leads to the spiking activity displayed in row D. The peaks of Z’s own oscillatory
(from Zi) activity are marked in B, with vertical lines extending across the plots in order to track their
location. Towards the beginning, these peaks align with the peaks of Xe current, switching to Ye partway
through time, indicated by the color of the vertical lines. Thus, at first Xe’s input fails to evoke spikes in Ze
since it coincides with the highest inhibition from Zi whereas towards the end the spiking activity is driven
primarily by Xe, demonstrating the idea behind information routing via the CTC mechanism. In row E, we
show the phase differences ϕXe − ϕZi = ΦZX and ϕYe − ϕZi = ΦZY . They grey shaded region indicates the
favorable phase difference, which corresponds to aligned peaks between Zi and Xe or Ye currents. At the
beginning of the displayed data snippet, the networks state is favorable to transfer Y’s information, Try,
switching to be favorable for X, Trx, in the latter portion.
F. The distributions of phase differences for different levels of internal noise for the X-Y populations (left)
and X-Z or Y-Z populations (right) are shown. The two peaks of the distributions in the right-hand plot
indicate the bistable dynamics of the network. Phase differences between 0 and 0.5π correspond to the
preferred state when information routing should be optimal (shaded in grey).
G. The signal content SC in the activity of X and Y as a function of internal noise level. X activity manifested
mostly the input signal SX and significantly less of input signal SY, which shows up due to the laterl
connection between X and Y.
H. The stimulus content of SX input in Z is shown, first without considering the state of the network and
then separately for each state, TrX and TrY. The errorbars in G and H correspond to the SE of 10 second
simulation runs and the grey shading at the bottom indicates the 95% chance level.
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or SY depending on which population X or Y is in a favorable (matching peaks) phase
relationship with Z.

When the peaks of the currents in Ze appear aligned, the stable state phase differences
Z − X = ΦZX and Z − Y = ΦZY do not perfectly correspond to 0, but rather span the
range between 0 to 0.5π, derived empirically from the models behaviour (shaded in
grey in Fig. 6.5E). This is merely an epiphenomenon of the phase extraction, due to the
mismatch between the signals’ waveforms which stray away from perfect sinusoids.

We designate the system’s stable states by using the ΦZX and ΦZY phase differences:
state TrX when Z is entrained by X (0 < ΦZX < 0.5π, corresponding to 25% of available
phases) and SX information should be transferred over to Z while SY is suppressed
by Zi’s inhibition and state TrY (0 < ΦZY < 0.5π, corresponding to 25% of available
phases) when the opposite is true. Considering that X and Y are always oscillating in
anti-phase, this leaves half of the available phases as the unstable region, when the
system is transitioning from one state to the other.

The bistable dynamics of the system are clearly visible in the bottom row of Fig. 6.5F
where we plot a histogram of ΦZX and ΦZY phase differences, across multiple noise
conditions. As can be expected, with increasing levels of noise, the system’s affinity to
maintain its stable states decreases.

Signal transmission.
The inherently bistable dynamics provides a perfect mechanism for implementing com-
munication through coherence (CTC). The CTC hypothesis states that when a popula-
tion receives multiple oscillatory inputs, it can selectively route one and suppress the
others by establishing favorable and unfavorable phase relationships, respectively. For
example, in the first half of the trial shown in Fig. 6.5B-E, X input to Ze arrives when Ze

is least inhibited by the Zi input, putting it into an excitable state and allowing the in-
formation content of the signal in X to propagate into (and through) Z. Simultaneously,
the bursts of Y’s activity arrive concurrently with maximal inhibition from Zi, hence
suppressing Y’s information content. In sum, the output spikes of Z during this period
primarily reflect the activity it receives from X. The same is true in the other direction –
when Y wins the entrainment ’battle’ over Z, its output propagates onwards, while X’s
output is effectively suppressed. In the following, we will call these two stable states
trans-X-favorable (abbreviated TrX) and trans-Y-favorable (abbreviated TrY).

By using the spectral coherence, we assess the content of each input signal, SX and
SY, in all three populations X, Y and Z. Due to the recurrent connections between X and
Y that were not present in the independent case considered in part 1, there is a weak
mixing of the input signals in the first layer, as seen in Fig. 6.5G. X represents primarily
SX (orange line), and to a small but significant extent SY (green line). For reasons of
symmetry, the same lines also represent signal content in Y (orange for SY in Y, and
green for SX in Y).

If we compute the representation of each input signal SC in Z output without regard
for the current state (TrX or TrY), we find that on average each signal is equally expressed,
as indicated by the blue bars in Fig. 6.5H. However, when we assess signal content when
the network is in the TrX state, we find that Z activity contains significantly more infor-
mation from SX (green bars) as opposed to when the system is in TrY state (orange bars).
Thus, the model does indeed perform signal routing, stochastically switching between
the two equivalent input sources. As we increase the background 1/f noise, qualitatively
none of these relationships change – populations in a favorable phase relation always
route more information. However, at a sufficiently high noise level (σn > 0.15 nA), the
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difference between stimulus content SC during TrX and TrY states is no longer signifi-
cant (Student’s t-test between two sets, composed of 100 simulations of 10 seconds each,
p>0.05).

6.2.2.2 Pulse-response characteristics of the model

As introduced earlier, we will use φi to denote the phase of oscillator i, and ∆φi to
denote the change in phase of oscillator i induced by an external pulse. The probability
ρτ(∆φi|φi) to observe a phase shift ∆φi a delay τ after a pulse was given when the
oscillator was at phase φi then constitutes a stochastic realization of the phase response-
curve (PRC) of unit i.

However, in our extended model an oscillator is part of a network in which a single
oscillator’s phase is less important for network function than phase differences between
pairs of oscillators. For example, in order to gate an input signal from population X to
population Z, their phase difference must be close to 0 as was observed in the previous
section. For this reason, we will also consider how the phase difference Φij = φi − φj
between populations i and j is affected by a pulse, giving us a distribution ρτ(∆Φij|Φij)

over induced phase difference shifts ∆Φij. Since these shifts are indicative of changes in
the network state, we will use the term ’state switch characteristics’ for these distribu-
tions.

One can distinguish two conceptually different possibilities to interact with the net-
work: Pulsing population X (or Y) from the input layer, or pulsing population Z in the
output layer. In the following paragraphs, we will investigate these two possibilities in
more detail, with Fig. 6.6 illustrating the corresponding effects at a delay of τ = 100 ms
after the pulse, at an intermediate noise level of σn = 0.075 nA. Furthermore, we assume
the network to be in a TrY state, and we will thus compute the state switch probabilities
to the TrX state.

Pulsing input layer population X or Y.
If we apply the pulse to one of the lower level populations, the perturbation will prop-
agate forth and back via recurrent connections and lead to a cascading effect of pulse
echos. However, after more time passes (τ = 100 ms is more than sufficient), the X–Y
populations settle back into their anti-phase relationship. Because of this, at a sufficient
delay τ, the PRC densities for X and Y are essentially identical and appear to resemble
a diffused version of the PRC in the single oscillator case (compare the left graphs from
Fig. 6.6A and B to the corresponding plot in the middle of Fig. 6.3B).

How do these perturbations act on the output population Z? A pulse given at a peak
of X’s activity arrives at a trough of Z’s activity, giving rise to the phase shifts ∆φZ(φX)

shown in the middle graph of Fig. 6.6A. However, if a pulse is given at a peak of Y’s
activity, the propagated pulse arrives at Z at about the same phase as the initial pertur-
bation was given to Y, resulting in the phase shifts ∆φZ(φY) shown in the middle graph
in Fig. 6.6B.

How do these different effects of a pulse given to the input layer combine and affect
the global state of the network? To obtain the corresponding measure ∆ΦZX, we can
take the difference between the corresponding data points from the left and middle
graphs in Figs. 6.6A and B, thus obtaining the state switch densities. The corresponding
graphs displayed in the right column of Fig. 6.6A and B reveal a bimodal distribution
with peaks at 0 and π. In order to best summarize the concentrations in the state switch
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Figure 6.6: Phase-response and state switch characteristics of the network
Assuming the network being in a TrY-state, response characteristics for stimulation of input layer popula-
tions X (panel A) and Y (panel B), as well as for stimulation of output layer population Z (panel C) are
displayed. The first column of graphs shows the phase response curves (PRCs) for the stimulated oscillator.
Note that these are different from the single oscillator PRCs since the oscillators are now embedded into
a larger system. The second column of graphs shows the effect a pulse has on the respective output layer
(panels A and B) or input layer (panel C) population. Blue shading in both columns quantifies the probabil-
ity density of causing any specific phase shift with darker colors indicating higher probabilities. By taking
the difference between the corresponding data points in the densities shown in the left and middle column,
we can compute the probability to switch to a TrX state, which is exemplified in the third column. Since
there is no feedback from output population Z to input populations X or Y, the response of X to a pulse
onto Z is flat (lower middle graph). The horizontal dashed line in the third column represents the passive
switch chance after 100ms of runtime. Noise level was σn = 0.075 nA for all panels, and pulse strength
δI = 1 nA (4 nA) for panels A/B (panel C).
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densities around 0 and π, we calculate the state switch probability psw across the onset
phases Φ via psw = 1 −

∫ +π/2
−π/2 ρ(∆Φ)d∆Φ.

Pulsing output layer population Z.
Since Z does not send feedback projections to the input layer, the effect of a pulse stays
confined exclusively to Z’s activity and is independent on the system being in state TrX

or TrY. Because of this, any phase shift ∆φZ induced onto Z is equivalent to the shifts
in phase difference ∆ΦZX = ∆ΦZY = ∆φZ between X and Z, and between Z and Y. In
Fig. 6.6C we can see that the resulting PRC and state switch distributions are bimodal
and have peaks around 0 and π, unlike the effect of a pulse on the single cortical network
studied in the previous section. This result is due to the bistable dynamics, which after
the immediate effect of the pulse cause Z’s phase to continue shifting until one of the
stable states is reached. For this reason, the behavior is also independent on noise and
pulse magnitude. Accordingly, the final phase shift can be either close to zero or close
to π, corresponding to no system state change or to a switch between stable states TrX

and TrY, respectively.
When the pulse magnitude is sufficiently small, e.g. δI ≤ 1 nA, a state change is

unlikely (not shown) since the corresponding average phase shift for a single oscillator
is too small, ∆φX ≤ 0.5π. Once we increase the pulse strength the likelihood for a phase
shift of π increases, with their respective phase onset locations roughly corresponding
to the ones which led to ∆φ ≥ 0.5π phase shifts in the single oscillator (e.g. compare to
Fig. 6.3B, bottom middle plot). Once the strength of the pulse is sufficiently high, a full
state reset of the whole system is achieved. Even if the pulse strength is doubled, there
are only small changes to the state switch probabilities (Fig. 6.6C).

Although an initial pulse magnitude of 1 nA was insufficient to obtain a high state
switching probability when pulsing Z, when pulsing X with the same strength a much
higher switching probability is observed, and for a large range of pulse onset phases
(red curves in right column of Fig. 6.6A and B). There are two reasons why switching
is easier when targeting an input population: first, the perturbation does not only affect
one population but is propagated to all other ’players’ in the network, and second, for
a brief period of time after the pulse, the anti-phase relationship between X and Y is
affected.

6.2.2.3 Optimizing stimulation pulses for state switching

Our goal of using stimulation is to cause the network to be continuously in a desired
state TrX or TrY for either transmitting signal X or signal Y, respectively. By deriving state
switching probabilities from phase-response curves as described in the previous subsec-
tion, we now have a tool for optimizing the stimulation pulse parameters towards this
goal. Accounting for symmetry between X and Y, all the following results are presented
with the aim of switching to a TrX-favorable state. By this design, whenever the network
is already in a favorable TrX relationship, no perturbation is necessary. However, if at
any point the network instead is in a TrY favorable relationship, we can apply a pulse
either to population X, Y, or Z to attempt to switch the state to TrX.

In Fig. 6.7, we display the network’s state switch capabilities for TrY −→ TrX for nega-
tive and positive pulses, for each of the three possible pulse-target populations X, Y, and
Z. In the plots, we show the change in switch probability ∆psw, since the unpulsed system
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Figure 6.7: Changes in state switching probability.
State switch capabilities for a transition TrY −→ TrX for the three possible target populations X, Y, and Z of
the pulse (upper, middle, and bottom sets of two rows each, respectively) for negative and positive pulses
(top and bottom row in each set). The leftmost plot in each row shows how the change in state switch prob-
ability ∆psw depends on the phase of the pulse onset (horizontal axis) and how it evolves over time (vertical
axis going up). The remaining three plots in each row display the switch chance 100ms after pulse onset, for
multiple magnitudes of the pulse (differently colored lines in each graph) for different background noise
levels (separate plot for each noise condition). In each plot, the maximum switch probability is marked by
a small circle. The leftmost plot in each row corresponds to one line from the middle plot of the three on
the right.
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already possesses a non-zero passive switch probability. In the column on the left, we
show how this probability evolves over time (vertical axis) for a medium amount of noise
σn = 0.075nA and medium pulse magnitude δI = ±1nA in dependence on onset phase
φ of the pulse (horizontal axis) in order to show how the switch probability evolves
over time. In the rightmost three plots in each row, we show the switch probability for
multiple pulse magnitudes (different colored lines in each plot) for increasing levels of
background noise (the three separate plots). The plots in the column on the left corre-
spond to one line in the middle plot of the three on right. The maximum ∆psw is marked
in each plot to indicate the optimal onset phase, which can be used in order to switch
the system sates. Crucially, in some cases, a pulse leads to a negative ∆psw indicating
that, if delivered at the wrong moment, a perturbation can actively hinder a transition to
TrX and instead stabilize the undesired TrY-state. In the following paragraphs, we briefly
discuss the effects of pulsing the different target populations.

Pulse X.
The graphs in Fig. 6.7, top two rows, reveal that in addition to having an optimal onset-
phase, for each noise condition, there is also an optimal pulse magnitude that results
in the largest increase in switching probability, indicated by a small circle. Interestingly,
for the medium level of noise, we observe larger switch probabilities than the zero-noise
condition.

When applying a negative pulse, there are always intervals of phase onsets that in-
crease, and intervals that decrease the probability of the network switching its state. On
the contrary, when applying a positive pulse, at a high noise level (σn = 0.15 nA) and
a high pulse magnitude (δI = 4 nA) the onset phase does not appear to matter for the
final outcome. In this particular case, all phase onsets lead to a decrease in the switch
probability.

The amount of time it takes the network to settle down onto a new state tends to
increase with pulse strength (≈ 30 ms for δI = 0.5 nA pulse vs. ≈ 60 ms at δI = 2 nA
and 4 nA, not shown in figure). A stronger initial current causes a stronger reverberation
of the perturbation, which then takes longer to decay within the system, increasing the
time it takes the network to settle back to its normal activity. This effect is particularly
strong for the positive pulses, where we get to observe the different phase-states the
system goes through before settling down. A negative pulse briefly suppresses all the
activity in the network, whereas a positive pulse evokes a volley of spikes in the target
population, which then travels and acts as its own perturbation across the throughout
the system.

Pulse Y.
When pulsing Y instead of X, the graphs in Fig. 6.7, rows 3 and 4, reveal that the switch
probabilities appear complementary to the ones from pulsing X. When pulsing X, if a
specific phase onset leads to an increase in switching probability, the same phase onset
typically leads to a decrease in switching probability if pulsing Y instead. This makes
sense, since by changing which population (X or Y) we are pulsing at one specific pulse
onset phase, we are essentially changing the onset phase of the propagated pulse that
arrives to Z by an amount of π, since X and Y maintain an anti-phase relationship.

Because of this, when applying a positive pulse of a large magnitude (δI = 4 nA)
in the noisy condition (σn = 0.15 nA), the probability of a switch is now consistently
high across all pulse onsets, whereas in the previous condition a pulse to X was always
decreasing switch probability.
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Pulse Z.
As described previously for Fig. 6.6, when pulsing Z, a pulse of low magnitude is hardly
sufficient for inducing a significant change in the switch probability. As the noise level
of the system increases, the switch probability decreases substantially (Fig. 6.7, bottom
two row).

6.2.2.4 Controlling signal transfer

The paradigm to control the synchronization state of the network is similar to controlling
the phase of an independent oscillator, with one crucial difference: In the independent
oscillator case, a pulse is applied at various phase onsets, depending on what sort of
a phase shift is currently necessary. In the network, however, the choice is binary: to
switch or not to switch. If we desire to change the current system state, then there is
just one specific optimal onset-phase for the pulse. So, for every pulsing condition (i.e.,
which population pulsed, pulse magnitude, pulse polarity, and network noise level), the
state control procedure comes down to the following:

At a time point t, apply the stimulation pulse if the following conditions are met

1. Last pulse was more than τref ago.

2. The system is in the wrong state and a switch is necessary.

3. The current phase of the pulsed population corresponds to the one that leads to
the highest switch probability.

In order to evaluate how well the pulsing procedure works, we first quantify the
proportion of time that the system spends in the desired target state (Fig. 6.8). At the
top of each plot, we display the proportion of time that the network spends in that state
without pulsing. As defined previously, the desired state is set to the interval ΦZX ∈
[0, 0.5π], which corresponds to a quarter of the full interval of possible differences.

The goal of the perturbation pulses is to increase this value as much as possible.
The results observed in this figure perfectly reflect the corresponding switch chance as
predicted by the plots in Fig. 6.7. This is especially clear in the case when we pulse X
with using a large positive perturbation (δI ≈ 4 nA) at a high noise level (σn ≈ 0.15 nA).
In this condition, the effect of the pulse can only decrease the switch chance, indicated
by the blue regions in the top right plot. In all other cases, the procedure succeeds at
increasing the amount of time the network spends in the desired state.

Similar to our previous results from pulsing independent oscillators, the performance
of the procedure decreases with increasing noise level. On the contrary, in the network
the pulse magnitude and polarity plays a crucial role, whereas in the independent case,
the strength of the pulse had no significant effect on the performance. In fact, we observe
qualitatively different patterns for which pulse is optimal across the different pulse-
polarity and pulsed-target conditions. For instance, when pulsing X, a pulse of δI =

−1 nA or 1 nA achieves the best performances. However, when pulsing Y, negative
pulses get better results at higher magnitudes (saturating at sufficiently high levels),
whereas positive pulses exhibit lower performance once the magnitudes are sufficiently
high.

Generally, with our model’s specific setup, the results seem to indicate that pulsing
Y (i.e. the population whose information we wish to suppress) provides a much more
robust and forgiving conditions, by having more admissible phases of the perturbation
onset that result to a state switch.
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Figure 6.8: Proportion of time spent in desired state.
The plots display the proportion of time that the network spends in the desired state for all the conditions,
as labeled. The top row in each subplot indicates the amount of time that the network spends in the desired
phase state passively, without any perturbation pulses. Since our favorable state covers 0 to 0.5π, the chance
level of being in the favorable state is 0.25. To highlight this, the color map turns sharply blue below this
value. Thus, the sessions (see Fig 6.7) whose pulses could only achieve decreasing the switch probability
are colored blue.

Further, we evaluate the signal routing performance of the pulse procedure by eval-
uating the difference between SX and SY signal contents in Z. These differences are dis-
played in Fig. 6.9. Insignificant differences are marked appropriately (p>0.05, Student’s
t-test). At the top of each plot, the maximally achievable difference is displayed, as seen
in Fig. 6.5C, by evaluating the signal content in Z without delivering any pulses, but
for the time intervals in which the system is spontaneously in the preferred state for
transmitting a specific signal.

As we observed in the independent oscillator case, increasing the pulse magnitude
increases the amount of degradation of the external signal in the population’s activity in
all the conditions. In some cases, a pulse of a higher magnitude actually leads to a better
performance in terms of keeping the network in the desired state, but simultaneously,
it also increases the amount of signal degradation. Since we focus on signal routing
differences, the results in Fig. 6.9 reveal the appropriate compromise to achieve the best
gating performance.
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Figure 6.9: Selective signal routing via precisely pulsing the network.
Difference in transferred signal content between the two competing input stimuli SX and SY for different
stimulation paradigms (rows) and pulse polarities (columns), evaluated for different pulse magnitudes δI
(vertical axes) and noise levels σn (horizontal axes). The top row in each graph shows the corresponding ’op-
timal’ or maximally achievable signal routing performance extracted from time intervals when the network
was in a particular preferred state (here, in TrX). Parameter combinations marked by a red ’n.s.’ indicate
conditions where the difference in signal transfer was not significantly different from zero (Student’s T-test,
p < 0.05).

In a recurrent network, the effect of the pulse on external signal representations is not
straightforward and hard to predict. First, the signal represented by the pulsed popula-
tion is degraded by the injected current. Subsequently, the pulse propagates throughout
the rest of the system, causing further degradation of signal representations in other
populations. Consequently, the signal routing performance crucially depends on which
population is pulsed. For instance, if we compare the results in the zero noise condition
when pulsing X or Y with a positive pulse of δI = 1 nA, we find that pulsing Y provides
much better routing results, even though pulsing X is actually better at establishing the
desired network state (see Fig. 6.8). In this case, a significant part of the result is caused
by signal SY getting degraded substantially more than signal SX.
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6.3 methods

6.3.1 Neurons and synapses

Interactions between neurons are governed by synaptic weights ωe and ωi and con-
ductances ge and gi, which reflect the magnitude and decay speed of EPSCs (excita-
tory postsynaptic currents) and IPSCs (negative postsynaptic currents) when receiving
a spike from an excitatory or inhibitory cell, respectively.

ge(t) = ωe

ne

∑
s=1

Θ(t − ts,e − d)exp
(
−(t − ts,e − d)

τe

)

gi(t) = ωi

ni

∑
s=1

Θ(t − ts,i − d)

[
χ1exp

(
−(t − ts,i − d)

τ1
i

)
+ χ2exp

(
−(t − ts,i − d)

τ2
i

)]

Here Θ is the Heaviside function, d the synaptic delay, and ts,e and ts,i are the times of
presynaptic excitatory and inhibitory spikes, respectively. The decay constants for EPSP
and IPSP are given by τe and τ1,2

i , with the inhibitory response containing a mixture
of slow and fast components with the relative contributions controlled by χ1,2. These
parameters are set to emulate realistic neurons, in accordance with Bartos et al. 2002
[12] (see table 1). The activity of the units is simulated in Matlab in discrete time using
the forward Euler method with a timestep of dt = 0.1ms.

Variable

value

Ae

2.88e − 4 cm2

Ai

1.2e − 4 cm2

p0

3.89e − 9 A

p1

1.30e − 7 A/V

Variable

value

p2

1.08e − 6 A/V2

Ve

0 mV

Vi

−75 mV

Vthresh

−56.23 mV

Variable

value

Vreset

−67 mV

τe

3 ms

τ1
i

1.2 ms

τ2
i

8 ms

Variable

value

χ1

0.9

χ2

0.1

ωe

0.4 nA

ωi

1.2 nA

Table 6.1: Neuron and synaptic connection parameters. The parameters are taken to emulate biophysically-
realistic neurons, in accordance with Bartos et al. 2002 [12]. these parameters were specifically derived from
neural data, corresponding to neurons responsible for generative gamma oscillations in the hippocampus.
p0,1,2 were found by a mathematical reduction of the Hodgkin-Huxley model [1].

6.3.2 Offline phase measurement

For measuring the phase of a cyclic signal, we utilize a well established procedure. For
efficiency, the signal is downsampled to 1 kHz and normalized. A power spectrum of
the signal is calculated using a Morlet wavelet transform, from which we determine the
location and halfway points of the gamma peak. Then, we apply a zero-phase (’filtfilt’
command in Matlab) finite-impulse response (FIR) bandpass filter with bandstops at
the halfway points found in the power spectrum. This gives us the gamma component
of the signal without distorting the phase. Afterwards, the signal is passed through a
Hilbert transform [25], providing us with the complex analytical signal. The argument of
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the analytical signal gives us the instantaneous gamma phase of the signal. The narrow
range of the bandpass filter is necessary, since the instantaneous phase only becomes
accurate and meaningful if the filter bandwidth is sufficiently narrow [171].

This sort of a procedure is prone to edge effects and especially to the artifacts induced
by sudden spikes in activity due to stimulation pulses used in this study. To decrease the
effect of these artifacts, the affected region is set to zero after normalization. Empirical
tests showed that the edge and artifact effects on instantaneous phase measurement
becomes insignificant around 2 cycles away from the affected region, around 30ms for
gamma oscillations.

6.3.3 Realtime phase measurement

When forecasting a discrete time signal Xt, given its past time points Xt−i, an autore-
gressive model of order p is be defined as

Xt = c +
p

∑
i=1

αiXt−i + εt

where α1,. . . ,αp are the parameters of the model, c is a constant, and εt is white noise.
The parameters and the magnitude of the noise are trained on a pre-existing set of
data using the Burg lattice method (’arburg’ command in Matlab). The model order
p selection depends on the sampling rate and the characteristics of the input signal
and is determined empirically to provide the most accurate phase measurements when
compared to the offline phase measurements [150].

For speed and efficiency, the AR model was applied to downsampled 1kHz signals, for
which the optimal order p was found to correspond to the the average number of time
steps within a single cycle of oscillatory activity (approx 15 ms for gamma oscillations).
For every condition, a separate AR model is trained on an existing 10 second trial, which
provides sufficient amount of data to converge on the appropriate AR parameters.

6.3.4 Significance level computation

Chance levels for SCxy are calculated by pairing up the network activity with surro-
gate input signals. The resulting distribution of SC values allows us to extract the 95th
percentile SC95%, allowing us to evaluate the significance of the information measure
score. Further, spectral coherence is affected by sampling size bias. Thus, in order to
compare signal routing scores across conditions, they were consistently computed from
100 simulations 10 seconds each.

6.3.5 Conditioning of input drive on internal noise

Increasing the level of noise inherently raises the spiking rates of the affected neurons.
Since our network relies on a series of recurrent coupling, a change in mean spiking rate
would result in drastically different behavior. Thus, in order to keep the comparison be-
tween the different noise levels fair, we scale the magnitude of the mean input drive to
the system (Sx and Sy) in order to sustain comparable activity. Thus, in order to obtain
comparable model activity between the different internal noise magnitude model con-
ditions, the input drives, Se(t) and Si(t) were adjusted to achieve a 15Hz average firing
rate for the excitatory and 60Hz for the inhibitory pools of neurons. This was achieved
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via a simple gradient descent procedure. For example, for a simple oscillator and for the
first layer populations X and Y of the bistable model, if the initial drive to the inhibitory
neurons led to a firing rate higher (lower) than the desired 60Hz, the inhibitory drive
Si(t) was decreased (increased) by an amount proportional to the mean-squared error
of the firing rate. Simultaneously, if the excitatory pool’s average firing rate was lower
(higher) than desired, the excitatory drive Se(t) was increased (decreased). The model
was then simulated with the updated driving rates and new firing rates were acquired,
new firing rate errors were computed and the gradient procedure was repeated until
convergence onto the desired firing rate values. In the bistable multi-population model,
once the desired firing rates were attained for the X and Y populations, the same proce-
dure was applied to adjust the connection probabilities from Xe and Ye onto Ze and Zi,
pZe and pZi .

6.3.6 PRC and PDRC collection details

To collect the PRC curve data, we simulate 2500 runs of one second duration across all
the possible conditions (noise level, pulse strength, which population pulsed). In each
run, the perturbation occurs at 0.5 seconds, providing us with enough signal before and
after the pulse to extract the relevant phase information. In addition, we add a control
group where the pulse magnitude is set to 0 - no pulse. For each run, we compute
the offline phase across the entire trial. In addition, we determine the instantaneous
phase at stimulation onset φ by using the AR signal prediction procedure to avoid any
artifacts caused by the pulse. By pairing up the appropriate trials between the pulsed
and the control groups, we calculate the phase difference ∆Φ between the unpulsed and
pulsed runs at time τ after tonset. In the independent oscillator case, the pairing process
is only concerned with putting trials together with a minimal difference between their
corresponding values of φ at pulse onset. In the bistable network, the AR procedure is
used to evaluate both the onset phase of the pulsed population as well as the phase-state
difference Z-X and Z-Y at pulse onset, with the pairing procedure accounting for both,
the network state and the stimulation pulse onset phase.

6.4 discussion

The goal of this study was to investigate how precise perturbations can control a re-
currently coupled neural network by using its natural tendency to be in one of several
preferred network states. For this purpose, we developed a closed-loop paradigm to
monitor the system state in realtime and utilized the results to deliver rare, but accu-
rately timed stimulation pulses of proper magnitude. First, we evaluated the method on
a structurally simple system – the model of a single cortical population. Here, it was
possible to synchronize two independent oscillators up to a critical noise level, and to
determine the optimal pulse strength. Next, we applied our paradigm to a more elabo-
rate network of local populations representing recurrently coupled cortical populations,
proposed [102] as a prototypical implementation for selective information processing via
communication-through-coherence (CTC) in the visual cortex. For successfully interact-
ing with such a system, our results demonstrate that understanding the behavior of one
of its constituents in isolation (e.g. by obtaining the phase-response curves, PRCs) is not
sufficient – instead one has to probe the network as a whole, which required to compute
phase-difference-response curves (PDRCs). Furthermore, we investigated several ways
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of interacting with the system, targeting either upstream or downstream neural pop-
ulations. Ultimately, we could simulate the effect of physiological attention and gate
signals by bringing the desired population(s) into a preferred (or non-preferred) phase
relationship.

Certainly, the network is still an abstraction of the real networks performing selective
information processing in the visual cortex. We only considered three coupled pop-
ulations, back-projections from downstream visual areas were not modeled, and we
assumed a lateral recurrent coupling structure which is still subject to on-going phys-
iological and anatomical research. Furthermore, we restricted ourselves to investigate
ING-oscillators only (for details, see paragraphs below). Additionally, the effects of our
perturbation pulses on neural processes are highly simplified in the simulations. How-
ever, even when taking these restrictions into account, we believe our work contributes
in three important aspects to the field:

• For being successful in interacting with a neural system, the current state of the
system does matter. This is particularly obvious when trying to construct a visual
intracortical prosthesis [139]. Since there are on-going dynamics in the cortex even
in the absence of an actual visual stimulus [7], it is important to know when an
artificial stimulus would be most effective, either in inducing a certain percept or
in pushing the system into or towards a desired network state. Another require-
ment is to ensure an ongoing stimulus processing in downstream visual areas.
For this purpose, it would be necessary to first bring the network into a state
where incoming information can be successfully gated across different stages. This
goal was successfully reached in model simulations of our closed-loop stimulation
paradigm.

• With respect to selective information processing, we investigate one specific of po-
tentially many implementations of the CTC principle. Our results therefore consti-
tute a prediction of how the real network would behave if it would work according
to our hypothesis. In particular, we predict that pulsing the populations represent-
ing the unattended stimulus would be very effective in switching between the
different network states and in selectively gating a stimulus. This should not be
the case if the recurrent interactions would not push the upstream populations X
and Y into an antiphase relation, thus providing an opportunity to test this critical
assumption.

• Finally, our study brings together the tools needed to establish realtime control of
stochastic neural systems. One important insight for us were the severe restrictions
imposed by noise, be it intrinsic or on the observation level. Crucially, we present a
paradigm that relies on single and rare stimulation pulses, allowing to network to
spend the majority of the time unperturbed. This is in opposition to utilizing con-
tinuous stimulation or repetitive pulses that explicitly entrain the system, which
we argue results in non-natural and forced brain activity. Thus, we conclude that
instead of explicitly forcing a network state, it should be of great benefit to ac-
count for the system’s inherent multistable attractor states and utilize the minimal
perturbation to let the network settle naturally in a desired network state.

Below, we discuss the relation of the model to experimental data and possible conse-
quences of changes to the model structure for our stimulation paradigm.
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6.4.1 Intra-population connectivity

As briefly mentioned in the preceding paragraph, there are two major assumptions in
the connectivity between the X,Y and Z modules in the network. First, the connectiv-
ity between the lower layer populations X and Y forces them to establish a stable and
symmetrical anti-phase relationship between their activities, without establishing a clear
winner between the two. Second, there are no back-projections from Z back onto X or Y.

By increasing the connection strength and changing the delays in the X–Y connection
it is possible for the populations to synchronize at a different phase, exhibiting the
phenomenon of biased competition [163] already in the first layer, and controlling the
overall bistability of the model. In such a system, the bistable dynamics are evoked as
the two populations switch between which one leads and which one follows. The phase
response characteristics of such a scenario of two interconnected oscillators have been
thoroughly explored in [248]. If we employed this sort of connectivity between X and Y
in our model, the winner of the biased competition in the first layer would also entrain
Z. As [248] show, in this scenario one is also able to control the stable state via a precisely
timed stimulation pulse.

6.4.2 Local circuitry

The source of gamma frequency oscillations in the brain has been attributed primarily to
two mechanisms: ING - interneuron gamma - which we utilize in our model, and PING
- pyramidal interneuron gamma [217]. In the ING mechanism, a population of mutually
connected inhibitory neurons generate synchronous IPSPs, creating an ongoing rhythm
which is then imposed onto the excitatory neurons [246]. In the PING mechanism a vol-
ley of excitation stimulates delayed feedback inhibition, resulting in consistent cyclic be-
havior when the ratio between excitation and inhibition is appropriate. Research shows
that both mechanisms can work together to generate gamma frequency oscillations [18,
33, 41, 87]. Either mechanism or a combination of the two constitutes a self-sustaining
oscillator and exhibits phase-response characteristics. Hence, we speculate that regard-
less of the oscillation generating mechanism, the method established in this study can
be used to establish desired phase-locking between populations of neurons and route
information – however, with a potentially different phase-(difference)-response charac-
teristics.

6.4.3 Transient synchrony

Even at high noise levels, the rhythmic behavior of our system is an idealized version of
what is observed in the visual cortex where the amplitude of oscillations, along with the
strength of synchronization phenomena occur as transient events that rarely last longer
than 100ms. In particular, for the V1-V4 interaction explored in this study, gamma ac-
tivity tends to occur in bursts at theta frequency through phase-amplitude coupling,
corresponding to the rate of attentional sampling [44, 128, 207]. If theta phase amplitude
coupling was included in our model, we presume that it should still be possible to con-
trol information routing by injecting the appropriate perturbation towards the beginning
of each theta-coupled gamma burst.
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6.4.4 Modeling the perturbation

In the present study, the applied perturbations involved injecting the same amount of
current into all the neurons within a local population. This was designed to model
the effect of intracortical microstimulation (ICMS). If we wanted to get closer to the
true postsynaptic effect of an ICMS pulse, it would be necessary to work out advanced
kernels to convolve with the square wave function that we used. Additionally, it would
benefit to have different weights of the perturbations effect by neuron type, physical
orientation, and distance to the electrode. As long as the final perturbation is sufficiently
short and precise relative to the oscillation cycle, the network dynamics should still
exhibit a PRC. We believe that the method employed provides a generic pulse that can
be easily modified for other potential stimulation techniques. For example, in the case
of modeling an optogenetics pulse [248], the stimulation affects just a specific subset of
neurons within local population (of type affected by the viral injection of a particular
light-sensitive protein).

6.4.5 Simulating different levels of background noise

The background noise magnitude σn has two effects. First, it masks the flicker signal to
be transferred by the excitatory population, and second, it reduces amplitude and fre-
quency of the gamma oscillations generated by the inhibitory population. By allowing
for different noise magnitudes σe

n and σi
n, σe

n would therefore predominantly attenuate
signal transfer, while σi

n would rather reduce gamma amplitude and stability. As long
as the noise level remains sufficiently low for the network to still exhibit stable oscilla-
tions, the conclusions of the research should not be affected: signal routing by precise
perturbations with two different noise levels should work at least equally well, or even
better, than in a case where a common noise level of σn = max(σe

n, σi
n) is assumed.

6.4.6 Simulating frequency jitter

A rough match of natural frequencies is indeed important for realizing anti-phase sync
between X and Y, and bi-stable synchronization of up- and down-stream populations.
However, coupled oscillators can tolerate a certain amount of frequency mismatch until
(in- or out-of-phase) synchronization breaks down. Stronger couplings allow for larger
frequency mismatches, quantified by the width of Arnolds’ tongues known from the the-
ory of coupled oscillators (see e.g. [182]). For the case of two coupled gamma oscillators
realized in PING networks, this property has been thoroughly quantified in [140].

Actually, since noise introduces frequency jitter in our model we already have a situ-
ation in which the momentary frequencies are always different and can change rapidly,
but still bi-stability and entrainment persist until a critical noise level. From these con-
siderations one can conclude that our results are robust against moderate mismatches of
the natural frequencies of X, Y, and Z. In particular, the strong coupling from X/Y to Z al-
lows for larger natural frequency deviations between up- and down-stream populations
before synchronization breaks down. In any case, asymmetries in natural frequencies
induce asymmetries in the preferred states, making one of them more stable than the
other.

If natural frequencies are different between populations X and Y, a lopsided leader/-
follower relationship could emerge, similar to the one reported in [248]. The network as a
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whole will still be bistable and allow switching between TrX and TrY states, by changing
which oscillator leads, and which oscillator follows. Alternatively, we could observe X-Y
flip between in-phase and anti-phase states. Here the in-phase state was accompanied
with a different working frequency than exhibited by the anti-phase state. We speculate
that in this case, perturbation control of signal transmission could still be possible but
will be more difficult, since it is essential to prevent in-phase synchronization of X and
Y. With even larger natural frequency differences, bistability can vanish completely and
making switches between two stable states impossible

With respect to Z synchronizing to X or Y, in our specific model setup we have ob-
served state switches going ’forward’, i.e. Z briefly speeding up, as well as going ’back-
ward’, i.e. Z briefly slowing down, in order to switch its entrainment from X to Y or vice
versa. In consequence, when X and Y maintain a ’proper’ anti-phase relationship and
Z’s natural frequency is different from X and Y, it would favor state switches primarily
of the appropriate type: always slowing down if its frequency is sufficiently lower, and
speeding up if its oscillation frequency is higher.

Apart from our model, in the visual system, it is important to consider two possibili-
ties for how differences between natural frequencies could emerge: First, attending one
of two competing stimuli can enhance the neural representation of the attended stimulus
relative to the representation of the stimulus that has to be ignored. This enhancement
can be accompanied by relative rate and/or gamma frequency increases of up to 4 Hz
[29, 183]. On this subject, Fries speculates in his 2015 review "Rhythms for Cognition:
Communication through Coherence" that after a theta-rhythm evoked phase reset, the
faster gamma rhythm would allow the higher frequency V1 population (representing
the attended stimulus) have its first burst of activity arrive to V4 prior to the competing
V1 population, triggering a wave of inhibition suppressing the inputs from the slower
oscillating inputs. Second, differences between two competing stimuli such as their sizes
or contrasts could also lead to natural frequency differences. In fact, we expect stimulus
manipulations such as a higher contrast of the non-attended stimulus to compete with
attentional mechanisms, which might lead to break-down of routing by synchrony if
natural frequency mismatches in favor of the non-attended stimulus are becoming too
large.
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Here, we present the outcome of the research presented in this dissertation, which
focused on investigating the routing by synchronization (RBS) mechanism – wherein
flexible routing of information during selective attention is performed by having neu-
rons establish coherence between their gamma-rhythmic activities in order to modulate
the effective connectivity between them. With the benefit of insight gained throughout
performing the investigations, we discuss various challenges that were faced and the
possible solutions and new questions to research throughout future experiments.

7.1 animal data analysis

7.1.1 Laminar ambiguity

Part II of the dissertation presented a series of analyses on neural recordings collected
from areas V1 and V4 processing attended and non-attended visual stimuli. The results
showed that stimulus information content encoded within neural activity is linked to
its neural activity’s gamma cycle, as predicted by the RBS mechanism. One of chal-
lenges faced during the investigation was the discovery that the recordings were col-
lected across different layers of the cortical column. Separating the V4 recordings by
their laminar location, performed in chapters 3 and 4, was not within the initial plan.
After all, the laminar location of the recordings did not affect total amounts of attended
versus non-attended information within V4 activity, as presented in Grothe et al 2018
[99]. Moreso, the initial formulation of hypothesis behind the RBS mechanism in 2005
[77] proposed that gamma-rhythmic coherence opens a channel of enhanced informa-
tion routing between neural populations in both directions – feedforward/bottom-up
processing from V1 to V4 as well as the feedback/top-down processing from V4 to V1.

It is only fairly recently that experiments were able to produce evidence that feed-
forward and feedback communication utilizes distinct frequency channels and occur
within distinct layers of the cortical column [15, 158, 225]. This led to a re-evaluation
of the RBS mechanism in 2015 [79], wherein intra-areal information routing through
gamma-rhythmic coherence is proposed to only be responsible for bottom-up informa-
tion processing, occurring predominantly within the granular and supragranular (sur-
face) layers of the cortex. In part, these discoveries were made possible through advanc-
ing technology – making laminar electrodes accessible, which allowed to record neural
activity at multiple depths within a cortical column simultaneously, able to accurately
identify the distinct cortical layers.

In our case, with recordings collected with classical single-site electrodes, we were
only able to crudely split the available data into surface and deep layer groups. Thus,
each group contained recordings from multiple cortical layers, which may have greatly
diminished the magnitude of the reported effects. In chapter 3, the analysis on the neu-
ral activity within the surface layers of V4 confirmed a detailed hypothesis based on
the RBS mechanism, predicting that stimulus information encoded within neural activ-
ity is conveyed in gamma-rhythmic packages. As predicted, this effect is particularly
strong for the attended stimulus information, and weaker/absent for non-attended sig-
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nals. In chapter 4, we perform the same analysis for the deep layer group, to contrast
the results with the ones from the surface group. We only had access to a few deep
layer recordings from just one animal, which nonetheless produced interesting results –
showing that there is, indeed, gamma-rhythmic information coding within the deep lay-
ers, however results on stimulus information content modulation by gamma are distinct
in comparison to the surface recordings, incoherent with our hypothesis on gamma-
rhythmic feedforward information routing. Thus, our results indicate a stark difference
between gamma-rhythmic information processing within surface and deep cortical lay-
ers, reinforcing previous findings that the different layers perform functionally different
computation.

In chapter 5, we analyzed the influence of gamma on stimulus information content
within V1 activity, a critical component utilized in our prediction for gamma-rhythmic
information coding within V4. Similar to chapter 4, we only had data from one animal.
Moreso, our analysis on the laminar location of the recordings revealed that they were
not obtained from the surface layers of V1, making it ambiguous whether the data can
be used to investigate feedforward information routing. Nonetheless, some of the avail-
able V1 recordings provided support that information coding in V1 is gamma-rhythmic.
Crucially, unlike the difference between the attention conditions for V4 data, there ap-
peared to be no attention-dependent influence on gamma-rhythmic information coding
within V1. Next, by accounting for the attention-dependent coherence between pairings
of V1 and V4 recordings, we showed how the gamma-rhythmic packaging of stimulus
information within V1 is retained when the information is passed on to V4 for the at-
tended condition when V1 and V4 establish strong coherence in the gamma-frequency
range, and lost for the non-attended condition due to a lack of V1-V4 coherence. Cu-
mulatively, the V1 results showed promising support for the RBS mechanism, showing
that stimulus information in the output of V1 does occur in gamma-rhythmic packages,
and it is the coherence between V1 and V4 rhythms that results in selective routing of
attended/non-attended signals. However, due to the ambiguity of the laminar location
of the recordings and only having data from one animal, these produced results serve
as a pilot study, requiring further investigation to produce a fully comprehensible and
consistent outcome.

7.1.2 Future research – laminar recordings in V1 and V4

New laminar electrodes are being developed [196], and laminar-resolved animal data
is being collected in the Kreiter research group. The experimental setup and selective
attention task is primarily the same, keeping the crucial luminance modulation signal
superimposed on the visual stimuli, allowing to compute the information content of
attended and non-attended signal within neural activity. Ultimately, this will provide
an extremely rich data-set, allowing to analyze the influence of rhythmic dynamics on
information coding between V1 and V4 in feedforward and feedback directions, the
information processing occurring within a cortical column across its different layers,
as well as the influence between neighboring V1 populations processing distinct visual
stimuli.

First and foremost, the data set will allow to embellish the results from chapter 3 and
bring the pilot studies presented in chapters 4 and 5 to fruition. In particular, in order
to investigate bottom-up gamma-rhythmic routing of stimulus information between V1
and V4, we are most interested in recordings collected specifically from the output layers
of V1 and the input layers of V4. Using such layer-specific recordings should result in
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a much cleaner and reliable understanding of the gamma-rhythmic interaction between
V1 an V4, as opposed to the results produced from grouping of recordings into broad
"surface" and "deep" recordings. The analysis can be then be extended across the dif-
ferent layers of a cortical column in order to investigate the effect of inter-columnar dy-
namics on stimulus information coding. In chapter 4, we uncovered that there is gamma-
rhythmic coding of stimulus information in the deep layers of V4, with a qualitatively
different pattern compared to the surface layers. Observing how gamma-rhythmic stim-
ulus coding changes throughout the layers would allow to better understand the nature
of this effect. Is there a specific source of the gamma-rhythm within the column, en-
training other layers, or do the layers produce their own rhythmic activity, establishing
complex rhythmic interplay between the layers? Is the gamma-rhythmic information
coding within the deep layers merely an echo of the processing within the superficial
layers or does it imply a different functional role for gamma in the deep layers? What
are the steps leading up to producing the appropriate gamma-rhythmic output from V1
to V4?

7.1.3 Beyond gamma – attention is mediated by multiple rhythms

This dissertation focused exclusively on gamma, however, the rhythm does not operate
alone. A laminar-resolved data set can be utilized in order to explore the functional role
and interaction between multiple rhythms active within the visual cortex during selec-
tive attention. The other prominent rhythms observed within the visual system during
selective attention are the low frequency theta rhythm (4-8Hz) and the intermediate
frequency alpha/beta rhythm (8-20Hz).

The theta rhythm has been reported to be tied with gamma via phase-amplitude
coupling [29, 30, 44, 236], and has has been heavily implicated to be responsible for
attentional-sampling through numerous behavioural studies [36, 62, 128, 129, 226]. At-
tentional sampling, not to be confused with selective attention, is the hypothesis that
visual attention might not be a continuous process, but rather explores the different
items or different locations of interseting within the visual input through rhythmic sam-
pling. In other words, the findings suggest that during feedforward information rout-
ing, gamma-rhythmic activity is itself entrained by theta, with periods of higher levels
of gamma activity occurring at theta frequency, where each burst of gamma activity
represents a period of processing potentially distinct stimuli. Thus, indirectly, by analyz-
ing how stimulus information content depends on gamma amplitude in chapter 3, we
have already prodded at the influence of theta on stimulus information coding. With
the ability to compute stimulus information content within neural activity, a future anal-
ysis could investigate whether each theta-coupled burst of gamma activity is indeed
processing a new target.

A recent study showed that selective attention reduces theta-rhythmic activity and
consequently the phase-amplitude coupling between theta and gamma in V1 and in
V4 [207]. Considering that neither firing rates [35, 142] nor the amplitude of gamma-
rhythmic activity [29, 34] are reported to be modulated by attention in V1, this attention-
dependent effect on theta processes within V1 is particularly interesting. Investigating
theta and gamma together would shed light on numerous questions regarding feedfor-
ward information routing: What is the functional role of having lower theta levels when
processing attended signals? How does this affect the resultant gamma-rhythmic infor-
mation coding? Does the strong attention-dependent effect on theta activity in V1 affect
the attention-dependent gamma-rhythmic coherence between V1 and V4?
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Additionally, theta rhythm is particularly prominent within the frontal and parietal
areas of the brain, which would ostensibly serve as a source of top-down attentional
control [36, 104, 177]. However, the influence of theta between V1 and V4 has been
reported to occur primarily in the feedforward direction [207], granted the study was
limited to surface recordings of the brain. Future analyses, for instance utilizing new
laminar-resolved data from the Kreiter research group, will have the opportunity to
expand the investigation across multiple layers of the cortex. What is the profile of theta
activity across the different layers of V1 and V4 cortical columns? Where and how does
theta exert top-down control over attentional processing?

Regarding top-down control, it is beta-band activity that has been reported to exert
feedback influence throughout the visual system within the deep layers of the cortex
[15, 34, 168, 193, 225]. Increased attentional demand leads to higher levels of beta activ-
ity, accompanied by higher levels of beta-rhythmic coherence between areas. However,
unlike the clear phase-amplitude coupling between gamma and theta, experimental re-
sults up until this point have not been able to precisely work out how the top-down
beta interacts with the other rhythms. As a possible mechanism for the beta-gamma in-
teraction, a modeling study had proposed that neurons participating in beta-rhythmic
activity within the deep layers may project to the inhibitory neurons within the superfi-
cial layers, enhancing the stimulus driven gamma-rhythm of the local population [132].
A resent experimental study, utilizing an ECOG array to record from areas V1, V4 and
parietal area 7a from monkeys performing a selective attention task, reported that atten-
tion does lead to enhanced beta-rhythmic coherence from V4/7a to V1, which is then
significantly correlated with enhanced gamma-band activity [187]. However, by the na-
ture of the recordings, this result is specific to the surface layers of the cortex. Thus, the
nature and the mechanism behind the potential beta-gamma interaction remains enig-
matic. A future study could use the laminar-resolved data set from the Kreiter research
group to accurately investigate the attention-dependent feedback V4-V1 influence in the
deep layers and then how this beta-band activity within the deep layers of V1 influences
the rest of the cortical column. How does the feedback beta-band activity in the deep
layers affect the routing of stimulus content in the surface layers?

7.2 modeling stimulation in the visual system

7.2.1 Microstimulation relying on inherent network dynamics

Part III of the dissertation presented a model showcasing RBS-driven information rout-
ing between V1 and V4 to investigate a novel closed-loop method of injecting precise
stimulation pulses into the neural populations in order to control information flow. Intra-
cortical microstimulation and other methods of providing artificial input to the brain are
a useful tool for investigating neural information processing in a causal manner. These
techniques can be employed in order to treat cognitive disorders and to produce brain
prostheses, helping patients to compensate for disabilities in vision, hearing and touch.
In the periphery systems of the brain, the sensory surfaces, devices such as a cochlea
[51] or retinal [50] implants have already been successfully deployed. But what about
the next stages in the brain? For example, for patients with a damaged optical nerve, an
implant must interface with the primary visual cortex directly. Here, one would have
to cope with on-going processes, feedback from higher areas, and a strong recurrent
coupling – the state of the system. Overriding these processes and directly providing
the stimulus in a one to one mapping is difficult and could exert substantial stress to the
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tissue, potentially making long-term applications unfeasible [117]. We propose that one
should rather try to swim with the tide, using the natural tendencies of the network as
far as this is possible.

By performing the investigation, we started to think about the appropriate strate-
gies and methods and tested them on a very simplistic model, replicating the gamma-
rhythmic information routing interaction between V1 and V4, akin to the experimental
setup from part II. Notably, only the gamma-rhythm was modelled, in order to allow
the system to route information via the RBS mechanism. Considering the rhythmic dy-
namics of the network, using phase response curves (PRCs) and accounting for natural
stable states of the system proved to be a viable method in order to control information
flow within the system, even when injecting the system with a lot of noise. However, if
the goal is to test this approach in vivo, it is quite likely that the model is still too simple,
failing to account for the complex dynamics observed within the neural populations,
e.g. the transient nature of the experimentally observed gamma rhythms, the feedback
V4-V1 influence, the interaction between the different rhythms involved in selective at-
tention. How would the PRC stimulation method fare in live subjects?

7.2.2 Future research - expanding the model

The activity produced by the model was in the form of a sustained consistent-frequency
gamma-rhythm, allowing the effect of a stimulation pulse to linger. However, neural
activity data recording from live animals has indicated that gamma-rhythmic activity is
usually transient in nature. It’s worth to note that the experimental evidence for PRCs is
limited to a study that analyzed rhythmic activity within a neural tissue microcircuit in
vitro [5], and in epileptic rats [229, 230] – all involved recordings with sustained rhythmic
activity.

Experimental evidence shows that the transient nature of gamma-rhythmic activity is
tied to the theta rhythm through phase-amplitude coupling [236, 237]. The resulting dy-
namics of the model would necessitate changing the closed-loop stimulation algorithm
to account for the short lived nature of bursts of gamma activity. Theoretically, using
gamma-rhythm PRCs in order to deliver precise stimulation is still possible, applying a
stimulation pulse at the appropriate phase at the beginning of each theta-cycle. However,
it is also possible that the theta-rhythm fully subserves gamma, making it impossible to
control gamma directly. Rather than trying to establish gamma-rhythmic coherence di-
rectly, one could experiment with controlling the theta-rhythm itself. Models on phase-
amplitude coupling have been explored for hippocampal circuits, responsible for main-
taining working memory [107, 134, 206]. Surprisingly, we are not aware of any modeling
studies that have accounted the theta rhythm’s influence in the visual system. A recent
modeling study did investigate how flexible information routing is achieved through
transient gamma-rhythmic coherence, producing a network where gamma-rhythmic ac-
tivity occurred in bursts [176]. However, the timing of the bursts in the system was not
linked to theta. Expanding our model to include theta rhythmic influence would provide
insight on the dynamics and functional role of the two rhythms.

The model could also be expanded to include feedback, beta-driven influences in the
deep layers. This would open the potential to investigate and interact directly with the
top-down attentional control signal. Numerous studies have already produced network
models of the visual system, accounting for beta and gamma rhythms [132, 154]. Is
there enough experimental evidence available in order to construct a model that accu-
rately recreates the dynamics and mechanisms in the visual cortex? A future modeling
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investigation could take inspiration directly from analyses on the laminar data-set that
is being collected by the Kreiter research group. In the ideal scenario, the experimental
findings from this data set would inform the model, which would aim to reproduce the
observed dynamics. Then, the model can be used to make concrete predictions to be
tested back in the experimental studies.

7.2.3 Future research - testing state-dependent stimulation in animals

Researchers have already utilized trains of period stimulation pulses in order to inves-
tigate attention-dependent information routing within the visual system [46, 172, 201,
225]. We are not aware of any published research that has investigated the effect of
single pulses. However, single stimulation pulses are being activity investigated in the
Kreiter research group [58, 61]. Excitingly, preliminary results indicate that the gamma-
phase at which a single stimulation pulse is delivered to a population has a significant
effect on behaviour [59].

One of the challenges faced in these investigations is the large amounts of recordings
that need to be collected in order to acquire a sufficient amount of data for the ensuing
analyses. In part, this is due to the small amount of stimulation pulses that can be
applied throughout each trial, ensuring that each stimulation pulse is independent of
the previous one. This results in acquiring only a few data points from each trial. In
order to investigate whether the phase of stimulation has a significant effect, these data
points are split into numerous phase-bins, requiring large amounts of data to produce
significant results. If one then desires to also account for multiple factors, for instance
the phase of stimulation delivery and the strength/phase of gamma-rhythmic coherence
between V1 and V4, the data needs to be split even further. Moreso, due to the transient
nature of gamma-rhythmic activity, many of the stimulation pulses occur during periods
when there is no gamma activity to begin with.

This challenge could be resolved by having the ability to deliver a stimulation pulse
corresponding to a desired state of the neural activity. For instance, one could run a ses-
sion of trials where every single stimulation pulse occurs at the peak of gamma activity,
to be compared with unpulsed trials. The current experimental setup does not involve
online monitoring of neural activity. Implementing a system that would be capable of
analyzing realtime neural activity in order to deliver a stimulation pulse during a period
of interest would make for a good future research project [192].

7.3 conclusion

The notion that the gamma-rhythmic synchronization of neural activity could be just be
an epiphenomenon of the neural circuitry is not without merit [157, 184]. After all – os-
cillatory dynamics, with and without function, are commonly encountered throughout
nature – from planetary systems to vibrating strings to the electromagnetic spectrum
to subatomic particles. In neural circuits, oscillatory activity may arise simply due to
the interaction between excitatory and inhibitory neurons in order to maintain stable
activity output. Attention-dependent information routing could be possible by exclu-
sively modulating the firing rates of sender neurons [109, 148]. However, more and
more evidence, including the investigations presented here, is accumulating in support
of oscillatory dynamics playing a functional role. This does not mean that any existing
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firing-rate based mechanisms are wrong – rather, rhythms and firing rates work together
to achieve greater information processing capabilities [4].

In the case of the RBS mechanism – utilizing gamma-rhythmic coherence for informa-
tion transfer allows for the flexibility necessary to quickly adapt which information is
routed through to get processed by higher-up areas, simply by shifting which sender
populations establish synchronize with the receiving population. The fact that selective
processing is realized by modulating effective connectivity instead of directly modulat-
ing the sender’s output keeps the unattended bottom-up information active and avail-
able, just in case it is needed in the next moment.

Even though our investigations focused specifically on selective attention in the visual
cortex, gamma-rhythms between neural populations has been observed throughout the
brain, similarly proposed to be responsible for flexible information routing by modu-
lating effective connectivity [40]. Altogether, evidence suggests that the interaction be-
tween beta, theta and gamma rhythms may be a canonical functional motif [251], active
in different systems of the brain [46, 55, 201] underpinning cognitive functions such as
working memory [159], learning [161] and decision making [6]. Understanding the full
scope of how these rhythms interact and the mechanisms they subserve will inevitably
help resolve many of key questions in neuroscience.
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