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Abstract

Neurophysiology studies propose that predictive coding is implemented via alpha/beta
(8-30 Hz) rhythms that prepare specific pathways to process predicted inputs. This leads to
a state of relative inhibition, reducing feedforward gamma (40-90 Hz) rhythms and spiking
to predictable inputs. We refer to this model as predictive routing. It is currently unclear
which circuit mechanisms implement this push-pull interaction between alpha/beta and
gamma rhythms. To explore how predictive routing is implemented, we developed a
self-supervised learning algorithm we call generalized Stochastic Delta Rule (gSDR). It was
necessary to develop this learning rule because manual tuning of parameters (frequently
used in computational modeling) is inefficient to search through a non-linear parameter
space that defines how neuronal rhythms emerge and interact. We used gSDR to train
biophysical neural circuits and validated the algorithm on simple tasks, e.g., tuning
membrane potentials and firing rates. We next applied gSDR to model observed
neurophysiology. We asked the model to reproduce a shift from baseline oscillatory
dynamics (~<20Hz) to stimulus induced gamma (~40-90Hz) dynamics recorded in the
macaque monkey visual cortex. This gamma-band oscillation during stimulation emerged
by self-modulation of synaptic weights via gSDR. We further showed that the gamma-beta
push-pull interactions implied by predictive routing could emerge via stochastic
modulation of both local inhibitory circuitry as well as top-down modulatory inputs to a
network. To summarize, we implemented gSDR to train biophysical neural circuits based on
a series of objectives. gSDR succeeded in implementing these objectives. This revealed the
inhibitory neuron mechanisms underlying the gamma-beta push-pull dynamics that are
observed during predictive processing tasks in systems and cognitive neuroscience.

Significant Statement

This study contributes to the advancement of self-supervised learning for modeling the
behavior of complex neural circuits and specifically, biophysical models based on predictive
routing framework. Since gSDR is an evolutionary algorithm and does not rely on specific
model-based assumptions, it could improve autonomous approaches both in computational
neuroscience and neural network research.

Introduction

Empirical observations of neuronal activity during tasks that involve processing predictable
and unpredictable sensory inputs support a predictive routing framework'. The framework
proposes that predictive coding® may be implemented via low-frequency (8-30Hz,
Alpha/Beta) rhythms that modulate pathways processing predicted inputs by inhibiting
feedforward high-frequency (>40Hz, Gamma) rhythms and spiking activity. This leads to
enhanced bottom-up gamma and suppressed top-down alpha/beta during unpredictable
states, and enhanced top-down alpha/beta suppressing bottom-up gamma during
predictable stimuli. Further, this top-down beta-rhythmic predictive suppression of gamma
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has been proposed to be highly specific to the cortical locations that represent the
predicted stimulus.

The predictive routing model has recently received causal support via a study that
investigated auditory oddball responses (stimuli that deviate from a predictable pattern)
during propofol-induced anesthesia®*®, which eliminated neuronal responses to stimuli in
prefrontal cortex but retained stimulus processing in sensory areas. During
propofol-induced anesthesia, oddball responses in auditory cortex were no longer
modulated by beta suppression. As a result of the loss of prefrontal inputs and beta
modulation during propofol, neuronal activity in sensory cortex became disinhibited?.
These data support the proposal of top-down beta acting in a suppressive manner, as the
removal of this activity resulted in enhanced sensory oddball-related gamma and spiking.

It remains an open question how this predictive routing mechanism is achieved in cortical
circuits. One possibility is that top-down inputs target circuitry in the receiving areas that
generate beta-rhythmic activity”® that suppresses activity locally. Another possibility is that
alpha/beta rhythms modulate gamma activity via phase-amplitude coupling”** to
implement predictive suppression at specific phases of the lower frequency. These
proposals rely on the interaction between specific populations of inhibitory
interneurons'*'* across layers with pyramidal excitatory cells, but the exact biophysical
architecture that allows one rhythm (e.g., beta) to act in a suppressive way on another (e.g.,
gamma) remain largely unknown.

Previous computational models have implemented certain aspects of the predictive routing
model. A model of V1 and V4 oscillatory coherence implemented with Dynamic Causal
Modeling was able to fit observed electrophysiological recordings'®. However, this model
did not perform predictive coding as it was not trained on a task, and also did not simulate
a push-pull dynamic. A subsequent model was able to accurately model
attention-dependent changes in coherence between these areas based on modulation of
local inhibitory interneuron connectivity in V1. Another modeling study simulated gamma
and beta by incorporating different inhibitory time constants in superficial vs. deep layers,
respectively’®. This model was able to accurately capture the push-pull between top-down
beta and bottom-up gamma. But once again, prediction as such was not explicitly modeled.
A more recent model extended these previous mass models by incorporating a physical
dimension, enabling the model to both express aspects of predictive routing
(cross-frequency coupling and push-pull relationships between alpha/beta and gamma)
and infer locations of synaptic inputs to the gamma/beta generating circuits'’. This model
also did not explicitly consider predictive processing and task modulation elements.

The neuronal mass models reviewed above make the assumption that the necessary
biophysics to model cognitive processes exist at the level of neuronal populations, which
does not enable these models to express more detailed aspects of biophysics, such as
neuron to neuron connectivity. To overcome this, research using a detailed laminar circuit
implementation studied attentional modulation, which was assumed to come from a
top-down beta-rhythmic source'®. This top-down beta was targeted to specific cell types
that could enhance gamma at the attended location and weaken it at the unattended
location, which replicated previous experimental observations'®. However, this model was
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fit by hand-tuning of parameters, making it difficult to search the full parameter space and
precluding fitting to specific tasks. The model also did not consider predictive processing, in
which a push-pull relationship between beta and gamma has been more commonly
observed ?

To summarize, the modeling literature has investigated aspects of beta-gamma predictive
routing like computations, but it has either used these to investigate attention and have not
explicitly considered prediction in the modeling framework using more detailed
biophysical models.

To overcome these challenges, in this work we introduce a learning algorithm we call
generalized stochastic delta rule (gSDR, Fig. 1) and apply it to train biophysically-detailed
neural models to capture electrophysiologically observed cortical dynamics. The goal of this
learning algorithm is to train biophysically detailed models (models consisting of single
cells and their synaptic connections) in order to gain insight into complex circuit dynamics,
such as beta-gamma push-pull, and how they arise. In this work, we begin by establishing
that this learning rule can be applied to modulate both simple (e.g., membrane potentials
and firing rates) and more complex network properties (e.g., modulate population activity
and oscillations) of biophysical neurons modeled with Hodgkin-Huxley equations. We then
apply this modeling framework to understand several questions pertinent to predictive
routing. We first consider how a cortical network flexibly switches between oscillatory
motifs (e.g, from beta to gamma) by modulating local (within-area) synaptic connectivity
between inhibitory and excitatory interneurons. Second, we consider how modulation of
top-down synaptic connections to a circuit can induce similar spectral shifts between beta
and gamma. Finally, we apply the model to observed brain dynamics by training a model of
biophysical neurons on high-density electrophysiology data (dense, in-vivo, spiking
recordings performed in area MT/MST during presence of stimulus) acquired from awake
behaving non-human primates (NHPs). We were able to train the model to match the
network transition from low-frequency activity during baseline to gamma oscillations
during the presence of stimuli. Together, these modeling results advance our understanding
of the biophysical mechanisms that could implement predictive routing computations in
cortex.

Materials and Methods

One of the challenges in biophysically detailed models is to develop automated methods for
training these neural models to help generate insights into the neural circuit dynamics that
underlie cognition. We used the DynaSim toolbox in Matlab to implement the neural
models?. Our model consists of a network of neurons with distinct cell types modeled by
corresponding Hodgkin-Huxley circuit equations. In addition, some other mechanisms (e.g,
receptors & ion channels) have been added to the Hodgkin-Huxley equation model. The
system of equations that govern how voltage changes over time in neurons of a neural
population is given in equation 1:


https://www.zotero.org/google-docs/?72Q7Mf
https://www.zotero.org/google-docs/?MI4g5u
https://doi.org/10.1101/2024.12.31.630823
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.12.31.630823; this version posted December 31, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

C e = —1, @V + =21 -3 ]

int syn

Where t is time (ms), C,,is the membrane capacitance, I;,,denotes the intrinsic membrane
currents (such as Iy, Iy I1eq), Iinp(t, V)is the current reflecting inputs from external sources
and I;,, denotes synaptic currents from the other neurons driving this neuron. Using this
framework, we are able to define detailed neuronal models with multiple populations of
similar or different cell types and various synaptic connection mechanisms (such as I,;p,,
Iyvpa Loaga --.) between them.

gSDR's unique contribution is making DynaSim models trainable, specially to reproduce
complex observed in-vivo dynamics with the least dependence on supervision. To
accomplish this, we implemented an extension to DynaSim called DynaLearn. DynaLearn
takes any DynaSim model, and designs a training environment for it. DynaLearn efficiently
explores a DynaSim's model parameters in order to achieve a single or multiple objectives.
These objectives are user-defined metrics that are derived from the model (e.g, membrane
potential, firing rates and spectral population dynamics). There are various optimization or
learning methods in DynaLearn but here we focus on the generalized Stochastic Delta-Rule
(gSDR) which is inspired from the stochastic delta rule?, spike-timing dependent
plasticity?* and genetic-optimization learning®.The general form of our algorithm is shown
in equation 2:

U =U_, + LOSMA - o) + a).R [2]
Where U, represents all variables at time ¢t that gSDR allows to change, §(A)~ uniform(-A, A)
(A : exploration factor) is a random sample from a uniform distribution, L(t) is the output
of the evaluation function (see methods, defining objectives in gSDR) at that time, « is the
unsupervised factor (if « = 0, the model will no longer have unsupervised changes and if o =
1, the model will be fully unsupervised) and R is the mutual-correlation dependent
plasticity (MCDP) factor around the step time (t — At) based on V, , y which is a matrix
containing the membrane potential of all N neurons. This function acts as an approximation
of spike-timing dependent plasticity (STDP) depending on the time length At. Details are in
this equation 3:

R = MCDP(V, At) = o = Corr(V._ V) [3]

r

Consider that there are two components in gSDR; one is the value of loss or reward that
affects how the model will change its parameters (semi-supervised, loss/reward feedback
is provided yet parameter changes are not directly controlled by supervision) and the other
is the MCDP part that is completely unsupervised. In addition, the value of R will be 1 for
any variable in U, that is not a synaptic weight, in case if other model parameters such as
channel properties are included in the simulation. This means that only synaptic weights
can be changed by MCDP (Fig.1).
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Fig1: Simplified gSDR-DynaSim interaction flowchart. A DynaSim model (Neuronal circuit) generates a series of
neural responses represented by X[k]. In the unsupervised path these voltages are used to derive synaptic
co-activation patterns calculated by MCDP. This specifies a learning rule independent from any external objective
that enhances connections between co-active neurons. In addition, the semi-supervised path calculates the
neuronal metrics and their distance to prespecified objectives, which defines the loss or reward value for the
current trial. Generalized stochastic delta rule (gSDR) uses this loss or reward value(s) to change the model's
parameters U(t). Over time, the model explores many possible parameter spaces and keeps the most optimal
parameters minimizing the loss or maximizing the reward and thereby achieving the objectives.
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Algorithm 1 Generalized stochastic delta rule

U, A\, &, Lopt < Init(.) > Model construction/initialization
while T'raining do
M + Metrics(U) > Measurements from the model
X < Reponse(U) > Membrane potential responses (Neurons x Time)
L(t) + Evaluate(M, Targets) > Model evaluation
R+ Corr(X¢, Xi—7) > Pairwise temporal correlation
if L < L,y then > Update optimal state
Lopt +— L
Uopt U
else if L > C x Loy then > Divergence condition
U < Ugpt > Return to the last optimal state
else
for Wyrepost € U do > Synaptic weights
A+ (LN —-a) +a)R > I(A) ~ u(—=A N nxm
Whew < W + A
W < Adj(Whew)(o,1] > Adjust synaptic weights
end for
end if
end while
9SDR pseudocode

Reinforcing objectives such as specific firing rates, spectral or temporal patterns requires
defining the corresponding metric for each one. A metric is a direct or indirect
measurement from the model, similar to a probe recording in-vivo neural signals. gSDR
metrics are derived from any parameter that exists in a DynaSim model's responses. A
metric generally consists of three arguments; spatial annotation (which part of the circuit
to be measured), temporal annotation (when in time points or intervals of simulation
should be selected for this measurement) and the measurement function (what aspect of
the annotated model output should be measured). In our simulations we have utilized both
metrics that have a biophysical unit (current and voltage) as well as metrics that are
derived from the model's response (firing rate and spectral response). Algorithm 1
describes how gSDR uses these metrics to train models.

Objective(s) consisted of one or multiple components. The loss function in the single
neuron simulations (Fig 2) and the initial population simulations (Fig 3-4) were calculated
by the mean square error (MSE) between measured metric and the target. In the neuronal
population firing rate tuning simulation (Fig 4) two objective components were used. First,
MSE between the excitatory population's firing rate and the target (70 Spike/sec) and
second, MSE between the inhibitory population's firing rate and the target (20 Spike/sec).
For the population natural frequency tuning (Fig 5), the loss was calculated by the MSE
between the measured natural frequency (the frequency with the peak power in the power
spectrum response) and the assigned target (30Hz). In the population spectral relative
power tuning (Fig 6) the error was calculated using binary error (0-1) for the model which
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in this case means that a reward value of 1 was assigned when beta was greater than
gamma and otherwise, 0.

In the last simulations comparing the spectral response of the model to the spectral
response of the data (Fig 10-12), we defined a loss function (eqn. 4) by calculating the log
ratio of the model's spectral response to the target spectral response, after normalization.
Both the model and target spectral response was computed by the taking the FFT of each
individual neuron's spiking timecourse and then averaging across neurons in the
population.

Metric,
L = LogRatio(Metric, Target) = % LOg(W) [4]

i € Metric

In biophysical neural models, it is important to consider the plausibility of objectives, as
some target states for this type of neural circuits may violate biological assumptions (such
as non-biological membrane potentials or very high firing rates). In such cases, the model
may not be able to achieve certain targets. It is also possible that gSDR brings the model out
of biological constraints in case if there are no biologically plausible boundary conditions
for training or tuning variables. Thus, we have made it possible to define boundary
conditions for model variables. Boundary conditions have been used to keep neuronal
circuits biologically plausible and stable in gSDR.

Here, we illustrate some basic examples of gSDR utilization. These models are designed in
order to illustrate the gSDR and the overall logic of the method (Fig.1). In the first single
neuron simulation example, the model was trained to modulate the membrane potential
from an initial starting point of -64.9mV (model's initial trial response is shown in Fig. 2C)
to a target of -60.0mV. The model was only allowed to tune the reversal potential of the
leak channel (E-leak, Fig. 2A) during training. As can be seen in Fig. 2A, comparing pre to
post training, the membrane potential shifted to the desired target. In Fig. 2B it can be seen
that the model's loss (mean square error between target and measured membrane
potential) decreased over trials despite transient divergence. At trial 151, the model was
manually stopped due to a relatively negligible loss.
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Fig2: Single cell basic optimizations. (A) Summary of initial and final training variables and metrics (B) Loss in
trials corresponding to the target metrics. (C) Initial membrane potential response. (D) Final membrane
potential response. (E) Summary of initial and final training variables and metrics for firing rate optimization.
In this simulation both the reversal potential of the leak channel (Eleak) and the internal drive (lapp) are
variables that change in training. (F) Loss in trials corresponding to the target metrics. (G) Neuron response
(Initial) (H) Neuron response (final)

In the second single neuron simulation, the model was trained to modulate the firing rate
from an initial starting point of 0 spike/sec to a target of 70 spike/sec. The model was only
allowed to tune the reversal potential of the leak channel (E-leak) and an external constant
current drive during training. As can be seen in Fig. 2E, comparing pre to post training, the
firing rate approached the desired target. In Fig. 2F it can be seen that the model's loss
(mean square error between target and measured firing rate) reduced after exploratory
behavior (Fig. 2F). At trial 52, the model was manually stopped due to a relatively negligible
loss.
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Fig3: E-I (Excitatory-Inhibitory) neuronal optimization of population firing rate and membrane potential. (A)
Summary of initial and final training variables and metrics. (B) Loss in trials corresponding to the target metrics,
firing rate and membrane potential. (C) Initial spiking response as a raster plot. Each row corresponds to a single
neuron’s spiking during one trial (500ms). (D) Raster plot after training.

Next, we show how to simulate neuronal populations. For this we introduced a model
containing 100 neurons (80 excitatory, 20 inhibitory) and additional mechanisms
(Glutamate, GABA) and parameters for their connectivity (synaptic connections, synaptic
time constants, E-noise and I-noise). The model was initialized with a uniform connectivity
matrix between all populations. The first objective was to train the model to achieve a
specific average firing rate in the excitatory neuron population. The initial firing rate was
34.8 spike/sec (Fig. 3C) and the target was 10 spike/sec. Only inhibitory synaptic time
constants were allowed to be changed by the model. As seen in fig. 3, the model achieved
the target average firing rate in the excitatory population by increasing inhibitory time
constants which effectively decreases the overall spiking activity.

Neural population model (dual firing rate tuning): In this example (Fig.4) we used the
same model architecture as the first E-I simulation (Fig.3). We trained this model using two
parallel objectives to demonstrate the flexibility of gSDR to explore a multi-target
parameter space. The equally weighted objectives were to achieve an average firing rate of
20 spike/sec and 70 spike/sec for excitatory and inhibitory populations, respectively. The
initial firing rates of the excitatory and inhibitory populations were 34.8 spike/sec and
91.81 spike/sec respectively (Fig. 4A). Similar to the previous simulation, only inhibitory
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synaptic time constants were allowed to be changed by the model. As seen in fig. 4, the
model achieved the target average firing rates by increasing inhibitory time constants
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Fig4: E-I (Excitatory-Inhibitory) neuronal population multitarget firing rate optimization on the same model in
Fig4. (A) Summary of initial and final training variables and metrics. In this simulation, the firing rates of E and |
populations should converge to their respective objectives (Target firing rate of 70 spikes per second for |
population and 20 for E population. (B) Loss in trials corresponding to the target metrics. Each population’s
firing rate converges to the desired target. (C) Initial raster plot. (D) Raster plot after about 100 trials.

Although it is trivial for the model to decrease the firing rate of both populations by
increasing the inhibitory synaptic time constant, the relation between the time constant
and firing rate is negatively correlated but not linearly (i.e, multiplying the time constant by
2 will not necessarily divide the frequency by 2). Indeed, it can be seen (Fig4-A) that the
post to pre time constant ratio is ~1.6 but pre to post average firing rate of each population
is different (1.77 for the excitatory population, 1.28 for the inhibitory population). This
shows that model parameters can non-linearly interact making it difficult to manually tune
biophysical models to reproduce desired responses.

Neural population natural frequency tuning: Natural frequency of a circuit is the
dominant frequency peak in a circuit. Consequently, we call the highest peak in the spectral
response of the model as its natural frequency. Pre-training natural frequency of the
excitatory population were 91Hz (Fig. 5A). For training, inhibitory synaptic time constants
and baseline Gaussian noise gain were allowed to vary in the model. As seen in fig. 5, the
model converged to the target natural frequency (~30Hz) by increasing inhibitory time
constants. Similar to the model in Fig. 4, the relation between synaptic time constants and
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spectral response of the model is negatively correlated yet pre to post time constant ratio
and the natural frequency peak are not linearly related (Fig. 5A,C).
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metrics. (C) Summary of training variables and metrics during training. (D) bANN circuit schematic. (E) Initial
frequency response. (F) Frequency response after training showing that bANN response has achieved the target
metrics. (G) Initial raster plot. (H) Final raster plot.


https://doi.org/10.1101/2024.12.31.630823
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.12.31.630823; this version posted December 31, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

Experimental Design

In-vivo neural signal recordings: One adult bonnet macaque (Macaca radiata) aged 18
years (7.4kg) was used in this study. The monkey was first implanted with a 18mm
recording chamber (Christ) placed over visual /temporal cortex and a headpost. To insert
electrodes into the brain we used a mechanical Microdrive (Narishige, Tokyo, Japan) that
was mounted onto the chambers. A guide tube was lowered through a recording grid
(Christ) to penetrate the dura mater and granulation tissue. We then acutely introduced a
128-channel deep array linear into area MT/MST. We used a linear 128-channel recording
array where the inter-contact spacing was 40 microns (Diagnostic Biochips, Glen Burnie,
MD). Recordings were acquired using a RHD System (Intan technologies, CA) sampling at
30 kHz. Recordings were electrically grounded to the guide tube.

Grid positions were pre-determined based on a pre-recording MRI scan with the chambers
and grid in place, with water-saline to mark the trajectories of each grid hole position. We
advanced the electrode until there was visually responsive neuronal activity on most
channels and until the local field potentials showed a distinct spectral signature of the
cortical sheet, characterized by large amplitude alpha/beta (10-30 Hz) oscillations in deep
channels and gamma (40-150 Hz) oscillations in superficial channels®,

We used monkeylogic (developed and maintained at the National Institute for Mental
Health) to control the behavioral task. The monkey was trained to fixate its eyes around a
central fixation dot (radius of fixation window: 1.5 visual degrees). Eye position was
monitored using an Eyelink 1000 (SR Research, Ottawa, Canada). A task began with an
isoluminant gray screen. Once the monkey maintained fixation for 500ms, a sequence of
drifting gratings appeared (radius = 12 visual degrees, drift rate: 2Hz, 1 cycle/visual degree,
0.8 Michelson contrast, angle of drifting grating was 45 or 135 degrees from the vertical
midline) for 500ms, and was replaced by a blank screen with the fixation dot remaining for
500ms. This sequence was repeated 4 times in a trial, for a total trial length of 4500ms
(500ms pre-sequence fixation + 4x1000ms stimulus presentations). The monkey was
rewarded for maintaining fixation throughout the trial with a small juice reward. Only the
first 1000ms of data was used for this analysis.

Analysis

Single units were sorted using Kilosort-2.0%°. We only selected neurons which satisfied both
quality requirements (Signal-to-noise ratio > 1.2, Presence ratio > 97.5%). We convolved all
single unit spike times with a post-synaptic potential kernel with a rise time constant of
0.5ms and a decay time constant of 4.5ms. This convolution was applied to the model's
response and to the neurophysiological spike time data. This step was necessary in order to
facilitate spectral analysis, which is more well-behaved on continuous data as opposed to
point-process data?.

We estimated each neuron's spectrogram (time-frequency response) using Matlab’s
multitaper spectral estimation with Kaiser window of length 400ms and 90% overlapping
between adjacent time windows. For both the model and the electrophysiology data,
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performed this analysis starting from 500ms before the stimulus onset to 1000ms after the
stimulus onset. Time-frequency responses of these neurons in two different conditions,
stimuli-on and no-stimuli, became gSDR’s objective in order to generate the corresponding
neural response similar to it.

Results

Establishing the gSDR learning rule: We begin by describing the generalized Stochastic
Delta-Rule (gSDR) and how it is applied to biophysical models (Fig. 1, Algorithm 1, see
Materials and Methods). The first step is to use a biophysical circuit model to generate
neuronal dynamics such as membrane potentials that change over time. In this work, we
have used DynaSim* to model individual excitatory/inhibitory neurons’s membrane
fluctuations using Hodgkin-Huxley equations. For single neuron parameter optimization
tasks (e.g., see Fig. 2), gSDR uses only a supervised path for training. For population (more
than one neuron) parameter optimization tasks, gSDR uses both a supervised and
unsupervised path (Fig. 1). In the unsupervised path the membrane voltages are used to
derive synaptic co-activation patterns calculated by Mutual Correlation Dependent
Plasticity (MCDP, essentially the correlation between membrane time courses over time,
see Materials and Methods). This unsupervised learning rule is independent from any
external objective and enhances connections between co-active neurons. In addition, the
semi-supervised path calculates the neuronal metrics and their distance to prespecified
objectives. An objective can be defined on any behavior derived from the neuronal model
(e.g., firing rates, membrane potentials, synchronization of neurons, etc.). The difference
between the model’s performance and the objective defines the loss value for the current
trial. The generalized stochastic delta rule (gSDR) uses this loss value, together with the
unsupervised MCDP rule to change the model's parameters. Over time, the model explores
many possible parameter spaces and keeps the most optimal parameters minimizing the
loss thereby iterates until the objectives are achieved.

Single Neuron Membrane, Firing Rate, Population Firing Rate and Population
spectral power tuning: We begin by demonstrating that the novel gSDR Rule is able to
automatically train models on a number of simple tasks (Figs. 2-5, see Materials and
Methods for additional details). These included membrane time constant optimization and
firing rate optimization to a pre-defined target in single neurons, where the model could
change only the reversal potential of the E_leak channel (Fig. 2). Next, we showed that the
model could tune the population firing rate to a target rate for a neuronal population. This
could be achieved by varying the time constants of inhibitory neurotranmission, and the
firing rate of either a single (E population only, Fig 3) or multiple (simultaneously both E
and I populations, Fig. 4) groups of neurons could be tuned to achieve a desired population
firing rate. We further showed that the model could tune its natural frequency (the peak in
the power spectra of the population spiking activity) by adjusting the time constants of
inhibitory neurotransmission (Fig. 5). These relatively simple modeling tasks could in
principle have been accomplished with manual tuning of parameters, but they allowed us
to establish the validity of the gSDR algorithm in various scenarios where intuition of the
model’s and their parameters can be used as a sanity check for the model’s behavior.
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Using gSDR to model gamma-beta push-pull dynamics and Predictive Routing: Having
established the utility of the gSDR algorithm for simple tasks, we next set the task of
modulating a push-pull interaction. We trained the model to implement the flexible switch
between oscillatory motifs, particularly the observed gamma-beta push pull seen in
predictive routing>*’. To do this, we first simulated a model that could switch between two
network states. In one network state, gamma dominates (is more powerful than) beta and
in the other network beta dominates gamma. In this simulation, the model architecture is
the same as the model in Fig. 5 but synaptic connections are included as training variables,
making the model's dimensions (free parameters) comparable to ANNs. The model's
objective is to match a spectral ratio to each of the two conditions. In condition 1
(simulation of a sensory stimulus processing, Fig. 6C), the objective is to have higher
gamma band (40-100Hz) power than beta (10-40Hz), and in condition 2 (simulation of no
stimulus processing, Fig.6 D), higher relative beta band power than gamma.

After 74 trials, the model achieves the conditional objective (more gamma than beta on
condition 1 and vice versa). Notice that the population average gain which is equal to the
average of synaptic connectivity weights is not affected significantly (Fig. 6A, C). However,
the variance induced by gSDR to the distribution of synaptic connection weights is carrying
the learned information to match the objective. This shows that synaptic plasticity is
capable of modulating the relative spectral response of a neural circuit, without any change
to the time constants or population average gain.

In addition, the transition from a gamma-dominated state (condition 1, Fig. 6C) to a
beta-dominated state (condition 2, Fig 6D) resulted in substantially suppressed population
activity, especially amongst the excitatory cells, consistent with a suppressive influence of
beta on overall spiking activity?®.
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Fig6: E-1 population spectral power ratio tuning. (broad Beta [10-40Hz] average power to broad Gamma
[40-90Hz] average power). (A) Variables and metrics pre, during and post training (B) Network schematic. (C)
Post-training raster plot on condition 1. (D) Post-training raster plot on condition 2.

Neural population contextual spectral relative power tuning: In predictive routing, we
have proposed that top-down inputs carrying predictions (via beta) serve to suppress
bottom-up processing (via gamma) in a selective manner’. We therefore next modeled how
top-down inputs can modulate the network state to shift dynamics from a gamma to a beta
dominated spectral state. In this simulation, the model’s goal is to tune its spectral relative
power between beta and gamma(Fig.7). This is similar to the previous model (Fig.6) but in
this example local synaptic weights were static and could not be modulated by the model.
Instead, top-down contextual inputs were allowed to change. This change was modeled by a
gain parameter, which could modulate the strength of the top-down synaptic connections to
each of the neuronal populations included in this model (Fig. 7B): E cells, interneurons with
slow synaptic time constant (SST-cell like) and fast inhibitory population (PV-cell like).

Top-down input gain to all populations was initially set to 0 for both conditions. Next, gSDR
was allowed to modulate this gain to achieve a gamma-dominated state in condition 1 and a
beta-dominated state in condition 2. Interestingly, the model found a solution with positive


https://www.zotero.org/google-docs/?KVeZ4e
https://doi.org/10.1101/2024.12.31.630823
http://creativecommons.org/licenses/by-nc-nd/4.0/

bioRxiv preprint doi: https://doi.org/10.1101/2024.12.31.630823; this version posted December 31, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted bioRxiv a license to display the preprint in perpetuity. It is made
available under aCC-BY-NC-ND 4.0 International license.

gain on slower inhibitory population but a negative gain for the fast inhibitory population.
Post-training responses show a context-dependent spectral power shift (Sup. Fig. 2 C-F)
with respect to beta (20-40Hz) to gamma (55-75Hz) power ratio objectives. This solution
shows the benefit of gSDR-based exploration for biophysical models and is consistent with
the predictive routing mechanism.
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Predictive routing, lower order local cortical circuit based on electrophysiological
recordings: In this simulation, we used gSDR to replicate electrophysiological responses
observed in in-vivo recordings. Our objective here is to ask gSDR to modulate synaptic
connectivities in order to recapitulate observed gamma band neuronal dynamics across
experimental conditions. Current models of oscillatory dynamics (e.g, Pyramidal -
Interneuron Network Gamma or PING) are capable of explaining observed gamma band
neuronal dynamics, distinguishing between “strong” and “weak” versions?’. In strong PING,
gamma band oscillations (35-100Hz) require a strong input drive and feedback inhibition
with fast inhibitory time constants (e.g 5-15ms), yielding highly synchronous, coherent
gamma oscillations that dominate the response of most individual neurons (see Fig. 4-5).
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In weak PING models, noise is added to the input signal or synaptic weights to generate a
gamma oscillation with sparse, irregular firing in the pyramidal cells.

Before applying gSDR, we first determined whether real neurons display a strong or weak
PING phenotype in-vivo. To do this, we performed electrophysiological recordings in the
visual cortex (areas MT and MST) of awake macaque monkeys during presentation of
drifting grating stimuli known to induce gamma oscillations (see methods for details about
neurophysiology).
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Fig8: Single unit neural response from visual area MST (NHP) (A) PSTH and all-trials cumulative raster plot (100
trials) (B) Single-trial raster plot of neurons (blue line: fixation, green line: onset of stimuli, red line: offset). (C)
Corresponding spectrogram, showing a stimulus dependent evoked spectral response around ~38Hz.

We simultaneously recorded ~80 neurons in areas MT/MST to study a large neuronal
population participating in gamma oscillation. During pre-stimulus baseline the neuronal
population had an oscillatory resonance around beta (~20Hz, Sup. Fig.4). During
presentation of the stimuli, strong narrow-band oscillatory gamma was present in the
population spiking raster (Fig 8A) and single trial raster (Fig 8B). In addition,
time-frequency analysis of the population spiking activity indicated the presence of a
sustained narrow-band gamma (~37.5Hz) with the same duration as the duration of
stimulus (500ms). These observations are consistent with the known properties of gamma
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oscillations. These neuronal dynamics appear to be phenomenologically distinct from
strong PING models and more similar to weak PING models in the sense that on single trials
individual neurons only sparsely participate in the oscillation (Fig. 8B).
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Fig9: Pre-training, single unit neural responses from the model. (A) Raster plot of the model during spontaneous
activity (no stimuli) (B) Corresponding spectrogram, showing non-evoked wide-band spectral response. (C)
Spectrogram of the model’s response during stimulation. (D) Raster plot during stimulation.

To study the circuit mechanisms that produce this gamma oscillation, we implemented a
model with 100 neurons (70 excitatory, 30 inhibitory). For this model, instead of relying on
synaptic time constants, inhibitory neurons were defined based on two classes of
connectivity®. One class had a pattern of locally-focused connectivity (restricted to
establish local synaptic connections, to maximum 10% of total neurons, Sup. Fig. 1) and
another class had a global widespread connectivity (no restrictions on number of synapses
to other neurons). Unlike the classic PING model that relies on fast inhibitory time
constants for producing gamma, we did not predefine or modulate the synaptic time
constants in our model (time constants were set to a random distribution with a mean of
50ms and standard deviation of 5ms for all connections). Instead, we allowed gSDR to
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modulate the synaptic connections. The objective of the model was to approximate the
spectrotemporal features present in the observed neurophysiology (Fig. 8) in both the
pre-stimulus fixation and stimulation time period.

AL T e e T T s

=

+

Neuron no.
T

T T B O
o
o

w

o
o
(wns ou) snosurodg

-500 0 Time (ms) 500 1000
T 1
[ . :
| .
I I
[ . & = E »
I I =
| | TR SN | g
r | I J 5
D[ i o .5 ©
sk 1. I , \l B )
g, | L R . -
Sri 1 R - 50
2L v RUNPEEA LAY ,' .
g T e i -
SR ' “‘ Vo A [ | o ': [ ca “.‘ o ". -'f‘lrlll" Lo - I
-, ‘ - Onsét,. =~ . .. - .. Offset, 3100

Fig10: Mid-training (trial 200) (A) No-stim raster plot. (B) No-stim spectrogram. (C) Spectrogram (during stim.).
(D) Stimulus-present raster plot.

The spectrotemporal response of both the model and the data was quantified by taking
each neuron's power spectrum and averaging these power spectra across all neurons in the
model/data (see methods). The model simultaneously optimized its spectral response to
the pre-stimulus data (From 500ms pre-stimulus to stimulus onset) as well as its spectral
response to the post-stimulus data (From stimulus onset to 500ms post-stimulus). The loss
(used to train the model) was calculated using the log-ratio (see methods) between the
model and the data's spectral response. To simulate the stimulus, we assumed in the model
that at time O (onset of the stimuli) there was an increase in the external input (modeled as
a direct current-DC step function with amplitude of 5mA) with a 500ms duration.
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Background noise was a voltage-based stationary random process from a uniform
distribution in the interval of [-10mV,+10mV], which is always present independently.
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Fig11: Post-training, single unit neural responses from the model. (A) No-stim raster plot. (B) No-stim
spectrogram. (C) Corresponding spectrogram, showing that the evoked spectral response is shifted from
high-gamma to low-gamma and beta. (D) Stimulus-present raster plot.

During training, both conditions (pre-stim and stim) were equally presented to the model
and the loss function penalized both conditions equally. The model's initial synaptic
weights were set-up to be uniform across all connections (Sup. Fig. 1 A,B), leading to the
pre-training responses (Fig. 9). As can be seen, the spectral response of the model increases
during stimulus presentation (Fig. 9C) but in a broad-band manner that did not capture the
narrow-band gamma response present in the data (Fig. 8C). After 200 trials (Fig. 10) the
model showed enhanced gamma amplitude during stimulation but still not in a narrow
band regime.

Eventually, after 370 trials (Sup. Fig. 1 C), the model achieved a plausible stimulus
dependent narrow band gamma response and pre-stimulus spontaneous dynamics (Fig. 11,
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Sup. Fig. 4). This demonstrates that our stochastic learning rule is capable of training a
biophysical model to achieve observed neuronal dynamics without direct supervision or
manual dictation of parameters. Specifically, it did so by modulating the synaptic weight
matrix in a highly sparse and non-uniform manner (Sup. Fig. 1 A,B). Moreover,
recapitulating the observed gamma band oscillations did not require manual adjustment of
time constants or strong and uniform I to E synaptic connections, instead, via sparse
synaptic connections bidirectionally (Sup. Fig. 1 A-B). This further suggests that the
biophysically plausible models when trained on real data implements oscillatory dynamics
with weak PING characteristics, e.g. the oscillation is mostly observed at a population level,
not at the single neuron (Fig. 9-11, Sup. Fig. 4). This is because the post-training
connectivity weights were highly variable and therefore not uniform.

We next quantified which connections were mostly changed in the model to account for
these shift in spectral dynamics from beta to gamma. To do this, we quantified the average
synaptic connection change from the model in the pre-training state to the post-training
state, separately for synaptic connections between the excitatory neurons, the local
inhibitory interneurons (which had a connectivity structure that limited to make
connections only with 10% of local neurons) and the global inhibitory interneurons (which
had no restrictions on number of neurons they connect to). Although the synaptic
connections between all classes of neurons changed, we found that the greatest magnitude
of change occurred between the local inhibitory interneurons and the other two
populations (excitatory and global inhibitory interneurons, Sup. Fig. 1&4). These results
allow us to understand that a network can transition from a beta dominated state to a
gamma dominated state, both via local synaptic modulation and top-down modulation of
the circuit, during the pre-stimulus to stimulation time (Figs. 6,7, 9, 10, 11, Sup. Figs. 1, 2,
4).

Discussion

Our work extends efforts to train biophysical neuronal models. We applied a novel learning
algorithm, gSDR, to biophysical neural circuits, which made it possible to explore unseen
solutions for model parameters. gSDR lets these models decide how to find these solutions
by adjusting the trade-off between unsupervised and supervised learning (see methods,
Fig.1 and Alg.1). Thus, this framework facilitates computational studies on neural dynamics
seen during cognitive tasks, such as predictive routing"*?*!, whereby predictable stimuli are
associated with more beta than gamma and this spectral shift is specific to predicted
stimulus representations. The gSDR framework also enabled biophysical networks to
mimic neuronal gamma oscillations, allowing us to study which parameters and network
architectures are critical for their formation.

Relationship between gSDR and other computational modeling frameworks

Another approach that has emerged to train biophysical models is Dynamic Causal
Modeling (DCM)*>!632, DCM has been used to simulate observed brain dynamics by training
model parameters using gradient descent with convex assumptions. Current DCM
implementations assume the population scale (e.g., summarizing the behavior of hundreds
to thousands of neurons as a neuronal mass) is a sufficient level of complexity to explain
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brain dynamics. In our view, it is important to also consider and model the microscopic
elements of neural circuits (single cells, single synapses and neuro-chemical action at the
micro-scale, meaning between neurons). Additionally, current implementations of DCM
make the assumption that the equations describing the model are solvable by gradient
descent, implying a convex and continuous relation between parameter space and the
model's behavior®. In contrast, previous modeling has shown that population behavior can
be highly-non convex and non-continuous across subtle parameter changes®!. This was one
of the motivations for incorporating a more stochastic approach to learning with gSDR,
with fewer assumptions on how to explore the parameter space.

Another modeling framework that has been inspired by neuronal computational modeling
is Artificial Neural Network (ANN) and Deep Neural Network (DNN) models, which have
revolutionized artificial intelligence (AI) and deep learning®. In general, these models use
more abstracted “neurons” and prioritize performance and high-level behavior over
biological plausibility®*. ANNs and DNNs generally do not consider neural dynamics
observed in electrophysiology *°, specific cell types *3, excitatory-inhibitory (E-I)
interactions and neurochemicals (e.g neurotransmitters)**. While these models are of
course useful for learning complex tasks, their non-biophysically realistic architectures and
non-physiological learning assumptions make their results difficult to map to neuroscience,
due to structural disparities and non-equivalent computations®-%,

With this in mind, one might ask what the best level of detail is in computational modeling
to understand the brain? In our view, it is critical to include different neuronal cell types,
with specific neuromodulators, that inhibit or excite other neurons, as these interactions
will generate rich spectro-temporal neuronal dynamics as observed both in-vivo**?” and
in-silico'®'#°%%1, Since our goal is to test theoretical hypotheses about the brain at the single
neuron, microcircuit and/or neuronal population scales, we cannot rely on models that are
not as consistent as possible with the neurobiology.

Many works have utilized biophysically inspired modeling to mirror in-vivo brain
dynamics®’. For example. spiking neural networks (SNNs) have been used to study
cognition*"*? and to model findings from human electrophysiology during a mismatch
negativity task. **** In one modeling study, an SNN learned predictive-coding computations
by changing synaptic connections in response to changing stimulus patterns and
sequences. Other studies have proposed various hypotheses about many other mechanisms
contributing to the oscillatory and temporal dynamics of mismatch negativity and
predictive coding®’. In our view, these detailed biophysical models are important because
they can also be used to explain, in a computational framework, how observed brain
dynamics may change from a healthy to a disordered state and lead to mental disorders
Computational explanations for these disorders should be able to link specific low-level
mechanisms (e.g., specifical cell types, their connectivity parameters) to higher-level
behaviors (e.g., observed decreases in mismatch responses in schizophrenia®®). This type of
modeling should therefore also generate novel targets for new treatments and therapeutics,
to re-balance networks into a healthier regime. Therefore, it is imperative to build accurate
biophysical models that can be trained on large scale neurophysiological recordings to
better understand these circuit dysfunctions.
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What has gSDR taught us about training biophysical models?

Many computational studies have utilized biophysical details of neural microcircuits to
perform computations******. However, most of these models require manual tuning and
optimization prior to the simulation due to their complexity®”*® and biophysical
constraints'®3%4%%5 QOne of the major advances of gSDR is to overcome manual tuning with
an efficient search algorithm capable of finding modeling solutions for both simple and
more complex tasks. For example, the highly non-uniform connectivity matrices found by
gSDR (Supp Fig. 1B) would have been difficult and highly computationally costly to find via
manual tuning, but could be efficiently discovered in a few hundred trials with gSDR. A
future goal will be to use the gSDR framework for not only exploring biophysical solutions
to well-defined problems but also for task learning, to then examine whether the
mechanisms of gSDR-tuned models are similar to observed brain networks. This technique
could also be applied in a recurrent manner, to drive experiments based on insight from
modeling, and also to use experimental data to create more realistic models.

What has gSDR taught us about gamma oscillations?

We applied this biophysically detailed modeling framework to study gamma oscillations
that we also recorded in vivo. One of our motivations was to use gSDR-guided modeling to
study whether the observed neuronal oscillations were better explained by so-called
“weak” vs. “strong” Pyramidal-Interneuron Network Gamma (PING). Current models of
oscillatory dynamics are capable of explaining observed gamma band neuronal dynamics
using either mechanism. In strong PING models, gamma band oscillations are result of a
strong input drive and feedback inhibition with fast inhibitory time constants'®*’, In weak
PING models, internal noise generates a gamma oscillation with sparse, irregular firing in
the pyramidal cells?3*%¢,

Previous studies'®*’® regarding biophysical mechanisms contributing to the oscillatory

dynamics in predictive routing have suggested that the gamma oscillation can act as a
winner-take-all mechanism. This mechanism can bias the network to process one stimulus
over another, when both are present but top-down modulatory drive is present onto one
population. This winner-take-all mechanism has been used to explain stimulus specific
attention and distractor suppression. These studies also show that desynchronizing effect
of random connectivity can be reduced by strengthening the E—I synapses®’. More
surprising, it cannot be reduced by strengthening the [ -E synapses. However, the decay
time constant of inhibition plays an important role. Faster decay yields tighter synchrony. In
particular, in models in which the inhibitory synapses are assumed to be instantaneous, the
effects of sparse, random connectivity cannot be seen. This is in accordance to our
modeling results (Supp. Fig. 3). The synaptic connectivity from I focal to E and I focal to
other I cells was most strongly modulated by the model to achieve a dynamic gamma
rhythm. The model therefore converged onto mechanisms®”*® whereby inhibitory synapses
were strong enough to enable PING rhythms, but “weak enough” not to suppress all
noise-driven spiking in the presence of the PING rhythm, implying the role of a weak-PING
like circuit.

In our model, we were able to replicate the in-vivo visually evoked narrow-band gamma
(Fig. 10-11) without specific time constants nor uniform inhibitory feedback connections.
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We adjusted the model’s architecture by assuming that fast-spiking inhibitory interneurons
make a limited number of locally-focused and strong synapses based on a cortical circuit
model®*" with similar assumptions based on neurophysiology®*®*. We also included
alternative mechanisms for inhibitory interneuron populations, which we called the
locally-focused connectivity interneurons and globally-widespread connectivity
interneurons. The reason for including both inhibitory interneuron populations was to
evaluate both time-constant based interneuron models and connectivity based interneuron
models proposed in a computational model of primary visual cortex in rodents*’.

gSDR was trained to match the power spectra of neurons in this model to the
electrophysiologically observed neuronal spectral response. In the post-training state, the
model exhibited several features which were more realistic compared to previous models.
First, unlike previous models this narrow band oscillation did not dominate the response
during spontaneous activity, but was highly dependent on strong, excitatory synaptic inputs
which switched the network from a beta- to gamma-dominated state. This flexible
transition from pre-stimulus beta to stimulus-induced gamma was learned via gSDR
exploration of synaptic connectivity, with notable contribution of strong synapses from
locally-focused interneurons. Second, the gamma oscillation did not orchestrate the entire
neuronal population with high synchrony. Instead, sparse activity on a single trial level
characterized the oscillation, which could be best explained as a population phenomenon.
These signatures are more in line with weak PING than strong PING models.

What has gSDR taught us about predictive routing?

Our modeling framework allowed us to establish several neurobiologically plausible
mechanisms for predictive routing. In previous empirical work, we demonstrated that
when unpredictable inputs (such as an auditory oddball stimulus) reach a cortex lacking
top-down input -such as during propofol-induced anesthesia®- gamma activity becomes
disinhibited due to the absence of top-down beta control. In the awake state, however, beta
oscillations (associated with top-down processing’’*’) exert control over gamma activity.
Our modeling results show that top-down contextual weights, which we assumed act via a
gain parameter onto specific excitatory and inhibitory interneurons, can be learned during
training (Fig. 7) to shift network dynamics between gamma and beta. This supports the
predictive routing model in which top-down, preparatory signals are used to prime cortical
networks for processing predicted stimuli.

We also considered a simpler possibility, namely that changes in local synaptic connectivity
are sufficient to induce a spectral shift between beta and gamma (Fig. 6, Figs. 8-11). This
may be sufficient to explain deviant responses to stimuli that are so-called local oddballs
(e.g., in the stimulus sequence x-x-x-Y, Y is an unrepeated stimulus that deviates from the
repeated context of stimulus x). Local oddball responses do not necessitate top-down
connections carrying predictions, because they persist, or are even enhanced, during deep
states of anesthesia when frontal to sensory top-down inputs are functionally
disconnected?. Therefore, this opens the possibility that local connectivity changes are
sufficient to carry these more basic forms of prediction that also induce beta/gamma shifts
in population activity. Indeed, we found that modulations to these local synaptic
connectivity parameters could model a spectral shift from beta to gamma. We found this to
be the case both in a pure modeling framework, where gSDR operated on a metric (to
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increase or decrease the beta/gamma ratio) as well as when gSDR was trained to maximize
the fit between neurophysiologically observed and modeled power spectra of neuronal
activity. In both cases, we identified that a critical parameter to transition between beta to
gamma and vice-versa is a limited number of strong synapses from local inhibitory
interneurons. This is accordance to previous studies* which show that the loss of evoked
gamma by antagonizing or blocking NMDA receptors, leads to decreased activity in the
GABAergic interneurons and increased pyramidal excitation®?, because the GABAergic
interneurons are tenfold more sensitive to the NMDA-r antagonists than the pyramidal
neurons®. In fact, the proposed theory of NMDA-r hypofunction®*®® causing reduced evoked
gamma via dampening local cortical PV-interneuron activity in schizophrenia and related
psychosis disorders is supported by significance of strong-local synaptic inhibition®®*’.

Therefore, gSDR has taught us that both of these network implementations (top-down
inputs, as well as local intrinsic circuitry) are capable of inducing beta-gamma push-pull
dynamics. Meanwhile, more empirical neurophysiology experiments are required to
causally control for such mechanisms (such as the modulation of local inhibition) in order
to unveil the trade off between local circuitry mechanisms and global top-down
modulation. Further empirical, causal, and modeling studies will be necessary to reveal the
contributions of local vs. top-down connections for oscillatory push-pull dynamics
observed during predictive routing.

Future extensions of the gSDR modeling framework.

The gSDR algorithm was inspired by evolutionary processes and the broader family of
genetic optimizations*®®%°, because of the stochastic nature of search through parameter
space. Currently, gSDR with biophysically plausible neuronal networks might not surpass
other learning algorithms (e.g.,, ANNs and DNNs trained with gradient descent) in task
performance but offer a more natural learning framework, mimicking the innate
mechanisms observed in the brain. The brain itself relies on exploration and model-based
learning, such as Spike-Timing-Dependent Plasticity (STDP), chemical neuromodulators
and genetic expression. Furthermore, the unsupervised nature of predictive coding and
broadly the Bayesian brain concept, emphasize the importance of self-guided learning
processes’®’!, We performed simulations from the simple to more complicated models. We
validated gSDR on single neuron optimizations, population response and spectral
interactions. We then implemented a neuronal circuit in order to replicate the
spectrotemporal response observed in electrophysiology and predictive routing
framework.

In future work, we are interested in the role of different cell types and their laminar
composition on neuronal dynamics. Inspired from knock-out studies in neurobiology, first
we will implement multiple groups of models with different compositions of inhibitory
interneurons. The objective of these models would be the same but consisting of three
objectives; maintaining similarity to the electrophysiology, maintaining anatomical
properties such as between layer connections, and performing a basic task via the
predictive routing concept. After tuning, task performance and bioplausibility will be
compared to evaluate the role of layer-specific cell type composition. In addition to this,
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similar to the recent studies involving rodent biophysical models*’*® we will aim to

estimate the local-field potential (LFP) and current-source density (CSD).

This will enable more detailed study of the coherence between spiking activity and LFP
(spike-field coherence, SFC’?). Since we are able to estimate SFC from these models, gSDR
would be utilized in order to penalize or enhance SFC as an objective. Using this approach,
we could disrupt or enhance SFC to examine the effects it could have on model’s
performance, neural dynamics and bioplausibility. This is important because causal studies
on functional and anatomical connectivity are difficult to perform in-vivo, unlike in-silico
studies. Since we are able to use gSDR to define specific connectivity restrictions, one
direction of studies could be to restrict connectivity patterns via the objective function to
perform in-silico knock-out studies of particular circuit elements.

Conclusion

We implemented gSDR, a novel hybrid learning algorithm that naturally explores the
distribution of the parameters to achieve user-specified objectives. This hybrid learning
approach made it possible for models to learn using both supervised methods and also an
unsupervised, trial-and-error approach. We demonstrated how this algorithm can be used
to train highly non-convex, non-linear and stochastic models of biophysical neural
networks. This made it possible to study how neural networks produce
neurophysiologically realistic gamma oscillations. The network converged onto dynamics
that were more consistent with weak PING, as opposed to strong PING dynamics. We also
used this method to show that predictive routing can be implemented using multiple
mechanisms. The shift from beta to gamma (and vice-versa) network dynamics implied by
predictive routing could be achieved via changes to local circuitry as well as top-down
connectivity.
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Sup. Fig 3: Pre and post-training grand average population synaptic gain between different populations, in
format of Source-Target (e.g, E-I1 means synaptic connections from E population to the I1). ‘E’: excitatory
pyramidal neurons, ‘11’: locally-focused interneurons. ‘12’: globally widespread connectivity interneurons.
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Sup. Fig 4: Dominant frequency in the recorded spiking and model (pre training/post training,
pre-stim/post-stim). Upper subpanel corresponds to the pre-stimulus baseline and bottom subpanel corresponds
to the stimulus-present time.
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