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List of Figures

1.1

Bridging scales with physics-based modeling and deep learning.
Brain activity is the product of an extensive hierarchy of spatial scales.
At the level of DNA, differential gene expression in a neuron leads to the
addition/removal of proteins which impact the electrical properties of the
neuronal membrane (i.e. biophysics). The biophysical properties of proteins
like ion channels combine at the neuron-level to produce behavior such as
spiking. At the network-level, interconnected neurons produce complex
activity patterns measured in the form of local field potentials. Finally, at
the whole-brain level, an ensemble of networks act in concert to fulfill the
extensive array of functions carried out by the nervous system. A central
challenge in computational neuroscience is creating models that bridge
these spatial scales. Currently, a highly promising approach to overcoming
this challenge is equipping physics-based neural models with deep learning

algorithms. . . . . . . . .
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2.1

3.1

Left: Reduced schematic of HNN model detailing the cell types, layer-
specific synaptic connectivity structure, and locations of proximal drive
synapses. The default size of the full network is a grid of 100 pyramidal neu-
rons, and 35 inhibitory neurons, synaptically connected in each layer. Figure
adapted from Neymotin et al. (2020). Right: Plots of the network and
simulated results can be generated using the HNN-core visualization API.
The drive input histogram with net.cell response.plot_spikes hist(),
the net current dipole with plot_dipole(dpl), and the spike raster with

net.cell response.plot_spikes. raster().. . . .. .. ... ... ...

Graphical Abstract. Summary of SBI workflow used to infer model
parameters that can account for recorded neural dynamics. 1) A prior distri-
bution of assumed relevant model parameters and ranges is constructed. 2)
A dataset of simulated neural activity patterns is generated with parameters
sampled from the prior distribution. 3) User defined summary statistics
are chosen to describe waveform features of interest. 4) A specialized deep
learning architecture is trained to learn the mapping from neural activity
constrained by summary statistics to underlying model parameters. 5)
Specific neural activity patterns of interest are fed into the trained neural
network, which subsequently outputs a distribution over the potential un-
derlying model parameters. 6) Parameter estimates for different waveforms
can be compared through diagnostics like parameter recovery (if the ground

truth is known), or posterior predictive checks. . . . . . . . ... ... ..

Xvil

32



3.2 HNN model schematic. A: Local network connections of the HNN
model include: 1) excitatory AMPA and NMDA synaptic connections
(black circles) originating from pyramidal neurons (blue), and 2) inhibitory
GABA, and GABAg synaptic connections (black lines) originating from
inhibitory interneurons (yellow). B: Proximal exogenous input connection
pattern. C: Distal exogenous input connection pattern, see text for further
description. D: 3D rendering of full neocortical column model. Figure

adapted from Neymotin et al. (2020). . . . . . ... ... ... ... ...
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3.3 RC Circuit Simulations. A: Simulated voltage and current dipole
waveforms are shown for two exemplar parameter configurations with
latency between positive I, and negative [I_ square current injections,
At = 0 (blue), and At # 0 (orange). An example of the original "Raw”
waveform (top), as well as the PCA transformed waveform (bottom) with the
first 30 components (PCA30) are shown to demonstrate that this summary
statistic retains almost identical information. B: Posterior distributions
showing the inferred values that can generate the blue and orange waveforms
from panel A (PCA30 used to generate distributions) demonstrate that
when the latency At between the inputs is zero, their amplitudes are
indeterminate as visible as a highly dispersed distribution on panels B(a-c,
blue), and with a positive correlation between the parameters I, and /_ on
panel B(b, blue). In contrast, when At # 0 (orange), the distributions are
tightly concentrated around the ground truth parameters (stars on panels
B(a,c)) used to generate each simulation. The posterior distributions for
the parameter At are concentrated around the ground truth parameters
for both conditions (panel B(f)). C: Schematic of how RC circuit is
driven by positive I, and negative I_ square current injections, where
the amplitude and latency At between pulses serve as parameters. This
simulation parallels HNN simulations below (Figure 3.5) in which a single
excitatory proximal/distal input with variable synaptic conductances and

latencies produce positive/negative deflections in the current dipole. . . 58

Xix



3.4 Diagnostics to compare summary statistics on RC circuit model.
A: Summary statistics applied to the simulated time series included:
PCA30 (i), PCA4 (ii), Peak (magnitude and timing of max/min, iii), and
BandPower (four bands between dotted lines, iv). PCA plots (i-ii) show the
associated inverse transformed signal. Two exemplar simulations with pulse
latencies At = 0 (blue) and At # 0 (orange) are shown. B: Conditioning
the approximate posterior distribution on the At = 0 time series produces
indeterminacies for all summary statistics, such that the ground truth (red
dotted lines) current injection amplitudes (I and I_) cannot be uniquely
recovered. PCA30, PCA4, and Peakfeatures exhibit a linear interaction be-
tween parameters for the At = 0 time series, whereas the ground truth
is recovered for the At # 0 (orange) time series. BandPower produces
non-linear interactions for both time series. C: Local parameter recovery
error (PRE) heatmaps are shown. Brighter colors indicate higher disper-
sion of the posterior around the ground truth parameters defined by each
square. Errors tend to be concentrated around At = 0 for PCA30, PCA4,
and Peak features. D: Local posterior predictive check (PPC) heatmaps
are shown. Brighter colors indicate regions where simulations generated
from posterior samples are further from the conditioning time series. For
both diagnostics, it is clear that PCA30 produces the lowest PRE and PPC
across the parameter grid. The ground truths of the exemplar simulations

of panels A/B are indicated by blue/orange squares. . . . . . . .. .. ..

XX



3.5 HNN simulations that mimic RC circuit. HNN simulations that
reflect the nearly identical parameter configuration as the RC circuit in
Figure 3.3. A: Simulated current dipole waveforms are shown for two
exemplar parameter configurations with At = 0 (blue) and At # 0 (orange).
The original “Raw” simulated waveform (top) is plotted in comparison
with the PCA inverse transformed waveform with 30 components (PCA30,
bottom). B: Posterior distributions showing the inferred values that can
generate the waveforms from panel A demonstrate that when the latency
between the inputs is zero (blue), their amplitudes are indeterminate as
visible as a dispersed distribution on panels B(a-c, blue), with a positive
correlation between the parameters P and D on panel B(b, blue). Unlike
the previous example (Figure 3.3), the indeterminacy is notably smaller
for At = 0, with the posterior distributions primarily being concentrated
around the ground truth parameters for P and D (stars on panels B(a,c)). C:
Schematic of HNN simulations in which a single excitatory proximal/distal
input with variable synaptic conductances and latencies produce positive

(red) /negative (green) deflections in the current dipole. . . . . . . . . ..

xx1



3.6 SBI diagnostics of summary statistics in HNN. The analysis shown
in Figure 3.4 is repeated on a simplified HNN simulation for compari-
son. A: Summary statistics included PCA30 (i), PCA4 (ii), Peak (iii), and
BandPower (iv). Two exemplar simulations with input latencies At = 0
(blue) and At # 0 (orange) are shown. B: We show the approximate poste-
rior when conditioned on both the exemplar waveforms. The At = 0 time
series produces a positive correlation between P and D for all summary
statistics. C: Local parameter recovery error (PRE) is shown. Unlike the
RC circuit, PCA30 and PCA4 permit better ground truth recovery even when
At is near zero. In contrast, Peak features have poor parameter recovery
similar to the RC example D: Local posterior predictive checks (PPC) are

shown. PCA30 and PCA4 produce the values across the parameter grid. . . 68

xxil



3.7

HNN-SBI recovers circuit mechanism of Beta Event magnitude
described in previous studies. A: Schematic of Beta Event simulations

in HNN. Beta Events are generated by a simultaneous burst of subthreshold

proximal (red) and distal (green) excitatory inputs to L5 pyramidal neurons.

B: Average source localized MEG Beta Event waveforms recorded from two
subjects. Subject 1 (top, blue) exhibits a larger magnitude trough compared
to subject 2 (bottom, orange). Simulations corresponding to a posterior

predictive check (PPC) are shown in black, such that the parameters

were sampled from the posterior (panel C) of each respective waveform.

C: Posterior distributions conditioned on large (blue) and small (orange)
magnitude Beta Events demonstrate that larger proximal variance produces
a larger magnitude trough. Overlap coefficients (OVL) quantifying the

separability of the marginal posterior distributions conditioned on each

waveform are shown on the diagonal for the corresponding parameters.

The marginal distributions for distal variance are highly overlapping, and
non-overlapping for the proximal variance D: PRE heatmap of D,2 shows
accurate parameter recovery (dark colors) when the ground truth parameters
of D,z are around 5 ms?, and quickly worsen (light colors) as D, increases
or decreases. E: PRE heatmap of P,2 shows accurate parameter recovery

across the entire range of the prior distribution for both P,» and D 2. . .
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3.8 Inferring local connectivity parameters from ERP waveforms. A:
Schematic of ERP simulations in HNN. Evoked activity is driven by a
fixed sequence of proximal-distal-proximal exogenous inputs. SBI is used to
infer the maximal conductance strength (g) of local excitatory /inhibitory
connections to the proximal/distal dendrites of L5 pyramidal neurons for
example waveforms. B: Exemplar simulated ERPs (blue and orange solid
lines) with differing local connectivity strengths chosen from a defined
prior distribution (described in the text) are shown, along with the fixed
timing of the sequence of exogenous inputs for each simulation (red and
green arrows). C: Spike raster plots of cell specific firing for the two
ERP simulation conditions from panel B. D: Posterior distributions over
local connectivity parameters alongside ground truth parameters (stars
on diagonal) for conditioning observations. A strong interaction between
excitatory/inhibitory distal inputs (Eps and Iy,) is visible in the lower
square. Overlap coefficients (OVL) quantifying the separability of the
marginal posterior distributions conditioned on each waveform are shown
on the diagonal for the corresponding parameters. Fro and [, exhibit a
small amount of overlap with OVL values of 0.011 and 0.190 respectively.
In contrast Eps and I were much more distinguishable, exhibiting OVL
values of 2.28e-5 and 1.59e-13 respectively. E: Local parameter recovery
error (PRE) for distal inhibition 15 indicates errors are higher for observa-
tions generated with strong excitatory Fr. and weak inhibitory Ir, distal

CONNECHIONS. . . . . . o

XX1v



3.9

3.10

Surrogate model accurately predicts compartmental voltage responses and
net current dipole of individual neurons in HNN. A: The HNN cortical
column model is composed of 4 distinct cell types: 1.2/3 and L5 excitatory
pyramidal (e) and inhibitory (i) neurons. B: The surrogate model is trained
to take synapse activation times as input, and outputs compartmental
voltages and current dipole signals. C: Predictions of the surrogate model
(teal) compared to L5e neuron simulations (black). Predictions include
membrane potentials of the apical tuft (top panel) and soma (bottom
panel), as well as intracellular axial current flow which underlies EEG
measured current dipoles (bottom). D: Detailed view of somatic voltage
during subthreshold synaptic inputs for HNN and surrogate model (TCN-
LSTM). Colored ticks at the bottom correspond to AMPA (dark blue),
NMDA (light blue), and GABAa (red) inputs. E: Same as panel D for
suprathreshold synaptic inputs. F Comparison of parallelized simulation
time for multiple L5e neurons. Surrogate model (TCN-LSTM) simulations
are orders of magnitude faster than HNN simulations for large numbers of
neurons (>500). . . . . ...
Network surrogate model approximates spiking and dipole response. A-B.
The default synaptic connectivity of the HNN model was simulated with
noisy background inputs (panel A) and compared to a trained surrogate
network model with the same connectivity (panel B). The dipole response
(top) and spike response (bottom) are largely similar, with the surrogate
model exhibiting narrower peaks in the dipole (panel B top) and more
synchronous spiking (panel B bottom). C-D: Same as panels A-B except
the local synaptic connectivity was modified such that the Lbi — Lbe

synapse conductance was increased by a factor of 10. . . . . . . .. ...

XXV
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3.11 A: Power spectral density of dipole produced by initial (black) and final
(teal) connectivity parameters. B: The optimizer efficiently maximized
high frequency band power. C: Simulated dipole shows high frequency
oscillations (teal) with final connectivity parameters. D: Spike raster of
initial parameters. E: Spike raster of final parameters. F: Optimization of

cell-cell connection weights on each epoch.

XXV1



4.1 Biophysical reservoir computing. A: The goal of this study was
to provide mechanistic insights to guide the construction and training
of biophysical neural models to solve cognitive tasks. We focused on
choices related to providing task-relevant extrinsic inputs to the network. 4
distinct networks were trained to perform a working memory task with fixed
extrinsic input properties. These included slow time constant “NMDA-
like” inputs at the dendrite or soma (NMDAgenq and NMDAg..), and fast
time constant “AMPA-like” inputs at the dendrite or soma (AMPA4enq and
AMPA oma). B: Schematic of the biophysical reservoir computer (BRC).
The basic building blocks are multicompartment neurons representative of
cortical excitatory and inhibitory neurons. Extrinsic inputs are delivered
through a population of spiking neurons that are tuned to task-related
information. The biophysical reservoir consists of recurrently connected
excitatory and inhibitory neurons. Outputs are calculated as a weighted
combination of the firing rates of a subset of neurons. C: With extrinsic
input properties fixed (panel A), the local cell (i.e. ion channel conductance)
and network (i.e. synaptic connectivity) parameters of the BRC were
optimized for the working memory task. D: Cue information for the
working memory task (u; and uy) is delivered for a brief 25 ms period.
The target output of the network (Z; and z) is a 2 dimensional vector
that matches the sign of the cue inputs. The goal of the task is to match
the target output after the termination of the cue input. E: Schematic
neural trajectories of a network successfully trained to perform the working
memory task. Each trajectory represents a separate trial condition. F:

Outputs of a network successfully trained to perform the working memory
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4.2 Neural flow evolution. A: Schematic of the evolutionary algorithm
used to optimize the parameters of the biophysical reservoir computer to
perform a working memory task. The initial population of parameters is
created by uniformly sampling the parameter space. Each parameter set is
simulated and assigned a fitness score for its performance on the working
memory task. An adaptive threshold is calculated based on the quantile
of the current population’s error. A neural density estimator is trained to
approximate the distribution of parameters that remain after thresholding.
A new generation is created by sampling from the trained neural density
estimator. B: Optimization error for NMDAgenq (dark blue), AMPAs.nq (light
blue), NMDAgop, (red) and AMPAg,,, (orange) extrinsic input variants. NMDA
inputs at either the soma or dendrite rapidly converged to the target error
level of 1.0 compared to the AMPA inputs. While AMPA,.,. eventually
converges to the target error level, AMPA4.,4 remained at chance level error.
C(i-vi): Optimized connectivity parameters for the successfully trained
network variants NMDAgeng, NMDAgona, and AMPA4..q. Values correspond to
synaptic conductance in nanosiemens. Connections shown included E — Eg

(i), E—=Eq (ii), E—=T1(iii), = Eg (iv), [ > Eq (v),and T — T (vi) . .. 122
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4.3 Network-level spiking response to dendritic inputs. A (i-iv):

Outputs of the trained biophysical reservoir computer with dendritic NMDA
inputs (NMDA4enq). Panels i-iv correspond to the 4 possible types of input
stimuli. Model predictions (colored lines) are overlaid on the target output
(black lines). As shown, the NMDAge,q network was successfully trained to
perform the working memory task and maintains outputs in close proximity
to the target. B (i-iv): Spike rasters for the simulations underlying the
outputs shown in panel A. Input neurons (green) spike briefly during the
cue stimulus period (250-275 ms) triggering an immediate change in the
spiking of both excitatory (blue) and inhibitory (red) neurons. The change
in spiking is unique for all 4 task conditions and persists for the remainder
of the 1 second simulation. C (i-iv): Outputs of the biophysical reservoir
computer with dendritic AMPA inputs (AMPA4enq). The optimizer was
unsuccessful in training the network with AMPAs.nq (simulations from the
best scoring model are shown). Model outputs hover near zero indicating
that activity from the network is not distinct across the 4 task conditions,
and does not persistently change after the cue inputs. D (i-iv): Spike
rasters for the simulations underlying the outputs shown in panel B. Activity

of input neurons at 250-275 ms produces no visible change in spiking of

excitatory neurons, and a minimal increase in spiking of inhibitory neurons.

The change in spiking does not persist after the cue stimulus period, and is

not visibly distinct for the 4 task conditions. . . . . . . . ... ... ...
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4.4

4.5

Network-level spiking response to somatic inputs. Figure panels
follow the same structure as Figure 4.3. A-B: Model outputs (A) and spike
rasters (B) are shown for the network trained with NMDAg,,, inputs. Across
all task conditions (i-iv), the network produces a robust response to the cue
input, with distinct clusters of excitatory neurons that maintain persistent
firing to the end of the simulation. C-D: Model outputs (C) and spike
rasters (D) are shown for the network trained with AMPA.,, inputs. Similar
to NMDAgona (panels A-B), the network exhibits clustered excitatory neuron
activity that is distinct for each task condition. . . . . . ... ... ...
Dendritic NMDA input triggers sustained persistent firing. A:
Raster plots for individual excitatory neurons during the working memory
task. Colored bars indicate the task condition (10 trials per condition). As
shown, the successfully trained networks with NMDAgeng (i), NMDAgops (iii),
and AMPAg.,. (iv) all exhibit condition-dependent spiking activity. In the
network with AMPA..,, (ii), which was not successfully trained to perform
in the working memory task, the exemplar excitatory neuron exhibits a
condition-dependent increase in firing rate when the cue input is active
(increased for blue/red, no increase for orange/green). However, the change
in activity does not persist past the cue stimulation period (250-275 ms).
B: Raster plots for individual inhibitory neurons. As shown, inhibitory
neurons in successfully trained networks (i, iii, and iv) exhibit condition-
specific changes in activity that are sustained after the cue stimulation
period. However, in the unsuccessfully trained network with AMPA,.,, (ii),
the inhibitory neuron only shows spiking in response to background noise
that does not depend on the task condition. C: Schematic of the cue

synapse identity and location for each corresponding column. . . . . . . .
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4.6 Extrinsic input variants generate diverse lengths of spike bursts.
A: Membrane potentials of excitatory neurons were recorded in every com-
partment. Panels indicate the extrinsic input variant simulated, including:
NMDAgena (1), AMPAgena (ii), NMDAgopa (iii), AMPAgoma (iv). The simulations were
run with all recurrent connections removed, such that the only synaptic
input comes from cue neurons. The 25 ms cue stimulus period is plotted
in grey. Panel iv includes a schematic which maps membrane potential
traces to each compartment. As shown, all extrinsic input variants initiate
a burst of spikes that starts in the cue period (grey bar), and continues for
varying amounts of time beyond the end of the cue period. Inputs to the
dendrite generate bursts of spikes that propagate via dendritic spikes down
to the soma (panel i and ii). Inputs to the soma also generate bursts of
spikes, but they fail to propagate to the top of the dendrite (iii and iv). B:

Schematic of the extrinsic input variant for each corresponding column. . 131
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4.7 Synaptic receptor identity and location alters attractor dynamics.
Network activity was analyzed with principal component analysis (PCA) to
assess the impact of the different types of cue inputs on network dynamics
during the working memory task. PCA was only applied to the firing rates
of excitatory neurons. A: Cumulative variance explained for simulations
with dendritic NMDAgeng and AMPAy. .4, and somatic NMDAg,,. and AMPA, . cue
inputs. Networks with NMDA exhibit lower dimensionality compared to
networks with AMPA inputs, as NMDAgenq and NMDAgon. reach 90% explained
variance (dashed grey line) with fewer components than AMPAs.,q and
AMPA, ... B: Schematic of PCA figures shown in panel C. Colored ovals
represent basins of attraction which pull neural trajectories into different
regions of the state space depending on the task condition. C: Neural
trajectories for PC1-PC3 are shown for the 4 extrinsic input variants. Each
trajectory corresponds to the entire 1 second simulation. The beginning of
the simulation is marked by a black star, and the end of the simulation is
marked by a colored dot. The color of the trajectory corresponds to the

different trial conditions. . . . . . . . . ...
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4.8 Dendritic inputs with slow rate constant or magnesium block
alone do not promote attractor dynamics. A: NMDA receptors
were modified by setting their rate constants equal to the default AMPA
rate constants. This creates a fast “NMDA-like” receptor (NMDAE2SE, pink)
that possesses a magnesium block. Compared to the successfully trained
NMDAgeng (blue), the modified NMDA2S! was unable to learn the working
memory task. B: Similar modification as A to create a slow “AMPA-like”
receptor (purple). The slow receptor kinetics did permit the network to
reduce error on the working memory task, but it failed to reach the target
error threshold of 1.0. The unsuccessfully trained AMPAg.,q (light blue)
is overlaid. C AMPA4enq (light blue) was retested in a network where the
axial resistivity was reduced from 300 Qcm to 10 Qcm (AMPAZSEe® | violet
red). This change allowed the network to be successfully trained with
dendritic AMPA receptors and reach the target error threshold. D: Neural
trajectories associated with NMDAZ2*t (panel A) are shown. Black stars
indicate the start of the cue stimulus, colored lines indicate each task
condition, and colored dots indicate the end of the 1 second simulation
(same as Figure 4.7C). As shown, NMDAZ25% fails to produce a stable attractor,
such that all trajectories collapse to the same region of the state space. E:
Neural trajectories for AMPASLY (panel B) indicate that no stable attractor
is produced, and instead all trajectories overlap. F: Neural trajectories for
AMPAL%zes (panel C) indicate the presence of distinct and stable attractor
dynamics. G: Legend for panels D-F labeling principal components 1-3

(axes) and task conditions (colored ovals) . . . . . .. ... ... .. ...
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CHAPTER 1

Introduction

A central and unsolved problem in neuroscience is linking cell-level biophysical proper-
ties of neurons to network-level emergent properties of neural systems. Overcoming this
challenge offers the ability to identify computational principles of neural function that are
biologically interpretable, and provides a direct path towards translational applications
of neuroscience research. As an example, the most common clinical tool to measure
neural activity is electroencephalography (EEG). EEG is a non-invasive technique which
provides a direct readout of network-level emergent phenomena (i.e. neural oscillations),
and can be used to derive biomarkers of neuropsychiatric diseases like schizophrenia and
depression (de Aguiar Neto and Rosa (2019); Salisbury et al. (2010)). Understanding
the cell-level mechanisms underlying network-level emergent phenomena would advance
our understanding of basic neuroscience, assist in developing targeted treatments for
neuropsychiatric disease, and identify computational principles that can be translated to

artificial intelligence (AlI) systems.

To better understand the mechanistic links between cells and emergent neural dynamics,
computational neuroscientists create models with varying levels of realism which can be
simulated to produce experimentally testable predictions (Panahi et al. (2021); Einevoll

et al. (2019); Abbott and Dayan (2001)). Abstract models like recurrent neural networks



can be used to model network-level neural dynamics, but they are insufficient for capturing
cell-level mechanisms (Panahi et al. (2021)). Detailed biophysical models can be used
to capture cell-level properties of neurons, however, building biophysical models that
explain the impact of cellular physiology on network-level dynamics poses substantial
challenges. The major challenges include 1) fitting model parameters to data (Gongalves
et al. (2020)), and 2) the high computational cost (Cremonesi and Schiirmann (2020);
Zhang et al. (2023)), which have both hindered the adoption of biophysical models by a
broader scientific community. Fortunately, the massive expansion of deep learning in the
last decade has led to novel solutions addressing these challenges, creating an opportunity

for biophysical neural models to be used more widely.

In this thesis, I focus on computational models of the neocortex, and combine them
with deep learning to establish mechanistic links between cell-level biophysical properties
and network-level emergent dynamics. I specifically apply these techniques to understand
the cellular properties that impact 1) neural oscillations measured by magneto- and
electroencephalography (MEG/EEG), and 2) network dynamics that support working

memory.

For the study of neural oscillations, I use the validated modeling framework the Human
Neocortical Neurosolver, a biophysically detailed model of a cortical column that was
specifically designed to link cell and circuit-level properties to MEG/EEG biomarkers
(Neymotin et al. (2020); Jas et al. (2023)). Neural oscillations are one of the earliest
studied emergent dynamics observed in neural activity, dating back to the seminal studies
by Hans Berger, the inventor of EEG (Brigo (2025)). Since the introduction of EEG,
neural oscillations have been a central topic of study, with numerous theories on their
significance for brain-wide function (van Ede et al. (2018); Buzsaki and Draguhn (2004);
Spitzer and Haegens (2017); Arnal and Giraud (2012); Pritchett et al. (2015); Klimesch
et al. (2007); Voloh and Womelsdorf (2018)). Further, clinical studies have revealed that

EEG measured biomarkers can serve as robust predictors of disease, as they directly



measure activity produced by neural circuits and can signal their potential dysfunction

(de Aguiar Neto and Rosa (2019); Sakkalis (2011); Loo et al. (2016); Horvath et al. (2018)).

For the study of working memory, I developed a novel reservoir computing framework
which employs cell and circuit-level properties inspired by the neocortex, and can be
used to guide the development of Al systems informed by neuroscience principles. I
chose working memory, as it is an essential building block for the vast array of cognitive
functions exhibited by the human brain. Planning, abstract reasoning, attention, and
many other functions all share the common problem of maintaining a persistent pattern
of neural activity which encodes information to be remembered and transformed (Foster
et al. (2024)). Unlike long-term memory, which is believed to be encoded in synaptic
weights, it is generally accepted that working memory emerges from the ongoing activity
of a network of neurons (Wang (2021)). Understanding the mechanistic origins of working
memory is an essential first step towards linking cell-level properties to more complex
cognitive functions. Similar to the study of neural oscillations, mechanistic models of
working memory have the potential to inform targeted treatments for neuropsychiatric
disease that exhibit working memory deficits (Murray et al. (2014); Geerts et al. (2021,
2013)). A future goal will be to connect these lines of research, as neural oscillations
are readily observed to correlate with working memory (Hsieh et al. (2011); Riddle et al.
(2020); Roux and Uhlhaas (2014); Pina et al. (2018)), providing ample opportunity to

explore the cellular origins of these two fundamental emergent dynamics.

While neural oscillations and working memory are two of many hallmark emergent
dynamics of the neocortex, the techniques developed in this thesis set the stage for future

work on the mechanistic underpinnings of numerous other cortical functions.
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Figure 1.1: Bridging scales with physics-based modeling and deep learning.
Brain activity is the product of an extensive hierarchy of spatial scales. At the level of
DNA, differential gene expression in a neuron leads to the addition/removal of proteins
which impact the electrical properties of the neuronal membrane (i.e. biophysics). The
biophysical properties of proteins like ion channels combine at the neuron-level to produce
behavior such as spiking. At the network-level, interconnected neurons produce complex
activity patterns measured in the form of local field potentials. Finally, at the whole-brain
level, an ensemble of networks act in concert to fulfill the extensive array of functions
carried out by the nervous system. A central challenge in computational neuroscience is
creating models that bridge these spatial scales. Currently, a highly promising approach
to overcoming this challenge is equipping physics-based neural models with deep learning
algorithms.

Spatial Scales

1.1 Emergent properties as an organizing principle
of computational neuroscience

An emergent property describes the phenomenon where a system of many interacting
elements gives rise to behavior that is not apparent from the properties of any individual
element (O’Connor (2020); Morrison (2012); Salt (1979)). “More is different” (Anderson
(1972)) rather cleanly captures this concept. The most compelling questions in neuroscience
can often be formulated as understanding the mechanisms underlying emergent properties
of highly non-linear neural systems. How does a network of cortical neurons maintain
a memory (Postle (2006))? How does the interaction of multiple brain regions support
complex functions like abstract reasoning and conscious experience (Miller et al. (2024);

Thiebaut de Schotten and Forkel (2022))? What makes the study of emergent properties



in the brain so challenging is the vast span of spatial scales which reflect neural function

(Figure 1.1).

My study of neural oscillations and working memory is motivated by the same overar-
ching question: what are the precise biological underpinnings of emergent properties in
neural systems? This question is of central importance, as understanding these mechanistic
links is critical for the translation of neuroscience findings to clinical and technological
applications. One approach to testing hypotheses on the biological underpinnings of
emergent properties is through the simulation of neural models. Computational neural
modeling is well suited for the task, as the field covers models at dramatically different
scales and levels of abstraction (Panahi et al. (2021); Abbott and Dayan (2001)). Ideally,
these models produce predictions that can be directly tested through in vivo experiments
(Einevoll et al. (2019)). Models which can be directly related to experimental observations
such as electrophysiology and calcium imaging (i.e. biophysical neural models) are typi-
cally the most useful for producing testable experimental predictions. However, connecting
these models to emergent properties of large scale neural systems (e.g. neural oscilla-
tions measured by EEG) remains an exceedingly challenging domain in computational

neuroscience.

The following sections summarize well-established techniques computational neuro-
scientists have historically employed to study emergent dynamics in biophysical neural
models. Specifically, I will 1) introduce an example of how mathematical modeling has
aided in bridging microscale properties to macroscale behavior in the context of statistical
mechanics, 2) describe the challenges of applying similar mathematical approaches to
neuroscience questions, and 3) introduce modern deep learning techniques as a solution to
the challenges of characterizing emergent properties in biophysically detailed models of

cells and circuits.



1.2 Taming the complexity of neural systems with
statistical mechanics

Statistical mechanics in physics is one of few fields which has developed mathematical
models on the mechanistic origins of emergent properties (Jensen (2022)). Given this
success, it is natural to try and adopt the validated methods from physics, and apply
them to new fields like neuroscience. Below I briefly describe the historical development
of statistical mechanics, its fruitful application to neural systems, and outline the major

limitations of statistical mechanics for neuroscience.

Leading up to the 19th century, the dominant mathematical framework referred to as
“classical mechanics”, largely relied on deterministic models that described the behavior of
macroscale objects. These deterministic models were often represented as a dynamical
system. The fundamental challenge of applying classical mechanics to the study of
emergent behavior is the requirement that every individual component’s trajectory must
be directly represented and tracked. Even for conservatively sized systems (e.g. a sealed
gas container) a classical mechanistic model is often computationally infeasible. For
example, a node on a modern computing cluster has a RAM size of 1028 gigabytes (that
is 8! bits). A 1 cm? container of gas contains ~ 10' molecules (Panahi et al. (2021)),
meaning that modern supercomputers are orders of magnitude off from keeping track
of binary information about each molecule, much less simulating the movement and

interaction of these molecules.

A major conceptual leap that enabled physicists to connect microscale properties to
macroscale emergent behavior was the development of statistical mechanics. Statistical
mechanics refers to a mathematical framework which leverages probability theory to
describe the behavior of a large assembly of microscopic components (Schwabl (2006)).
Instead of directly considering every individual gas molecule, James Clerk Maxwell and

Ludwig Boltzmann proposed to treat their behavior probabilistically (M.A (1860); Clausius



(1857); Sharp and Matschinsky (2015)). In place of tracking the individual movement and
collisions of molecules in a container, they posited that one could treat the velocity of
an individual particle as coming from a distribution. This statistical treatment has been
developed into the field of thermodynamics, and explains how properties such as heat and

pressure emerge from the interaction of a large assembly of gas molecules.

In the context of neuroscience modeling, there is an extensive literature on applying
techniques from statistical mechanics to model the behavior of neural systems. One of
the most widely accepted frameworks, dynamic causal modeling (DCM), is rooted in the
mathematical formalism of mean-field theory, a sophisticated expansion of the rationale
outlined by Maxwell and Boltzmann (Friston et al. (2003)). The fundamental unit of
DCM is a neural mass model, a mathematically simplified representation of a biological
neural network. Similar to how individual gas molecules can be described by their position,
mass, and velocity, neural mass models can describe a “node” (small region of neural
tissue) through the average firing rates of neurons, and the synaptic coupling strengths of

excitatory and inhibitory neurons.

It is important to highlight that the explanatory strength of statistical mechanics in
physics relies on the existence of first principles which govern the systems being studied.
While many problems in physics can be described from a first principles approach, the
same cannot be said for neuroscience (Markram (2013); Rabinovich et al. (2006)). The
computational principles that allow the brain to operate remain unknown, and this lack of
principles requires strong and often subjective assumptions when conducting a statistical
mechanics treatment of the brain. In the case of neural mass models, while the firing
rates and synaptic coupling are undoubtedly important features of a neuron’s behavior, it
is unknown if this information is sufficient to accurately predict the macroscale behavior

of a large population of interacting neurons, or be causally related to brain function.

An alternative approach is to avoid the strong assumptions imposed by neural mass

models and attempt to faithfully preserve the microscale properties. This approach, known



as biophysical neural modeling, attempts to study emergent neural dynamics from the
bottom up and directly simulate their underlying neural mechanisms. It is important to
note however, that even here, there are varying levels of biophysical detail included in

such models depending on the scientific question being asked.

1.3 Embracing the complexity of neural systems with
biophysical neural modeling and deep learning

The fundamental value of using detailed biophysical models is the ability to make
inferences on the mechanistic origin of experimental observations at a given scale, assuming
the detailed biophysics that reproduce the observation are included in the model. For
example, to directly connect invasive experimental recordings to theories of neural function,
biophysical neural models can be used for the simulation of realistic neurons with complex
electrical properties and dendritic structures (Dai et al. (2020); Borges et al. (2022)). The
backbone of biophysical modeling for linking electric and ionic properties of neurons to
emergent properties in networks is a combination of 1) a mathematical representation of
a neuronal membrane and its associated ion channels, 2) the cable equation from physics
which allows the simulation of cylindrical compartments and are connected to form
neurons of different shapes, and 3) a model of synaptic activation that captures the time
course of excitatory and inhibitory postsynaptic potentials (EPSP and IPSP). Together,
these building blocks allow the flexible integration of experimental data measuring cell
biophysics, morphology, and synaptic connectivity in the form of model parameters (Hines
and Carnevale (1997); Abbott and Dayan (2001); Rall (1959)). In connected networks,
the model parameters can be further constrained by network-level measurements of neural
activity like spiking, local field potentials, and MEG/EEG (Lindén et al. (2014); Neymotin
et al. (2020)).

While the inclusion of biophysical detail offers mechanistic grounding and a path



towards validation of model predictions (Einevoll et al. (2019)), this added complexity
poses two major challenges that have blocked the use of biophysical models for a wide
range of neuroscience questions: 1) the high computational cost of simulating large-scale
biophysically detailed network models (Cremonesi and Schiirmann (2020); Zhang et al.
(2023)), and 2) the complex and often non-unique mapping between model parameters
and simulated outputs (Cranmer et al. (2020); Gongalves et al. (2020)). Ultimately model
predictions are the specific parameter values that produce desired simulation outputs (e.g.
recorded neural activity). There are a diverse array of optimization techniques that can be
used to fit these parameters to data, however, the unique challenges of biophysical models
often leads to the failure of standard optimization algorithms. In contrast, a major strength
of neural mass models is that for certain optimization techniques, their mathematical
structure permits analytic solutions that enable extremely efficient parameter estimation.
For detailed biophysical models, there is typically no analytic solution that permits efficient
optimization. Given these difficulties, detailed biophysical models have historically been

restricted in the scale and complexity of neuroscience phenomena investigated.

For individual researchers, the primary use of detailed biophysical models has been
characterizing the behavior of individual neurons by including rich morphologic structure
and complex ion channel dynamics. Studies on interconnected networks of detailed
biophysical models are historically rare due the computational and experimental costs,
however, the field has significantly grown and will continue to evolve in the near future.
As an example, large institutions like the Blue Brain Project and the Allen Institute
have attempted overcoming these challenges by running large-scale simulations on high
performance computing clusters, in addition to conducting monumental experimental
studies to collect enough data to constrain their models (Markram (2006); Hawrylycz
et al. (2014); de Vries et al. (2023); Billeh et al. (2020)). While these efforts provide a
solid foundation for future studies utilizing biophysical network models, significant work is

still needed to make these tools accessible given the computational overhead. How do we



find a middle ground that will propel us forward with the knowledge, tools, and machines

we have today?

Fortunately, in the last decade, the proliferation of deep learning techniques has pro-
duced promising solutions to these challenges, opening the door for biophysical models to
be used for a new wealth of neuroscience questions. For the challenge of high computa-
tional cost, surrogate modeling, a technique in which a deep neural network is trained to
directly approximate simulations of biophysical neural models, has been shown to reduce
simulation times by multiple orders of magnitude (Gherman et al. (2023); Olah et al.
(2022); Verhellen et al. (2024)). A great deal of research is still necessary to validate the
accuracy and scalability of surrogate models, nevertheless, they represent an exciting and
novel path forward. For the challenge of complex parameter-to-output mappings, recently
developed deep learning techniques such as simulation-based inference (SBI) (Cranmer
et al. (2020); Gongalves et al. (2019)) and emergent property inference (EPI) (Bittner et al.
(2021)) enable the identification of parameters and parameter distributions that reproduce
desired model behaviors. These approaches represent a fundamental shift in how deep
learning is used in neuroscience. In contrast to the traditional use-case of extracting trends
from large datasets, this new generation of model-augmented deep learning produces

neuroscience predictions directly at the level of biological mechanisms.

1.4 Outline of Chapters

Chapter 2 Developing widely accessible and sustainable neuro-modeling tools describes
my contributions to the open-source software neural modeling platform HNN-core, and
reviews the current revolution in computational neuroscience towards open-source scientific

software.

Chapter 3 Advancing biophysical modeling with deep learning tools consists of two

10



methodological studies that demonstrate how deep learning addresses the critical limita-
tions of biophysical modeling (computational cost and parameter inference). The Human
Neocortical Neurosolver (HNN) is used as an example biophysical model to demonstrate
how these deep learning techniques assist with linking cell-level mechanistic properties to

MEG/EEG measured neural oscillations.

Chapter 4 A novel framework for expanding RNNs with biophysical detail to solve
cognitive tasks details a scientific study which introduces biophysical reservoir computing,
a framework that guides the expansion of traditional task-trained RNNs, to include
biology-inspired details like dendrites and biophysics. The framework is applied to study
how choices in extrinsic cue input properties like synapse location (i.e. dendrite vs soma)
and receptor time constants (i.e. NMDA vs AMPA) impact a network’s ability to solve a
simplified working memory task. The study reveals that NMDA receptors are uniquely
well-suited for transmitting cue information through dendrites, in addition to an increase

in training efficiency across synapse locations.

Chapter 5 Conclusions provides commentary on the future of biophysical modeling
with respect to its scientific benefits, and technological hurdles the field must overcome
to see these benefits. In the final section Digital twins as the future of neural modeling,
I describe the promising translational applications of biophysical modeling and deep

learning, with particular attention to clinical decision making for neuropsychiatric disease.
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Box 1: Important definitions

Emergent property: a property of a physical system that arises from the in-
teraction of many simpler components, and cannot be inferred from studying any

individual component

Biophysics: the study of biological phenomena using mathematically rigorous

techniques traditionally applied in physics

Dynamical systems: a discipline of mathematics involving differential equations

that describes how systems evolve over time

Mechanistic inference: drawing conclusions about the underlying properties of a

system that can explain observed data

Deep learning: a subset of machine learning that involves training multi-layer

artificial neural networks to solve computational tasks
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CHAPTER 2

Developing widely accessible and

sustainable neuro-modeling tools

An essential component to successfully modeling the cell-level biophysical mechanisms
underlying network-level emergent dynamics is the modeling software. The importance
of robust and well-documented scientific software cannot be understated, as its design
directly influences critical choices made during scientific investigations. In the case of
biophysical modeling, a well-designed software allows for scientists to test hypotheses

across scales of neuronal structure and recording modalities.

This chapter begins with a description of the growing importance and impact of open-
source scientific software on the neuroscience community. The following sections summarize
my contributions to the open-source neural modeling platform the Human Neocortical
Neurosolver (HNN) (Neymotin et al. (2020)), and concludes with a co-first-authored

publication detailing the Python package HNN-core (Jas et al. (2023)).
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2.1 The foundational role of open-source software in
neuroscience

Computational neuroscience has flourished in recent decades in large part because of
the ever-expanding open-source scientific community (Freeman (2015); White et al. (2019);
Muller et al. (2015)). The popularity of open-source software is reflective of a broader shift
towards scientists prioritizing transparency, reproducibility, and rigor. As it stands, there
exists popular and well maintained open-source tools for a majority of the experimental
and computational needs specific to neuroscience, including behavior analysis (Nath
et al. (2019)), electrophysiology (Siegle et al. (2017)), calcium imaging (Giovannucci et al.
(2019)), neuro-imaging (Gorgolewski et al. (2011)), microscopy (Longair et al. (2011)), as
well as standardized tools for managing large scale neurophysiology datasets (Teeters et al.
(2015)). Further, neuroscientists are able to take advantage of the broader open-source

scientific ecosystem for custom data analysis workflows (Oliphant (2007)).

The field of computational modeling in neuroscience has greatly benefited from the
wide-spread adoption of open-source tools. Historically, mathematical modeling in neuro-
science was restricted to individuals primarily trained in physics given the strong reliance
on dynamical systems theory and statistical mechanics, along with the practical imple-
mentation of these algorithms in low-level programming languages. While this knowledge
remains valuable for scientifically rigorous investigations, it is no longer a strict barrier
for entry. Now a moderate familiarity with programming languages such as Python is
sufficient to work with numerous modeling frameworks (Hines et al. (2009); Eppler et al.
(2009); Goodman and Brette (2008); Lindén et al. (2014); Dura-Bernal et al. (2019);
Jas et al. (2023); Dai et al. (2020)), where the level of abstraction code-wise deals with

biological concepts rather than the inner-workings of differential equation solvers.

A parallel development has taken place in the field of deep learning, with several Python

package options offering a high-level interface for the construction and optimization of
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artificial neural networks (Paszke et al. (2019); Developers (2021); Ketkar (2017); Bradbury
et al. (2021); Kidger and Garcia (2021)). Importantly, the technological advancements in
deep learning have directly led to improvements in the simulation of neural models with
respect to hardware (i.e. GPU computing Stimberg et al. (2020); Kumbhar et al. (2019))

and software (Deistler et al. (2024); Mozafari et al. (2019)).

In Chapter 3 and Chapter 4, I further detail the integration of neural simulations
and deep learning for the purpose of asking scientific questions. Below I describe the
open-source neural modeling software HNN, my contributions to a Python interface to the
modeling software known as HNN-core, as well my contributions to pedagogical material
used to educate researchers on the origins of MEG/EEG signals with simulations and

interactive code examples.

2.2 Enabling novel scientific investigations in HNN
through open-source software

The Human Neocortical Neurosolver (HNN) is a biophysical modeling platform that
allows scientists to simulate the cell-level origin of MEG/EEG signals (Neymotin et al.
(2020)). HNN-core (Jas et al. (2023)) was started as a project with the goal of transforming
the original HNN software into a Python package that meets the current best standards
of practice in the open-source community. While the best standards of practice continue
to evolve, the key components adopted by HNN-core have been continuous integration,
unit testing, and democratic development. In this way, HNN-core seamlessly fits within

the Python scientific ecosystem, and is able to be easily built upon.

A major component of my PhD thesis has been developing models and techniques
specific to my research questions, and then refining the code associated with these projects
into software that allows others to easily reproduce and expand upon the work. My

contributions to HNN-core that I see as being the most beneficial for scientific investigations
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have been: 1) enabling user-defined network connectivity (Appendix A: Connectivity
tutorial), 2) the ability to record membrane potentials and synaptic currents from any
neuron compartment (Appendix B: Firing pattern tutorial), 3) creating an animation
class that permits 3D visualizations of simulated neural activity in the form of movies
(Appendix C: HNN animation tutorial), and 4) adapting the models and simulations from
Law et al. (2022) to a pedagogic Jupyter notebook tutorial to allow researchers to directly

build upon the publication’s results (Appendix D: Simulate beta tutorial).

The following section is a publication adapted from Jas et al. (2023) that was originally
published in the Journal of Open Source Software, and details the motivation and
functionality of HNN-core. The work was co-first authored by myself and the lead

developers of HNN-core.
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2.3 HNN-core: A Python software for cellular and

circuit-level interpretation of human MEG/EEG
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2.3.1 Summary

HNN-core is a library for circuit and cellular level interpretation of non-invasive
human magneto-/electro-encephalography (MEG/EEG) data. It is based on the Human
Neocortical Neurosolver (HNN) software (Neymotin et al. (2020)), a modeling tool designed
to simulate multiscale neural mechanisms generating current dipoles in a localized patch
of neocortex. HNN’s foundation is a biophysically detailed neural network representing a
canonical neocortical column containing populations of pyramidal and inhibitory neurons
together with layer-specific exogenous synaptic drive (Figure 2.1 left). In addition to
simulating network-level interactions, HNN produces the intracellular currents in the long
apical dendrites of pyramidal cells across the cortical layers known to be responsible for

macroscopic current dipole generation.

HNN-core reproduces the workflows and tutorials provided in the original HNN software
to generate commonly observed MEG/EEG signals including evoked response potentials
(ERPs) and alpha (8-10 Hz), beta (15-30 Hz), and gamma (30-80 Hz) rhythms. HNN-core
enables simultaneous calculation and visualization of macro- to micro-scale dynamics
including MEG/EEG current dipoles, local field potential, laminar current-source density,
and cell spiking and intrinsic dynamics. Importantly, HNN-core adopts modern open
source development standards including a simplified installation procedure, unit tests,
automatic documentation builds, code coverage, continuous integration, and contributing

guidelines, supporting community development and long-term sustainability.

2.3.2 Statement of need

HNN-core addresses a key need in the fields of computational and experimental
neuroscience by providing an extensively documented application programming interface
(API) that allows both novel and advanced users to run biophysically-principled neural
network simulations out-of-the-box with a few lines of code. HNN-core modularizes

the model components originally introduced by HNN and its associated graphical user
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interface (GUI) and provides an interface to modify it directly from Python. This has
allowed for significant expansion of the HNN functionality through scripting, including
the ability to modify additional features of local network connectivity and cell properties,
record voltages in extracellular arrays, and more advanced parameter optimization and
batch processing. A new web-based GUI has been developed as a thin layer over the

Python interface making the overall software more maintainable.

2.3.3 HNN-core implements a biophysically detailed model to

interpret MEG /EEG primary current sources

MEG/EEG are the two electrophysiological methods to non-invasively study the human
brain. They have been used in developing biomarkers for healthy and pathological brain
processes. Yet, the underlying cellular and circuit level generators of MEG/EEG signals
have been difficult to infer. This detailed understanding is critical to develop theories of
information processing based on these signals, or to use these techniques to develop new
therapeutics. Computational neural modeling is a powerful technique to hypothesize the
neural origin of these signals and several modeling frameworks have been developed. Since
MEG/EEG recordings are dominated by neocortical sources, all models developed so far
simulate neocortical activity, but they are developed with different levels of biophysical
detail and correspondingly different use cases. The level of detail in HNN’s pre-tuned
network models and the workflows developed to study ERPs and low frequency oscillations
are unique within the field of MEG/EEG modeling. One class of models known as
neural mass models (NMMs) uses simplified representations to simulate net population
dynamics, where hypothesized connectivity among neural “nodes” can be inferred from
recordings. The Virtual Brain Project (Sanz Leon et al. (2013)) and Dynamic Causal
Modeling from the SPM software (Friston et al. (2003); Litvak et al. (2011)) are prominent
examples of software that implement NMMs. While NMMs are computationally tractable

and advantageous for studying brain-wide interactions, they do not provide detailed
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interpretation of cell and circuit level phenomena underlying MEG/EEG. The primary
electrical currents that create MEG/EEG sensor signals are known to be oriented along
the long and spatially aligned cortical pyramidal neuron dendrites, and their direction
corresponds to that of the intracellular current flow (Hémél&inen et al. (1993)). For a
detailed discussion see Neymotin et al. (2020). Further, source localization methods such
as minimum-norm estimate (MNE) calculate the primary currents (assuming constraints
defined by the technique (Gramfort et al. (2013))). As such, models created to study the cell
and circuit origin of these signals are designed with detailed pyramidal neuron morphology
and physiology, and are often embedded in a full neocortical column model. HNN is one
such detailed neocortical column model (Neymotin et al. (2020)), and other examples have
been employed using the software LEPy (Lindén et al. (2014)). LFPy simulates fields and
currents from detailed models of pyramidal neurons and networks (Lindén et al. (2014)).
LFPy does not support a specific neocortical model or workflows/parameter inference
to study particular signals of interest. Rather, it provides multi-use Python scripts that
can be integrated into any NEURON based neural model containing multi-compartment
pyramidal neurons. A unique feature of HNN is its workflows for interacting with the
template neocortical model through layer-specific activations to study ERPs and low
frequency brain rhythms. HNN also enables direct comparison between simulation output
and the waveforms of estimated sources in the same units of measure and supports
parameter inference. HNN-core was created to maintain all of the functionality of the
original HNN software with additional utility (described below) and a well-defined, well-
tested and documented API. Its adoption of open source development standards, including
a simplified installation procedure, unit tests, automatic documentation builds, code
coverage, and continuous integration, enables community development and long-term

sustainability.
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2.3.4 HNN-core facilitates reproducibility and computationally

expensive workflows

Scripting in HNN-core greatly expands the software utility particularly for large research
projects where reproducibility and batch processing is of key importance. The scripted
interface allows multi-trial simulations enabling the use of computationally expensive
parameter optimization algorithms and parameter sweeps using parallel processing on
computer clusters. HNN scripting also facilitates the creation of publication-quality figures
and advanced statistical analysis. Further, the software can be integrated with existing
scripted workflows, such as those developed in MNE-Python (Gramfort et al. (2013)), a
well-established MEG /EEG signal processing and source localization software, enabling
source localization and circuit interpretation in just a few lines of code (see a tutorial of

this in the HNN-core documentation).

2.3.5 Notable features of HNN-core

HNN-core functionality supports advanced simulations through scripting that are not

currently possible in the GUI including:

e the ability to record extracellular local field potentials from user defined positions,

as well as voltages and synaptic currents from any compartment in the model;

e the ability to modify all features of the morphology and biophysical properties of

any cell in the network;

e an API that enables complete control of cell-cell and drive-cell connectivity in the

network;

e an API that allows for flexibility in defining the exogenous layer-specific drive to

the neocortical network;

e the ability to choose from multiple template models based on previous publications
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(e.g., jones 2009 model() (Jones et al. (2009)), law_2021 model() (Law et al.

(2022)), and calcium model() adapted from (Kohl et al. (2022)));
e built-in ERP optimization functionality designed for faster convergence;

e the choice of two parallel backends for either parallelizing across cells to speed up

individual simulations (MPI), or across trials to speed up batches of simulations

(Joblib).

HNN-core code has also enabled the creation of a new and improved web-based GUI
based on ipywidgets (ipywidgets developers (2015)) and voila (voila developers (2019))

that can be run remotely with port forwarding.

All of the code associated with HNN-core has been extensively documented at multiple
levels, including an API describing basic functions/parameters and examples of use for
hypothesis generation and/or testing. Specifically, we distribute tutorials (hnn developers
(2023h)) that mimic the original GUI tutorial workflows using HNN-core functions, with

commentary on the known biophysical mechanisms of these signals.

2.3.6 Use cases and quick example code of running a simulation

As summarized above, HNN-core reproduces the workflows and tutorials provided in the
original GUI driven HNN software designed to investigate the origin of commonly observed
MEG/EEG signals. The HNN-core tutorials (hnn developers (2023h)) include examples
of how to simulate ERPs (hnn developers (2023b)), as well as low frequency rhythms such
as alpha (hnn developers (2023d)) (8-10 Hz), beta (hnn developers (2023d)) (15-30 Hz),
and gamma (hnn developers (2023e)) (30-80 Hz). The tutorials also include an example
of directly comparing simulations to real data (i.e., the median nerve evoked response
(hnn developers (2023f))). We also provide short and targeted “How to” examples that
describe how to use specific functionality, such as plotting firing patterns (hnn developers

(2023a)), or recording extracellular LFPs (hnn developers (2023c)).
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In practice, users learn how to study the multi-scale origin of ERPs and low frequency
oscillations by first following the tutorials in the HNN-GUI (hnn developers (2023g)), and
then recapitulating these tutorials in HNN-core (hnn developers (2023h)). The tutorials
provide an interactive investigation that gives intuition on how exogenous drives and other
parameters in the model impact the outputs of the simulations. From there, users can test
hypotheses about what parameters or sets of parameters need to be adjusted to account
for their recorded data by directly comparing simulation output to data. Automated
parameter inference can be performed to optimize parameters to produce a close fit (i.e.,
small root mean squared error) to current source ERPs, and more advanced parameter

inference methods are in development.

HNN-core has minimal dependencies which allows for effortless installation using the
pip Python installer. In addition to NumPy (Harris et al. (2020)), SciPy (Virtanen et al.
(2020)), and Matplotlib (Hunter (2007)) common in most libraries in the scientific Python
stack, HNN-core uses NEURON (Hines and Carnevale (1997)) for the cell and circuit
modeling. Here, we demonstrate how the HNN-core interface can be used to quickly
simulate and plot the net cortical dipole response to a brief exogenously evoked drive
representing “feedforward” thalamocortical input (Figure 2.1 right). This input (referred
to as ‘evproxl’) effectively targets the proximal dendrites of the pyramidal neurons in
L2/3 and L5, using the template neocortical model as in Jones et al. (2009) (Figure 2.1
left). Note that this simulation is not addressing a specific scientific question, and is

simply an educational example.

from hnn_core import jones_2009_model, simulate_dipole

# 1) Create the network model

net = jones_2009_model ()

# 2) Define weights and delay times of inputs to network

weights_ampa = {’L2_basket’: 0.09, ’L2_pyramidal’: 0.02,
’L5_basket’: 0.2, ’L5_pyramidal’: 8e-3}

synaptic_delays = {’L2_basket’: 0.1, ’L2_pyramidal’: 0.1,

’L5_basket’: 1.0, ’L5_pyramidal’: 1.0}
# 3) Attach inputs to to network
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net.add_evoked_drive(name=’evproxl’, mu=20.0, sigma=2.0, numspikes=1,
weights_ampa=weights_ampa, location=’proximal’,
synaptic_delays=synaptic_delays)

# 4) Run simulation and plot results

dpl = simulate_dipole(net, tstop=100.0)

HNN Model Schematic
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Proximal Drive g
40
100 pm @ AMPA/NMDA 3
3 1 GABA 20 1
5

Layer 2/3

Apical Oblique

le—2 Net Current Dipole

Dipole moment (nAm)
)

Spike Raster

L2_basket
—— L2_pyramidal
—— L5_basket

L5_pyramidal

Spike Train
0 20 40 60 80 100
Time (ms)

Figure 2.1: Left: Reduced schematic of HNN model detailing the cell types, layer-specific
synaptic connectivity structure, and locations of proximal drive synapses. The default
size of the full network is a grid of 100 pyramidal neurons, and 35 inhibitory neurons,
synaptically connected in each layer. Figure adapted from Neymotin et al. (2020). Right:
Plots of the network and simulated results can be generated using the HNN-core visualiza-
tion API. The drive input histogram with net.cell response.plot_spikes hist(),
the net current dipole with plot_dipole(dpl), and the spike raster with
net.cell response.plot_spikes_raster().

2.3.7 Ongoing research using HNN-core

The scripted interface of HNN-core has enabled the development of advanced parameter
inference techniques (Tolley et al. (2024)) using Simulation-Based Inference (Tejero-
Cantero et al. (2020)). It has been used in Thorpe et al. (2021) to propose new mechanisms
of innocuous versus noxious sensory processing in the primary somatosensory neocortex.
Lankinen et al. (2024) have used HNN-core to study crossmodal interactions between
auditory and visual cortices. They performed group analysis on multiple subjects along
with optimization and nonparametric statistical testing. Additionally, Szul et al. (2023)

used it for understanding features of beta bursts in motor cortex and Fernandez Pujol
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et al. (2023) to study auditory perception.

Overall, HNN-core provides an expandable and sustainable Python-based software
package that can help advance understanding of the cellular and circuit mechanisms of

MEG/EEG signal generation and ultimately lead to new neuroscience discoveries.
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CHAPTER 3

Advancing biophysical modeling with

deep learning tools

This chapter presents two major methodological advances which employ deep learning to
address well-known shortcomings of biophysical modeling. The first section is adapted from
my original research article Tolley et al. (2024) which details the use of simulation-based
inference (SBI), a deep learning technique used to identify model parameter distributions
that fit experimental data. In the paper I apply SBI to the Human Neocortical Neurosolver
(HNN), a biophysically detailed model of a neocortical column designed to connect cell-
and circuit-level properties to the generation of neural oscillations measured by magneto-
and electroencephalography (MEG/EEG). The second section is adapted from an accepted
abstract presented at the annual Computational and Systems Neuroscience conference
(COSYNE, March 2024), and describes the use of surrogate modeling, a deep learning
technique that approximates the simulation of biophysical neural models with dramatically

lower computational costs.
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3.1 Methods and considerations for estimating pa-
rameters in biophysically detailed neural models

with simulation based inference

Contributing Authors

Nicholas Tolley!, Pedro L. C. Rodrigues?, Alexandre Gramfort3*,

Stephanie R. Jones®*.

3.1.1 Abstract

Biophysically detailed neural models are a powerful technique to study neural dynamics
in health and disease with a growing number of established and openly available models.
A major challenge in the use of such models is that parameter inference is an inherently
difficult and unsolved problem. Identifying unique parameter distributions that can
account for observed neural dynamics, and differences across experimental conditions, is
essential to their meaningful use. Recently, simulation based inference (SBI) has been
proposed as an approach to perform Bayesian inference to estimate parameters in detailed
neural models. SBI overcomes the challenge of not having access to a likelihood function,
which has severely limited inference methods in such models, by leveraging advances
in deep learning to perform density estimation. While the substantial methodological
advancements offered by SBI are promising, their use in large scale biophysically detailed
models is challenging and methods for doing so have not been established, particularly

when inferring parameters that can account for time series waveforms. We provide

I'Department of Neuroscience, Brown University, Providence, Rhode Island, United States of America
2Université Grenoble Alpes, Inria, CNRS, Grenoble INP, LJK, Grenoble, France
3Université Paris-Saclay, Inria, CEA, Palaiseau, France

*These authors contributed equally.
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guidelines and considerations on how SBI can be applied to estimate time series waveforms
in biophysically detailed neural models starting with a simplified example and extending
to specific applications to common MEG/EEG waveforms using the the large scale neural
modeling framework of the Human Neocortical Neurosolver. Specifically, we describe how
to estimate and compare results from example oscillatory and event related potential
simulations. We also describe how diagnostics can be used to assess the quality and
uniqueness of the posterior estimates. The methods described provide a principled
foundation to guide future applications of SBI in a wide variety of applications that use

detailed models to study neural dynamics.

Author summary

A central problem in computational neural modeling is estimating model parameters
that can account for observed activity patterns. While several techniques exist to perform
parameter inference in special classes of abstract neural models, there are comparatively
few approaches for large scale biophysically detailed neural models. In this work, we
describe challenges and solutions in applying a deep learning based statistical framework
to estimate parameters in a biophysically detailed large scale neural model, and emphasize
the particular difficulties in estimating parameters for time series data. Our example uses
a multi-scale model designed to connect human MEG/EEG recordings to the underlying
cell and circuit level generators. Our approach allows for crucial insight into how cell-
level properties interact to produce measured neural activity, and provides guidelines

for diagnosing the quality of the estimate and uniqueness of predictions for different

MEG/EEG biomarkers.

3.1.2 Introduction

Biophysically detailed neural modeling is a fundamental and established framework to

study fast time scale neural dynamics (Abbott and Dayan (2001); Einevoll et al. (2019)).
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What model parameters and possbhile parameter
combinations can produce recorded neural activity?
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Figure 3.1: Graphical Abstract. Summary of SBI workflow used to infer model
parameters that can account for recorded neural dynamics. 1) A prior distribution of
assumed relevant model parameters and ranges is constructed. 2) A dataset of simulated
neural activity patterns is generated with parameters sampled from the prior distribution.
3) User defined summary statistics are chosen to describe waveform features of interest. 4)
A specialized deep learning architecture is trained to learn the mapping from neural activity
constrained by summary statistics to underlying model parameters. 5) Specific neural
activity patterns of interest are fed into the trained neural network, which subsequently
outputs a distribution over the potential underlying model parameters. 6) Parameter
estimates for different waveforms can be compared through diagnostics like parameter
recovery (if the ground truth is known), or posterior predictive checks.

While challenging to construct, advances in computational resources have enabled the

proliferation of detailed models from principled models of single neurons (Hay et al. (2011))
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to large scale biophysically detailed neural networks (Markram et al. (2015)) that enable
multi-scale interpretation from cell spiking to local field potentials to macroscale magneto-
and electroencephalographic (MEG/EEG) signals (Neymotin et al. (2020); Hagen et al.
(2018); Markram et al. (2015); Billeh et al. (2020)). Numerous detailed models are now
openly distributed to encourage their use and expansion (McDougal et al. (2017); Dai
et al. (2020); Gleeson et al. (2019); Neymotin et al. (2020); Billeh et al. (2020); Markram
et al. (2015); Borges et al. (2022); Dura-Bernal et al. (2022b,a)). A common goal of
detailed neural modeling is to infer biophysical parameters in individual cells and/or
network connections that can account for observed changes in neural activity over time.
Given the large-scale nature of any detailed model, parameter inference is an inherently
challenging and unsolved problem. The difficulty of parameter inference is closely tied to
the level of biophysical detail in the model, as the number of parameters increases with
more realistic models. In practice, parameters can not all be estimated simultaneously,
but rather model elements are estimated in a serial fashion (e.g. cell dynamics followed
network connectivity) and fixed. Then, a limited set of parameters are chosen as the
target for estimation. This limited set is chosen based on a prior hypothesis that a certain
set of unknown parameters can be estimated based on data features. Even with this
limited set, the parameter estimation process is complex. The problem is confounded by
the fact that there may be many parameter configurations that produce an equally good
representation of the data (Marder and Goaillard (2006)). In this study, we focus on the
latter problem of identifying parameter indeterminacies in a limited set of parameters,
as to date there is no means to estimate large numbers of parameters at once. The
goal is not to present a method to mitigate indeterminacies, but develop a framework
that can fully represent them. Identifying unique biophysically constrained parameter
sets that can account for observed neural dynamics, and differences across experimental
conditions, is essential to the meaningful use of large scale biophysically detailed models
for neuroscience research. For example, if you want to use a biophysically detailed model

to infer circuit level mechanisms generating an EEG waveform that is a biomarker of a
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healthy compared to neuropathological condition, you need a way not only to estimate
the parameter distributions that can generate the waveforms but also to assess if the

distributions are distinguishable.

A powerful approach to estimate parameters in neural models is Bayesian inference.
There is an extensive history of research applying Bayesian inference, and specifically the
algorithm of variational inference, to estimate parameters in reduced models of neural
activity, for example in the Dynamic Causal Modeling (DCM) (Kiebel et al. (2006))
framework that relies on reduced “neural mass models”. However, while compatible with
reduced models that are mathematically tractable, the algorithm of variational inference
is not compatible with detailed biophysical models due to their computational complexity,
and specifically lack of access to a known likelihood function (see also Discussion). In
recent years, simulation based inference (SBI) has been proposed as an alternative Bayesian
inference framework to estimate parameters in detailed neural models. SBI overcomes
the challenge of not having access to a likelihood function by leveraging advances in
deep learning to perform density estimation (Cranmer et al. (2020); Greenberg et al.
(2019); Gongalves et al. (2020)). An advantage of SBI is that it only relies on a dataset
of simulations from the model being investigated, rather than requiring knowledge of a
parameter likelihood function, which is typically not accessible in large-scale biophysically
detailed models. From this dataset, a neural density estimator (i.e. artificial neural network
specifically made to approximate probability distribution functions) is then trained to
learn a mapping of observed neural dynamics (e.g. time series waveforms) to corresponding
model parameter distributions. Another advantage is that SBI estimates a full distribution
over model parameters that may account for the data and provides information about
parameter interactions (Marder and Goaillard (2006); Gongalves et al. (2020)). This
information is not possible with optimization techniques that have historically been used
in large-scale biophysical models such as COBYLA (Powell (1964); Neymotin et al. (2020))

and genetic algorithms (Druckmann et al. (2007); Hay et al. (2011)), which estimate only
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a single parameter configuration that best fits the data. Figure 3.1 outlines the overall SBI
workflow to estimate parameters and possible parameter combinations that can reproduce

recorded neural activity.

While the substantial methodological advancements offered by SBI are promising,
and have been applied to estimate parameters in small biophysically detailed neuron
models (Gongalves et al. (2020); Lueckmann et al. (2017)) and in models with reduced
representations of neural dynamics (Coelho Rodrigues and Gramfort (2020)), there is
currently little guidance on how these methods should be used with large-scale biophysical
models, with the notable exception of (Hashemi et al. (2023)) offering a thorough discussion
of using SBI on simplified models coupled in a large-scale brain network. Guidance is
particularly lacking in the context of performing inference on neural time series data, and
in comparing estimates for data from different experimental conditions. In this paper, we
provide guidelines on how SBI can be applied to estimate parameters underlying time
series waveforms generated by biophysically detailed neural models. We emphasize the
importance of the first steps of (i) identifying the parameters and ranges over which the
inference process will be performed (i.e. prior distribution), which necessarily depends on
user-defined hypotheses, and (ii) of selecting informed summary statistics of the waveform
activity. We also describe how diagnostics can be used to assess the uniqueness and
quality of the posterior estimates and to assess the overlap of distributions from estimation
applied to two different waveforms. These evaluation steps are particularly important to

resolve the uniqueness of distributions for two or more waveforms.

We begin with a simplified example of a non-linear resistor-capacitor circuit, and
then extend the results to an example large-scale biophysically detailed modeling frame-
work that was developed by our group to study the multi-scale neural origin of human
MEG/EEG signals, namely the Human Neocortical Neurosolver (HNN) (Neymotin et al.
(2020)). The foundation of HNN is a biophysically detailed model of a neocortical column,

with layer specific synaptic activation representing thalamocortical and cortico-cortical
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drive (Figure 3.2). HNN has been applied to study the cell and circuit origin of commonly
measured MEG/EEG signals, including low frequency oscillations (e.g. Beta Events (Sher-
man et al. (2016)) and event related potentials (ERPs) (Jones et al. (2007, 2009))), along
with differences across experimental conditions (Kohl et al. (2022); Jones et al. (2009,
2007); Law et al. (2022); Thorpe et al. (2021)). We demonstrate applications of SBI to
estimate parameter distributions that can account for variation in example Beta Events
based on empirical data and in simulated ERP waveforms with selected parameter priors
(see Step 1 in Figure 3.1) based on our previous studies (Jones et al. (2009, 2007); Sherman
et al. (2016)). We show that due to the model complexity some parameters can be inferred
uniquely while others are indeterminate. The methods described and proof of concept
examples provide a principled foundation to guide future applications of SBI in a wide

variety of applications that use detailed models to study neural dynamics.

3.1.3 Materials and methods

Below we provide a summary of the primary techniques used in this work. Specific
aspects are emphasized to provide better context on the significance/motivation of analyses
performed. We invite readers to refer to the citations for a more thorough treatment
of each subject. In particular, the software publication detailing HNN (Neymotin et al.
(2020)), and a study demonstrating the use of SBI on classical neural models (Gongalves
et al. (2020)). We also detail an RC circuit example, which is a building block of HNN-
type models, and which offers a SBI setup with time series inputs and the presence of

indeterminacies.

Resistor-capacitor circuit simulations

Resistor-capacitor (RC) circuit simulations were performed using the odeint ordinary
differential equation (ODE) solver of the SciPy Python package. A more thorough

description of how RC circuit simulations were performed can be found in the results

48



section RC circuit: a simple example to describe indeterminacies that can occur with time

series inference.

Human Neocortical Neurosolver

Biophysical modeling of cortical activity underlying MEG/EEG signals was performed
using the Human Neocortical Neurosolver (HNN) (Neymotin et al. (2020)). The standard
HNN model used in this study and described in (Jones et al. (2009)) is composed of 100
pyramidal neurons and 33 inhibitory neurons in both layers 2/3 (L2) and 5 (L5) for a
total of 266 neurons and represents a localized small patch of neocortex (Figure 3.2).
To accurately reproduce macroscale electrical signals, HNN utilizes multi-compartment
pyramidal neuron models (Ermentrout and Terman (2010)), and synchronous intracellular
current flow of aligned L2 and L5 pyramidal neuron dendrites is assumed to be the generator
of the primary electrical current sources underlying recorded extracranial MEG/EEG
signals, due to their length and parallel alignment (Haméldinen et al. (1993)). Inhibitory
basket cells are modeled as single compartment point neurons given their negligible impact
in producing the recorded electrical currents, but are none-the-less crucial to the local
network dynamics (see Neymotin et al. (2020) for further background). Pyramidal cells
in the model connect to other cells with both AMPA and NMDA synapses, while basket

cells produce GABA, and GABAg synaptic connections.

In addition to the local circuitry, HNN models extrinsic inputs to the column via layer
specific synaptic excitatory drives generated by predefined patterns of action potentials
presumed to come from exogenous brain areas (i.e. thalamus and other cortical regions).
In general these are referred to as proximal and distal drives, reflecting the effective
location of the synapses on the pyramidal neuron proximal and distal dendrites. The
proximal drive reflects so called feedforward inputs from lemniscal thalamus, and the
distal drive reflecting inputs from either non-lemniscal thalamus (Barbas et al. (2013);

Jones (2001)), or “feedback” connections from other cortical regions. These proximal and
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Layer 2/3
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Layer 5

Figure 3.2: HNN model schematic. A: Local network connections of the HNN
model include: 1) excitatory AMPA and NMDA synaptic connections (black circles)
originating from pyramidal neurons (blue), and 2) inhibitory GABA, and GABAg
synaptic connections (black lines) originating from inhibitory interneurons (yellow). B:
Proximal exogenous input connection pattern. C: Distal exogenous input connection
pattern, see text for further description. D: 3D rendering of full neocortical column model.
Figure adapted from Neymotin et al. (2020).

distal drives induce excitatory post-synaptic currents that drive current flow up and down
the aligned pyramidal cell dendrites (see red and green arrows in Figure 3.2) that can
generate positive and negative deflections in the primary electric current dipole of source
localized MEG/EEG signals. Intracellular current flow due to these extrinsic inputs, as
well as induced local spiking dynamics, combine to produce the recorded MEG/EEG

signal.

The results detail 3 examples of problems suited for parameter inference in HNN.
In the first two examples, the parameters to be estimated control either the timing or
strength of the input. In the first example (Figure 3.5), the target of estimation is the
parameter vector 6, € R3, where the first two parameters control the strength of a single
spike (action potential) of excitatory proximal and distal input (in units of nS for the
synaptic conductance g), and the third parameter At controls the timing between the
two inputs (in units of milliseconds (ms)). In the second example Figure 3.7, the target
of estimation is 6y € R? where the parameters control the variance (ms?) of a Gaussian
distribution from which 10 spikes are drawn for the proximal and distal inputs. In the final
example Figure 3.8, the target of estimation is 6y € R, where the parameters control the

synaptic strength (nS) of excitatory/inhibitory local connections onto the proximal/distal
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dendrites of L5 pyramidal neurons.

Posterior Diagnostics

When working with a posterior approximation @, it is useful to characterize its behavior
in different regions of the parameter space. For a given parameter configuration 6, and
simulated output xz¢ ~ p(z | 6y), we quantify how concentrated ®(0 | z¢) is around 6.
We refer to this quantity as the parameter recovery error (PRE) and define it as the
Wasserstein distance between the k-th marginal of ®(0 | z(), and a Dirac delta centered

at Oo[k]. This can be empirically estimated as per

N
PRE,(®, ;) —%Z( | — o[k )2 (3.1)

where we generate N samples {0y, ...,05} ~ ®(6 | zo) from our posterior approximation
conditioned at zg ~ p(x | fy), which is an observation from the simulator at ground truth
fy. Note that 6, is composed of k distinct values for each individual parameter, therefore
there are k distinct PRE values. Additionally, each parameter 6y[k] is mapped from its
range defined in the prior distribution, to the range (0,1). Therefore, the maximum PRE
is 1.0, indicating the worst possible recovery, whereas a PRE of 0.0 indicates perfect

recovery.

The previous diagnostic quantified how well ® represents the relationship between
zo and 6y in terms of the parameter space. Alternatively, we can assess the relationship
in the observation space. Specifically, given samples from our approximate posterior
0; ~ ®(0 | xo), we generate simulations z; ~ p(z | 0;), and assess how close z; is to the
conditioning observation xy. This is known as a posterior predictive check (PPC) (Gelman

et al. (1996); Box (1980)) and is quantified in this manuscript as the root mean squared
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error between xy and the x; as per

N
1
i=1

We note that this is a simplified treatment of how to perform a PPC, as observation
and neural noise may significantly change the interpretation of model fit. A more
robust assessment of PPC in the context of systems neuroscience modeling can be found
in (Hashemi et al. (2021)) which describes measures such as the Watanabe-Akaike
information criterion (WAIC), as well as alternative measures to PRE for assessing

posterior fit such as posterior shrinkages.

Lastly, in many applications it is useful to characterize how well two distributions can
be distinguished from one another. To this end we introduce the distribution overlap
coefficient (OVL) (Pastore and Calcagni (2019)) which varies on a scale of [0,1] such that
1 indicates complete overlap, and 0 indicates no overlap. Given our approximate posterior

®, we define OVL as:
OVLi(®, 20, 1) = / min (cp(e[k] | zo), B(O[K] | xl))dG (3.3)

where zy and x; are two different observations whose posterior distributions we seek to
compare on the marginal distribution for the k-th parameter. To calculate the OVLy
numerically we used an evenly spaced grid of 50¢ for a prior distribution over d € N,
parameters. OVLy operates similarly to Kullback—Leibler divergence and related measures,
with the primary advantage being that it is bounded on the interval [0,1] readily permitting

identification of distributions with large and small amounts of distribution overlap.
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MEG Beta Events

Beta Event examples represent empirical human MEG data source localized to SI taken
from the previous studies (Jones et al. (2009); Shin et al. (2017); Sherman et al. (2016))
and preprocessed as described in Sherman et al. (2016). Subjects 7 and 5 from Sherman
et al. (2016) were chosen as exemplars for large (blue) and small (orange) Beta Events, and
here are referred to as subjects 1 and 2, respectively. The Beta Events used for inference
were averaged over all recorded events for each subject that were included in the dataset:
378 events for subject 1, and 376 events for subject 2. The full dataset of source localized
MEG Beta Events used in this study can be found in the Open Science Framework

repository associated with this manuscript: https://doi.org/10.17605/0SF.I0/VZ97X.

3.1.4 Results

Approach to applying SBI in biophysically detailed models that simulate time

series data

Recently SBI has been established as an approach to estimate parameters in detailed
biophysical models (Gongalves et al. (2020)) that simulate time series data. This approach
overcomes the challenges of applying Bayesian inference in highly detailed non-linear
models, namely estimation of complex posterior distributions that exhibit parameter
interactions, by leveraging recent advances in likelihood-free inference and deep learn-
ing (Greenberg et al. (2019)). We begin by reviewing the SBI process and providing the

mathematical description of each of the steps outlined in Figure 3.1.

The primary goal of SBI in the context of our manuscript is to estimate parameters
and possible parameter distributions that can account for an observed neural dynamic
(e.g. time series waveform). In mathematical terms, this goal is stated as follows. Given

an observation x and model with parameters 6, SBI seeks to create an approximation
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®(f | x) of a posterior parameter distribution p(# | z) such that

(0 | x) = p(0 | x) o< p(x [ 0) p(6) . (3-4)

Bayes’ rule specifies a closed form for the desired posterior distribution p(6 | x) as
being proportional to the likelihood p(x | ) multiplied with the prior p(6) (Bishop and
Nasrabadi (2006)). Unfortunately, in detailed biophysical models the likelihood function
p(z | 0), which encodes the relationship between model parameters 6 and outputs z, is
often analytically intractable but can be approximated from a large number of simulations.
The novelty of SBI is that it circumvents likelihood evaluations altogether, and instead
approximates the posterior distribution directly from a simulated dataset of model outputs
x; ~ p(x | ;) with parameter values sampled from a user defined prior distribution
0; ~ p(0). There are numerous approaches in the literature to achieve this goal, each
with their own unique considerations, benefits, and challenges (Franks (2020)). In this
study, we use a deep learning architecture known as a conditional neural density estimator
(®), which is a function that takes an observation z as input, and returns a probability
density function defined over the parameter space. More specifically, the conditional
neural density estimator utilizes normalizing flows following standard practices described
in (Greenberg et al. (2019); Gongalves et al. (2020)). The detailed steps in applying SBI

(Figure 3.1) are as follows.

Step 1: Define prior distribution. SBI begins with the user choosing the parameters
of interest to be estimated, and the range and statistical distribution of values (e.g.
uniform distribution) those parameters can take. This constitutes the prior distribution
p(0) over model parameters 6 to be inferred. The importance of a well-constructed prior
cannot be understated, as it encodes the assumptions and hypotheses of the inference
problem considered, and strongly impacts any resulting predictions. Creating a good prior

distribution requires domain expertise to choose meaningful parameters, and a biologically
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realistic range of values. That is not to say that the predictions are predetermined by the
prior, as uncertainty can be encoded using flat /uninformative priors where the probability
mass is evenly spread over the desired parameter range. Nevertheless this aspect is highly
important for detailed neural models where the inferred parameters represent a small

subset of the total set of parameters.

Step 2: Generate training data. With the prior constructed, a simulated dataset
of observations x1.y is generated by simulating a large number of N time series using

model parameters 6. drawn from the prior parameter distribution.

Steps 3-4: Training neural network based on chosen summary statistics
to describe the time series waveform. With the simulated dataset, a specialized
deep learning architecture known as a conditional neural density estimator ® is trained
to approximate the posterior distribution p(f|z) that can account for chosen summary
statistics for any observation x. The output is a distribution of parameters which can
generate simulations close to the summary statistics of the conditioning observation z.
The neural density estimator @ can be trained directly from the entire time series =z,
or from summary statistics s = S(x) which constitute a lower dimensional vector of
values. The choice of s should aim to obtain ®(0 | s) ~ p(f | s) ~ p(f | ), meaning that
the posterior estimates are well enough approximated from s alone. A more in depth

description of the choice and role of summary statistics is given after describing Steps 5-6.

Steps 5-6: Estimate and compare parameter distributions for distinct
waveforms. With a trained neural density estimator, users can finally feed in new
waveforms and assess the predicted parameter distributions underlying their generation.
Diagnostics that assess the quality of the distribution can then be performed (see Materials
and methods for details on the calculation of each diagnostic). If the ground truth
parameters underlying the waveform of interest are known, users can calculate the
dispersion of the posterior around this ground truth using parameter recovery error

(PRE). This is known as face validity when using simulated data to check if the ground
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truth parameters can be recovered (Kiebel et al. (2007); Stephan et al. (2010)). If the
ground truth is unknown, users can use posterior predictive checks (PPC) to assess if
the parameter distribution consistently produces waveforms close to the conditioning
observation. Finally, uniqueness of posterior estimates for two different waveforms can be

assessed by directly comparing the overlap coefficient of the distributions (OVL).

The important role of summary statistics in parameter inference: Using the
inference framework described above, in this study we emphasize the role of summary
statistics and how their selection directly impacts predicted parameter distributions.
Inference on models with full time series outputs is challenging because the observations
are high dimensional. This challenge comes in the form of interpretability and model
misspecification due the simulator not capturing finer characteristics of the real data

generating process (Ward et al. (2022)).

Summary statistics can either be hand-crafted, leveraging domain expertise and hy-
potheses regarding the data, or they can be automatically extracted. A summary statistic
s = S(x) is sufficient if all the relevant information for mapping the full observation
to its underlying parameters is retained. More specifically, sufficiency is satisfied if
p(0|s) =p(@|x) (Franks (2020); Coelho Rodrigues and Gramfort (2020)). In practice,
truly sufficient summary statistics are rare, but they can still provide a close approxi-
mation to inferences achieved when using the full observations . A major advantage of
hand-crafted features is that they can be readily interpretable, and come associated with
hypotheses on their physiologic significance depending on previous research. Alternatively,
full time series informed approaches like principal component analysis (PCA) may do a
better job at retaining more complex relationships between observations and parameters.
We note that as an alternative to PCA, automatic extraction of summary statistics through
embedding networks are becoming increasingly common (Dax et al. (2021a,b); Greenberg
et al. (2019); Coelho Rodrigues and Gramfort (2020)). However, a systematic analysis of

the numerous architectures employed in this domain is outside the scope of this study.
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Given the current ambiguity around summary statistic selection, principled approaches
to compare alternate approximations of the posterior distribution are essential. To this
end, we have constructed educational examples which allow for an intuitive understanding
of the role of different summary statistics. Additionally, we introduce diagnostic analyses
that can be used to quantitatively compare desirable properties of posterior approximations
produced using different summary statistics, such as PPC, PRE, and OVL. Note that
we use the term “desirable properties” as the goals of inference may differ depending on
the use-case. For example, predicting precise values for biophysical values (parameter
recovery) may be one goal. Alternatively, characterizing the range of parameters consistent
with a known biomarker may be another goal. These analyses are detailed in the examples

below.

RC circuit: a simple example to describe indeterminacies that can occur with

time series inference

One of the most challenging aspects of likelihood free inference is that the models
studied typically do not permit access to a ground truth posterior distribution, over which
we can validate our inferences. To highlight this challenge and better understand how
decisions in the SBI pipeline impact the resulting approximate posterior, we will first
apply the SBI pipeline on a model where the ground truth posterior is known; namely an

RC circuit model.

The equation for the RC circuit simulations is as follows:

av E-V(t)

O () = ===+ L() (3.5)

where V() is the voltage response of an RC circuit to a current injection I,(¢). In our
example we use a capacitance C' = 6 F, resistance R = 12, and constant voltage source

E =0V (Abbott and Dayan (2001)).
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Figure 3.3: RC Circuit Simulations. A: Simulated voltage and current dipole waveforms
are shown for two exemplar parameter configurations with latency between positive I, and
negative I_ square current injections, At = 0 (blue), and At # 0 (orange). An example of
the original "Raw” waveform (top), as well as the PCA transformed waveform (bottom)
with the first 30 components (PCA30) are shown to demonstrate that this summary statistic
retains almost identical information. B: Posterior distributions showing the inferred values
that can generate the blue and orange waveforms from panel A (PCA30 used to generate
distributions) demonstrate that when the latency At between the inputs is zero, their
amplitudes are indeterminate as visible as a highly dispersed distribution on panels B(a-c,
blue), and with a positive correlation between the parameters I, and I_ on panel B(b,
blue). In contrast, when At # 0 (orange), the distributions are tightly concentrated around
the ground truth parameters (stars on panels B(a,c)) used to generate each simulation.
The posterior distributions for the parameter At are concentrated around the ground truth
parameters for both conditions (panel B(f)). C: Schematic of how RC circuit is driven by
positive I, and negative I_ square current injections, where the amplitude and latency
At between pulses serve as parameters. This simulation parallels HNN simulations below
(Figure 3.5) in which a single excitatory proximal/distal input with variable synaptic
conductances and latencies produce positive/negative deflections in the current dipole.

The example RC circuit simulations described here were parameterized in a way that
will enable comparison to similar simulations in the biophysically detailed simulations
described below for HNN (Figure 3.3C). More specifically, we drive the RC circuit with
two square wave pulse injections, with positive and negative amplitudes lasting 20 ms each.

Two parameters (I, and I_) controlled the magnitude of positive and negative square
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pulse current injections, such that the sum I, = I, + I determined the final injected
current for each time step. A third parameter, latency At, controlled the time delay
between the two pulses. Specifically, At shifts the negative current pulse in time, while
the positive current pulse remains fixed. These inputs play a similar role as excitatory
proximal and distal inputs in HNN (Figure 3.2). Table 4.1 details the prior distribution

over the parameters used to generate training examples for SBI.

The relationship between current injection amplitude and the RC circuit voltage
response strongly depends on if At is zero or non-zero. When At is zero, the total injected
current sums to a single square pulse since the negative and positive pulses perfectly
overlap. Figure 3.3A(top, blue) shows an example of this where a -0.2mA square pulse
current injection is delivered at 80 ms producing a voltage response with an exponential
rise and decay with one peak. Since any combination of I, and /_ which sum to -0.2mA
will produce an identical voltage, there will be an indeterminacy when attempting to infer
these parameters from the voltage response. In contrast, Figure 3.3A(top, orange) shows
an example with a non-zero latency At # 0. Specifically, the first current injection with
I, = 0.3mA is delivered at 80ms, and the second current injection with I_ = 0.5mA
at 117.5ms, therefore At = 37.5ms. The voltage response exhibits two unique peaks
due to the offset between the square pulses. Since there is only one combination of I
and I_ that can produce this waveform, their values can be inferred exactly from the
waveform. In other words, the amplitude parameters underlying the voltage response can
be inferred exactly only when At # 0. Note that since we are approximating the posterior

distribution, even values close to At ~ 0 will still produce an indeterminacy.

To visualize and interpret posterior distributions produced by SBI, we must first draw
a sufficient number of random samples from the distribution. Since posterior distributions
are often multidimensional, it is useful to plot the samples using a “pair-plot” (Figure 3.3B).
The diagonal of the pair-plot is used to visualize the univariate (also known as marginal)

distribution of each parameter, here using a kernel density estimate of n = 1000 posterior
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samples. The squares below the diagonal on the other hand visualize the bivariate
distribution for pairs of parameters by plotting the samples explicitly on a scatter plot.
This example highlights that even with simple simulators, indeterminacies can easily arise

necessitating the use of flexible posterior approximators (like masked autoregressive flows).

Note that PCA with 30 components (PCA30, variance explained=0.883) was used as the
summary statistic in this example (Figure 3.3A(bottom)) rather than the full time series
to avoid the potential computational issues of conditioning posteriors on high dimensional
data, while still retaining the majority of the waveform variance. Figure 3.3A (bottom)
plots the inverse transformed PCA30 waveform to highlight that the summary statistic
retains almost identical information. In all subsequent examples, PCA30 and PCA4 will
refer to the d = 4 and d = 30 dimensional summary statistic vectors containing the
loadings on the first 4 and 30 principle components. The PCA transformation was fit
separately for each example using the dataset of 100,000 simulated time series waveforms

(see Supporting information for simulation details).

The results in Figure 3.3B show that the expected posterior distribution described
above can be recovered with SBI. As shown in Figure 3.3B(a-¢), when conditioned
on the voltage response with At = 0, any distribution involving I, or /_ (blue) will
exhibit an indeterminacy (i.e., multiple recovered values along one dimension). The high
correlation between I, and I_ of 0.998 (p ~ 0) demonstrates that the indeterminacy is
characterized by a strong linear interaction between these parameters. Specifically, the
line in Figure 3.3B(b, blue) corresponds to all values in which the amplitudes sum to a
constant value of V' = —0.2, and the resulting voltage waveform is identical. In contrast,
the voltage response with At # 0 (orange) produces a posterior distribution concentrated
on a single point around the ground truth parameters (Figure 3.3B(b, orange), correlation

between I, and I_: 0.375; p < le-33).
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Diagnostics enable comparison of posterior estimates using different summary

statistics

In the previous example, we utilized PCA30 as a summary statistic to learn a low
dimensional representation of the voltage time series. PCA is a common choice for
dimensionality reduction, and has been used in historical MEG/EEG inference work with
only the first 3-4 principal components (Kiebel et al. (2006, 2007)). However, it is not
guaranteed that PCA, which aims to only capture variance, will retain the features that
best allow SBI to map waveforms to simulation parameters. An alternative approach
is to leverage domain-expertise to construct hand-crafted summary statistics specific to
the model and inference problem. Unfortunately, it cannot be known a priori which
summary statistic will allow SBI to perform best, necessitating quantitative diagnostics
that allow a systematic comparison. Here, we introduce two simple hand-crafted summary
statistics, as well as the posterior diagnostics PRE and PPC, with the intention to build
an intuitive understanding of how emphasizing different summary statistics can impact

the final estimates produced by SBI.

The first hand-crafted summary statistic we defined is a four dimensional vector
including the magnitude and timing of the maximum and minimum peaks (Peak) in the
time domain of the simulated voltage response (Figure 3.4A(iii)). It can be readily seen
that these features reflect the underlying simulation parameters. Upon visual inspection of
the voltage response with At # 0 (orange), the height of the maximum and minimum peak
directly correspond to the parameters I, and /_, and the distance between these peaks
correspond to the latency parameter At. We will show below that Peak features permits
inference that is close to that achieved with PCA30 Figure 3.4A(i) and also PCA4 (variance

explained=0.610) Figure 3.4A(ii).

The second hand-crafted summary statistic we defined was a four dimensional vector
including the band power (BandPower) of common frequency ranges used to study neural

oscillations (Figure 3.4A(iv)). Specifically, we considered the beta (13-30 Hz), low-gamma
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Figure 3.4: Diagnostics to compare summary statistics on RC circuit model. A:
Summary statistics applied to the simulated time series included: PCA30 (i), PCA4 (ii),
Peak (magnitude and timing of max/min, iii), and BandPower (four bands between
dotted lines, iv). PCA plots (i-ii) show the associated inverse transformed signal. Two
exemplar simulations with pulse latencies At = 0 (blue) and At # 0 (orange) are
shown. B: Conditioning the approximate posterior distribution on the At = 0 time
series produces indeterminacies for all summary statistics, such that the ground truth
(red dotted lines) current injection amplitudes (I and I_) cannot be uniquely recovered.
PCA30, PCA4, and Peakfeatures exhibit a linear interaction between parameters for the
At = 0 time series, whereas the ground truth is recovered for the At # 0 (orange)
time series. BandPower produces non-linear interactions for both time series. C: Local
parameter recovery error (PRE) heatmaps are shown. Brighter colors indicate higher
dispersion of the posterior around the ground truth parameters defined by each square.
Errors tend to be concentrated around At = 0 for PCA30, PCA4, and Peak features. D: Local
posterior predictive check (PPC) heatmaps are shown. Brighter colors indicate regions
where simulations generated from posterior samples are further from the conditioning
time series. For both diagnostics, it is clear that PCA30 produces the lowest PRE and
PPC across the parameter grid. The ground truths of the exemplar simulations of panels
A/B are indicated by blue/orange squares.

(30-50 Hz), and high-gamma (50-80 Hz) ranges, as well as the aggregate band power of
the alpha and lower frequency ranges (0-13 Hz). As we will show below, this feature was

intentionally selected as a cautionary example of a summary statistic that is ill-suited for
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the inference problem, but has a basis in previous neuroscience and Bayesian inference

literature (Buzséki and Draguhn (2004)).

Next, we describe two diagnostics that allow comparison of desirable properties of
the posterior distribution for different summary statistics, namely PRE and PPC (see
Figure 3.1 Step 6 and Materials and methods). In the results below, we calculated PRE
values over a grid, with 10 points for every parameter dimension, spanning the range of

the prior distribution (Figure 3.4C).

Taking inspiration from Zhao et al. (2021), we visualize the PRE as heatmaps over
the parameter grid (Figure 3.4C-D). One of the advantages of inspecting local posterior
diagnostics (“local” as in specific to the pair (zy, 6p)) is the ability to identify patterns.
Figure 3.4C plots the PRE for the I, parameter, with respect to different ground truth
values of I, itself, and the At parameter. Blue and orange squares mark the ground truth
values used to generate the waveforms in Figure 3.4A. We observe that the summary
statistics PCA30, PCA4, and Peak all exhibit a pattern where At values near zero produce
a larger PRE compared to the rest of the parameter grid (Figure 3.4C(i-iii)). This is due
to the indeterminacy in I, as seen in the blue posterior samples of Figure 3.4B(i-iii). It is
apparent, however, that PCA30 values produce the lowest PRE values, even near a At of
zero. In contrast, the BandPower summary statistic produces a posterior distribution with
complex indeterminacies for both observations. This results in high PRE values across
the entire parameter grid (Figure 3.4C(iv)), indicating that this summary statistic is not

effective at recovering the ground truth parameters.

The PPC is a method to describe how well samples from the posterior match the
conditioning observation (Gelman et al. (1996); Box (1980)). Given a well-estimated
posterior distribution p(# | x) and a conditioning observation zq ~ p(x | 6p), one would
expect simulations z; ~ p(zo | ;) to be close to the original conditioning observation.
Unlike the PRE heatmaps, the PPC plots shown in Figure 3.4D does not exhibit obvious

patterns with respect to the underlying parameter grid.
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These diagnostics demonstrate PCA30 performs the best for this inference problem.
Additionally, the local PRE analysis revealed differences between summary statistics that
were not apparent with the global diagnostics. It is important to note that neither of
these diagnostics quantify the closeness of the approximation ® to the true posterior. For
instance, if there is an interaction between parameters of the model causing a parameter
indeterminacy, then the PRE will always be non-zero, since the posterior distribution will
be spread in the parameter space. This is the case for the posterior of the RC circuit
with At = 0 in Figure 3.3B. Similarly, if model simulations are stochastic, then a given
set of parameters may map to multiple equally valid outputs, producing a non-zero PPC.
Nevertheless, both diagnostics provide useful information to compare desirable properties

of the posterior approximation.

Subthreshold HNN simulations mimicking the RC circuit shows that inference

with summary statistics that account for the full time series waveform perform

best

Building from the RC circuit, we now describe a nearly identical inference problem in
our large-scale biophysically detailed model constructed to study the neural mechanisms
of human MEG/EEG, HNN (Figure 3.5). As described further in Materials and methods,
HNN is a neocortical column model with multiple layers and biophysically detailed local
cell types. The local network receives exogenous excitatory synaptic input through layer
specific pathways that effectively synapse on the proximal and distal dendrites of the
pyramidal neurons, representing “feedforward” and “feedback” input from thalamus
and higher order cortical areas. These inputs are simulated with external “spikes” that
activate layer specific excitatory synapses (see Figure 3.2B-C, and reduced schematic in
Figure 3.5C). This synaptic activity induces current flow within the pyramidal neuron
dendrites, which is summed across the population to simulate a net current dipole that
is directly comparable to that measured with MEG/EEG. Several previous studies have

shown that patterns of activation of the local network through these pathways can generate
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commonly measured MEG/EEG current dipole signals such as event related potentials

and low frequency brain rhythms, e.g., see Neymotin et al. (2020).
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Figure 3.5: HNN simulations that mimic RC circuit. HNN simulations that reflect
the nearly identical parameter configuration as the RC circuit in Figure 3.3. A: Simulated
current dipole waveforms are shown for two exemplar parameter configurations with
At = 0 (blue) and At # 0 (orange). The original “Raw” simulated waveform (top) is
plotted in comparison with the PCA inverse transformed waveform with 30 components
(PCA30, bottom). B: Posterior distributions showing the inferred values that can generate
the waveforms from panel A demonstrate that when the latency between the inputs is zero
(blue), their amplitudes are indeterminate as visible as a dispersed distribution on panels
B(a-c, blue), with a positive correlation between the parameters P and D on panel B(b,
blue). Unlike the previous example (Figure 3.3), the indeterminacy is notably smaller for
At = 0, with the posterior distributions primarily being concentrated around the ground
truth parameters for P and D (stars on panels B(a,c)). C: Schematic of HNN simulations
in which a single excitatory proximal/distal input with variable synaptic conductances
and latencies produce positive (red)/negative (green) deflections in the current dipole.

To set up an inference problem that is comparable to our RC circuit example, we
begin by considering patterns of drive to the network that create subthreshold current
flow in the pyramidal neurons, effectively “disconnecting” the network, because local
synaptic interactions depend on local cell firing. Simulations with spiking dynamics will

be demonstrated in the following section. For simplicity, we first describe the subthreshold
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current flow in the L5 pyramidal cells only (Figure 3.5C). Specifically, we ran HNN
simulations with single exogenous spikes that activate excitatory synapses on the proximal
and distal dendrites of L5 pyramidal cells. Synaptic excitation of distal synapses generates
current flow down the dendrites (e.g. see green arrow Figure 3.5C), and excitation of
proximal dendrites generates current flow up the dendrites (e.g. see red arrow Figure 3.5C).
A delay between the time of the two driving spikes can create a net current dipole signal
that is analogous to that observed in the RC circuit for a non-zero time delay between the
applied currents (see Figure 3.5A, orange). Further, when the delay between the spikes
is zero (see Figure 3.5A, blue) an indeterminacy in parameter estimation can occur, as

described below.

With this set up, we applied SBI to infer parameters that mimic those of the RC
circuit example, using PCA30 (variance explained=0.976) as the chosen summary statistic
to constrain the inference problem. Namely, the strength of proximal and distal excitatory
inputs, referred to as P and D, parameterized as the maximal conductance at their
respective synapses and the latency At between the two inputs . We kept the proximal
input time fixed, and let the distal input time vary with A¢. The prior distribution over
P and D was set to ensure that all simulations remained subthreshold (see Table 4.1 for

prior distribution ranges).

Similar to the RC circuit example, simulations with At = 0 produce a current dipole
with a reduced magnitude (Figure 3.5A(blue)), whereas At # 0 produces a clear positive
and negative peak (orange). As shown in Figure 3.5B(a-¢, blue), when conditioned with
At = 0, any posterior distribution involving P and D will exhibit an indeterminacy.
Intuitively, this indicates that the proximal and distal inputs can compensate within a
small range to produce similar current dipole waveforms. Unlike the RC circuit, this
interaction does not span the full range of input strengths, and instead is more tightly

concentrated around the ground truth (Figure 3.5B(a,c,f) stars).

Once again, we show that the choice of summary statistics impact the learned posterior
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distribution approximation, and that diagnostics can be used to evaluate the quality
of the parameter estimation (Figure 3.6A-B). When At # 0, both PCA30 and PCA4
(variance explained=0.665) produced a posterior that is localized around the ground truth
(Figure 3.6B(i-ii), orange). When At = 0, the posterior was still concentrated but with a
slight indeterminacy (Figure 3.6B(i-ii, blue)) that was less prominent than the analogous
simulation in the RC circuit (Figure 3.4B(i-ii, blue)). The Peak summary statistic produced
a posterior that is well clustered around the ground truth for At # 0 (Figure 3.6B(iii,
orange)), but for At = 0 exhibited a much more striking indeterminacy (Figure 3.6B(iii,
blue)). In contrast, BandPower was insufficient for ground truth recovery for both the

At # 0 and At = 0 as was the case for the RC circuit simulations (Figure 3.6B(iv)).

We quantified desirable properties of the posterior estimates, with the local PRE and
PPC analysis described above. At At =~ 0, PRE values were large when using BandPower
and almost completely disappears for PCA30 (Figure 3.6C(i)). The PPC values for the
BandPower show that inference using this summary statistic produced results that were
highly dissimilar to the conditioning observations (Figure 3.6D(iv)), while PCA30, PCA4,
and Peak exhibit a much lower PPC values (Figure 3.6D(i-iii)). Local PRE and PPC
analysis largely agrees with the summary statistic performance captured by the RC circuit

PPC heatmaps (Figure 3.4C-D).

In summary, intelligently chosen summary statistics like Peak features can perform well,
but leveraging information from the entire time series using PCA30 produced consistently
lower PRE and PPC values. The highly effective parameter recovery across the entire
parameter grid for PCA30 suggests that SBI permits a near unique mapping from dipole
waveform to parameters when the summary statistic accounts for the full time series
waveform and the parameters are kept in a subthreshold regime. In the next example, we
show that this is not true in general. Even when using information from the full dipole

waveform with PCA, inference in HNN simulations that include stochasticity can produce
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Figure 3.6: SBI diagnostics of summary statistics in HNN. The analysis shown
in Figure 3.4 is repeated on a simplified HNN simulation for comparison. A: Summary
statistics included PCA30 (i), PCA4 (ii), Peak (iii), and BandPower (iv). Two exemplar
simulations with input latencies At = 0 (blue) and At # 0 (orange) are shown. B: We
show the approximate posterior when conditioned on both the exemplar waveforms. The
At = 0 time series produces a positive correlation between P and D for all summary
statistics. C: Local parameter recovery error (PRE) is shown. Unlike the RC circuit,
PCA30 and PCA4 permit better ground truth recovery even when At is near zero. In
contrast, Peak features have poor parameter recovery similar to the RC example D: Local
posterior predictive checks (PPC) are shown. PCA30 and PCA4 produce the values across
the parameter grid.

substantial parameter indeterminacies.

SBI expands previously proposed mechanisms of subthreshold Beta Event sim-

ulations in HNN and shows stochastic simulation can lead to indeterminacies

Previous studies have applied the HNN modeling framework to propose novel mecha-
nisms for the cellular and circuit level generation of transient low frequency oscillations in
the 15-29 Hz beta-frequency band, referred to as Beta Events or beta bursts (Sherman et al.

(2016); Law et al. (2022); Bonaiuto et al. (2021)). Many studies have shown that Beta
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Events occur throughout the brain (e.g. see van Ede et al. (2018)) and their expression
correlates with healthy and pathological sensory and motor processing (Shin et al. (2017);
Bonaiuto et al. (2021); Wessel (2020)). Further, they often have a stereotypical waveform
shape that resembles an inverted Ricker wavelet lasting ~150 ms (Sherman et al. (2016);
Bonaiuto et al. (2021); Brady and Bardouille (2022); Wessel (2020); Cole et al. (2017)) (
see Figure 3.7). HNN provides potential mechanistic explanations for how the Beta Event
waveform is generated and how changes in waveform shape may emerge. The HNN derived
novel Beta Event mechanism put forth by Sherman et al. (2016) showed that Beta Events
can arise from the dendritic integration of coincident bursts of subthreshold proximal
and distal dendritic excitatory synaptic inputs to cortical pyramidal neurons (Sherman
et al. (2016); Law et al. (2022)), such that the distal drive is effectively stronger and
lasts one beta period (~50ms); a prediction that was supported by invasive laminar
recordings in mice and monkeys (Sherman et al. (2016)) and high-resolution MEG in
humans (Bonaiuto et al. (2021)). More specifically, HNN reproduced Beta Events with the
observed stereotypical shape when stochastic trains of action potentials were simulated to
drive the proximal and distal dendrites of the pyramidal neurons, nearly simultaneously.
Bursts of input whose mean timing and standard deviation were chosen from Gaussian
distributions activated excitatory synapses in a proximal and distal connection pattern,
as shown in Figure 3.7A. The inverted Ricker waveform shape depended on the standard
deviation of the proximal burst being broader than the distal burst, with the proximal
burst occurring over ~150 ms and the distal burst occurring over ~50 ms, and the mean
time of each burst being the same, i.e. reminiscent of At = 0 above. The proximal drive
pushes current flow up the pyramidal neuron dendrites, while the distal drive pushes it

back down (see Figure 3.7A).

Previous work also showed that, when the parameters of the proximal drive were held
constant, the magnitude of the prominent middle trough changed with the variance of the

distal drive, such that a parametric lowering of the variance pushed more current flow
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down the dendrites generating an increased magnitude and sharper trough (Sherman et al.
(2016)). This previous study led to the hypothesis that variance of the inputs impacted
the waveform shape but was limited in that it did not perform an automated parameter
inference on empirical data, nor did it investigate the additional role of proximal drive
variance. Extending these prior results, here we hypothesized that both proximal and
distal drive variances can impact the waveform shape and thus apply the SBI methods to
HNN to infer distributions of proximal and distal drive variance in empirical MEG data
from two example subjects whose average Beta Event trough magnitudes are distinct,
collected in the prior study (see Methods). In this example, Subject 1 (Figure 3.7B(blue))
had larger magnitude peaks and troughs compared to subject 2 (Figure 3.7B(orange)).

The same diagnostics used above are applied to assess the quality of the estimates.

We used the same parameters for Beta Event generation as in Sherman et al. (2016)
and defined a prior distribution over proximal and distal input variance (P,2, D,2), see
Table 4.1. All other parameters, including the number of spikes and mean input time,
were held fixed as in Sherman et al. (2016). We used PCA30 (variance explained=0.998) as
the summary statistic motivated from the results above. We ran the HNN-SBI workflow
to obtain a posterior distribution approximation that allows us to infer P,» and D, for a

given waveform (Figure 3.7B-C).

For both small and large magnitude Beta Events, there is a clear indeterminacy in D,2.
such that the distribution of D, is widely spread over the range of the prior distribution,
indicating high uncertainty in the parameter estimates (Figure 3.7C). In contrast P,»
exhibits highly concentrated distributions, with the larger magnitude (blue) Beta Event
corresponding to larger values (P,2 ~ 30 ms?), and the smaller magnitude (orange) Beta
Event corresponding to smaller values (P,2 ~ 18 ms?). With a large proximal variance and
smaller distal variance, the distal drive is effectively stronger and able to counteract the
upward current flow to create a large downward deflection. With a small proximal variance,

the stronger upward current flow is more equally matched with the downward current
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Figure 3.7 HNN-SBI recovers circuit mechanism of Beta Event magnitude
described in previous studies. A: Schematic of Beta Event simulations in HNN. Beta
Events are generated by a simultaneous burst of subthreshold proximal (red) and distal
(green) excitatory inputs to L5 pyramidal neurons. B: Average source localized MEG
Beta Event waveforms recorded from two subjects. Subject 1 (top, blue) exhibits a larger
magnitude trough compared to subject 2 (bottom, orange). Simulations corresponding
to a posterior predictive check (PPC) are shown in black, such that the parameters
were sampled from the posterior (panel C) of each respective waveform. C: Posterior
distributions conditioned on large (blue) and small (orange) magnitude Beta Events
demonstrate that larger proximal variance produces a larger magnitude trough. Overlap
coefficients (OVL) quantifying the separability of the marginal posterior distributions
conditioned on each waveform are shown on the diagonal for the corresponding parameters.
The marginal distributions for distal variance are highly overlapping, and non-overlapping
for the proximal variance D: PRE heatmap of D,2 shows accurate parameter recovery
(dark colors) when the ground truth parameters of D,2 are around 5 ms?, and quickly
worsen (light colors) as D, increases or decreases. E: PRE heatmap of P> shows accurate
parameter recovery across the entire range of the prior distribution for both P> and D,2.

flow to produce an overall smaller and noisier downward deflection. This proof-of-concept
example based on two subjects is not meant to make strong scientific predictions on

parameters controlling Beta Event shapes, but exemplifies how the HNN-SBI framework
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can be applied to real data.

To quantify the separability of these distributions, we can employ the distribution
overlap coefficient (OVL) which varies on a scale of [0,1] such that 1 indicates complete
overlap, and 0 indicates no overlap. Unsurprisingly, the D2 distributions for the large
and small Beta Events produce an OVL of 0.80 due to the clearly visible high degree of
overlap, whereas when comparing the D,z distributions they exhibit almost no overlap

with an OVL of approximately 0.00 (Figure 3.7C).

We note that unlike the simulations from the previous sections, where all parameters
were deterministic, the exogenous drive times considered here are stochastic. As a result,
there is not a 1:1 mapping from parameters to simulation output. To highlight this,
Figure 3.7B shows simulations with parameters drawn from their respective posterior
distributions (black traces). This visually represents the PPC diagnostic, where simulations
from each posterior are close to the conditioning observation, but not a perfect match. In
this setting, the stochasticity in the simulations make it so that measures such as PPC’s
are not guaranteed to be zero even with a perfect approximation of the ground truth
posterior distribution. We additionally observe a pattern in the local PRE heatmap of D2,
indicating that this parameter is accurately recovered from simulations generated with a
D, of approximately 5 ms? (Figure 3.7D) and worsens for higher and lower values of D:.
The PRE heatmap of P,2 shows all values close to zero demonstrating that the parameter

is accurately recovered across the entire range of the prior distribution (Figure 3.7E).

In summary, the Beta Event example demonstrates how SBI can be used to estimate
parameter distributions for given time series waveforms, and to compare potential mecha-
nisms underlying different waveforms. For the example comparison shown, the variance of

the proximal drive could be uniquely inferred while the variance of distal drive could not.
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SBI reveals parameter interdependencies for suprathreshold Event Related

Potential simulations in HNN

In the Beta Event example above, the effective strength of the proximal and distal
input were maintained in a range where the activity of the cells remained subthreshold,
which naturally limits the dynamic range of the simulation. Next, we consider a more
complex example, in which the cells are driven to a suprathreshold spiking regime and
show that this additional complexity can lead to parameter estimation indeterminacy that

indicates a compensatory interaction between parameters.

The example considered describes simulations of a sensory evoked response or event
related potential (ERP). HNN has been applied to study source localized ERPs in primary
somatosensory cortex from tactile stimuli (e.g. Jones et al. (2007, 2009)) and in primary
auditory cortex from auditory stimuli (e.g. Kohl et al. (2022)). In both cases, ERPs
were simulated with a sequence of exogenous input that represented an evoked volley
of drive to the local circuit that occurs after a sensory stimulus. The drive sequence
consisted of a proximal drive representing the initial feedforward input from the thalamus,
followed by a distal drive representing feedback input from higher order cortex, followed
by a second proximal drive representing a loop of re-emergent thalamocortical drive (see
schematic red and green arrows in Figure 3.8A). These drives were strong enough to
generate spiking interactions in the local network and induced current flow up and down
the pyramidal neuron dendrites to generate a current dipole ERP waveform analogous to
those experimentally recorded (Figure 3.8A). Note, here we are not examining recorded
data, but only example simulations. The specific timing of this exogenous drive sequence
for example simulations is shown with arrows in Figure 3.8B. The parameters regulating
the timing and the strength of these drives were fixed to the same values for the different

conditions considered.

HNN has also been applied to infer neural mechanisms underlying differences in ERP

waveform shapes recorded across different experimental conditions (e.g. for tactile evoked

73



responses in Jones et al. (2007)). Here, we are not trying to reproduce any empirical
findings but rather apply SBI to an ERP simulation as in Jones et al. (2007) to examine
the influence of changes in local network connectivity on the ERP waveform as a proof
of concept example that examines a small subset of parameters distinct from our prior

investigation.

We start by simulating example ERPs with different peak magnitudes as shown in
Figure 3.8B as follows. ERPs were generated using a sequence of exogenous proximal-
distal-proximal inputs (Figure 3.8A and as described above). The parameters representing
the timing and strength of the sequence of exogenous proximal and distal input to the
local circuit were chosen to be those distributed with the HNN software representing
an example tactile evoked response simulation and fixed to those values (see Table 4.1).
We then defined a prior distribution over parameters that define a small subset of the
local network excitatory and inhibitory connectivity (Figure 3.2A). These parameters
included the maximum conductance (g) of layers 2 and 5 excitatory AMPA (Ers / Eis)
and inhibitory GABAA (I12 / I15) connections to the L5 pyramidal cell. Specifically, Fys
and I1o pertains to synapses on the distal dendrites, Er5; on proximal dendrites, and Ii5
on the soma. Note that there exist more local network connections than those varied
here as shown in Figure 3.2A and this chosen prior distribution was not based on any
hypothesis or prior knowledge of the impact of local parameters on the ERP, but rather

as a tractable example.
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Figure 3.8: Inferring local connectivity parameters from ERP waveforms. A:
Schematic of ERP simulations in HNN. Evoked activity is driven by a fixed sequence of
proximal-distal-proximal exogenous inputs. SBI is used to infer the maximal conductance
strength (g) of local excitatory /inhibitory connections to the proximal/distal dendrites
of L5 pyramidal neurons for example waveforms. B: Exemplar simulated ERPs (blue
and orange solid lines) with differing local connectivity strengths chosen from a defined
prior distribution (described in the text) are shown, along with the fixed timing of the
sequence of exogenous inputs for each simulation (red and green arrows). C: Spike
raster plots of cell specific firing for the two ERP simulation conditions from panel B.
D: Posterior distributions over local connectivity parameters alongside ground truth
parameters (stars on diagonal) for conditioning observations. A strong interaction between
excitatory /inhibitory distal inputs (Epr, and I1) is visible in the lower square. Overlap
coefficients (OVL) quantifying the separability of the marginal posterior distributions
conditioned on each waveform are shown on the diagonal for the corresponding parameters.
Ero and I, exhibit a small amount of overlap with OVL values of 0.011 and 0.190
respectively. In contrast Ep; and Ip5 were much more distinguishable, exhibiting OVL
values of 2.28e-5 and 1.59e-13 respectively. E: Local parameter recovery error (PRE) for
distal inhibition I, indicates errors are higher for observations generated with strong
excitatory Ero and weak inhibitory [I1» distal connections.
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Two example ERPs produced by networks with different local connectivity are shown
in Figure 3.8B. The ground truth parameters that created these waveforms are shown with
stars in Figure 3.8D. Despite being activated by an identical exogenous input sequence, it
is apparent that the local network connectivity differences lead to dramatically distinct
current dipole ERP waveforms and corresponding spiking activities. In Figure 3.8C the
spiking activity associated with each waveform is largely distinguished by the activity of
L5 pyramidal neurons (red dots), with more firing in Condition 2 (orange waveform). For
Condition 1 (blue), the first proximal input leads to the beginning of a sustained negative
deflection in the current dipole, which persists during the subsequent distal input due to
prolonged activation of the L5 basket cells which inhibit the L5 pyramidal neuron soma
to pull current flow down the dendrites. Once this inhibition ends, the L5 pyramidal
neuron is able to spike, pushing current flow back up the dendrites and the subsequent
volley of proximal drive continues to push current flow up and down the pyramidal neuron
dendrites due to a similar spiking dynamic. This is in contrast to Condition 2 (orange)
in which L5 pyramidal neuron spiking starts almost immediately after the first proximal
input and persists, pushing current flow up the dendrites to create a sustained positive

deflection in the current dipole that persists through the entire simulation.

Figure 3.8D shows the results of applying the HNN-SBI framework with the PCA30
(variance explained=0.999) summary statistic to estimate the ground truth parameters
that generated the ERP waveforms described above. It is apparent that the posterior
distributions conditioned on each waveform place high probability mass around the
corresponding ground truth parameters (Figure 3.8D, stars on diagonal), but also exhibit
strong indeterminacies. For example, for each condition, there is a clear interaction
between Epo and Ir,, such that as one parameter increases the other also increases,
suggesting that these two parameters can compensate one another in a limited range to
maintain a constant waveform. We can also observe that between the two conditions

there are apparent differences in L5 pyramidal neuron spiking, as well as the sustained
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negativity (blue) and positivity (orange) observed in the current dipole due to the complex

dynamics that each parameter configuration creates.

To quantify the separability of these distributions, we calculated the OVL coefficient for
the marginal distributions of all parameters (Figure 3.8D diagonal). Estimated parameter
distributions of the synapses on the layer 5 distal dendrites, Ey1s and I1, exhibit a small
amount of overlap across conditions with OVL values of 0.190 and 0.011 respectively.
The parameter distribution of the synapses on layer 5 somas however were much more
distinguishable for the two conditions, exhibiting OVL values of 2.28e-5 for Fy5, and
1.59e-13 for Iy;. We additionally performed diagnostic analysis of the local PRE to see
how recovery of I, changes as a function of I, itself, and Eys. Figure 3.8E exhibits a
clear pattern indicating that the recovery of Ir5 is worse when the network exhibits low

I 5 and large Eipp.

In summary, the ERP example provides another demonstration of how SBI can be
used to estimate parameter distributions for given time series waveforms and to compare
potential mechanisms underlying different waveforms. For the hypothetical example
comparison shown, Ey 5 and 15 were uniquely inferred with distributions for the waveforms
compared exhibiting very little overlap. Distributions for Ery and I, were also separable,

albeit with slightly more overlap, and a marked interaction between these two parameters.

3.1.5 Discussion

Inference in detailed biophysical models like HNN is far from a solved problem. Nev-
ertheless, the recent developments in likelihood-free inference techniques have enabled
predictions of parameter distributions with a level of detail and complexity that was
simply not feasible until now. In this study, we detailed step-by-step methods to employ
SBI in detailed models of neural time series data and to assess the quality and uniqueness
of the estimated parameter distributions. We began with a simplified RC-circuit example

which exemplified the possibility of parameter interactions and highlighted limitations
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with chosen summary statistics that do not consider the full time series waveform. We
then demonstrated how distributions of biophysical parameters that can account for a
given time series waveform can be inferred using an integrated HNN-SBI workflow applied
to two common MEG/EEG signal motifs (Beta Events and ERPs) and how to assess
overlap of the distributions from two different waveforms. This work does not aim to be
an exhaustive guide to inference in HNN, nor to focus on specific neuroscientific questions,
but instead to provide useful examples and methods to highlight critical decisions in
the inference pipeline. There are several major takeaways from our study. First, highly
non-linear biophysically detailed neural models like HNN are not suitable for Bayesian
estimation methods that require access to a likelihood function (e.g. variational inference)
or that approximate posterior distributions with independent Gaussians (a.k.a Laplace
approximation). Rather they necessitate a method that can estimate complex posterior
distributions and parameter interactions from a simulated dataset (e.g. SBI with masked
autoregressive flows). Second, an important initial step in the SBI process is to identify a
limited set of parameters and a range of values for those parameters that are assumed
to be able to generate the waveform of interest and variation around it (i.e. the prior
distribution). Due to the large-scale nature of biophysically detailed network models, it is
not possible to perform SBI on all parameters at once. The choice of the prior distribution
represents a hypothesis about parameters that are assumed to contribute to variation in
the waveform. This hypothesis can be informed by domain knowledge of the question
of interest. In the HNN examples shown, the hypothesized parameters of interest for
estimation were the strength of the proximal and distal excitatory synaptic drive for
the Beta Event simulation, and local excitatory and inhibitory connectivity for the ERP
simulation; these parameters were chosen only for didactic purposes. All other parameters
were fixed based on previous studies. Third, posterior diagnostics like PRE and PPC, are
valuable tools to guide decisions in the inference pipeline, e.g. optimal summary statistic
selection, and OVL can be used to assess the uniqueness of estimated distribution for two

different waveforms. Fourth, when estimating parameters that account for time series
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waveforms, summary statistics informed by the full time series such as PCA are the most
effective at retaining essential information for mapping recorded signals to underlying
parameters. While hand-crafted summary statistics, such as peak latency or magnitude,
can permit an accurate mapping for certain waveform features, their selection may be

insufficient to identify unique parameter distributions.

Comparison with inference in MEG /EEG neural modeling frameworks that

rely on dynamic causal modeling

To our knowledge, while there are several modeling frameworks for simulating MEG/EEG
signals, the other frameworks that use likelihood-based Bayesian inference to estimate
parameters fall in the category of Dynamic Causal Modeling (DCM) (Kiebel et al. (2006);
Daunizeau et al. (2011)). It is important to emphasize that while the HNN-SBI framework
conceptually overlaps with DCM, they are two fundamentally distinct techniques which
address different questions. At its base, DCM combines variational inference, a compu-
tationally efficient Bayesian inference algorithm, with neural mass models, as well as an
observation model which translates simulated activity to experimental measures (e.g.,
MEG/EEG). Neural mass models refer to a specific class of neural models where a single
variable represents the aggregate activity of large neural populations (e.g. population spike
rates). The inferred parameters in the DCM framework most often represent the coupling
strength between distinct neural masses (e.g. population nodes). By making simplifying
anatomical and physiologic assumptions, neural mass models in the DCM framework can
be employed in a large variety of inference problems due to their computational efficiency.
However, their ability to make precise biophysical predictions on cellular and local circuit
level processes is limited as the parameters are an abstraction representing population
level activity (Daunizeau et al. (2011)), preventing a one-to-one comparison between
model predictions and experimental measurements. Further, physiologically important
effects like dendritic backpropagation are not represented in neural mass models unlike

HNN. There are, however, advantages of DCM over the HNN-SBI framework that access
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to a known likelihood function and other simplifying assumptions allow. For example,
one critical question that the HNN-SBI framework is currently not suited to address is
inference with multiple spatially separated cortical sources. While theoretically possible,
the high computational demands of HNN-SBI severely limit the ability to explore multi-
area interactions, and highlight the importance of using neural mass models and DCM in
the analysis of whole-brain neuroimaging data. Recent work has shown that neural mass
models can also be integrated with the SBI-framework for whole-brain studies (Hashemi
et al. (2023)), highlighting the adaptability of the SBI methodology to a wide variety
of neural models. Another major limitation of the current framework is that a small
number of parameters must be chosen to create a sufficiently large dataset for amortized
inference. Recent methodological developments in Bayesian model reduction with DCM
have shown that large parameter spaces can be searched over in a computationally efficient
manner (Friston et al. (2019)). Alternatively, previous works have attempted to merge
the DCM and HNN modeling frameworks (Pinotsis et al. (2017); Pinotsis (2020)). This
approach potentially enables one to benefit from the computationally efficient inference
procedures offered by DCM, as well as the biophysical interpretability offered by HNN.
Importantly, this approach necessitated 1) grouping of biophysical parameters in HNN to
enable a one-to-one mapping to DCM parameters, and 2) an equivalent number of excita-
tory and inhibitory neurons in each cortical layer to permit a mean-field approximation
and was applied to infer parameters in non-spiking HNN simulations of brain rhythms.
For hypotheses where these assumptions apply and precise biophysical detail and network
heterogeneity is not a focus the HNN-DCM approach offers a compelling alternative to
HNN-SBI inference framework.

Comparison to other biophysically detailed neural modeling studies and esti-
mation techniques

The simulation process outlined here extends prior work using SBI to estimate pa-

rameters in detailed neural models. Prior work applying SBI to neural models has
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included a single compartment Hodgkin-Huxley model, and the stomatogastric ganglion
model (Gongalves et al. (2020)), both of which include an extensive parameter set, but
contain significantly less detail and are smaller scale models than HNN. Additionally,
non-amortized inference was performed in these models using sequential neural posterior
estimation, allowing a much larger parameter set to be inferred, but only for a specific
single observation. In contrast, we omit the use of sequential methods to perform inference
on multiple observations using the same trained neural density estimator, but at the
expense of the number of parameters that can be inferred simultaneously. Nevertheless,
when only a few parameters are necessary for estimation, SBI offers a powerful tool for
amortized inference in high-dimensional models, with examples ranging from whole-brain
models in systems neuroscience (Lavanga et al. (2022); Hashemi et al. (2023)), to particle
physics models investigating the formation of the Higgs boson (Brehmer et al. (2020)). The
SBI workflow applied here used the neural density estimation technique known as masked
autoregressive flows. There are currently a large number of neural density estimation
techniques beyond this choice, each offering distinct advantages such as sample efficiency,
expressivity, and likelihood evaluation (Cranmer et al. (2020)). While this field is rapidly
evolving, recent concerns have been raised about the limits of such tools in the domain
of Bayesian inference for scientific discovery (Hermans et al. (2021); Ward et al. (2022)).
Unfortunately, there currently exist very few techniques for the validation of posterior
distributions learned through neural density estimation beyond PPC and PRE diagnostics
shown here. One promising work is simulation-based calibration (Talts et al. (2020)),
which plays a similar role as PPC’s by measuring properties the posterior approximation
should satisfy if it is close to the ground truth. It is important to note, however, that this
technique assesses the quality of the posterior approximation for the marginals of each
parameter separately. More research in the domain of multidimensional calibration in the
context of likelihood-free inference will be crucial to better represent complex parameter

interactions like local E/I balance, as shown in Figure 3.8.
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Nearly all parameter estimation techniques in high-dimensional biophysically detailed
neural modeling will be computationally expensive. Indeed, SBI with HNN has a high
computational load (for each example shown here, 100,000 simulations were run on a
computing cluster in parallel over 512 CPU cores). While the upfront computational
costs are high, there are advantages to SBI over other estimation techniques, for example
COBYLA estimation, which has also been applied in HNN (Neymotin et al. (2020)). The
main distinguishing factor is that SBI makes use of every simulation to build an accurate
approximation of the posterior distribution for many waveforms. In contrast, COBYLA
uses simulations to iteratively search for an optimized parameter set for a single waveform.
Once trained, the neural density estimator in the SBI framework can be applied again
on new time series waveforms (that fall within the prior distribution) without retraining.
As shown in the results, the posterior distribution is an object with several utilities.
We emphasize the mapping between observations and ground truth parameters in this
paper, but there are alternative uses such as parameter optimization via non-amortized
inference (Greenberg et al. (2019)), as well as building a more basic understanding of the
model itself. Further, significant research efforts currently underway have the potential
to decrease the computational cost of likelihood-free inference, making these techniques

more accessible.

As an alternative to SBI, there has been substantial work in using probabilistic pro-
gramming languages (PPL) to enable Bayesian inference on stochastic simulators. Models
implemented in a PPL can be used in combination with modern inference algorithms
(i.e. NUTS and ADVI) which have a dramatically lower computational cost compared to
SBI (Hashemi et al. (2020, 2021); Vattikonda et al. (2021); Jha et al. (2022)). Unfortunately
such approaches have the drawback that existing simulators must be completely rewritten
in a PPL which may even compromise the efficiency of running forward simulations.
Nevertheless, these techniques have proved highly useful for inference in large-scale neural

simulators, and can potentially be combined with surrogate models that approximate the
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forward simulations of existing models.

Other important future directions

In this study, we showed that PCA is the appropriate choice when compared to simple
hand-crafted summary statistics when performing SBI on time series waveforms. However,
PCA is constrained to preserve high-variance features, when in fact low-variance features
may also be critical for identifying certain parameters. An important line of future work is
the improvement of methods to learn summary statistics from neurophysiological signals
that can help identify features of the signal that are essential for accurate parameter
estimation. A promising development in this domain is the use of embedding networks
that are trained to estimate summary statistics simultaneously with the neural density
estimator used to approximate the posterior distribution that can account for those
summary statistics (Dax et al. (2021a,b); Greenberg et al. (2019); Coelho Rodrigues and
Gramfort (2020)). Currently, it is unclear if existing methods to train these embedding

networks coupled to neural density estimators are sufficient and require further analysis.

Our HNN-SBI examples focused on making inferences by constraining only to one
output of the model; namely simulated current dipole waveforms. However, due to the
multi-scale nature of the HNN model there are many other model outputs that could help
constrain the inference problem, such as cell spiking profiles, and/or local field potential
signals. A major advantage of the Bayesian framework is the ability to flexibly integrate
multiple features into the parameter estimation. If additional multiscale data is known,
properties of this data can provide further summary statistics over which the inference

problem can be constrained.

An important limitation of the current study is a characterization of how observation
noise impacts posterior parameter inferences, and which summary statistics are more or less
robust to such noise. In our study, PCA30 was found to perform best for parameter recovery,

however the information gained from such low variance features may be highly sensitive
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to noise. Similarly, the hand-crafted summary statistics like Peak and BandPower may be
particularly impacted by noise. The sensitivity of neural density estimators to observation
noise, and more generally identifying model misspecification, is an open problem in the
SBI field (Ward et al. (2022); Cranmer et al. (2020)) and an important direction for future
research. Careful parameterization of observation noise, and establishment of predictive
validity of the model using real data, will be critical next steps for robust inferences with

the HNN-SBI framework.

Conclusion

Using detailed neural models in a Bayesian framework is the product of significant
developments in machine learning, biophysical modeling, and high-performance comput-
ing that have evolved largely independently. Our results demonstrate that large-scale
biophysically detailed models, like HNN, are now amenable to Bayesian methods via the
SBI framework, an approach that has not been feasible in the past. However, this novel
combination produces new conceptual and technical challenges that must be addressed to
effectively use these techniques. While in this work we provide guidelines for addressing
such challenges, more research in the domains of neural modeling and likelihood-free
inference are needed. It is apparent that the combination of HNN with SBI is a step
forward for making mechanistic inferences underlying MEG/EEG biomarkers, with the
potential to provide novel circuit-level predictions on disease and neural function. Our
results lay the foundation for similar integration of SBI into the growing number of

biophysically detailed neural modeling frameworks to advance neuroscience discovery.

3.1.6 Supporting information
Prior distribution setup and sampling

Prior samples 6; € R? were generated by using the PyTorch Uniform distribution on the

interval [0,1). The values in each dimension were then linearly mapped to the range of their
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corresponding parameter values. For parameters specifying the maximum conductance g
(nanosiemens, nS ) of synaptic connections in HNN| the values were exponentiated in base
10 after being mapped to the appropriate range. This is to account for the saturating
impact of conductance on model outputs, and is employed in previous SBI work with

biophysical models (Gongalves et al. (2020)).

Table 3.1: Simulation parameters and SBI training

RC Circuit Range Transform
Amplitude 1 (mA) | (0, 1) linear
Amplitude 2 (mA) | (0, 1) linear
Latency (ms) (-75, 75) linear
HNN “RC” Range Transform
Distal Exc (nS) (le-4, 1e-3) | exponential
Proximal Exc (nS) | (le-4, 1le-3) | exponential
Latency (ms) (-75, 75) linear
Beta Events Range Transform
Distal Var (ms?) (0, 10) linear
Proximal Var (ms?) | (0, 40) linear
ERPs Range Transform
Distal Exc (nS) (le-5, 1) exponential
Proximal Exc (nS) | (le-5, 1) exponential
Distal Inh (nS) (le-5, 1) exponential
Proximal Inh (nS) | (le-5, 1) exponential

The prior support and transform function for the parameters of examples shown in the
text.

Simulation and SBI training

Prior samples and simulations were all generated and stored in the form of NumPy
binary arrays before neural density estimator training. The SBI Python package was used
for all neural density estimator training and posterior evaluation. A masked autoregressive
flow architecture was utilized for approximation of the posterior distribution. Posteriors
for all examples were trained using a dataset of 100,000 samples from the prior distribution.
Gaussian white noise was added to training observations z; (Rothfuss et al. (2020)). The
variance of the Gaussian noise added to observations was 0.01 for RC circuit simulations,

and le-5 for HNN simulations.

85



All analysis was performed on the Expanse supercomputing cluster managed by
XSEDE and the Neuroscience Gateway. HNN simulations were generated using the Dask
distributed scheduler configured for the SLURM workload manager. When distributed
across 256 CPU cores, the simulated dataset for each example generally took <8 hours to
generate. The neural density estimator took <20 minutes to converge when trained on

the CPU of a single computing cluster node with 32 cores.

Diagnostic heatmaps were constructed by defining a grid over the support of the prior

with a range of [0.05, 0.95]¢, with a resolution of 10 samples in each dimension d.
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3.1.7 Data and code availability

All code for analysis and figure generation is available at https://github.com/
ntolley/hnn_sbi_examples. Data produced from simulation generating code, and exper-
imentally recorded MEG Beta Event data from Sherman et al. (2016); Jones et al. (2009), is

available on the Open Science Framework at https://doi.org/10.17605/0SF.I0/VZ97X.

Results of diagnostic analyses of the RC circuit and simplified HNN examples for all
parameters can be found in the files hnn rc_diagnostics.csv and

rc_circuit_diagnostics.csv in the same repository.

3.2 Ultrafast connectivity optimization of large-scale

biophysical network models with deep learning

Contributing Authors

Nicholas Tolley! and Stephanie R. Jones®.

3.2.1 Summary

Understanding the relationship between network connectivity and emergent neural
dynamics is a fundamental and unsolved problem in neuroscience. Detailed biophysical
models can simulate highly realistic neural circuits with biologically interpretable parame-

ters, providing a powerful way to study neural dynamics. However, their use is challenged

!Department of Neuroscience, Brown University, Providence, Rhode Island, United States of America

87


https://github.com/ntolley/hnn_sbi_examples
https://github.com/ntolley/hnn_sbi_examples
https://doi.org/10.17605/OSF.IO/VZ97X

by an overwhelming number of model parameters, computationally expensive simula-
tions, and complex mappings from model parameters to simulation outputs. Previous
work has demonstrated that deep neural networks (surrogate models) can be trained to
approximate compartmental neuron models, offering simulation speeds that are orders
of magnitude faster. Here, we extend this work by implementing surrogate models of
individual cells (Figure 3.9B-E) and using a spiking neural network (SNN) architecture to
connect them into a biophysical network model (Figure 3.10). This construction permits
efficient gradient-based optimization of cell-cell connectivity parameters (Figure 3.11),
and the ability to optimize to complex neural activity patterns. We demonstrate the
effectiveness of this approach by using surrogate models to approximate a detailed model
of the neocortex, the Human Neocortical Neurosolver (HNN) (Figure 3.9A). As a proof-of-
concept, we infer the strength of connectivity among neurons that gives rise to 15-60 Hz
oscillations from noisy background drive (Figure 3.11A-C), with corresponding predictions

on cell spiking activity (Figure 3.11C-F).

These methods open detailed biophysical modeling to questions that have been previ-
ously restricted to more abstract mathematically-tractable models with limited biological
interpretability. Important future applications include the study of multi-area network

models and cortical traveling waves.

3.2.2 Training deep neural networks to be surrogate models for

biophysical neurons

We chose HNN (Neymotin et al. (2020)) as the biophysical network model to be
approximated by surrogate models (Figure 3.9A). HNN is a large-scale detailed model of
a cortical column designed to simulate electrical currents (i.e., current dipoles) underlying
M/EEG signals with interpretability at the cell and circuit level. The 4 principle cell

types in the model are L2/3 and L5 excitatory pyramidal (e) and inhibitory (i) neurons.
A TCN-LSTM (temporal convolutional network - long short-term memory network)
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Figure 3.9: Surrogate model accurately predicts compartmental voltage responses and
net current dipole of individual neurons in HNN. A: The HNN cortical column model is
composed of 4 distinct cell types: L2/3 and L5 excitatory pyramidal (e) and inhibitory (i)
neurons. B: The surrogate model is trained to take synapse activation times as input, and
outputs compartmental voltages and current dipole signals. C: Predictions of the surrogate
model (teal) compared to L5e neuron simulations (black). Predictions include membrane
potentials of the apical tuft (top panel) and soma (bottom panel), as well as intracellular
axial current flow which underlies EEG measured current dipoles (bottom). D: Detailed
view of somatic voltage during subthreshold synaptic inputs for HNN and surrogate model
(TCN-LSTM). Colored ticks at the bottom correspond to AMPA (dark blue), NMDA
(light blue), and GABAa (red) inputs. E: Same as panel D for suprathreshold synaptic
inputs. F Comparison of parallelized simulation time for multiple L5e neurons. Surrogate
model (TCN-LSTM) simulations are orders of magnitude faster than HNN simulations
for large numbers of neurons (>500).

implemented in PyTorch was trained to predict the response of individual neurons to a
train of input spikes based on the methods of Oléh et al. (2022) and Verhellen et al. (2024)

(Figure 3.9B). The training and validation sets were produced by activating all excitatory
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AMPA synapses with random spike trains of 10 Hz Poisson noise (independently across
compartments). The final trained surrogate model accurately predicted compartmental
voltages and current dipoles (Figure 3.9C). For Lb5e, the correlation between the HNN
simulation and surrogate model predictions on a held-out validation set was 0.843 and
0.861 for the membrane potentials at the soma and apical tuft, and 0.772 for the current

dipole.

A higher resolution view of validation set simulations is shown in Figure 3.9D for
subthreshold synaptic inputs, and Figure 3.9E for suprathreshold synaptic inputs. In these
simulations, synaptic input is only provided to the soma to clearly visualize the response
to activation of different synaptic receptors, namely AMPA (dark blue), NMDA (light
blue), and GABAa (red). The surrogate model accurately approximates the subthreshold
response to synaptic inputs. For example, the surrogate model closely matches the
depolarization produced by temporal summation of the repeated excitatory inputs visible
at 500 ms (Figure 3.9D). The surrogate model is additionally able to accurately predict
the timing and shape of action potentials produced by suprathreshold synaptic inputs
(Figure 3.9E), with the only discrepancy occurring at approximately 400 ms where a spike

occurs in the HNN simulation (black) that is not present for the surrogate model (teal).

A major benefit of using surrogate models is the computational efficiency of simulating
many neurons in parallel. Figure 3.9F plots the simulation time of HNN (black) and
surrogate model (teal) L5e neurons with respect to the number of neurons simulated in
parallel. At low numbers of neurons (<100), HNN and surrogate models simulation times
are roughly comparable. However, as the number of neurons increase HNN simulations
exhibit a supralinear increase in simulation time, with respect to a nearly linear increase for
surrogate models. For 1000 neurons, the surrogate model simulation time is approximately
1 second, compared to 80 seconds for the HNN model. These results suggest that surrogate
models may be a good choice for approximating the simulation of large networks of

biophysical neurons. The results shown here were produced with a single GPU, suggesting
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that surrogate models can enable investigations with large-scale biophysical network

models even when access to computational resources are limited.

3.2.3 Connecting single-cell surrogate models with a deep learn-

ing based SNN architecture

The single-cell surrogate models were then connected in a cortical microcircuit based
on the cell-cell connectivity structure defined by HNN, with 50 excitatory and 16 in-
hibitory cells in each layer. Figure 3.10 directly compares simulated current dipoles and
spiking responses between HNN and the surrogate model with the default local synaptic
connectivity of the HNN model (Figure 3.10A-B), and a modified connectivity where the
L5i — Lb5e synaptic conductance was increased by a factor of 10 (Figure 3.10C-D). Each
network was activated with a 10 Hz poisson drive delivered to AMPA receptors at the
proximal and distal dendrites of the model (Neymotin et al. (2020)). Simulations for
the default model connectivity were largely similar with large synchronous bursts of Lbe
neurons occurring approximately 200 ms apart (Figure 3.10A-B bottom panel), and a
corresponding large negative deflection in the current dipole (Figure 3.10A-B top panel).
The surrogate model does exhibit slight discrepancies, specifically with narrower peaks in
the current dipole compared to HNN simulations, and substantially more synchronized

firing of L5e neurons (Figure 3.10A-B).

In the simulations with increased Lbi — Lbe connection strength, L5e neuron spiking
is completely eliminated in both HNN and the surrogate model (Figure 3.10C-D bottom
panel). As a result, the current dipole response is observed to be an order of magnitude
smaller than the default network (Figure 3.10C-D top panel, note scale bar of 1 nAm). In
summary, connecting single-cell surrogate models into a cortical microcircuit that matches
the HNN model provides a good approximation of network-level simulations. There are
slight discrepancies between the HNN model simulations and the surrogate network model,

which would likely be reduced with increased training of the single-cell surrogate models.
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Figure 3.10: Network surrogate model approximates spiking and dipole response. A-B.
The default synaptic connectivity of the HNN model was simulated with noisy background
inputs (panel A) and compared to a trained surrogate network model with the same
connectivity (panel B). The dipole response (top) and spike response (bottom) are largely
similar, with the surrogate model exhibiting narrower peaks in the dipole (panel B top)
and more synchronous spiking (panel B bottom). C-D: Same as panels A-B except the
local synaptic connectivity was modified such that the L5i — Lbe synapse conductance
was increased by a factor of 10.

3.2.4 Inferring excitatory-inhibitory connectivity that produces

neural oscillations

A potential benefit of surrogate modeling is the ability to use gradient-based optimizers
to tune the connectivity structure (Adam implemented in PyTorch used below). A naive
implementation of a surrogate network model cannot be optimized because thresholding
functions used to determine spiking are not differentiable. Therefore, we adopted tech-
niques from SNN methods and equipped our spike threshold function with an approximate
gradient (the fast sigmoid function) which is critical for performing backpropagation
through the surrogate network model. The major benefit of this approach is the ability
to define complex neural activity patterns as the optimization objective, enabling rapid

identification of connectivity parameters that produce desired outputs.

We tested the network’s ability to optimize connectivity parameters by tasking it to
maximize spontaneous high frequency oscillations (15-60 Hz) in a network driven by 10
Hz Poisson noise (Figure 3.11A). The loss function was defined as

L = —log( 1650 Sx(w)dw) and effectively maximizes 15-60 Hz power in the dipole signal
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Figure 3.11: A: Power spectral density of dipole produced by initial (black) and final
(teal) connectivity parameters. B: The optimizer efficiently maximized high frequency
band power. C: Simulated dipole shows high frequency oscillations (teal) with final
connectivity parameters. D: Spike raster of initial parameters. E: Spike raster of final
parameters. F: Optimization of cell-cell connection weights on each epoch.

X(t). The optimizer rapidly increased high frequency power from an initial connectivity
configuration that produced low frequency activity in the alpha (8-12 Hz) range to a
final configuration that produced substantially more activity in the beta (15-30 Hz) range
after 10 epochs (Figure 3.11A-C). Spike rasters of the initial (Figure 3.11D) and final
(Figure 3.11E) configurations show that both oscillations are due to synchronous firing
of L5e cells. Inspection of connectivity modifications (Figure 3.11F) reveals changes
were made exclusively to L5e targeting projections, reflecting L5 pyramidal cells as the
main contributor to M/EEG dipoles. L2i—L5e connections were strengthened, whereas
L5i—Lb5e connections were weakened, suggesting that L2 and L5 inhibitory neurons play

opposing roles in determining oscillation frequency in this proof-of-concept example.
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4.1 Abstract

Recurrent neural networks (RNNs) have proven to be highly successful in emulating
human-like cognitive functions such as working memory. In recent years, RNNs are
evolving to incorporate more biophysical realism to produce more plausible predictions on
how cognitive tasks are solved in real neural circuits. However, there are major challenges
in constructing and training networks with the complex and nonlinear properties of
real neurons. A major component of the success of RNNs is that they share the same
mathematical base as deep neural networks, permitting highly efficient optimization of
model parameters using standard deep learning techniques. To do so, they use abstract
representations of neurons which fail to capture the impact of cell-level biophysical and
morphologic properties that may benefit network-level function. Expanding task-trained
RNNs with biophysical properties such as dendrites and active ionic currents poses
substantial challenges, as it moves these models away from the validated training regimes

known to be highly effective for RNNs.

To address this gap, we developed a biophysically detailed reservoir computing (BRC)
framework with the goal of extracting mechanistic insights from biophysical neural models,
and propose that these insights can be used to guide model choices that will work for specific
categories of cognitive tasks. The BRC network was constructed with synaptically coupled
excitatory and inhibitory cells, in which the excitatory cells include multicompartment
biophysically active dendrites; motivated by empirical studies suggesting dendrites have
desirable computational benefits (e.g. pattern classification and coincidence detection).
We trained the BRC network to do a simplified working memory task where it had to
maintain the representation of an extrinsic “cue” input. We studied the impact of extrinsic
input time constants (fast AMPA vs slow NMDA) and location (dendrite vs soma) on the
ability of a network to solve the task. Our results revealed that cue inputs through NMDA
receptors are particularly efficient for solving the working memory task. Further, the

properties of NMDA receptors are uniquely suited for cue inputs delivered at the dendrite,
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as networks trained with dendritic AMPA cue inputs failed to solve the task. Detailed
examination of the cell and network dynamics that solve the task reveals distinct local
network configurations and computing principles for the different types of extrinsic input.
Overall, much like the body of mechanistic insights that have underpinned the success of
training RNNs; this study lays the groundwork for applying the BRC framework to train

biophysically detailed neural models to solve complex human-like cognitive tasks.

4.2 Introduction

Recurrent neural networks (RNNs) are a highly popular deep learning architecture
that have most prominently been used for forecasting and classification tasks involving
time series (Yu et al. (2019)). In recent years, they have been adapted to solve more
neuroscience-relevant cognitive tasks that emulate human behaviors, such as working
memory (Soo et al. (2023); Pals et al. (2024); Vyas et al. (2020); Pascanu and Jaeger
(2011)). Task-trained neural models such as RNNs are useful tools for emulating neural
dynamics that can solve cognitive tasks, but they lack biological realism that may convey
useful computational properties (Yang and Molano-Mazén (2021)). While adding biology-
inspired properties is a valuable goal for advancing the field, it is important to recognize
that the historical success of task-trained neural models is largely due to their shared
building blocks with deep neural networks, and the decades of research allowing scientists
to know “what works” for training these simplified non-biophysical networks. Deep neural
networks don’t work out of the box, their success builds upon the mechanistic insights
developed over vast prior research which inform choices such as network architecture (Khan
et al. (2020)), data augmentation (Taylor and Nitschke (2018); Shorten and Khoshgoftaar
(2019)), weight initialization and parameterization (Narkhede et al. (2022); Hanin and
Rolnick (2018); Salimans and Kingma (2016)), loss function construction (Janocha and
Czarnecki (2017); Wang et al. (2022)), and many other features. When adding biological

realism, we are moving entirely away from the validated regimes where we confidently
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know which choices work, as evidenced by the highly distinct set of methods that have
been developed for the training of spiking neural networks (SNN, Eshraghian et al.
(2023); Kim et al. (2019); Nicola and Clopath (2017); Arthur et al. (2023); Wang et al.
(2023); Neftci et al. (2019)). SNNs already represent a dramatic departure from the basic
foundations of RNNs (communication by spikes), however they represent a relatively
minor modification with respect to the complexity of biophysically-detailed neural models.
These issues highlight a need to develop mechanistic insights that help anticipate which
choices work for a given task, and for the level of biological detail added to the network.
Establishing mechanistic insights in task-trained biology-inspired RNNs with simple tasks
(e.g. maintaining persistent representations) is an essential first step to filling this gap, and
sets the foundation for scaling these models to challenging tasks that require manipulation
of information held in working memory. Examples of complex cognitive functions that
interact with working memory include abstract reasoning (D’Esposito (2007)), decision
making (Murray et al. (2017)), planning (Gilhooly (2004)), and the execution of behavioral

sequences (Rhodes et al. (2004)).

Motivated by identifying such mechanistic principles, in this study we considered the
problem of expanding an RNN to include multicompartment biophysical neurons that have
dendrites and active ion channels, and training it to solve a simplistic working memory
task that requires maintaining a persistent representation of an external cue (e.g. external
input Figure 4.1A and B). The addition of dendrites with active ion channels is, in our
view, the most useful first step to expand biological realism, as dendrites are considered
a promising addition for constructing more brain-inspired RNN models, with numerous
empirical and computational studies indicating their unique computational benefits for
processing task-relevant information from extrinsic sources (Larkum (2022); Poirazi and

Papoutsi (2020)).

A major contribution of this study is the creation of a novel biophysically-detailed

reservoir computing (BRC) framework (Figure 4.1B), which was specifically developed for
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Figure 4.1: Biophysical reservoir computing. A: The goal of this study was to
provide mechanistic insights to guide the construction and training of biophysical neural
models to solve cognitive tasks. We focused on choices related to providing task-relevant
extrinsic inputs to the network. 4 distinct networks were trained to perform a working
memory task with fixed extrinsic input properties. These included slow time constant
“NMDA-like” inputs at the dendrite or soma (NMDAgeng and NMDAgqpa ), and fast time constant
“AMPA-like” inputs at the dendrite or soma (AMPAgenq and AMPA,,,). B: Schematic of the
biophysical reservoir computer (BRC). The basic building blocks are multicompartment
neurons representative of cortical excitatory and inhibitory neurons. Extrinsic inputs
are delivered through a population of spiking neurons that are tuned to task-related
information. The biophysical reservoir consists of recurrently connected excitatory and
inhibitory neurons. Outputs are calculated as a weighted combination of the firing rates
of a subset of neurons. C: With extrinsic input properties fixed (panel A), the local cell
(i.e. ion channel conductance) and network (i.e. synaptic connectivity) parameters of the
BRC were optimized for the working memory task. D: Cue information for the working
memory task (u; and us) is delivered for a brief 25 ms period. The target output of the
network (7 and %) is a 2 dimensional vector that matches the sign of the cue inputs.
The goal of the task is to match the target output after the termination of the cue input.
E: Schematic neural trajectories of a network successfully trained to perform the working
memory task. Each trajectory represents a separate trial condition. F: Outputs of a
network successfully trained to perform the working memory task.

deriving mechanistic insights from more biophysical RNN models trained to solve cognitive
tasks (i.e. working memory). We directly build upon the biophysical modeling platform
Jaxley (Deistler et al. (2024)), a powerful software package which applies modern deep
learning techniques to the simulation and training of detailed biophysical neural models.
Due to the complexity of the BRC network, current optimization methods available in

Jaxley (e.g. gradient-based optimization) were insufficient to train the network on the
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working memory task. Therefore, we developed a novel deep learning based evolutionary

algorithm (Figure 4.2A see “Neural flow evolution” section of Methods).

Reservoir computing was intentionally chosen for the purpose of finding network
configurations that can perform the task, as opposed to targeted optimization of parameters
on a cell-by-cell basis. Reservoir computing refers to a system where input signals are
mapped into a high- dimensional space through the activity of a fixed dynamical system
(i.e. the reservoir) (Tanaka et al. (2019); Damicelli et al. (2022); Zhang and Vargas (2023)).
The training primarily occurs on the linear readout weights, and shared parameters of the
reservoir that shape its response characteristics. The rationale is that we are looking to
identify computationally useful properties (e.g. connectivity rules, spatial distribution
of ion channel conductances, ideal morphologic complexity of dendrites) that can be
generalized to any network obeying a limited set of biological constraints. This method is
similar to pre-training of deep neural networks, where the goal is to create a generically
useful base network that can be fine-tuned to a specific task (Hasson et al. (2020); Erhan
et al. (2010); Larochelle et al. (2009)).

We hypothesize that expanding task-trained neural models to include dendrites ne-
cessitates a careful treatment of 1) the location (e.g. dendrite vs. soma) and synaptic
time constants of the extrinsic “cue” input onto the dendrite-equipped neurons, and
2) the intrinsic biophysics (e.g. ionic currents) and local synaptic connectivity of the
dendrite-equipped neurons (Figure 4.1A). These hypotheses are largely motivated by
experimental neuroscience indicating the importance of the aforementioned properties for

working memory.

With respect to synapse time constants, numerous experimental and computational
studies have implicated NMDA receptors as a vital component of working memory in
the neocortex (Wang (2021); Self et al. (2012); Vugt et al. (2020); Stefanos et al. (2019)).
The most compelling forms of evidence demonstrate that selective blockade of NMDA

receptors in dorsolateral prefrontal cortex impairs persistent firing of cortical neurons
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(Vugt et al. (2020); Wang et al. (2013)). The distinctive property of NMDA receptors is
their slow time constants, and magnesium ion block (Abbott and Dayan (2001)). These
properties combine to function as a coincidence detector, where slight depolarization of the
postsynaptic neuron is required to remove the magnesium ion block from NMDA receptors.
If a presynaptic neuron delivers glutamate to a postsynaptic NMDA receptor, coincident
with a slight depolarization of the postsynaptic neuron, then a sustained depolarization

occurs due to the slow time constants of NMDA receptors.

With respect to synapse location, NMDA receptors in rodents are observed to be
selectively enriched at distal regions of the apical dendrite, and decrease with closer
proximity to the soma (Bittner et al. (2012)). These experimental observations suggest
that NMDA serves a functional role that is potentially related to the physiology of
pyramidal neuron dendrites. Further, numerous studies have emphasized that this spatial
localization of NMDA receptors underlies several of the potential computational benefits
provided by dendrites (Rhodes (2006); Palmer et al. (2014); Schulz et al. (2018); Olah
et al. (2025); Major et al. (2013)).

While these experimental and computational studies are promising indicators that
both synapse location and time constants are critical components of working memory;,
it is unclear if this conclusion holds in task-trained biophysical models that are not
necessarily constrained to match real brain activity. It is important to emphasize that
the framework described here was not designed for determining how computations are
carried out in real brains. Instead we ask the following question: if you are allowed
to recombine cell-level building blocks of biology, which biophysical properties provide
task-specific computational benefits that can be transferred to biology-inspired artificial
intelligence (AI) systems? While the choice in biophysical properties can be motivated
by neuroscience literature, the trained models are not required to mimic realistic brain
activity. This allows a disentanglement of the functional role of biophysical properties,

from biological constraints imposed by real brains that are unrelated to the cognitive task
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being considered.

With these considerations in mind, we ask the following questions: Does the synaptic
location and time constants of task-relevant extrinsic inputs representing the cue impact
the ability of a network to maintain persistent representations? (Figure 4.1A-B and
D-F)? How do these variations in extrinsic inputs impact the learned intrinsic biophysics
and local connectivity necessary for persistent representations (Figure 4.1C)? Answering
these questions would provide valuable mechanistic insights for intelligently constructing
task-trained biophysical models, and improve training efficiency by providing validated
choices for biological details (such as connectivity, receptor time constants, morphological
complexity, ion channels, cell heterogeneity, and combinations of these details) thus
avoiding choices that are destined to fail due to the unique mechanistic properties of

biophysical neural models.

4.3 Methods

4.3.1 Biophysical reservoir computing

Neuron simulations were carried out with the simulation software Jaxley (Deistler et al.
(2024)). The biophysical reservoir consisted of 50 excitatory neurons, and 25 inhibitory

neurons (Figure 4.1A).

Excitatory neurons were modeled such that their main morphologic feature was a large
apical dendrite that attenuated synaptic inputs at distal locations (assuming a passive
dendrite). This choice was made to focus on networks with neurons that use active ion
channels to propagate distal synaptic inputs to the soma. Figure 4.6A(iv) shows a schematic
of the excitatory neuron’s morphology. The morphology of the excitatory neurons was
based on an example from Pagkalos et al. (2023) (Figure 3 in the corresponding publication)
titled “A reduced compartmental model that replicates active dendritic properties”. The

excitatory neuron was constructed with 4 compartments total, where each compartment
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had 4 subcompartments over which the voltage was calculated. The length and diameter
of each compartment was as follows: soma (25 x 25 um), 1st apical segment (100 x 2.5 pm),
2nd apical segment (100 x 1 gm), 3rd apical segment (100 x 0.5 gm). Inhibitory neurons
consisted of a single compartment (with 4 subcompartments) representing the soma, with

a length and diameter of (5 x 5 pym).

Both excitatory and inhibitory neurons were equipped with a diverse set of ion channels
available in the base software of Jaxley. The ion channels were based on models described
in Pospischil et al. (2008). These included sodium, potassium, leak, T-type calcium,
L-Type calcium, and slow M potassium channels. The maximal conductance (g) of sodium
and potassium channels were fixed to their default values of 0.05 S/cm? and 0.005 S/cm?.
The maximal conductance of the remaining ion channels were treated as free parameters

to be optimized. The range of values for each parameter are described in Table 4.1.

Our network model included AMPA, NMDA, and GABAa synapses. The synapse
models were imported from the Jaxley-mech library (https://github.com/jaxleyverse/
jaxley-mech), a companion repository to Jaxley (Deistler et al. (2024)). In general, we
used the default parameter values for each synapse, which match the fitted values in
Destexhe et al. (1998). The only exception is for experiments where the time constants of
NMDA and AMPA synapses were modified for extrinsic inputs. See the “Extrinsic synaptic
receptors” section of Methods for a detailed description. The maximal conductance for
each ion channel was set to be equal across all neurons. For excitatory neurons, ion
channel maximal conductance parameters were set separately for the soma (1 value for 1

compartment) and the dendrite (1 value for 3 compartments).

Background noise was delivered through AMPA synapses located on the soma of all
neurons with spike times generated from a poisson-like process. Each neuron received
independent noisy inputs with an average firing rate of 1 Hz and maximum conductance

of 1 x 10~* nS.
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A Watts-Strogatz graph with k=5 neighbors was used to establish the baseline connec-
tivity with a small-world topology (Watts and Strogatz (1998)). Cortical circuits have been
shown to obey small-world connectivity patterns (Sporns and Zwi (2004)), and this unique
topology is believed to promote dynamical complexity in neural circuits (Shanahan (2008);
Pazzini et al. (2021)). Excitatory and inhibitory neurons were recurrently connected
through AMPA and GABAa synapses. Synapse locations included the soma and the 3rd
apical segment (furthest from soma) for excitatory neurons, and exclusively the soma for

inhibitory neurons.

A population of 25 input neurons was used to deliver task-related cue information.
Input neurons synapse at 2 possible locations on excitatory neurons (soma and 3rd apical
segment). Inhibitory neurons received synaptic input at the soma. Synapse identity
to excitatory neurons was either NMDA or AMPA. Input neurons always connected to
inhibitory neurons through AMPA synapses. Input neurons were only connected to half
of the neurons in the biophysical reservoir. The firing rates of the other half of neurons
were used as readouts. This constraint required cue related information to be transmitted

through at least one recurrent synapse for successful performance of the task.

The conductance and connection probability of all connections (input and recurrent)
was treated as a free parameter to be optimized. The range of values for each parameter

are described in Table 4.1.

All parameters described in Table 4.1, as well as fixed parameter values, were set to
be equal for every neuron belonging to the same class (i.e. excitatory soma, excitatory
dendrite, inhibitory, and input neurons). During training with “Neural flow evolution”
(see corresponding section below), the parameter updates were applied uniformly across
all neurons. The primary sources of stochasticity and heterogeneity in the network were

1) distinct populations of excitatory and inhibitory neurons, 2) noisy background inputs,

and 3) probabilistic connectivity.
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4.3.2 Extrinsic synaptic receptors

The kinetics of AMPA and NMDA receptors were modeled according to Destexhe et al.
(1998) and Deistler et al. (2024) as

dr

i a[T| (1 —r)—Br (4.1)

where r is the fraction of receptors in the open state, T is transmitter concentration, «
is the forward rate constant, and [ is the backward rate constant. The AMPA receptor

postsynaptic current [4,,p4 Was calculated as

Iapipa = Gampar(V — Eanvpa) (4.2)

where ganpa is the maximal conductance, V' is the postsynaptic membrane potential,

and Eaprpa is the reversal potential.

The NMDA receptor postsynaptic current Iyypa was calculated as

Invupa = gnupaB(V)r(V — Enxwpa) (4.3)

where B(V') represented a voltage-dependent magnesium block modeled as

1
1 + exp(—0.062V)[Mg**],/3.57

(4.4)

where [Mg2+]o is the extracellular magnesium concentration. We used the default

[Mg**t], = ImM.

As described in Destexhe et al. (1998), the forward and backward rate constants for
AMPA receptors were set to o = 1.1 x 10°M s~ and 8 = 190s~!. The rate constants

for NMDA receptors were set to o = 7.2 x 10*M~!s~! and 8 = 6.65 L.

In the final two sections of the results, we investigated what aspect of NMDA receptor
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properties were important for attractor dynamics. To disentangle the importance of the
rate constants from the magnesium block, we ran simulations where o and g for AMPA
and NMDA were swapped. This allowed simulations of a slow “AMPA-like” receptor, and

a fast “NMDA-like” receptor.

4.3.3 Working memory task

A simple working memory task was used to assess the impact of cell-level biophysical
properties on network-level dynamics. The task required responding to a cue signal, and
maintaining a unique representation of the cue signal until the end of the simulation
(Figure 4.1(D-F)). Cue information was delivered through input neurons activated at
250 ms for a duration of 25 ms. The cue signal consisted of a 2-dimensional vector that
remained at zero in the pre-stimulus period, and immediately took on a value 4 € {—1,1}?

in the cue stimulus period for a total of 4 unique task conditions (Figure 4.1F).

The population of input neurons encoded cue information by mimicking sensory neurons
with a gaussian receptive field. Each neuron was assigned a 2-dimensional gaussian
distribution with a random mean p € [-2,2]? and standard deviation o = (% ).
During the stimulus period where cue information was delivered, a 25 ms current injection
was applied to the soma of input neurons with an amplitude scaling factor proportional

to the gaussian receptive field evaluated at the cue location. The maximum amplitude of

the current injection was set to 0.06 nA.

The output z(t) of the network was defined as a linear readout such that

2(t) = Whit) + b (4.5)

where h(t) approximates the instantaneous firing rate of excitatory neurons, W' is a weight
matrix of shape d x n (d = dimensionality of output, n = number of excitatory neurons),

and b is a bias term. The terms W and b are learned through linear regression. In this

116



study we used Ridge regression with regularization parameter a = 2.0.

Task performance was evaluated with the loss function:

L= (=)~ 5(0)) (4.6

where z(t) is the network output, 2(¢) is the target output, 7" is the total number of
time steps, and t is the current time step. For each set of parameters, the network was
simulated with the 4 unique task conditions for 5 trials making a total of 20 simulations
per parameter set. The loss used for optimization was calculated as the average loss from
leave-one-out cross validation, where 4 of the trials were used to train a linear regression

model to predict outputs on the remaining held out trial.

4.3.4 Neural flow evolution

To optimize parameters of the network model, we took an approach inspired by
evolutionary algorithms (Yu and Gen (2010)), and combined it with neural density

estimation (Papamakarios (2019)) (Figure 4.2A).

The key steps of an evolutionary algorithm include 1) generate the initial population
0 ~ p(f) through uniform sampling of the prior distribution, 2) evaluate the fitness of
the population by simulating parameters 6, 3) select the parent population by choosing
individuals with high fitness (here we selected parents whose fitness exceeded the 90th
percentile of the current generation), and 4) produce offspring by recombining parameters
of the parents. For this study, the fitness of each parameter combination (step 2) was

evaluated as the negative of the loss function such that the fitness is maximized.

A methodological innovation in this study is the use of neural density estimation
(Papamakarios (2019)) to produce offspring from the parent population. Given the
parameters 0 of the parent population, the neural density estimator g4(f) is trained to

maximize the average log likelihood:

117



L(6) = 1= > log as(0,). (4.7)

In this study we used a masked autoregressive flow architecture for neural density
estimation, and trained the estimator with Adam for 5000 iterations. For each generation,
a newly initialized estimator was used. Elitism was implemented in the evolutionary
algorithm such that all parameters and simulations were cached in a common dataset
during optimization. This allowed parameters from previous generations that exceeded
the fitness threshold to be included in subsequent parent populations. To prevent the
algorithm from prematurely converging on parameters sets that produced minimal activity,
we subtracted a large penalty from the fitness of parameters where the mean absolute

value of the output z was less than 0.1.

The formal steps of neural flow evolution are as follows:
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Algorithm 1: Neural flow evolution

input :prior distribution p(6), estimator ¢,(¢), complete dataset D,
training dataset Dipain, number of rounds R, simulations per round N

output : error filtered distribution pp(L,0)

set pp(0) = p(0); D = {}; Divain = {}

forr=1: R do
initialize g4(f)

forn=1: N do
sample 0,, ~ pp(60)

simulate h,, ~ p(h | 6,)

calculate loss L,, <— Ridge(hy, )

add (L, 0,) into D

end

filter Dirain = DI(L < quantile(Ly.qaxny)))

train g, (0) on Diain

end

We used a simulation budget of N = 100 and trained the networks for R = 10 rounds.
Each individual “simulation” actually corresponded to 4 separate simulations for each
condition in the working memory task. As noted above, loss was estimated using leave-
one-out cross validation with 5 repeats. Therefore, 100 x 10 x 4 x 5 = 20, 000
1 second simulations (differential equation solver time step dt = 0.025 ms) were run for the
optimization of each extrinsic input variant. Simulations were run on GPU nodes available
on Brown University’s high-performance computing cluster (Oscar). Optimization of an
individual extrinsic input variant on a single GPU took approximately 15 hours using the

optimization parameters described above.
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4.3.5 Overlap coefficient

To compare the optimized parameter distributions learned by the estimator g,(6), we
used the distribution overlap coefficient (OVL) (Pastore and Calcagni (2019); Tolley et al.

(2024)) which is calculated as:

OVLy(as. ) = [ i (au(61K]). 2,(011) )9 (45)

where g4(0[k]) and §,(0]k]) are two different distributions we seek to compare on the
marginal distribution for the k-th parameter. To calculate the OVL; numerically we used
an evenly spaced grid of size 30¢ over d € N, parameters. The OVL varies on a scale of

[0,1] such that 1 indicates complete overlap, and 0 indicates no overlap.

4.4 Results

4.4.1 BRC reveals that NMDA receptors are more efficient than

AMPA receptors in solving working memory tasks

We applied biophysical reservoir computing (BRC) to study how synapse location
and receptor time constants of extrinsic inputs impacted a network’s ability to solve a
simplified working memory task. We tested 4 extrinsic input variants using the biophysical
reservoir computing (BRC) framework, where the properties of task-relevant extrinsic
inputs were fixed (Figure 4.1A), and intrinsic biophysics and connectivity were freely
optimized (Figure 4.1C). In each network variant, the synapse location of extrinsic inputs
to excitatory neurons was either the soma or the 3rd apical segment (furthest from the
soma), and the synapse time constants were either slow (“NMDA-like” NMDAgenq and

NMDAgons) or fast (“AMPA-like” AMPAgyonq and AMPA ).

We trained each of the 4 extrinsic input variants on the working memory task (see

“Working memory task” section of Methods), and examined the resulting population errors.
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Figure 4.2B plots the average population error for each extrinsic input variant over 10
epochs. As shown, AMPA4..q was the only network that failed to reach the target error
threshold of 1.0, and both of the NMDA conditions reached the target threshold faster
than the AMPA.,,, condition. More specifically, both NMDAgenq and NMDAg,,. converged to
the target error within 5 epochs, while AMPA, .. converged to the error threshold within 8
epochs. Further, for networks with inputs on the dendrites, NMDA receptors are required
for learning that task, as networks with dendritic AMPA receptors were unable to learn
the task. For task-related inputs on the soma, either NMDA or AMPA receptors were
sufficient for performing the working memory task, but NMDA outperformed the AMPA

receptors.

To gain mechanistic insight into how the network learned the task, we also examined
the resulting local synaptic connectivities after training in each extrinsic input variant
that successfully learned the tasks (NMDAgeng, NMDAgoma, AMPAgqn,) to assess if and how
the connectivities needed to be set up to solve the working memory task. By plotting
histograms of the learned synaptic weights of local connections, it is possible to identify
distinct network configurations (local synaptic connectivity patterns) for each extrinsic
input variant when their corresponding histograms are non-overlapping. Differences
between parameter distributions were quantified using the overlap coefficient (OVL, see
“Overlap coefficient” section of Methods), where an OVL of 0.0 indicates a large separation
between distributions, and an OVL of 1.0 indicates complete overlap. Figure 4.2C plots
the distribution of learned synaptic strengths for all local recurrent connections in the
successfully trained extrinsic input variants (NMDAgeng (dark blue), NMDAgyu, (red), and

AMPA_ . (orange)).

As shown, the extrinsic input variants produced highly distinct network configurations.
Synaptic targets of connections described below are abbreviated with Eg (excitatory soma),
Eq4 (excitatory dendrite), and I (inhibitory). Across the learned local connection weights,

every variant exhibited a high separation from the other two variants for at least one
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Figure 4.2: Neural flow evolution. A: Schematic of the evolutionary algorithm used
to optimize the parameters of the biophysical reservoir computer to perform a working
memory task. The initial population of parameters is created by uniformly sampling
the parameter space. Each parameter set is simulated and assigned a fitness score
for its performance on the working memory task. An adaptive threshold is calculated
based on the quantile of the current population’s error. A neural density estimator is
trained to approximate the distribution of parameters that remain after thresholding.
A new generation is created by sampling from the trained neural density estimator. B:
Optimization error for NMDAgenq (dark blue), AMPAs.nq (light blue), NMDAgom, (red) and
AMPA, ;. (orange) extrinsic input variants. NMDA inputs at either the soma or dendrite
rapidly converged to the target error level of 1.0 compared to the AMPA inputs. While
AMPA, .. eventually converges to the target error level, AMPA,.,4 Temained at chance level
error. C(i-vi): Optimized connectivity parameters for the successfully trained network
variants NMDAgengq, NMDAgona, and AMPAg.nq. Values correspond to synaptic conductance in
nanosiemens. Connections shown included E — Eg (i), E — Eq (ii), E — I (iii), I — Eq
(iv), I = Eq4 (v), and I — T (vi)

synapse. The only connection which exhibited low separation for all 3 variants was E — Eg

(Figure 4.2C(i)).

We were specifically interested in understanding if learned network configurations were
different with respect to extrinsic input location (soma vs dendrite), and time constants
(AMPA vs NMDA). Starting with extrinsic input location, we can compare the dendritic
input variant NMDA4e.q, to the somatic input variants NMDAg,m, and AMPA ... For the
connections E — Ey (Figure 4.2D(ii)) and I — Eq4 (Figure 4.2D(v)), NMDAgenq exhibited

much lower weights compared to either NMDAg,, or AMPA,,. such that the histograms had

122



no overlap (OVL=0.0 for NMDAgepng VS NMDAgopna OF AMPA, ). It is interesting to observe that
these strongly decreased connections occurred at the dendrite, suggesting that reducing
the strength of local dendritic inputs is necessary when delivering task-relevant extrinsic

inputs to the dendrite.

For comparing network configurations with respect to extrinsic input time constants
(NMDA vs AMPA), we observe that networks trained with NMDAgenq and NMDAgpa pro-
duced substantially lower synaptic strengths for all excitatory connections compared to
AMPAgop, (Figure 4.2C(i-iii)). We additionally observe that nearly all inhibitory connections
for NMDAgeng and NMDAg,,, are higher than AMPA,,, (Figure 4.2C(iv-vi)), with the exception
of I — Eq4 (Figure 4.2C(v)) where NMDAgenq has substantially lower weights compared
to the other extrinsic input variants as described above, suggesting this connection is
less useful for learning. We additionally note a large separation between both NMDA
variants and AMPAg., for the I — I connections (Figure 4.2C(vi)). In fact, this was the
only connection in which AMPA.,. had an OVL of 0.0 with both of the NMDA network
variants. Previous studies have implicated I — I connections as being important for
working memory tasks (Kim and Sejnowski (2021)), potentially suggesting a relationship
between NMDA transmission and inhibitory connectivity for the ability to perform work-
ing memory tasks. However, we caution overinterpretation of the optimized parameter
values in the context of neuroscience. Our goal was not to construct a model that directly
explains how real brains function, but instead identify computational principles inspired
by the brain. Nevertheless, the BRC framework could be used in follow up studies to
characterize I — I connections when they are fixed to specific values in the same way that

extrinsic inputs are treated in this study.

In summary, training the BRC with neural flow evolution revealed that the synapse
location and receptor time constants of task-relevant extrinsic inputs have a strong
impact on the learned network configurations necessary for working memory. Further,

networks with AMPA4e,q (i.e. fast time constants delivered at the dendrite), were completely
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unsuccessful in learning the working memory task, despite the intrinsic biophysics and
connectivity being freely optimized. While there are potential computational benefits of
dendritic information processing, we demonstrate a constraint on task-related dendritic
function, such that NMDA receptors are required to transmit cue information through
dendrites for working memory, and overall NMDA seems to be more efficient than AMPA

for working memory tasks.

For the remaining sections, we will attempt to understand how these differences emerge
with analysis techniques traditionally employed by systems neuroscientists, along with
a description of their biological significance. We note that while we adopt tools from
experimental neuroscience, our ability to make inferences from simulated neural activity
are much stronger than in vivo activity, as we have direct access to any measurable

property of all neurons simulated.

4.4.2 Successfully trained networks produce distinct and persis-

tent changes in network-level spiking activity

In the previous sections, we examined the impact of variants in extrinsic cue input
location and time constant on training in the working memory task by inspecting errors in
task performance, and the learned connection strengths of the local network. We now move
to analyze the cell spiking activity during the working memory task. Spiking activity is
essential to characterize when attempting to understand how a biophysical neural network
solves a computational task, as spikes indicate the exact moment at which communication
between cells is occurring. Similar to experimental neuroscience, by inspecting ongoing
spiking activity, we will uncover differences in spiking mechanisms underlying the ability
to maintain persistent representations in the BRC network, and identify which aspects of

spiking activity indicate good performance.

Empirical studies have shown that working memory processes in frontal cortical

networks require both 1) changes in spiking activity that are distinct for different sensory-

124



mediated extrinsic inputs, and 2) a persistent change in spiking activity that lasts after
the extrinsic input ends (Wang (2021); Vugt et al. (2020)). As such, we were interested in
examining how differences in extrinsic inputs (and their optimized intrinsic parameters)
impact spiking dynamics to mediate task performance, and if the principles that emerge
were consistent with the prior empirical studies. We specifically asked if synapse location
and receptor time constants of extrinsic inputs influence network-level spiking response
before and after the stimulus, and if the optimized intrinsic parameters for each extrinsic

input lead to differences in overall spiking activity throughout the simulation.

Figure 4.3 and Figure 4.4 plot spiking activity in each neuron (panels B and D) and the
corresponding network output (panels A and C) for a single trial across all task conditions
(panels i-iv). Network outputs were produced by a learned set of linear weights (see
“Working memory task” set of Methods, outputs for a held out validation set are shown).
The simulations were generated from the best performing parameter set identified during
optimization. In Figure 4.5A and B below, we provide a more detailed view by plotting

the spiking response of individual neurons across all task conditions.

The networks that were successfully trained to perform the working memory task
(NMDAgeng in Figure 4.3A, NMDAgopa and AMPAg,,, in Figure 4.4A and C) all show network
outputs (colored lines) that closely match the target signal (black lines). In contrast,
AMPA4cnq, which was not successfully trained, produces outputs with small fluctuations

that are uncorrelated with the target signal (Figure 4.3C).

Inspection of the spike raster plots reveals why AMPAg.ng exhibits poor performance on
the task (Figure 4.3D). Despite the presence of persistent spiking activity at baseline in
excitatory (blue) neurons, activity of the input neurons (green) during the cue stimulus
period (250-275 ms) fails to produce any time-locked change that lasts to the end of the 1
second simulation. A small increase in inhibitory (red) neuron spiking aligned to the cue
stimulus is observed, but this change is transient as inhibitory neurons primarily exhibit

stochastic spiking due to the noisy background input. We hypothesize that strong and
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Figure 4.3: Network-level spiking response to dendritic inputs. A (i-iv): Outputs
of the trained biophysical reservoir computer with dendritic NMDA inputs (NMDAgenq)-
Panels i-iv correspond to the 4 possible types of input stimuli. Model predictions (colored
lines) are overlaid on the target output (black lines). As shown, the NMDAge,q network was
successfully trained to perform the working memory task and maintains outputs in close
proximity to the target. B (i-iv): Spike rasters for the simulations underlying the outputs
shown in panel A. Input neurons (green) spike briefly during the cue stimulus period
(250-275 ms) triggering an immediate change in the spiking of both excitatory (blue)
and inhibitory (red) neurons. The change in spiking is unique for all 4 task conditions
and persists for the remainder of the 1 second simulation. C (i-iv): Outputs of the
biophysical reservoir computer with dendritic AMPA inputs (AMPAgenq). The optimizer
was unsuccessful in training the network with AMPAg.,q (simulations from the best scoring
model are shown). Model outputs hover near zero indicating that activity from the
network is not distinct across the 4 task conditions, and does not persistently change
after the cue inputs. D (i-iv): Spike rasters for the simulations underlying the outputs
shown in panel B. Activity of input neurons at 250-275 ms produces no visible change in
spiking of excitatory neurons, and a minimal increase in spiking of inhibitory neurons.
The change in spiking does not persist after the cue stimulus period, and is not visibly
distinct for the 4 task conditions.

synchronous inhibition is key to resetting the spiking activity in the excitatory neurons,
permitting the formation of newly activated clusters that encode the memory. This strong

and synchronous inhibition does not occur in this case of AMPA..,, (Figure 4.3D), in
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Figure 4.4: Network-level spiking response to somatic inputs. Figure panels follow
the same structure as Figure 4.3. A-B: Model outputs (A) and spike rasters (B) are
shown for the network trained with NMDA,, inputs. Across all task conditions (i-iv), the
network produces a robust response to the cue input, with distinct clusters of excitatory
neurons that maintain persistent firing to the end of the simulation. C-D: Model outputs
(C) and spike rasters (D) are shown for the network trained with AMPAg,,, inputs. Similar
to NMDAg.n. (panels A-B), the network exhibits clustered excitatory neuron activity that
is distinct for each task condition.

contrast to NMDAgeng and AMPA,.,. which both exhibit a strong recruitment of inhibitory

neuron spiking that is time-locked to the cue input (Figure 4.3B and Figure 4.4B and C).

We also observe that the excitatory neurons in AMPA4.,q sSeem to have no clear
change in spiking aligned to the cue stimulus (Figure 4.3D). This is in contrast to the
NMDAg4eng network variant where in addition to a cue-aligned change in both excitatory and
inhibitory neuron spiking, there is relatively higher inhibitory neuron spiking at baseline
(Figure 4.3B red dots prior to 250 ms). Figure 4.5B(ii) shows this effect with a spike raster
for a single inhibitory neuron, and demonstrates that despite the neuron being selectively
activated by input neurons during different trial conditions (colored bars), this activation

has no sustained impact in the post-stimulus period.
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Figure 4.5: Dendritic NMDA input triggers sustained persistent firing. A: Raster
plots for individual excitatory neurons during the working memory task. Colored bars
indicate the task condition (10 trials per condition). As shown, the successfully trained
networks with NMDAgeng (1), NMDAgopa (iii), and AMPAg,,, (iv) all exhibit condition-dependent
spiking activity. In the network with AMPA, .., (ii), which was not successfully trained to
perform in the working memory task, the exemplar excitatory neuron exhibits a condition-
dependent increase in firing rate when the cue input is active (increased for blue/red,
no increase for orange/green). However, the change in activity does not persist past the
cue stimulation period (250-275 ms). B: Raster plots for individual inhibitory neurons.
As shown, inhibitory neurons in successfully trained networks (i, iii, and iv) exhibit
condition-specific changes in activity that are sustained after the cue stimulation period.
However, in the unsuccessfully trained network with AMPA,.,, (ii), the inhibitory neuron
only shows spiking in response to background noise that does not depend on the task
condition. C: Schematic of the cue synapse identity and location for each corresponding
column.

In the successfully trained networks (NMDAgena, NMDAgona, and AMPAgy, ), it is clear that
the spike rasters demonstrate persistent spiking with distinct responses for each of the
trial conditions that lasts to the end of the simulation (Figure 4.3B and Figure 4.4B
and D). While the spike rasters for NMDAgenq exhibits elevated activity across all neurons
in the network (Figure 4.3B), the cue inputs are successfully able to produce lasting

changes in both excitatory and inhibitory neuron activity, with distinct clusters entering
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an “on” state in the post-stimulus period. In contrast, spike rasters for NMDAg,,, and
AMPA .. exhibit less activity across the entire network, in favor of smaller clusters of
excitatory neurons that are strongly activated in response to the cue inputs (Figure 4.4B
and D). Since all extrinsic input variants are optimized with the same parameter ranges
for local connectivity and biophysics, the elevation in baseline activity for NMDAyenq and
AMPA 4.nq suggests that the cell and network adaptations necessary for propagating inputs
from the dendrites to the soma make the neurons more sensitive to the noisy background
inputs, leading to higher spiking at baseline. For example, the changes in biophysics
necessary for dendritic spikes may make the neuron more excitable, whereas the biophysics
of NMDAg,na and AMPA,.,. are able to suppress responses to noisy inputs, and still produce

persistent spiking in response to strong and synchronous cue inputs.

Figure 4.5 highlights the diversity of single neuron responses across the trained networks.
While the spike raster of NMDA4enq in Figure 4.3B clearly demonstrates cue neurons
triggering persistent spiking, Figure 4.5A(i) and B(i) reveals that persistent firing in
excitatory and inhibitory neurons can be turned off by the cue inputs. This is an
important observation that is similar to modeling work in Papoutsi et al. (2014) which
also describes a biophysical mechanism in which excitatory inputs can terminate persistent
firing. One of the open questions in working memory research is how/why the prefrontal
cortex maintains the same overall level of spiking activity when comparing rest to working
memory periods (Wang (2021)). The ability of NMDAgenq to turn off persistent spiking
in specific neurons offers a possible explanation, such that different sets of neurons are
switched on/off under different task conditions, but the overall number of “on” neurons

remains the same.

Across the successfully trained networks, inhibitory neurons exhibit low firing rates
relative to excitatory neurons (Figure 4.3B and Figure 4.4B and D, red dots), except
for the initial burst of spikes time-locked to the cue input. In these network-level raster

plots, it is not visually apparent if the inhibitory neurons exhibit task condition specific
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changes in firing activity. However, visualizing spike rasters at the single neuron level
demonstrates that the inhibitory neurons still do exhibit lasting changes in spiking that

are specific to the task condition (Figure 4.5B(i, ii, and iv)).

4.4.3 Both intrinsic bursting and network connections contribute

to working memory performance

As described previously, one reasonable hypothesis on why NMDA receptors are useful
for working memory is that they are able to trigger persistent spiking activity in single
neurons that is maintained during the memory period (Wang (2021); Wang et al. (2013)).
Due to the slow time constants of NMDA receptors, extrinsic inputs equipped with NMDA
are capable of producing sustained depolarization in the target neurons, with a burst
of spiking activity even in the absence of inputs from the local network. Therefore, a
simple solution to the working memory task would be for cue evoked extrinsic inputs to
act like an “on” or “off” switch, where the input triggers a long burst of spiking in target
neurons. If cell ion channels are set up such that the burst does not terminate, then this
would be a situation where single neuron biophysics (and not network-level interactions)
are sufficient for persistent spiking activity underlying working memory. Further, even if
the target neuron is unable to maintain persistent spiking independently, a long burst of
spikes could more effectively excite neurons in the local network, and reciprocally excite

target neurons to produce persistent spiking.

To examine this possibility further, we assessed if the variants in task-relevant extrinsic
inputs (and their optimized intrinsic biophysics) produced distinct burst responses in
isolated (disconnected) excitatory neurons (Figure 4.6A). We further asked if the burst
responses of isolated neurons were predictive of task performance (i.e. task errors quantified

in Figure 4.2B).

Here, we removed the local connectivity to distinguish how much of the persistent

spiking observed in the connected network in Figure 4.5 was due to inputs from the local

130



A —1 apical
i A o 3rd seg
A ]
. i ¥ —
Y — VY V1TV Y S— o gg[é:asleg
— YT WA AU
MM U AL 0T M
| TR e - — .
W V¥ Y YV V¥V I T apical
i 1st seg
200 250 300 350 400 200 250 300 350 400 200 250 300 350 400 200 250 300 350 400\ SOoma
Time (ms) Time (ms) Time (ms) Time (ms)

B - -
NMDA | AMPA | -l AMPA |
"-.* "-.‘

Figure 4.6: Extrinsic input variants generate diverse lengths of spike bursts.
A: Membrane potentials of excitatory neurons were recorded in every compartment.
Panels indicate the extrinsic input variant simulated, including: NMDAgeng (1), AMPA4eng (i),
NMDAgopa (iii), AMPAgoma (iv). The simulations were run with all recurrent connections
removed, such that the only synaptic input comes from cue neurons. The 25 ms cue
stimulus period is plotted in grey. Panel iv includes a schematic which maps membrane
potential traces to each compartment. As shown, all extrinsic input variants initiate a
burst of spikes that starts in the cue period (grey bar), and continues for varying amounts
of time beyond the end of the cue period. Inputs to the dendrite generate bursts of spikes
that propagate via dendritic spikes down to the soma (panel i and ii). Inputs to the soma
also generate bursts of spikes, but they fail to propagate to the top of the dendrite (iii
and iv). B: Schematic of the extrinsic input variant for each corresponding column.

network vs a self-generated burst of spiking due to the cell’s own biophysics. During these
simulations, the membrane potential was recorded in every compartment of excitatory
neurons. We defined a burst as spiking activity that continues autonomously after the
cessation of cue inputs. As shown in Figure 4.6A, the NMDAgqnq (panel i) and NMDAgp, (panel
iii) excitatory neurons produce robust bursts of spiking lasting > 100 ms, which is
substantially longer than the 25 ms cue stimulus period (grey bar). In NMDA4enq (panel
i) the spiking is initiated in the dendrite by a sustained depolarization of the 3rd apical
segment (top-most voltage trace), with dendritic spikes propagating down the apical
dendrite to trigger somatic spiking (bottom-most trace). NMDAg,,. (panel iii) exhibits
back propagating action potentials originating from the soma, but they do not completely

ascend to the top of the apical dendrite.

Despite the fast time constants of AMPA receptors, extrinsic AMPA inputs to the

dendrite and soma were also able to generate single neuron spike bursts (Figure 4.6A(ii
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and iv)). In contrast to the burst responses triggered by NMDA inputs, AMPAgenq (panel
ii) and AMPAs.ma (panel iv) exhibit substantially shorter bursts of ~ 40 ms and ~ 60 ms
respectively. Interestingly, while AMPA, .. produced the shortest burst length of ~ 40 ms
(Figure 4.6A(iv)), it is clear that when simulated in a connected network, the neuron
can produce sustained firing in response to cue inputs (Figure 4.5A(iv)). This suggests
that the ability of AMPA,,,. to maintain unique representations of cue information highly
depends on local recurrent connections in the network, and cannot be solely explained
by the bursting properties of individual neurons. Further, despite AMPA4..q having the
same recurrent connections and a similar burst response to cue inputs (Figure 4.6A(ii)),

condition-specific persistent firing does not arise.

Overall, these results demonstrate that the variants of task-relevant extrinsic inputs
do indeed produce different bursting activity in isolated neurons, with NMDA receptors
producing longer bursts when synapses are located either at the dendrite or soma. Further,
despite dendritic AMPA receptors being capable of generating bursting activity that
persists beyond the cue stimulus period, the AMPA,..q network was unable to learn the
working memory task. These results suggest that single-neuron firing properties (i.e.
bursting) are not entirely predictive of persistent-firing activity that maintain task-relevant
information. In the context of scaling biophysical network models to solve more difficult
cognitive tasks, these results indicate that researchers should not necessarily begin by
optimizing single neuron biophysics for desired response patterns, but instead should

optimize cell and network level properties jointly.

4.4.4 Dendritic AMPA receptors are insufficient for establishing

stable attractor dynamics

An increasingly popular way to analyze the dynamics of a simulated neural system
is to study how the computations correspond to trajectories that evolve upon a low-

dimensional neural manifold (Gallego et al. (2017); Langdon and Engel (2025)). One
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common dynamical systems-based theory that seeks to explain working memory posits
that neural networks flexibly create fixed point attractors which pull neural trajectories
along manifolds towards their basin of attraction (Compte (2006)). Memories correspond
to neural trajectories that remain in the basin of attraction for a sustained period of
time. Figure 4.7B provides a schematic relevant to the working memory task in this
study, and shows how basins of attraction corresponding to each task condition occupy
distinct regions of the state space. Under this framework, the ability of a network to
perform a working memory task relates to its ability to establish temporally stable basins

of attraction that are separated in the state space.

We first asked if the location and time constants of extrinsic synapses impacted the
complexity (i.e. dimensionality) of network-level neural dynamics by quantifying its
dimensionality with principal component analysis (PCA). In the context of this study,
dimensionality is a measure of describing the complexity of the manifold that neural
trajectories traverse during the working memory task. Numerous studies have suggested
that dimensionality reflects distinct computational processes (Jazayeri and Ostojic (2021);
Altan et al. (2021); Cunningham and Yu (2014)). Given the striking differences in task
performance and network-level spiking across extrinsic input variants (Figure 4.3 and
Figure 4.4), we reasoned that the dimensionality may explain these differences with respect

to the complexity of their associated neural manifolds.

Explained variance of the principal components (PCs) was used to estimate the
dimensionality of neural activity. Figure 4.7A plots the variance explained for all 4
variants of extrinsic inputs. Despite the failure of AMPA4..q to perform the working
memory task (Figure 4.2B and Figure 4.3C), the variance explained for each PC is not
a large outlier, and instead fits between the curves of NMDAg .., and AMPA,,,.. There is a
general trend for AMPA inputs exhibiting slightly higher dimensionality, with AMPAg.,4 and
AMPA . reaching 90% variance explained with 7 and 8 PCs respectively, in contrast to

NMDAgeng and NMDAg.,, with 4 and 6 PCs respectively. In summary we find that PCA-
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estimated dimensionality does not directly relate to performance on the working memory
task, but instead seems to reflect activity produced by networks trained with either NMDA

or AMPA for extrinsic inputs.

Previous researchers have shown that in vivo, the dimensionality of neural activity
is strongly modulated by the behavioral task considered, and consequently the extrinsic
inputs driving activity in the recorded neural population (Badre et al. (2021); Cunningham
and Yu (2014)). Here, we are analyzing the dimensionality of neural activity driven by 4
distinct cue inputs (representing a 2-dimensional target signal) in addition to noise. While
the minimal dimensionality of neural activity needed to solve the task is 2 dimensions
(or even 1 dimension if the 4 basins of attraction are mapped to different positions on
a single axis), it is clear across all extrinsic input variants that the neural activity is
explained by substantially more than 2 PCs (the lowest dimensionality was NMDAgenq with
4 PCs explaining 90% of the variance), potentially suggesting that more complex activity

patterns are necessary to solve the task in the presence of background noise.

We then asked if the extrinsic input variants impacted 1) the creation and strength of
multiple basins of attraction, and 2) the path of a neural trajectory towards these basins
of attraction. A “strong” basin of attraction is characterized by trajectories that exhibit
low-variance clusters concentrated around the basins of attraction. It is also desirable for
these basins of attraction to be spatially separated, as basins that are overlapping would
prevent the network from distinguishing different cue stimuli. As such, we developed
a simple measure called “attractor strength coefficient” (ASC), which is calculated as
ASC = Ginra/ Sinter Where Ginra is the average intra-cluster standard deviation in PCA
space for each task condition, and & is the average distance between the median
coordinates of all clusters. ASC values are bounded on the range (0, 00), where values
closer to zero indicate the desirable properties of low intra-cluster variance, and high
distances between the clusters. ASC values reported here are for trajectories limited to

PC1-PC3 to match what is shown visually in Figure 4.7D, however we found the results
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hold when ASC was calculated on PC1-PC8 (8 components explains > 90 % variance for

all network variants).

Figure 4.7C plots neural trajectories over time for all 4 extrinsic input variants (panels
i-iv). The entire 1 second simulation is shown, with the beginning marked by a black
star, and the end marked by a colored circle corresponding to each task condition. Cue
inputs with NMDAgenq (panel i, ASC=0.066) and NMDAg., (panel iii, ASC=0.056) produced
a clear separation in trajectories at the start of the trial, and quickly settled into distinct
regions of the state space indicating the presence of unique basins of attraction. The final
positions of the trajectories produced by NMDAgon, (panel iii) are generally more separated
than NMDAgenq (panel i), however trajectories for both exhibit tight clustering around their
basins of attraction. In contrast, AMPA. o, (panel iv, ASC=0.120) produces trajectories
that are clearly separable, however they visibly exhibit high variance around their basin of
attraction relative to the distance between the start and end of the simulation. One possible
explanation for the high variance is that persistent firing is being maintained by recurrent
connections between neurons, rather than persistent bursting of individual neurons
as suggested by Figure 4.5A(iv) and B(iv). Inspecting the learned local connectivity
further supports this hypothesis, as AMPA.,. exhibits higher weights for all excitatory
connections compared to NMDAgenq and NMDAg,,, (Figure 4.2C(i-iii) orange histogram). A
potential consequence of these weaker (high variance) basins of attraction, is sensitivity
to perturbation, as sufficient noise could push the neural trajectory into a different basin

causing the network to “forget” information about the cue stimulus.

The trajectories of the unsuccessfully trained AMPAenq (ASC=5.527) network collapse
into an identical basin of attraction across all task conditions ((Figure 4.7C(ii))). Interest-
ingly, the trajectories are clearly distinguishable at the start of the simulation, indicating
that the failure of AMPA4.,q to perform the working memory task is not related to its
ability to produce a unique stimulus response, but instead reflects its inability to create

unique and stable attractors.
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Figure 4.7: Synaptic receptor identity and location alters attractor dynamics.
Network activity was analyzed with principal component analysis (PCA) to assess the
impact of the different types of cue inputs on network dynamics during the working memory
task. PCA was only applied to the firing rates of excitatory neurons. A: Cumulative
variance explained for simulations with dendritic NMDAgeng and AMPAg4..q, and somatic
NMDAgoma and AMPA,.,. cue inputs. Networks with NMDA exhibit lower dimensionality
compared to networks with AMPA inputs, as NMDAgeng and NMDAggn. reach 90% explained
variance (dashed grey line) with fewer components than AMPA.,q and AMPA..,.. B:
Schematic of PCA figures shown in panel C. Colored ovals represent basins of attraction
which pull neural trajectories into different regions of the state space depending on the
task condition. C: Neural trajectories for PC1-PC3 are shown for the 4 extrinsic input
variants. Each trajectory corresponds to the entire 1 second simulation. The beginning of
the simulation is marked by a black star, and the end of the simulation is marked by a
colored dot. The color of the trajectory corresponds to the different trial conditions.

Overall, analysis of PCA trajectories demonstrated that location and time constants
of extrinsic synapses (and associated changes to intrinsic parameters), dramatically alter
neural trajectories produced during the working memory task. A potentially important
observation is that NMDA synapses at either the dendrite or soma produce strong basins of
attraction (Figure 4.7C(i and iii)), which is supported by their relatively small ASC values

(0.066 and 0.056 for NMDA4enq and NMDAgo,, compared to 0.120 and 5.526 for AMPAge,q and
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AMPAop,). This result is not apparent from inspection of network-level spiking, as spike
rasters for NMDAgenq (Figure 4.3B) are highly distinct from those of NMDAgq,, (Figure 4.4B),
with elevated firing activity throughout the simulation. In contrast, despite the spike
rasters of NMDAg,,. appearing more similar to AMPA,,,, with relatively low baseline spiking
activity and sharply defined clusters (Figure 4.4B and D), analysis of the neural trajectories
potentially suggests the attractors produced by AMPA,,,. are less stable than those produced

by NMDAgona (Figure 4.7C(iii and iv)).

We note that some of these results may depend upon the choice of using PCA for
dimensionality reduction. An important flaw of analyzing neural trajectories with PCA is
that the analysis does not directly account for noise or time-dependencies (dynamics), and
instead treats every time point independently with the goal of capturing the covariance
structure in the data (Cunningham and Yu (2014); Pellegrino et al. (2024)). While
these oversimplifications make PCA an imperfect fit for estimating dimensionality and
state-space trajectories in neural data, PCA remains one of the most popular choices for
dimensionality reduction of neuroscience, allowing this work to be more directly compared
to existing publications. Further, given striking differences in PCA-estimated neural
trajectories across extrinsic input variants, it is unlikely that our conclusions would change

given an alternative dimensionality reduction technique.

For the goal of guiding the construction/training of biophysical network models,
these results suggest attractor dynamics measured by ASC could be a good indicator
of network-level activity that should be promoted during training, potentially by direct
incorporation into the loss function. In contrast, PCA-estimated dimensionality did not
seem to directly relate to task performance given the similarity between AMPAg.,4 and
AMPA . (Figure 4.7A), and instead indicated a general trend of NMDA network variants

exhibiting lower dimensional neural activity.
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4.4.5 Magnesium block supplements slow NMDA kinetics to

produce stable attractors

The previous sections have demonstrated that NMDA inputs can produce stable
attractors across the two different synapse locations (dendrite vs soma), whereas AMPA
receptors failed to produce stable attractors through dendritic inputs. While the slow
time constants of NMDA receptors are an important feature that could contribute to
this difference, they also possess a magnesium ion block, which is only removed with
depolarization of the postsynaptic cell (Destexhe et al. (1998)). This magnesium ion block
is theorized to function as a coincidence detector, however its contribution to attractor

dynamics is unclear.

To further identify what dynamic properties of AMPA and NMDA receptors con-
tribute to working memory task performance, we swapped the rate constants of the
NMDA and AMPA receptors. This produced two modified receptors including a fast
“NMDA-like” receptor (NMDAL22Y) and a slow “AMPA-like” receptor (AMPASI%%). Tmpor-
tantly, NMDAZ25! possessed fast kinetics with the characteristic magnesium block, whereas

AMPASI% possessed slow kinetics without the magnesium block. Figure 4.8A (pink) demon-
strates that NMDAZ2St was unsuccessfully trained on the working memory task, suggesting
that the magnesium block alone does not convey an advantage for performing the task.
In contrast the slow kinetics of AMPAS!®% did lead to an improvement of task performance
(Figure 4.8B, purple), however the network did not converge to the target error threshold of
1.0. Further, neural trajectory analysis of AMPASIY (Figure 4.8E) reveals no distinguishable
attractor dynamics, despite the reduction in error. This result suggests that slow receptor
kinetics combined with the magnesium block enable dendritic inputs to produce stable

attractor dynamics, as shown in the unmodified NMDAgenq (Figure 4.8A (blue line) and

Figure 4.7C).
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Figure 4.8: Dendritic inputs with slow rate constant or magnesium block alone
do not promote attractor dynamics. A: NMDA receptors were modified by setting
their rate constants equal to the default AMPA rate constants. This creates a fast
“NMDA-like” receptor (NMDAZ2S! pink) that possesses a magnesium block. Compared
to the successfully trained NMDAye,q (blue), the modified NMDAZ2SY was unable to learn
the working memory task. B: Similar modification as A to create a slow “AMPA-like”
receptor (purple). The slow receptor kinetics did permit the network to reduce error
on the working memory task, but it failed to reach the target error threshold of 1.0.
The unsuccessfully trained AMPA4enq (light blue) is overlaid. C AMPAgenq (light blue) was
retested in a network where the axial resistivity was reduced from 300 2cm to 10 Qcm
(AMPALo"zes ' violet red). This change allowed the network to be successfully trained with
dendritic AMPA receptors and reach the target error threshold. D: Neural trajectories
associated with NMDAZ2St (panel A) are shown. Black stars indicate the start of the cue
stimulus, colored lines indicate each task condition, and colored dots indicate the end
of the 1 second simulation (same as Figure 4.7C). As shown, NMDAZ25t fails to produce a
stable attractor, such that all trajectories collapse to the same region of the state space.
E: Neural trajectories for AMPASI%Y (panel B) indicate that no stable attractor is produced,
and instead all trajectories overlap. F: Neural trajectories for AMPAL%"%®* (panel C) indicate
the presence of distinct and stable attractor dynamics. G: Legend for panels D-F labeling
principal components 1-3 (axes) and task conditions (colored ovals)
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4.4.6 Dendritic AMPA receptors fail to produce attractor dy-

namics due to requirement to produce dendritic spikes

As a final investigation, we sought to identify which properties of the dendrite were
responsible for the inability of AMPA,,.to perform the working memory task. The most
likely candidate is the axial resistivity, which leads to the attenuation of dendritic inputs
in a purely passive dendrite. As observed in Figure 4.6A(i-ii), cue inputs arriving at the
3rd apical segment are propagated to the soma through dendritic action potentials. One
potential issue with this constraint is that active dendrites conducive to action potentials
raise the overall excitability of the neurons (e.g. increased spiking in Figure 4.3 compared
in Figure 4.4). We hypothesized that AMPA,,, inputs are unable to overcome this increase
in activity to produce stable attractor dynamics. To test if the requirement for active
dendrites was indeed harming performance of dendritic AMPA inputs, we decreased the
axial resistivity of the apical dendrite from 300 Qcm to 10 Qcm (AMPAL¥%es). As shown in
Figure 4.8C, this change allowed AMPA}2":¢® (violet red line) to rapidly reach the target
error threshold, and produce distinct and persistent attractors for each task condition
(Figure 4.8F). While further analysis will be necessary to narrow down the exact impact
of active dendrites on the overall excitability of a neuron, the results clearly demonstrate
that the changes in intrinsic biophysics that yield active dendrites can be harmful to task
performance when task information is relayed through dendritic AMPA receptors. The
unique properties of NMDA receptors (i.e. slow rate constants and magnesium block) are
both essential to overcoming the associated changes in dendritic biophysics, and produce

stable attractor dynamics conducive to working memory.
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4.5 Discussion

4.5.1 Summary

This study introduces biophysical reservoir computing (BRC) as a framework to discover
mechanistic insights that guide the construction and training of biophysically-detailed
network models to solve cognitive tasks. To address the challenges of training biophysically-
detailed network models, we developed a novel optimization algorithm, named “neural
flow evolution”, which combines evolutionary algorithms with neural density estimators.
Neural flow evolution benefits from the robust parameter search capabilities afforded by
evolutionary algorithms, and the ability of neural density estimators to represent complex,

high-dimensional distributions.

Training the BRC network to solve a simplified working memory task led to the following
mechanistic insights with respect to extrinsic cue inputs: 1) NMDA receptors are the most
effective for working memory for both somatic and dendritic synapse locations, exhibiting
improved training efficiency and attractor dynamics, 2) dendritic AMPA receptors are
insufficient for producing persistent spiking and associated attractor dynamics that are
necessary for working memory, and 3) the combination of NMDA receptors’ unique
properties, specifically their slow rate constants and magnesium block, are both required

for working memory when extrinsic inputs arrive at the dendrite.

We additionally “opened the black box” (Sussillo and Barak (2012)) of the BRC, and
characterized how the trained networks solved the working memory task. Since the BRC
is composed of biophysically-detailed neurons, we were able to use analysis techniques
common to systems neuroscience for this goal. We revealed that while NMDA receptors at
the dendrite and soma are equally efficient at solving the working memory task, however,
networks which delivered extrinsic cue inputs through the dendrite exhibited higher spiking
activity at baseline. This difference suggests that the dendritic ion channel configurations

necessary to relay cue information to the soma makes the neurons more excitable and
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sensitive to noisy inputs, and may explain why networks with AMPA inputs to the dendrite
failed to learn the task. The spiking analysis also suggested that a synchronous burst of
inhibitory neuron spiking was essential for resetting network dynamics, and subsequently
activating persistent spiking in a new set of neurons which encoded the memory. We
additionally revealed that single neuron burst properties were not predictive of working
memory task performance, indicating that a combination of intrinsic bursting and local
network connectivity underlie successfully solving the working memory task. Lastly, by
examining the learned synaptic weights of the recurrent local connectivity, we revealed that
the different types of extrinsic cue inputs produce highly distinct network configurations,
suggesting an important role of network-level interactions in solving the working memory

task.

These results are in agreement with neuroscience literature, indicating that the observed
importance of NMDA receptors for working memory is not a byproduct of biological
constraints, but instead reflects a real and generalizable functional benefit. Since the
learned cell and network configurations in the BRC framework are not forced to match real
brain activity, these results suggest that the importance of NMDA for working memory
is a general computational principle that is applicable to both real and artificial neural

systems.

4.5.2 Related work and future directions
Jaxley

This study directly builds upon the software package Jaxley, which was created to
directly address the challenges of training biophysical neural models by solving the
complex differential equation representing biophysical models using advanced numerical
computing software. These numerical computing platforms are commonly used by artificial
intelligence (AI) researchers to develop deep neural networks. Specifically, Jaxley employs

Jax (Bradbury et al. (2021)), a high-performance numerical computing platform that
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permits auto-differentiation for backpropagation, code compilation, and parallelized
computations that can be accelerated with GPU computing (Deistler et al. (2024)). It is
important to note that Jaxley uses standard techniques to simulate biophysical models,
namely differential equation solvers like those in NEURON (Hines and Carnevale (1997)).
However, implementing these models and solvers in Jax provides the software and hardware
advantages that have historically been reserved for the development and application of
deep neural networks, advantages which have significantly contributed to the rapid growth

of deep learning in recent years.

In Deistler et al. (2024), they train a biophysically detailed model to perform a working
memory task using gradient descent with backpropagation. There are several major
differences that distinguish our work from the example in this publication which we

outline below:

The first major difference is that the composition of our network model was focused
on neurons with active dendrites that transmitted extrinsic inputs via dendritic spikes, a
feature that is suggested to convey significant computational benefits to cell and network-
level function (see “Experimental studies on the computational benefits of dendrites”
below). Specifically, our network model contains distinct populations of excitatory
and inhibitory neurons. The excitatory neurons possess an elongated apical dendrite, a
characteristic feature of cortical pyramidal neurons often implicated in top-down (feedback)
information processing (Harris and Shepherd (2015); Schuman et al. (2021); Figek et al.
(2023)). Our network model additionally uses AMPA, NMDA, and GABAa synapses
for local cell-cell connections, as well AMPA and NMDA synapses for extrinsic task-
relevant inputs. Mathematically, these synapses are not differentiable, preventing the
use of backpropagation for gradient-based optimization of network parameters. The
non-differentiability of the synapses in our model is an important limitation of our
model as it prevents the use of gradient descent with backpropagation, but it permits an

investigation into more biologically realistic synapses with distinct computational roles as
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suggested by neuroscience literature. Instead, the network in Deistler et al. (2024) uses a
differentiable synapse model for recurrent local connections that permits gradient-based
optimization. The weights of these synapses were optimized such that they could produce
either excitatory or inhibitory conductances, whereas our model enforces a strict separation
between excitatory and inhibitory neurons. The extrinsic cue inputs in Deistler et al.
(2024) were also distinct from our model, as they employed direct current injection to the
soma of neurons, whereas our network model used a dedicated population of cue neurons
with a gaussian receptive field that transmitted cue information with either AMPA or

NMDA synapses.

The second major difference is the working memory task used. In our study we
focus on a highly simplified working memory task in favor of thoroughly characterizing
individual biophysical details. Deistler et al. (2024) trains their model on significantly more
challenging tasks (delayed match to sample and evidence integration), to test hypotheses

on different forms of neural coding.

The third major difference is our use of reservoir computing, where the parameters for
individual neurons and synapses are shared across the entire network. While this potentially
limits the computational capabilities of the biophysical network model, it provides a strong
constraint for identifying generically useful biophysical properties. For example, our study
revealed that NMDA receptors are generically useful for producing attractor dynamics,
however their properties make them uniquely well-suited for transmitting information

through dendrites.

It is important to emphasize that Jaxley’s ability to perform gradient-based optimization
in network models with biophysically detailed neurons containing non-linear dynamics
is a major advance offered by the platform, and has the potential to massively increase
the complexity of tasks that biophysical models can be trained to perform. Our choice to
use AMPA and NMDA synapses for the extrinsic cue input and multicompartment active

pyramidal neuron dendrites was motivated by having a closer connection to neuroscience
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literature. An important future investigation will be to implement differentiable synapses
in the BRC framework with equivalent time constants for AMPA and NMDA synapses,
and a differentiable implementation of the magnesium block in the NMDA synapses.
Employing differentiable synapses would allow a further investigation into the importance
of NMDA for working memory as it would enable the use of gradient-based optimization,
potentially expanding the complexity of working memory tasks that can be investigated.
A complementary future direction will be to adapt surrogate gradient techniques from
spiking neural networks (Neftci et al. (2019)) to perform gradient-based training in Jaxley
with non-differentiable synapse models. Alternatively, FORCE training (Nicola and
Clopath (2017); Sussillo and Abbott (2009)), another method popular for task-trained
RNNs and SNNs, could be adapted using Jaxley, as it does not require tracking gradients
backwards through time, but instead updates model parameters mid-simulation. While
non-differentiable synapses prevent backpropagation through time, FORCE training could
still work with multicompartment models as it only requires gradient calculations for the

current time step (i.e. recursive least squares).

Task-trained neural models without dendrites

Prior to the introduction of Jaxley, researchers persisted in creating well-trained
recurrent neural network (RNN) and spiking neural network (SNN) models of working
memory using more simplified non-biophysical neuron elements. For example, researchers
have developed methods to transfer learned synaptic weights of a trained RNN to a SNN
(Kim and Sejnowski (2021)). Outside of working memory, researchers have successfully
trained SNNs to perform a wide variety of behaviorally relevant cognitive tasks (Wang
et al. (2023); Maes et al. (2020); Nicola and Clopath (2017)). While SNNs remain
simplified relative to biophysical models, they represent a much more biologically plausible

architecture compared to RNNs and modern deep learning systems.

An active area of research with RNNs is studying how a single network can be trained
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to perform multiple tasks (Driscoll et al. (2024); Yang et al. (2019)). These studies
have demonstrated that trained RNNs exhibit a form of compositionality, that is they
learn dynamical motifs that are flexibly recombined to solve tasks with overlapping
computational demands. One future direction of the BRC framework would be to study
the emergence of compositionality in biophysical neural models trained to perform multiple
tasks. A valuable point of comparison would be to train biophysical models and RNNs to
perform the same array of behavioral tasks, and assess differences in how they compose
dynamical motifs. Recently developed methods for comparing dynamical systems may

prove instrumental for this goal (Ostrow et al. (2023); Guilhot et al. (2024)).

Biophysical neural models with dendrites

Task-training of biophysical neural models is a relatively recent development given the
high computational cost of simulation and training. Instead, biophysical neural models
have been more frequently used to model specific brain regions by highly constraining
model parameters and activity patterns to experimental measurements. Nevertheless,
there are several biophysical neural modeling studies worth mentioning due to their

implications for working memory in networks with dendrites.

With respect to biophysical models with morphologically simplified dendrites, Gollo
et al. (2009) showed how at the single-neuron level, active dendrites dramatically expanded
the dynamic range of neuron’s firing rate in response to synaptic inputs. In a separate
study using networks of dendrite-equipped neurons, Papoutsi et al. (2014) demonstrated
that dendritic non-nonlinearities reduced the number of interconnected neurons necessary
for the flexible emergence and termination of persistent firing activity. The source of
these benefits was largely linked to NMDA mediated dendritic spikes in layer 5 pyramidal
neurons, and demonstrated a novel mechanism in which excitatory synaptic inputs to these
neurons were able to terminate persistent activity. Building from these results, Stefanos

et al. (2019) showed that large networks of dendrite-equipped biophysical neurons could
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maintain multiple stable representations of extrinsic inputs, and that NMDA mediated
persistent activity was crucial for the network to achieve multistable attractor dynamics.
The key difference from our study and Stefanos et al. (2019) is that they highly constrain
model parameters and activity to closely match experimental measurements of real cortical
circuits. Accordingly, their model agrees with the result in our study that NMDA is
required under biological constraints observed in the neocortex. Our use of the BRC
framework reveals a more generalized result that NMDA is generically useful for working
memory, even when local connectivity and cell biophysics are freely optimized with

potentially non-biological network configurations.

Experimental studies on the computational benefits of dendrites

Unlike the neural modeling studies described previously, there are significantly fewer
examples of experimental studies investigating the role of dendrites in working mem-
ory. However, numerous experimental studies have proposed a diverse set of alternative
computational benefits that are unique to dendrites. These proposals include computa-
tional benefits such as compartmentalization (Polsky et al. (2004)), coincidence detection
(Larkum et al. (1999); Xu et al. (2012)), modulation of sensory perception (Takahashi

et al. (2016)), and learning (McBride et al. (2008)).

Despite the fact that all of these theories concern neurons in a highly interconnected
network, the computational benefits of these theories primarily concern functions at the
level of single neurons (see Jones and Kording (2021)). Experimental studies examining the
relationship between dendrites and their impact on network level dynamics are significantly
fewer in number due to the technical challenges of performing such experiments (Poirazi
and Papoutsi (2020)). In future work, the BRC framework may prove to be a highly
useful tool for isolating the computational benefits of dendrites beyond the simple working
memory task presented here, and propose new experiments that take into account the

network-level functioning of dendrite-equipped neurons.
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4.5.3 Limitations

There are several limitations to the present study that provide ample opportunity for

follow up research.

The first limitation is the simple morphology used for the apical dendrite. As stated in
the introduction, a primary motivation of this study was understanding which modeling
choices made sense when expanding task-trained RNNs and SNNs to include dendrites. Our
results revealed the dendritic NMDA receptors are uniquely suited for transmitting extrinsic
cue information, and ultimately recruit distinct clusters of persistently firing neurons.
However, we did not observe a unique benefit of transmitting cue information through
dendrites, and instead demonstrated the dendritic AMPA receptors were insufficient to
promote attractor dynamics. It is important to emphasize that these results do not suggest
dendrites are not computationally useful for other tasks. Many of the theories of dendritic
function emphasize highly elaborated dendritic arbors which serve to process incoming
information separately from the soma. A valuable expansion of the BRC framework would
be the inclusion of morphologically complex dendrites to directly test more sophisticated

theories of dendritic function.

The second limitation is the simplicity of the cognitive task used. We focused on
a basic working memory which required maintaining persistent representations of 4
distinct stimuli. In general, the cognitive tasks used in experimental settings are highly
simplified with respect to the behavioral demands of the real world (Huk et al. (2018);
Maselli et al. (2023); Krakauer et al. (2017)). While our simplified working memory task
is not representative of the cognitive demands of naturalistic behavior, we argue that
persistent representations are a fundamental building block required for a vast array of
more complex functions. Further, the simplified working memory task was surprisingly
sufficient to demonstrate the fundamental role of NMDA receptors in the context of
persistent representations. It is highly possible that the network implemented will be

insufficient for more complex cognitive tasks, which may require additional biophysical
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properties, optimization strategies, and a significantly better understanding of how these

computations are performed in real neural circuits.

The third limitation is the exclusive use of AMPA and GABAa receptors for recurrent
local connectivity. This choice was made early in the study, as inclusion of recurrent
NMDA synapses was found to produce runaway excitation, a problem that may reflect the
relatively small number of neurons in the biophysical reservoir. However, experimental
studies have demonstrated that NMDA and AMPA receptors are both involved in the
onset and maintenance of persistent firing underlying cortical working memory (Vugt
et al. (2020); Self et al. (2012)). Follow up studies will be necessary to elucidate the role
of recurrent local NMDA connections, and if their inclusion can mitigate the issues we

report here with signaling cue information through dendritic AMPA synapses.

The fourth limitation is the lack of heterogeneity in cell-type parameters of the network.
It is well documented that cell heterogeneity plays a crucial role in the computational
properties of biologically-plausible neural networks (Perez-Nieves et al. (2021); Gast et al.
(2024); Lengler et al. (2013); Mejias and Longtin (2014)). However, in the context of
working memory, Gast et al. (2024) demonstrates with SNNs that cell heterogeneity
(e.g. varied spike thresholds) actually impairs the ability of networks to encode and
maintain information about external stimuli. Cell heterogeneity was shown to increase
the dimensionality of neural activity, making these networks more suitable as function
generators that continuously transform inputs to a new target signal. A future direction
will be to explore if this tradeoff between function generation and persistent representations
holds in network models composed of biophysically detailed neurons, and if heterogeneity
in dendritic parameters confer unique computational properties. One possibility is that
the presence of connection heterogeneity (i.e. between cell connection probabilities) in
biophysically detailed neurons with dendritic synapses provides similar benefits as cell

heterogeneity in SNNs.

As described above, the decision to use evolutionary algorithms combined with neural
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density estimation (see “Neural flow evolution” in Methods) was largely due to challenges
we faced with existing optimization techniques. Previous work, including our own, has
shown that neural density estimation is particularly effective for parameter estimation in
biophysical models (Tolley et al. (2024); Gongalves et al. (2020)). Traditionally this takes
the form of likelihood-free Bayesian inference, where the estimator learns the posterior
distribution p(6 | x) over model parameters 6 conditioned on simulated outputs x. While
these methods have been effective for fitting biophysical models to data, we found that
conditional density estimation was numerically unstable in the setting of training the
BRC to solve the working memory, with the majority of parameter samples falling outside
the support of the prior distribution. Instead, we used neural density estimation in a
simpler form to approximate an unconditional distribution p(#). We note that previous
studies have proposed integrating probability distributions with evolutionary algorithms
as a method to generate offspring from the parent population (Kern et al. (2004)). To
our knowledge, this is the first study to propose using neural density estimation for this
purpose. Follow up work will be necessary to benchmark this approach against standard
evolutionary algorithms, as well as traditional density estimation techniques like kernel

density estimation.
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4.6 Supplemental Data

Table 4.1: Simulation parameter ranges for neural flow evolution

Channel conductance (g) | Range | Transform
Esoma Leak (S/cm?) (-9, -2) | exponential
Esoma Km (S/cm?) (- 9, -2) | exponential
Esoma CaL (S/cm?) (-9, -2) | exponential
Fsoma CaT (S/cm?) (-9, -2) | exponential
Egend Leak (S/cm?) (-9, -2) | exponential
Edena Km (S/cm?) (-9, -2) | exponential
Egena Cali (S/cm?) (-9, -2) | exponential
Egena CaT (S/cm?) (-9, -2) | exponential
I Leak (S/cm?) (-9, -2) | exponential
[ Km (S/cm?) (-9, -2) | exponential
I CaL (S/cm?) (-9, -2) | exponential
I CaT (S/cm?) (-9, -2) | exponential

Connection probability | Range Transform | Synapse
E—Eoma (0.0, 0.6) | linear AMPA
E—Edend (0.0, 0.6) | linear AMPA
E—I (0.0, 0.6) | linear AMPA
[—Egoma (0.0, 0.6) | linear GABAa
[—Egena (0.0, 0.6) | linear GABAa
T Liond (0.0, 0.6) | linear AMPA
Connection strength (g) | Range | Transform | Synapse
E—FEsoma (1S) (-4, 1) | exponential | AMPA
E—Egena (1S) (-4, 1) | exponential | AMPA
E—I (uS) (-4, 1) | exponential | AMPA
[=Esoma (1S) (-4, 1) | exponential | AMPA
[=Eqena (1S) (-4, 1) | exponential | AMPA
I—Tdena (1S) (-4, 1) | exponential | AMPA
Cue—Egoma (1S) (-4, 1) | exponential | AMPA
Cue—Egenq (19) (-4, 1) | exponential | AMPA
Cue—Egoma (1S) (-4, 1) | exponential | NMDA
Cue—Eqena (1S) (-4, 1) | exponential | NMDA
Cue—1I (uS) (-4, 1) | exponential | AMPA

The prior support and transform function for the parameters of examples shown in the
text. For neural density estimation, all parameters were transformed such that the
minimum and maximum of the Range column was on the interval [0, 1].
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CHAPTER 5

Conclusions

5.1 Summary

The previous chapters have demonstrated that biophysical models combined with deep
learning are uniquely suited to understand the mechanistic origins of emergent properties
in neural systems. The novel scientific contributions in this thesis specifically focus on
connecting cell-level properties to network-level dynamics in the form of 1) MEG/EEG
neural oscillations (Chapter 3) using the Human Neocortical Neurosolver (HNN) modeling
software (Chapter 2), and 2) the cognitive function of working memory using a biophysical
reservoir computing framework that incorporates characteristic properties of cortical cells
and circuits (Chapter 4). Tt is important to highlight that several of the results presented
were only identifiable because of the unique combination of biophysical modeling and deep
learning. This combination has largely been facilitated by the rise of open-source scientific
tools in the neuroscience community (Chapter 2), allowing for the rapid integration of

biophysical models and deep learning algorithms.

As experimental and computational technology improves, the scientific insights gained
from biophysical models of neural networks will continue to accelerate. Below I describe

what I see as the most promising directions for the field to pursue with deep learning
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assisted biophysical modeling in the scientific, technological, and clinical research domains.

5.2 Untapped potential of combining physics-based
models and NeuroAl

The combination of artificial intelligence (AI) and neuroscience has the potential to be a
bidirectional relationship in which 1) Al is used to investigate neuroscience questions, and
2) neuroscience findings are used to improve Al systems. Researchers have unified around
the term “NeuroAl” to distinguish the unique problems of working at the intersection of
neuroscience and Al. We note that Al is an expansive category that encompasses machine
learning, and deep learning as a further subset. My thesis work suggests that a promising
avenue of NeuroAl research is using Al techniques (i.e. deep learning) to help distill

neuroscience knowledge from physics-based models.

The major techniques presented in this thesis, namely surrogate modeling and SBI, are
clear examples where Al is employed to gain scientific insights from physics-based models.
Together these techniques address the challenges of physics-based simulations with respect
to their computational cost (through surrogate modeling) and complex parameter-output
mappings (through SBI). A future research direction is the creation of a unified Al system
that simultaneously captures the forward and inverse relationships of a physics-based
model for broad classes of neuroscience problems. A potential deep learning framework

for achieving this goal is foundation modeling.

Foundation models traditionally refer to deep neural networks (i.e. transformers) that
have been trained on a vast corpus of data in a specific domain. In the domain of language
modeling, models like ChatGPT (Radford et al. (2018)), LLaMA (Touvron et al. (2023)),
and DeepSeek (DeepSeek-Al et al. (2025)) have seen widespread adoption outside of
the research community. In light of the success of large language models, researchers in

numerous domains, including neuroscience, are looking to see if a similar inflection point
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can be reached (Wang and Chen (2025); Azabou et al. (2023); Cui et al. (2024)).

One path towards improving foundation models is the direct integration of physics-based
simulations in the training data. Simulations are a natural fit for the data requirements
of foundation models, as the computational cost of simulation is the only limit to the
size of the training dataset that can be generated. Examples of such an approach have
already appeared in the domains of economics (Chen et al. (2023)), chaos theory (Lai
et al. (2025)), and robotics (Mahler et al. (2016)). The lofty goal of such approaches
is for the foundation models to achieve high-performance on problems not present in
the training dataset, otherwise known as generalization. In the context of neuroscience,
an EEG foundation model trained with this approach would ideally impose inductive
biases that equip the model with an internal understanding of generative mechanisms
underlying EEG signals. An example of generalization would be the ability to predict
seizure onset without recordings of seizures being explicitly present in the training data.
The presumption is that when the model takes neural recordings as input, the internal
representation is directly related to the biophysical mechanisms learned from the simulated

training data.

5.3 Technical hurdles for future development of physics-

based NeuroAl

To fully realize the potential of physics-based foundation models, it will still be necessary
to address the practical problems presented by biophysical modeling for targeted scientific
questions. The tools presented in this thesis demonstrate how deep learning can be used
to address many of the shortcomings of biophysical modeling. Nevertheless, there remain
several technical hurdles for the use of biophysical models, and their potential integration

with foundation models.

Fitting models to data or desired emergent properties is far from a solved problem. In
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the context of biophysical modeling, parameter fitting techniques for black-box simulators
(i.e. no access to gradients) remains an active area of research, particularly for high-
dimensional parameter spaces (Papenmeier et al. (2025); Zhou et al. (2024)). Gradients are
useful for parameter fitting because they can indicate the direction a parameter should be
changed to produce a desired output. A recent major advance on this front is implementing
biophysical models in software that tracks gradients during simulations (Deistler et al.
(2024)). This approach allows the use of gradient-based optimization techniques for training
biophysical models. The potential impact of this advance is significant, as gradient-based
optimization underlies the training of nearly every deep learning architecture. However,
even when biophysical models are implemented in software such that the gradients are
tracked during simulation, the associated loss landscape can be highly complex, leading
to the failure of standard techniques like gradient descent compared to computationally
expensive techniques like evolutionary algorithms (Hazelden et al. (2023); Wang et al.
(2023)). Research on hybrid methods that combine gradient information with evolutionary
algorithms may be a promising path towards dealing with challenging loss landscapes
imposed by biophysical models (Yang et al. (2022); Maheswaranathan et al. (2019)).
Alternatively, online optimization techniques like those used in spiking neural networks
(i.e. FORCE training Nicola and Clopath (2017)) may prove valuable now that gradient

information is accessible in biophysical models.

Another bottleneck for neuroscience foundation models is the availability of experimen-
tal data. While simulated datasets may provide useful inductive biases, in vivo recordings
of neural activity are still essential for real-world applications of neuroscience foundation
models. Fortunately, technology for recording neural activity in numerous modalities
is advancing rapidly, with tools like Neuropixels increasing the amount of neural data
collected in a single experiment by multiple orders of magnitude (Juavinett et al. (2019);
Steinmetz et al. (2021); Paulk et al. (2022)). There are also organizations like the Allen

Institute (de Vries et al. (2023); Hawrylycz et al. (2014)) and the Blue Brain Project
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(Markram (2006)) conducting monumental projects with the goal of curating massive neu-
roscience specific datasets in subdomains such as physiology, behavior, genetics, molecular
biology, development, and connectivity. It is important to note that even with access
to a limitless set of simulated neural data, it is currently unknown which features and
representations should be extracted to identify computational principles of the brain and
their associated neural mechanisms. Many neuroscientists consider computations in the
brain to be best represented as a dynamical system which evolves upon a low-dimensional
manifold (Shenoy et al. (2013); O’Shea et al. (2022); Gallego et al. (2017); Langdon and
Engel (2025)). Therefore, integration of diverse neural datasets, both experimentally
recorded and simulated, could be achieved through the appropriate representation of
neural dynamics. Techniques that compare neural activity as a function of their underlying
dynamical mechanisms remains an active area of research that may help in this regard

(Guilhot et al. (2024); Ostrow et al. (2023)).

An important limitation that challenges the construction of physics-based neuroAl
is the true complexity of biological systems. A major goal of this thesis is arguing for
techniques such as biophysical modeling which are able to represent complex neural
systems. However, these models still invoke strong theoretical assumptions that are
only partially consistent with available data. For example, in the cortical column model
“HNN” presented in Developing widely accessible and sustainable neuro-modeling tools
(Chapter 2), the extrinsic sources that drive activity in the network are divided into
“feedforward” drives that arrive at proximal dendritic locations, and “feedback” drives that
arrive as distal feedback locations (Neymotin et al. (2020); Jas et al. (2023)). While these
input pathways reflect experimental studies which characterize a canonical neocortical
microcircuit (Harris and Shepherd (2015)), these pathways primarily summarize the largest
trends in anatomical connectivity from tract tracing studies. In reality, there are always
numerous exceptions to the connectivity rules suggested by computational models, and it

is not always apparent if these exceptions are functionally important. For the future goal
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of merging artificial intelligence and physics-based models, it will be crucial to be aware
of the assumptions imposed by models, and critically evaluate if the inductive biases they

introduce help or harm task performance.

5.4 Digital twins as the future of neural modeling

A digital twin refers to the simulation of a real-world object or system, and can be used
for testing and monitoring the system in a virtual environment. Digital twins are used in
numerous domains including construction (Opoku et al. (2021)), aerospace engineering
(Xiong and Wang (2022)), meteorology (Li et al. (2023)), agriculture (Pylianidis et al.
(2021)), and biology (Gerach et al. (2021)).

In the field of biology, there has been significant advancement of patient-specific
digital twins of the heart, enabling high-fidelity monitoring of cardiovascular issues, and
simulation-informed decision making on optimal treatments (Gerach et al. (2021)). There
are several similarities between computational models of the brain and heart that suggest
a congruency in the construction of digital twins. However, unlike the brain, the correct
functioning of the heart is undisputed. The evaluation and benchmarking of a heart digital
twin directly relates to if the heart is pumping blood with enough pressure to reach the
vital organs of the body. In the case of the brain, there are an overwhelming number of
functions with varying levels of overlap in terms of when these functions are employed,

and which structures are involved.

Despite the challenges of developing digital twins of the brain, there have been efforts at
developing clinically relevant biophysical models for a variety of therapeutic domains. For
example, Geerts et al. (2012) has developed a thalamocortical model of schizophrenia, and
demonstrated its ability to predict the effectiveness of drugs in a prospective clinical trial.
Similarly, Guet-McCreight et al. (2024) has developed a detailed model of cortical circuits

to study EEG biomarkers of depression, and can be used for optimal dose predictions. In
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the domain of epilepsy, Dollomaja et al. (2025) has developed a whole-brain model that is
based on techniques from dynamic causal modeling, and has the potential to be used for

personalized epilepsy treatments.

Given the diversity of brain function and recording modalities, the future success of
digital twin technology will require specifying a neural function as the target of modeling,
and choosing biophysical details at all spatial scales based on the target. Rather than
building a generalized digital twin of numerous brain functions, researchers should focus
on building digital twins targeting functions like working memory, planning, or attention.
For each target function, the biological details included in a patient-specific brain model
may change based on their importance for the overall function, along with the data that is
necessary to fit a model to that patient. Supporting this view, Faingold (2004) describes
how neuropsychiatric drug development may benefit from viewing drug action as impacting
emergent properties on brain networks, rather than their cellular-level impact in isolation.
Given the highly complex and challenging nature of experiments studying emergent
properties of neural systems, biophysical modeling with deep learning is well-posed to

assist in these efforts.

This function-informed modeling moves away from the highly popular framework
introduced by David Marr, where he proposes that mechanistic properties should not be
compared at different spatial scales, and instead theories regarding neural function should
be strictly confined within their respective levels (Marr (1982)). Indeed, the computational
neuroscience community is beginning to challenge the framework of Marr’s levels (Postle
(2024); Pillow (2024)). It is important to note that this modeling approach is not a
recent development in the field. Arguably the majority of biophysical modeling research
uses targeted emergent properties to constrain modeling choices. As a less common
but valuable alternative, bottom-up modeling efforts such as the Blue Brain Project
(Markram (2006)) push the limits of biophysical neural modeling with a similar departure

from Marr’s levels, but with the goal of more generalized models that can be used to
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investigate multiple scientific questions. While the scientific challenges associated with
these approaches are distinct, they both benefit from the technological advancements
described in this thesis, and emphasize the value of linking cell-level biophysical properties

to network-level function.

With the next generation of deep learning tools, the full potential of biophysical
neural modeling will be realized through novel mechanistic insights that were previously
unattainable. These insights will not be derived from simulation alone. The next major step
for biophysical modeling will be using these tools to accelerate the theory-experimentation
loop via close interaction of modelers and experimentalists. The technological and
scientific advancements necessary for this goal will be significant, but it is a challenge the

neuroscience community is well-equipped to overcome.
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Appendix A

Connectivity tutorial

The relationship between network connectivity and emergent neural oscillations is an
important an unresolved problem in neuroscience. The original HNN model implemented
cell connections in an all-to-all pattern, where the synapse strength decayed with increasing
distance between cells. My contribution to HNN-core is designing a simple interface
for users to modify and add connections to the HNN model, notably enabling sparse

connectivity to connect subsets of neurons.
This tutorial can be found on the HNN-core examples documentation page:

https://jonescompneurolab.github.io/hnn-core/stable/auto_examples/index.

html
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plot_ connectivity

This example demonstrates how to modify the network connectivity.

import os.path as op

Let us import hnn_core.

import hnn_core
from hnn_core import jones_2009_model, simulate_dipole

To explore how to modify network connectivity, we will start with simulating the evoked re-
sponse from the evoked example <sphx_glr_auto_examples_plot_simulate_evoked.py>, and
explore how it changes with new connections. We first instantiate the network. (Note: Setting
add_drives_from_params=True loads a set of predefined drives without the drives API shown
previously).

net_erp = jones_2009_model(add_drives_from_params=True)

Instantiating the network comes with a predefined set of connections that reflect
the canonical neocortical microcircuit. net.connectivity is a list of dictionaries
which detail every cell-cell, and drive-cell connection. The weights of these connec-
tions can be visualized with :func:~hnn_core.viz.plot_connectivity_weights as well as
:func:~hnn_core.viz.plot_cell_connectivity. We can search for specific connections using
pick_connection which returns the indices of net.connectivity that match the provided pa-
rameters.

from hnn_core.viz import plot_connectivity_matrix, plot_cell_connectivity
from hnn_core.network import pick_connection

print (len(net_erp.connectivity))

conn_indices = pick_connection(
net=net_erp, src_gids='L5_basket', target_gids='L5_pyramidal',
loc='soma', receptor='gabaa')
conn_idx = conn_indices[0]
print (net_erp.connectivity[conn_idx])
plot_connectivity_matrix(net_erp, conn_idx)

# Note here that “'src_gids'™ is a “set” object
# The “.pop()  method can be used to sample a random element
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src_gid = net_erp.connectivity[conn_idx] ['src_gids'].copy() .pop()
fig = plot_cell_connectivity(net_erp, conn_idx, src_gid)

Data recorded during simulations are stored under :class:~hnn_core.Cell_Response.
Spiking activity can be visualized after a simulation is using
:meth:~hnn_core.Cell_Response.plot_spikes_raster

dpl_erp = simulate_dipole(net_erp, tstop=170., n_trials=1)
net_erp.cell_response.plot_spikes_raster ()

We can also define our own connections to test the effect of different connectivity patterns.
To start, net.clear_connectivity() can be used to clear all cell-to-cell connections. By
default, previously defined drives to the network are retained, but can be removed with
net.clear_drives(). net.add_connection is then used to create a custom network. Let us
first create an all-to-all connectivity pattern between the L5 pyramidal cells, and L2 basket
cells. :meth:hnn_core.Network.add_connection allows connections to be specified with either
cell names, or the cell IDs (gids) directly.

def get_network(probability=1.0):
net = jones_2009_model (add_drives_from_params=True)
net.clear_connectivity()

# Pyramtdal cell connections

location, receptor = 'distal', 'ampa'

weight, delay, lamtha = 1.0, 1.0, 70

src = 'L5_pyramidal'

conn_seed = 3

for target in ['L5_pyramidal', 'L2_basket']:

net.add_connection(src, target, location, receptor,

delay, weight, lamtha, probability=probability,
conn_seed=conn_seed)

# Basket cell connections

location, receptor = 'soma', 'gabaa'

weight, delay, lamtha = 1.0, 1.0, 70

src = 'L2_basket'

for target in ['L5_pyramidal', 'L2_basket']:

net.add_connection(src, target, location, receptor,

delay, weight, lamtha, probability=probability,
conn_seed=conn_seed)

return net

net_all
dpl_all

get_network()
simulate_dipole(net_all, tstop=170., n_trials=1)

We can additionally use the probability argument to create a sparse connectivity pattern instead
of all-to-all. Let’s try creating the same network with a 10% chance of cells connecting to each
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other.

net_sparse = get_network(probability=0.1)
dpl_sparse = simulate_dipole(net_sparse, tstop=170., n_trials=1)

With the previous connection pattern there appears to be synchronous rhythmic firing of the L5
pyramidal cells with a period of 10 ms. The synchronous activity is visible as vertical lines where
several cells fire simultaneously Using the sparse connectivity pattern produced a lot more spiking
in the L5 pyramidal cells.

net_all.cell_response.plot_spikes_raster()
net_sparse.cell_response.plot_spikes_raster()

We can plot the sparse connectivity pattern between cell populations.

conn_indices = pick_connection(
net=net_sparse, src_gids='L2_basket', target_gids='L2_basket',
loc='soma', receptor='gabaa')

conn_idx = conn_indices[0]
plot_connectivity_matrix(net_sparse, conn_idx)

Note that the sparsity is in addition to the weight decay with distance from the source cell.

src_gid = net_sparse.connectivity[conn_idx] ['src_gids'].copy() .pop()
plot_cell_connectivity(net_sparse, conn_idx, src_gid=src_gid)

In the sparse network, there still appears to be some rhythmicity where the cells are firing syn-
chronously with a smaller period of 4-5 ms. As a final step, we can see how this change in spiking
activity impacts the aggregate current dipole.

import matplotlib.pyplot as plt

from hnn_core.viz import plot_dipole

fig, axes = plt.subplots(2, 1, sharex=True, figsize=(6, 6),
constrained_layout=True)

window_len = 30 # ms

scaling_factor = 3000

dpls = [dpl_erpl[0].smooth(window_len).scale(scaling_factor),
dpl_all[0].smooth(window_len) .scale(scaling_factor),
dpl_sparse[0] . smooth(window_len) .scale(scaling_factor)]

plot_dipole(dpls, ax=axes[0], layer='agg', show=False)
axes[0] .legend(['Default', 'Custom All', 'Custom Sparse'])
net_erp.cell_response.plot_spikes_hist(

ax=axes[1], spike_types=['evprox', 'evdist'])
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Appendix B

Firing pattern tutorial

An advantage of using detailed biophysical models over abstracted models is the
ability to access activity at the level of individual synapses and dendrites. To support
investigations centered on microscale properties of neurons, I created an interface to allow
users to easily record membrane potentials and synaptic currents. The recordings are
enabled with a single keyword argument to the simulate function, and all the outputs
are stored in a structure that maps each recording to its associated compartment on the

neuron model.
This tutorial can be found on the HNN-core examples documentation page:

https://jonescompneurolab.github.io/hnn-core/stable/auto_examples/index.

html

183


https://jonescompneurolab.github.io/hnn-core/stable/auto_examples/index.html
https://jonescompneurolab.github.io/hnn-core/stable/auto_examples/index.html

[1:

[]:

[1:

[]:

plot firing pattern

# Authors: Mainak Jas <mjasC@harvard.mgh.edu>
# Nick Tolley <nick nicholas_tolley@brown.edu>

import os.path as op
import tempfile

Let us import hnn_core.

import hnn_core
from hnn_core import read_spikes, jones_2009_model, simulate_dipole

Now let’s build the network. We have used the same weights as in the evoked example
<sphx_glr_auto_examples_plot_simulate_evoked.py>.

import matplotlib.pyplot as plt
net = jones_2009_model ()

net does not have any driving inputs and only defines the local network connectivity. Let us go
ahead and first add a distal evoked drive. We need to define the AMPA and NMDA weights for the
connections. An “evoked drive” defines inputs that are normally distributed with a certain mean
and standard deviation.

weights_ampa_dl = {'L2_basket': 0.006562, 'L2_pyramidal': 7e-6,
'L5_pyramidal': 0.142300%}
weights_nmda_dl = {'L2_basket': 0.019482, 'L2_pyramidal': 0.004317,
'L5_pyramidal': 0.080074}
synaptic_delays_dl = {'L2_basket': 0.1, 'L2_pyramidal': 0.1,
'L5_pyramidal': 0.1}
net.add_evoked_drive(
'evdistl', mu=63.53, sigma=3.85, numspikes=1, weights_ampa=weights_ampa_d1,
weights_nmda=weights_nmda_dl, location='distal',
synaptic_delays=synaptic_delays_dl, event_seed=274)

The reason it is called an “evoked drive” is it can be used to simulate waveforms resembling evoked

responses. Here, we show how to do it with two proximal drives which drive current up the dendrite
and one distal drive which drives current down the dendrite producing the negative deflection.
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weights_ampa_pl = {'L2_basket': 0.08831, 'L2_pyramidal': 0.01525,
'L5_basket': 0.19934, 'L5_pyramidal': 0.00865%}
synaptic_delays_prox = {'L2_basket': 0.1, 'L2_pyramidal': 0.1,
'L5_basket': 1., 'L5_pyramidal': 1.}

# all NMDA weights are zero; pass None explicitly

net.add_evoked_drive(
'evproxl', mu=26.61, sigma=2.47, numspikes=1, weights_ampa=weights_ampa_p1l,
weights_nmda=None, location='proximal',
synaptic_delays=synaptic_delays_prox, event_seed=544)

Now we add the second proximal evoked drive and simulate the network dynamics with somatic
voltage recordings enabled. Note: only AMPA weights differ from first.

weights_ampa_p2 = {'L2_basket': 0.000003, 'L2_pyramidal': 1.438840,
'L5_basket': 0.008958, 'L5_pyramidal': 0.684013}
# all NMDA wetights are zero; omit weights_nmda (defaults to None)
net.add_evoked drive(
'evprox2', mu=137.12, sigma=8.33, numspikes=1,
weights_ampa=weights_ampa_p2, location='proximal',
synaptic_delays=synaptic_delays_prox, event_seed=814)

dpls = simulate_dipole(net, tstop=170., record_vsec='soma')

Here, we explain more details about the data structures and how they can be used to better
interpret the data. The cell IDs (gids) uniquely define neurons in the network and are stored in
the :class:~hnn_core.Network object as a dictionary

gid_ranges = net.gid_ranges
print(net.gid_ranges)

Simulated voltage in the soma and other cell sections are stored in :class:~hnn_core.CellResponse
as a dictionary. The CellResponse object stores data produced by individual cells including spikes,
voltages and currents.

trial_idx = O
vsec = net.cell_response.vsec[trial_idx]
print (vsec.keys())

We can plot the firing pattern of individual cells by indexing with the gid

gid = 170
plt.figure(figsize=(4, 4), constrained_layout=True)
plt.plot(net.cell_response.times, vsec[gid] ['soma'])
plt.title('%s (gid=%d)' % (net.gid_to_type(gid), gid))
plt.xlabel('Time (ms)')

plt.ylabel('Voltage (mV)')

plt.show()
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Also, we can plot the spikes in the network and write them to text files. Note that we can use
formatting syntax to specify the filename pattern with which each trial will be written (‘spk_ 1.txt’,
"spk_2.txt, ...). To read spikes back in, we can use wildcard expressions.

net.cell_response.plot_spikes_raster()

with tempfile.TemporaryDirectory() as tmp_dir_name:
net.cell_response.write(op.join(tmp_dir_name, 'spk_%d.txt'))
cell_response = read_spikes(op.join(tmp_dir_name, 'spk_*.txt'))

cell_response.plot_spikes_raster()

We can additionally calculate the mean spike rates for each cell class by specifying a time window
with tstart and tstop.

all_rates = cell_response.mean_rates(tstart=0, tstop=170,
gid_ranges=net.gid_ranges,
mean_type='all')
trial_rates = cell_response.mean_rates(tstart=0, tstop=170,
gid_ranges=net.gid_ranges,
mean_type='trial')
print('Mean spike rates across trials:')
print(all_rates)
print('Mean spike rates for individual trials:')
print(trial_rates)

Finally, we can plot the soma voltage along with the spiking activity with raster plots and his-
tograms for the pyramidal cells.

fig, axes = plt.subplots(3, 1, figsize=(5, 7), sharex=True)

for idx in range(10): # only 10 cells per cell-type
gid = gid_ranges['L2_pyramidal'] [idx]
axes[0] .plot(net.cell_response.times, vsec[gid]['soma'], color='g')
gid = gid_ranges['L5_pyramidal'] [idx]
axes[0] .plot(net.cell_response.times, vsec[gid]['soma'], color='r")
net.cell_response.plot_spikes_raster(ax=axes[1])
net.cell_response.plot_spikes_hist (ax=axes[2],
spike_types=['L5_pyramidal',
'L2_pyramidal'])
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Appendix C

HNN animation tutorial

One of the most challenging aspects of working with detailed biophysical models is
creating appropriate visualizations that capture important aspects of the simulation.
To better understand the connection between single neuron spiking and network level
dynamics, I created a visualization tool which animates HNN simulations by plotting
the membrane potential over time on top of a 3-dimensional rendering of the model.
These animations have proven to be highly effective in workshops and classroom settings
for teaching the community about fundamentals of HNN simulations. One of the most
striking outcomes of visualizing HNN simulations in this way is observing the spatial
organization of spiking activity, specifically its tendency to spread across the cortical
column in waves of activity. Cortical traveling waves are a well-documented emergent
phenomenon observed in vivo, and these animations have provided direct motivation for

new research directions linking HNN to traveling wave dynamics.
This tutorial can be found on the HNN-core examples documentation page:

https://jonescompneurolab.github.io/hnn-core/stable/auto_examples/index.

html
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plot hnn animation

# Author: Nick Tolley <nicholas_tolley@brown.edu>

First, we’ll import the necessary modules for instantiating a network and running a simulation that
we would like to animate.

import os.path as op

import hnn_core
from hnn_core import jones_2009_model, simulate_dipole, read_params
from hnn_core.network_models import add_erp_drives_to_jones_model

We begin by instantiating the network. For this example, we will reduce the number of cells in the
network to speed up the simulations.

net = jones_2009_model (mesh_shape=(3, 3))

# Note that we move the cells further apart to allow better visualization of
# the network (default inplane_distance=1.0 um).
net.set_cell_positions(inplane_distance=300)

The :class:hnn_core.viz.NetworkPlotter class can be used to visualize the 3D structure of the
network.

from hnn_core.viz import NetworkPlotter

net_plot = NetworkPlotter (net)
net_plot.fig

We can also visualize the network from another angle by adjusting the azimuth and elevation
parameters.

net_plot.azim = 45
net_plot.elev = 40
net_plot.fig

Next we add event related potential (ERP) producing drives to the network and run the simulation
(see evoked example <sphx_glr_auto_examples_plot_simulate_evoked.py> for more details).
To visualize the membrane potential of cells in the network, we need use simulate_dipole(...,
record_vsec='all') which turns on the recording of voltages in all sections of all cells in the
network.
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[ 1: add_erp_drives_to_jones_model (net)
dpl = simulate_dipole(net, tstop=170, record_vsec='all')
net_plot = NetworkPlotter(net) # Reinitialize plotter with simulated network

Finally, we can animate the simulation using the export_movie () method. We can adjust the xyz
limits of the plot to better visualize the network.

[ 1: net_plot.xlim = (400, 1600)
net_plot.ylim = (400, 1600)
net_plot.zlim = (-500, 1600)
net_plot.azim = 225

net_plot.export_movie('animation_demo.gif', dpi=100, fps=30, interval=100)

189



Appendix D

Simulate beta tutorial

One of the most useful aspects of open-source scientific code is the ability to directly
build on upon the results in a publication, rather than attempt to translate the methodology
to a custom code environment. While the latter is useful for assessing reproducibility, it is
often subject to mistakes and creates an unnecessary block to beginning a new scientific
investigation. In the context of HNN-core, I have created a framework for loading in
base model classes associated with scientific publications using HNN-core. The default
network jones_2009_model() is used in the majority of the tutorials, and corresponds
to the network model from Jones et al. (2009). To further demonstrate the utility of
this framework, I adapted the model from Law et al. (2022) so that is could be loaded
in one line using law 2022 model (), and created a tutorial demonstrating the principle
simulation results concerning the interaction of MEG/EEG beta events and event related

potentials.
This tutorial can be found on the HNN-core examples documentation page:

https://jonescompneurolab.github.io/hnn-core/stable/auto_examples/index.

html
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plot_simulate beta

# Authors: Nick Tolley <nicholas_tolley@brown.edu>

from hnn_core import simulate_dipole, law_2021_model, jones_2009_model
from hnn_core.viz import plot_dipole

We begin by instantiating the network model from Law et al. 2021 [1]_.

net = law_2021 _model()

The Law 2021 model is based on the network model described in Jones et al. 2009 [2]  with several
important modifications. One of the most significant changes is substantially increasing the rise and
fall time constants of GABAb-conductances on L2 and L5 pyramidal. Another important change
is the removal of calcium channels from basal dendrites and soma of L5 pyramidal cells specifically.
We can inspect these properties with the net.cell_types attribute which contains information on

the biophysics and geometry of each cell.

net_jones = jones_2009_model()

jones_rise = net_jones.cell_types['L5_pyramidal'].synapses['gabab']['taul']
law_rise = net.cell_types['L5_pyramidal'].synapses['gabab']['taul']
print (f'GABAb Rise (ms): {jones_rise} -> {law_rise}')

jones_fall = net_jones.cell_types['L5_pyramidal'].synapses['gabab']['tau2']
law_fall = net.cell_types['L5_pyramidal'].synapses['gabab']['tau2']
print (f'GABAb Fall (ms): {jones_fall} -> {law_fall}\n')

print('Apical Dendrite Channels:')
print(net.cell_types['L5_pyramidal'].sections['apical_1'] .mechs.keys())
print ("\nBasal Dendrite Channels ('ca' missing):")
print(net.cell_types['L5_pyramidal'].sections['basal_1'] .mechs.keys())

A major change to the Jones 2009 model is the addition of a Martinotti-like recurrent tuft connection
[3]__. This new connection originates from L5 basket cells, and provides GABAa inhibition on the

distal dendrites of L5 pyramidal cells.

print ('Recurrent Tuft Connection')
print(net.connectivity[16])
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The remaining changes to the connectivity was the removal of an L2_ basket -> L5 _pyramidal
GABAa connection, and replacing it with GABAD.

print ('New GABAb connection')
print(net.connectivity[15])

print ('\nConnection Removed from Law Model')
print (net_jones.connectivity[10])

To demonstrate sensory depression, we will add the drives necessary to generate and ERP simi-
lar to evoked example <sphx_glr_auto_examples_plot_simulate_evoked.py>, but modified to
reflect the parameters used in Law et al. 2021. Specifically, we are considering the case where a
tactile stimulus is delivered at 150 ms. 25 ms later, the first input to sensory cortex arrives as a
proximal drive to the cortical column. Proximal drive corresponds to projections from the direct
thalamic nuclei. This is followed by one :term:distal drive representing projections from indirect
thalamic nuclei, and a final late proximal drive. It is important to note that the parameter values
for each are different from previous examples of the evoked response. This reflects the altered
network dynamics due to the changes described above.

def add_erp_drives(net, stimulus_start):
# Distal evoked drive
weights_ampa_dl = {'L2_basket': 0.0005, 'L2_pyramidal': 0.004,
'L5_pyramidal': 0.0005}
weights_nmda_dl = {'L2_basket': 0.0005, 'L2_pyramidal': 0.004,
'L5_pyramidal': 0.0005%
syn_delays_dl = {'L2_basket': 0.1, 'L2_pyramidal': 0.1,
'L5_pyramidal': 0.1}
net.add_evoked_drive(
'evdistl', mu=70.0 + stimulus_start, sigma=0.0, numspikes=1,
weights_ampa=weights_ampa_dl, weights_nmda=weights_nmda_d1,
location='distal', synaptic_delays=syn_delays_dl, event_seed=274)

# Two prozimal drives

weights_ampa_pl = {'L2_basket': 0.002, 'L2_pyramidal': 0.0011,
'L5_basket': 0.001, 'L5_pyramidal': 0.001}

syn_delays_prox = {'L2_basket': 0.1, 'L2_pyramidal': 0.1,
'L5_basket': 1., 'L5_pyramidal': 1.}

# all NMDA weights are zero; pass None explicitly

net.add_evoked_drive(
'evproxl', mu=25.0 + stimulus_start, sigma=0.0, numspikes=1,
weights_ampa=weights_ampa_pl, weights_nmda=None,
location='proximal', synaptic_delays=syn_delays_prox, event_seed=544)

# Second proxzimal evoked drive. NB: only AMPA weights differ from first

weights_ampa_p2 = {'L2_basket': 0.005, 'L2_pyramidal': 0.005,
'L5_basket': 0.01, 'L5_pyramidal': 0.01}

# all NMDA weights are zero; omit weights_nmda (defaults to Nome)
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net.add_evoked_drive(
'evprox2', mu=135.0 + stimulus_start, sigma=0.0, numspikes=1,
weights_ampa=weights_ampa_p2, location='proximal',
synaptic_delays=syn_delays_prox, event_seed=814)

return net

A beta event is created by inducing simultaneous proximal and distal drives. The input is just
strong enough to evoke spiking in the L2 basket cells. This spiking causes GABAb mediated
inhibition of the network, and ultimately suppressed sensory detection.

def add_beta_drives(net, beta_start):
# Distal Drive
weights_ampa_dl = {'L2_basket': 0.00032, 'L2_pyramidal': 0.00008,
'L5_pyramidal': 0.00004}
syn_delays_dl = {'L2_basket': 0.5, 'L2_pyramidal': 0.5,
'L5_pyramidal': 0.5}

net.add_bursty_drive(
'beta_dist', tstart=beta_start, tstart_std=0., tstop=beta_start + 50.,
burst_rate=1., burst_std=10., numspikes=2, spike_isi=10,
n_drive_cells=10, location='distal', weights_ampa=weights_ampa_d1,
synaptic_delays=syn_delays_dl, event_seed=290)

# Proxzimal Drive
weights_ampa_pl = {'L2_basket': 0.00004, 'L2_pyramidal': 0.00002,
'L5_basket': 0.00002, 'L5_pyramidal': 0.00002}
syn_delays_pl = {'L2_basket': 0.1, 'L2_pyramidal': 0.1,
'L5_basket': 1.0, 'L5_pyramidal': 1.0}

net.add_bursty_drive(
'beta_prox', tstart=beta_start, tstart_std=0., tstop=beta_start + 50.,
burst_rate=1., burst_std=20., numspikes=2, spike_isi=10,
n_drive_cells=10, location='proximal', weights_ampa=weights_ampa_p1,
synaptic_delays=syn_delays_pl, event_seed=300)

return net

We can now use our functions to create three distinct simulations: 1) beta event only, 2) ERP only,
and 3) beta event + ERP.

beta_start, stimulus_start = 50.0, 125.0
net_beta = net.copy()
net_beta = add_beta_drives(net_beta, beta_start)

net_erp = net.copy()
net_erp = add_erp_drives(net_erp, stimulus_start)

net_beta_erp = net_beta.copy()
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net_beta_erp = add_erp_drives(net_beta_erp, stimulus_start)

And finally we simulate. Note that the default simulation time has been increased to 400 ms to
observe the long time course over which beta events can influence sensory input to the cortical
column.

dpls_beta = simulate_dipole(net_beta, tstop=400)
dpls_erp = simulate_dipole(net_erp, tstop=400)
dpls_beta_erp = simulate_dipole(net_beta_erp, tstop=400)

By inspecting the activity during the beta event, we can see that spiking occurs exclusively at 50
ms, the peak of the gaussian distributed proximal and distal inputs. This spiking activity leads
to sustained GABAb mediated inhibition of the L2 and L5 pyrmaidal cells. One effect of this
inhibition is an asymmetric beta event with a long positive tail.

import matplotlib.pyplot as plt

import numpy as np

fig, axes = plt.subplots(4, 1, sharex=True, figsize=(7, 7),
constrained_layout=True)

net_beta.cell_response.plot_spikes_hist(ax=axes[0], show=False)

axes[0] .set_title('Beta Event Generation')

plot_dipole(dpls_beta, ax=axes[1], layer='agg', tmin=1.0, color='b', show=False)

net_beta.cell_response.plot_spikes_raster(ax=axes[2], show=False)

axes[2] .set_title('Spike Raster')

# Create a fized-step tiling of frequencies from 1 to 40 Hz in steps of 1 Hz
freqs = np.arange(10., 60., 1.)
dpls_betal0] .plot_tfr_morlet(freqs, n_cycles=7, ax=axes[3])

Next we will inspect what happens when a sensory stimulus is delivered 75 ms after a beta event.
Note that the delay time for a tactile stimulus at the hand to arrive at the cortex is roughly 25 ms,
which means the first proximal input to the cortical column occurs ~100 ms after the beta event.

dpls_beta_erp[0] .smooth(45)
fig, axes = plt.subplots(3, 1, sharex=True, figsize=(7, 7),
constrained_layout=True)

plot_dipole(dpls_beta_erp, ax=axes[0], layer='agg', tmin=1.0, color='r',
show=False)

axes[0] .set_title('Beta Event + ERP')

net_beta_erp.cell_response.plot_spikes_hist (ax=axes[1], show=False)

axes[1] .set_title('Input Drives Histogram')

net_beta_erp.cell_response.plot_spikes_raster(ax=axes[2], show=False)

axes[2] .set_title('Spike Raster')

To help understand the effect of beta mediated inhibition on the response to incoming sensory
stimuli, we can compare the ERP and spiking activity due to sensory input with and without
a beta event. The sustained inhibition of the network ultimately depresses the sensory response
which is associated with a reduced ERP amplitude
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dpls_erp[0] . smooth(45)
fig, axes = plt.subplots(3, 1, sharex=True, figsize=(7, 7),
constrained_layout=True)

plot_dipole(dpls_beta_erp, ax=axes[0], layer='agg', tmin=1.0, color='r',
show=False)

plot_dipole(dpls_erp, ax=axes[0], layer='agg', tmin=1.0, color='b', show=False)

axes[0] .set_title('Beta ERP Comparison')

axes[0] .1legend(['ERP + Beta', 'ERP'])

net_beta_erp.cell_response.plot_spikes_raster(ax=axes[1], show=False)

axes[1] .set_title('Beta + ERP Spike Raster')

net_erp.cell_response.plot_spikes_raster (ax=axes[2], show=False)

axes[2] .set_title('ERP Spike Raster')

plt.show()
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