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Abstract

Balanced neuronal populations consisting of both excitatory and inhibitory neurons
can generate slow and robust oscillations that are used to model the activity the
spinal cord in mammals. A potential explanation comes from a recent �nding that
seemingly unstructured networks with an excitation-inhibition balance can generate
slow and robust oscillations when the overall strength of synaptic connections are
strong. In this regime, the network enters a limit cycle with distributed phases that
is highly reminiscent of activity experimentally recorded in the spinal cord of turtles.
However, previous models have used a rate-based formalism that neglects fast tempo-
ral dynamics due to action potential generation in individual neurons. Here we show
that, under strong coupling conditions, spiking populations can display the same type
of oscillatory behaviour previously seen in rate-based population models.

Neural motor populations generate activity in a functionally distributed manner, con-
sequently, the high dimensionality of their dynamics makes traditional approaches for
neural decoding insu�cient. In order to tackle this shortcoming, we explore statistical
and machine learning methods to better understand the dynamics and information
processing regimes of simulated network models and investigate whether deep-learning
approaches can provide a fruitful framework to build inverse models of simulated neu-
ronal populations. Speci�cally, we make use of recurrent network models of biological
neural populations -both rate and spiking- known to exhibit rich dynamics, and apply
a combination of dimensionality reduction techniques and deep network architectures
to build backward models. We show that these models are capable of decoding their
input stimuli and the relevant model parameters, both from the raw neural activity
as well as from the compact manifold representation of their dynamics.
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\I woke up as the sun was reddening; and that was the one distinct time
in my life, the strangest moment of all, when I didn't know who I was
- I was far away from home, haunted and tired with travel, in a cheap
hotel room I'd never seen, hearing the hiss of steam outside, and the
creak of the old wood of the hotel, and footsteps upstairs, and all the
sad sounds, and I looked at the cracked high ceiling and really didn't
know who I was for about �fteen strange seconds. I wasn't scared; I was
just somebody else, some stranger, and my whole life was a haunted life,
the life of a ghost."

On the Road, Jack Kerouac
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Chapter 1

Introduction

In this chapter we present the motivation for this work and the research questions we have addressed.
We then give an outline of the structure of this report and, �nally, present an overview of the codebase
used to implement and run our models.

1.1 Motivation & Problem Statement

The ability to gracefully perform complex movements is one of the most remarkable characteristics of
animals, however the underlying neural principles of how the nerve system gives rise to it are beyond
our current understanding. More generally, the language that neurons speak -theneural code- remains
largely undeciphered. This thesis deals with two distinct neuroscienti�c open questions.

The �rst one is how can rhythmic movement be generated by the spiking populations of the spinal
cord. Rhythmic movement, such as walking, swimming or breathing, is performed by the alternation of
activity of 
exor-extensor muscle pairs which by acting in phase opposition produce periodic movements.
Traditionally, the neural activity guiding these muscles has been understood in terms of alternation of
activity between distinctive populations of neurons in the spinal cord. In this view, two independent
neural population are coupled to each other and produce alternating pattern of activity such that when
one population is active the other remains quiet. Recent work by Lind�en et al. [1] has sought to challenge
that view and shown that the generation of motor activity in the spinal cord can be understood by
means of a single neuronal population performingrotation -instead of alternation- in reduced neural
space. However, their model is based on a rate-model formalism of neurons, which only accounts for
the average �ring rate of neurons, rather than describing the population dynamics in terms of spiking
activity. This projects builds on the work and build a model of spiking neurons capable of exhibiting
rotational dynamics in neural space analogous to that generated by their rate-based model and observed
in experimental recordings in the spinal cord of turtles.

The second question addressed by this project ishow can we control the activity of populations of
neurons such that we can generate di�erent activity patterns at will or, the equivalent problem, how can
we decode the parameters of a neural population model from its activity. The question of the neural
coding, namely, how to read and understand what a pattern of neural activity means, is one of the
most fundamental questions in neuroscience. Traditionally, the decoding of neural activity -for instance,
�nding what movement is represented by a speci�c activity pattern- has been done using tools from
control theory such as Wiener or Kalman �lters. Recent work [2] has shown that deep learning models
can outperform traditional decoders and can be e�ectively used to test whether a speci�c information is
encoded in a signal [3]. We build on these works and formulate the decoding problem using the inverse
problem formalism and use a class of computational models, known asdeep neural networksto develop
a framework to train models capable of both control, and decode, the simulated activity of neuronal
populations.

8



1.2 Contributions

This project has resulted in three main contributions:

1.2.1 Spiking model of spinal cord circuitry

We have built a spiking neural population model which, under certain conditions, displays rotational
dynamics, that is, the low dimensional representation of its spiking activity form a series of continuous
circular orbits in reduced neural-space; this contrasts withalternating dynamics which, when represented
in a low-dimensional space, abruptly jump between two state-space regions. To do so, we have incor-
porated insights from previous rate-based models shown to also exhibit rotational dynamics, as well as
from existing spiking architectures, namely balanced spiking networks. As we show in Chapter3, the
resulting spiking population model is capable of exhibiting rotational dynamics. Although the generated
activity does not yet fully match the electrophysiological activity seen in experimental recordings, this
contribution is a stepping-stone towards spiking models of motor-generation circuitry in the spinal cord.

1.2.2 Deep-learning inversing models

We have developed a codebase to train inversing deep-learning models on neural activity. In Chapter
5, we demonstrate that the resulting model can be e�ectively used to decode the model parameters
(ie., inverse problems) as well as be used to generate stimulation capable of inducing speci�c activity
patterns in the neuronal populations (ie. inverse optimal control); even when the connectivity of the
neural population is unknown to the model. The inversing models can be inputted both continuous
activity, such as the oscillatory patterns generated by rate neurons, as well as the discrete activity
produced by spiking populations.

We have conceived an online-learning variation of the backpropagation algorithm which disregard the
notion of training vs validation sets and is speci�cally adapted to work with synthetic data, that is, when
a generative model is available. Our developed codebase also includes the functionality needed to train
models on with non-synthetic �nite datasets.

Finally, although we demonstrate the model by decoding the activity of a neural population, the same
codebase can be used to train an inverse model on any kind of sequential data by adapting a few functions.

1.2.3 Inverse models for neuroprosthetics & other applications

The intrinsic di�culty of making measures in in vivo systems and the invasiveness of perturbation
methods have resulted in neuroscience seeing modest progress since its birth as an independent �eld.
However, recent developments in multi-electrode neural probes and less-invasive perturbation techniques
such as optogenetics have resulted in a explosion in the amount of neural data generated. However, the
�eld is still adapting to this new data-driven era and it is still unclear how to best make use of this
data abundance. In this context, we have designed an experimental protocol that utilizes the inverse
modelling approach presented in this thesis to train end-to-end neuroprosthetics models. We present the
protocol in Chapter 6 along with other applications of our models, such as how to empirically test a
popular conjecture in motor neuroscience known asmanifold hypothesis1

1.3 Report outline

In Chapter 2 we introduce the basic concepts from neuroscience needed to understand neural
population models.

In Chapter 3 we start by brie
y introducing the basics of how movement is generated in mammals.
We then analyse the di�erent dynamical regimes of rate-based modes and show how

1We further expand on the neuroscience manifold hypothesis in Chapter 3.
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they can give rise to rotational dynamics and alternating muscle activity. Finally,
we present our spiking population model, introduce two metrics to quantify the
properties of its dynamical regimes, and demonstrate that the model can generate
rotational dynamics and alternating muscle activity.

In Chapter 4 we introduce the notion of manifold as used in the neuroscience literature. We then
discuss the relation between dynamics and the computations done by neural popu-
lations, and illustrate the di�erent geometries generated by di�erent dimensionality
reduction techniques. We conclude by introducing the notion ofmanifold induc-
tion which is the base of our proposed manifold-hypothesis testing protocol that we
introduce in Chapter 6.

In Chapter 5 we present the inverse-problem formalism as well as the basics of machine learning
applied to supervised learning tasks. We then present our optimisation algorithm
for applying DL to synthetic data. Finally, we demonstrate how the trained models
can indeed decode the neural population parameters from their raw activity for both
rate and spiking populations.

In Chapter 6 we introduce the two experimental protocols we have designed to apply our inverse-
modelling approach to create neural prosthetics and to empirically test theneuro-
science manifold hypothesis.

In Chapter 7 we provide with an outlook of potential future work.

1.4 Codebase overview

This project has been done as a thesis for a master in computational physics, as such, a big part of the
work done has consisted in developing the code for the neural population simulations and for the machine
learning models. Great attention has been paid to optimise the performance of the code. Although
written in Python, computationally heavy operations have been vectorised usingNumpy and, whenever
possible, pre-compiled usingNumba just-in-time (JIT) compiler; furthermore, the neural population
simulation have been parallelised across CPU cores using Python's multiprocessing library and, as it's
common practise, the training of the deep-learning models is executed in parallel in a GPU using Pytorch
library.

The code is split across three GitHub repositories. In order to train a model, the three repositories should
be placed in the same directory.

ˆ The repository with the code to simulate the rate population. 2

ˆ The repository with the code to simulate the spiking population. 3

ˆ The repository with the code to train inversing DL-models. 4

1.4.1 Rate-population simulations code overview

The rate-population repository contains the following �les:

Rate network
simulate_rate_model.py # Main script to simulate populations
read_nerve_activity.py # Generates rotational dynamics and nerve read-out
spinalsim.py # Main simulation and helper functions

2https://github.com/enajx/rate_network
3https://github.com/enajx/spiking_network
4https://github.com/enajx/predictive_network
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chaos_experiments_rate_model.py # Run chaos experiments
time_simulation_benchmarking.py # Run benchmarking experiments
requirements.txt # Libraries dependencies
README.md # Instructions on how to the run code

The functions in spinalsim.py are based on the codebase from BergLab's former member Henrik Lind�en.
The main function is simulate_rate_network which implements the Euler method to solve the di�er-
ential equation for each of the rate neurons of a population with connectivityWfor a simulation duration
of t_steps .

The �le simulate_rate_model.py is the main script that allows to run simulations of rate neurons as
well as generate di�erent dimensionality-reduction techniques such as PCA, Kernel PCA or tSNE on the
generated population activity.

The main options of the simulation script are shown below and can be display with
python simulate_rate_model.py --help :

simulate_rate_model.py options:

--number_neurons Number of neurons being simulated. Not relevant for N experiment.
--simulation_time Simulation times, in ms.
--connect_normal_dist If true, it samples weights from a normal distribution
--connect_sparsity Only applies if sampling connectivity from normal distribution
--resampling_rate Only applied to compute PCA/tSNE: resampling rate [1.0, 0[
--PCA Run PCA on simulated activity
--kernel_PCA Run kernel PCA on simulated activity
--tSNE Run tSNE on simulated activity
--dimensions Dimensionality of the basis used to represent the generated activity
--standarised Standardised PCA dimensions
--FT Run Computes Fourier transform on simulated activity
--burnout % of initial points remove from PCA analysis
--save_plots Save plots
--limited-input Run simulation with only a brief 200ms input stimulus

driving the neurons

Seereadme.mdin the repository for full instructions on how to run the code.

1.4.2 Spiking-population simulations code overview

The spiking population repository contains the following �les:

Spiking network
spiking_models.py # Main script to run simulations
spiking_experiments.py # Generate figures from section 4.3.2.2
utils_spiking.py # Helper functions
other/* # Deprecated code
sync_regularity_data # Results from sync/regularity experiments
requirements.txt # Libraries dependencies
README.md # Instructions on how to the run code

The �le spiking_models.py contains the spiking model and allows to run simulations for di�erent net-
work con�gurations as well as running PCA and generate nerve read-outs from the generated population
activity.
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The main options of the simulation script are summarised below and can be displayed withpython
simulate_rate_model.py --help :

spiking_models.py options:

--network_type Network model, only 'spinal ' available
--network_size Number of neurons in the network
--t_steps Simulation duration in ms
--sparsity Network sparsity - 1.0 fully connected, 0.1: 10% per neuron
--coupling Synaptic coupling between neuron [mV], if random matrix

it works as the std of the sampling distribution.
--relative_inhib_strength Ratio between inhibition and excitation strength
--plot Generate plots
--convstd Std of Gaussian function used for convolving spikes
--downsampling_convolved Downsamples spike signals after having convolved them
--plot_connectivity Plot connectivity
--random_connectivity If true, a random connectivity matrix is manually generated
--random_stim_current If true, each neuron has a random constant stimulation (v_rest)
--random_vm_init Neuron membrane potentials are randomly initialised
--save_results Save results
--sync_regularity Computes synchronicity and regularity metrics
--nerve_readout Computes nerve activity from population activity
--run_PCA Computes PCA on membrane and convolved spiking activity
--PCA_components Dimension of new basis for PCA
--remove_mean Removes mean from convolved spikes
--high_pass_filtered Apply high pass filer to convolved spikes

Seereadme.mdin the repository for full instructions on how to run the code.

1.4.3 Machine-learning code overview

The code repository to train the inverse models contains the following �les:

Predictive network
train_predictive.py # Main script to train the models
evaluate_predictive.py # Script to evaluated trained models
predictive_models.py # DL model classes
predictive_pytorch.py # Code to train DL models
utils.py # Helper functions
population_models_inverse_wrappers.py # Helper functions
ESN/* # ESN models (pre-alpha)
experiments.py # Script with experiments
experiments/ # Results from experiments
saved_models/* # Trained models checkpoints
requirements.txt # Libraries dependencies
README.md # Instructions on how to run the code

The script train_predictive.py is the main interface to train the models. It allows to select the type
and size of the neural population that we want to simulate (ie. rate or spiking) as well as the model
parameters that we want the DL-model to inverse (eg. stimulation current).
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Below we present a summary of the main functionalities of the training script. These options can be
display with python train_predictive.py --help :

train_predictive.py options:

--population_type Population type: rate or spiking
--number_neurons Number of biological neurons simulated.

For spiking version it needs to be a multiple of 100
--time_recording Time the simulation runs for in ms
--resampling_rate Resampling rate [1.0, 0[. If 1.0 no resampling is done

and default 1ms resolution is used. If 0.1 resution is 1/10
of the original.

--remove_transient Percentage of the initial timepoints of signal to be removed:
eg. 0.0 does not do anything, 0.2 removes the first 20% datapoints, etc..

--num_epochs Number of epochs the DL network is trained for
--batch_size Number of simulations per batch
--lr Optimizer initial learning rate
--ANN_architecture ANN architecture: CNN1D, LSTM, CNN1D_small, CNN1D_medium
--loss_function Loss function: L1, SmoothL1, L2
--inversing_parameter Model parameters that we want to recover. For RATE model:

gains or stimulation_current. For
SPIKING: stimulation_current_through_spikes
or stimulation_current_membrane_potentials.

--dim_reduced If true, the output space is transformed onto a lower
dimensional representation (default: False)

--DR_technique If DR true, this argument specifies the technique to use:
PCA, tSNE

--DR_dimensions If DR true, number of dimensions of the new basis
Standardizes features by removing the mean and scaling to
unit variance (default: False)

--single_manifold If true, the used stimulation is the same random vector
for all simulations (default: False)

--random_connectivity If true, the connectivity of the network will be random,
if false: a single coupling value (positive for exct. and
negative for inhib.) will be used. (default: True)

--random_connectivity_sparse
If true, the connectivity of the network that is sampled will
be sparse. (default: False)

--random_connectivity_each_instance
If true, the connectivity of the network is randomised at each
simulation instance (along with the inversing parameter)
(default: False)

--random_connectivity_from_normal_distribution
If true, the connectivity of the network is sampled from a normal
random distribution. Only applies to the rate model,
spiking is always sampled from a normal distribution. (default: True)

--save_model Save resulting model (default: True)
--checkpoint_id Checkpoint id, allows to resume training. (default: False)
--new_lr If resuming training, uses a new learning rate. (default: True)
--JIT_freq If !=0, it will generate a new simulation at each epochs

rather than using a pre-generated dataset. Makes optimisation
slower but requires less memory and prevents overfitting on
training set. Its value indicates how many epochs
new data is simulated, if 0 a single dataset is produced.
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The deep-learning model classes are found inpredictive_models.py , where we have implemented an
LSTM model and three convolutional networks of di�erent sizes (CNN1D small, CNN1D medium and
CNN1D) by correspondingly increasing the number of linear layers after the convolutions. The functions
to train the models are implemented in Pytorch and can be found inpredictive_pytorch.py . For
the detailed functionality of all the classes and function, please refer to the code, where all the classes
functions have been comprehensively commented using docstrings. Seereadme.mdin the repository for
full instructions on how to run the code.

1.4.3.1 Trained models checkpoints

In the repository we have included the checkpoints of the trained models. These are the models for which
we report the results in Chapter 5. We have included the following trained models, whose results can be
obtained by simply running:
python evaluate_predictive.py --id <model id> :

saved_models/ # Trained models checkpoints
1636572579 # Rate (CNN)
1636646979 # Rate (LSTM)
1636645220 # Rate connectivity-agnostic
1636579660 # Spiking
1636296822 # Spiking connectivity-agnostic
1634823405 # Manifold induction

Each model folder also includes a human-readable con�guration �le (.yml ) �le and the training curves
losses.pdf .
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Chapter 2

Background

In this chapter we introduce a few basic concepts from computational neuroscience: how neurons com-
municate through synapses, the di�erent abstractions available to build neuron and population models,
and the known types of neural coding.

2.1 A Brief History of Neuroscience

The Nobel Prize in Physiology or Medicine 1906 was awarded jointly to Camillo Golgi and Santiago
Ram�on y Cajal "in recognition of their work on the structure of the nervous system". Golgi had invented
a method to stain nervous tissue using potassium bichromate and silver nitrate and Cajal made a series of
observations that resulted in the Neuron doctrine: the nervous system is composed of discrete individual
cells with gaps between them which are used as communication channels [4], [5]. Since then, the history
of neuroscience has been the history of the technical innovations that have enabled us to simultaneously
capture the activity of increasing number of neurons at high temporal and spatial resolutions. Over
the last 20 years, this technical progress has percolated down to the theoretical approaches used to to
understand neurons, metamorphosing the neuron doctrine into aneural network doctrine making neural
populations, rather than single neurons, the meaningful unit of computation and, therefore, the center
of study of neuroscience [6], [7].

2.2 Dynamical models in Neuroscience

In this section we will introduce the basic notions needed to investigate neuronal systems as well as the
main model families currently used to study them.

2.2.1 Elements of Neural Dynamics

The activity of nervous systems span across many spatial and temporal orders of magnitudes. From the
molecular dynamics governing the cell's ion channels up to the dynamics of neuronal populations made
of billions of neurons. The choice of the granularity at which we want to explain the phenomena will
determine the suitable type of model, see Fig.2.1.
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