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ABSTRACT OF THE DISSERTATION 
 

Leveraging Latent Models of Neural Population Dynamics for Efficient and 
Accurate Brain State Estimation 

 

 
by 

 

Abdullah Alothman 

 

Doctor of Philosophy in Electrical Engineering (Medical Devices & Systems) 

University of California San Diego, 2023 

Professor Vikash Gilja, Chair  
 

 

It has been demonstrated that the neural population activity is often dominated by a few 

prominent latent neural modes in low-dimensional space that capture a significant fraction of 

the population covariance. Previous studies showed that those latent modes can be used as basic 

building blocks for brain-computer interfaces (BCI). In fact, it was demonstrated that through 

modeling those latent modes into variables, one can drive an online BCI with a performance 

surpassing traditional neural-observation-driven BCI.   Additionally, it has been proposed that 
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these neural modes are   stable over long periods of time with respect to the intended behavior. 

To that end, we propose in this thesis methods and techniques that aim to enhance the 

performance of these latent-variable-driven BCIs in a multitude of ways.  In the first chapter, 

we propose an unsupervised compression technique for neural interfaces that aims to compress 

input neural features by minimizing the loss of information between observations and modeled 

latent modes. Our results suggest the potential of design neural interfaces with sublinear power 

scaling with number of input electrodes which could enable   power-efficient large-scale neural 

recordings. In the second chapter, we utilize latent modeling in a multimodal study featuring 

Electrocorticography (ECoG) and calcium imaging to show that you can predict the activity of 

modality using the other. We predict the latent modes of the calcium response using spectral 

features of ECoG recording then project decoded modes into the observation space to 

reconstruct single-cell activity of calcium response. In the last chapter, we extend this work in 

multimodal analysis to propose a generalized framework that unifies multiple modalities. One 

can leverage the unique strength of each modality by projecting them into a common latent 

space, which can be utilized to drive a brain-computer interface more accurately.
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Chapter 1  
 
Introduction 
 
 
 
Background 
 

Advances in brain-machine interfaces (BMI) have allowed individuals with paralysis, due 

to spinal cord injuries or neurological diseases, to control assistive interfaces using commands 

from the brain. Notable clinical studies in BCIs have allowed subjects to control robotic arm [1,2] 

and a cursor [3,4,5,6], decode imagined speech [7], and predict the early onset of chronic pain 

state in patients [8]. All these achievements were made possible due to the technological 

advancement in recording methods of the brain and their associated computational analysis tools. 

These acquisition techniques only offer a partial view of how the brain responds to physiological 

or cognitive processes, also known as the brain state. Indeed, estimating brain state and 

understanding how the activity of population of neurons encode behavior is a basic building block 

in functional BMIs. Capturing the dynamics of these populations and how they evolve over time 

in the presence of stimuli has advanced our understanding of the brain.  

Several studies, mainly in motor physiology, have demonstrated that the activity of these 

neural populations and their dynamics can be effectively described by set of low dimensional latent 

variables confined in a subspace called neural manifold [9-13]. Additionally, previous work in the 

motor region showed that low dimensional latent variables could encode behavioral features better 

compared to the dimensional neural observations. Importantly, when projections to neural 

manifolds are used by a BMI as input features, studies demonstrate better online motor control 

performance relative to BMIs that use smoothed firing rates as input features [14]. 
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In this thesis, we argue that by modeling the latent modes of neural population activity, we 

can enhance our estimation of brain state during BCI experiments. We develop algorithm and 

frameworks in various number of studies to support that argument and postulate that with the 

emerging number of BCI studies that employ modeled latent variables as input features, such proof 

of concepts that we present here will be of importance in the future.  

 

Thesis overview  
 

In chapter 2, we demonstrate that by preserving the latent variables that we modeled from 

input features in neural interfaces, we can compress those features while controlling the impact on 

application specific evaluation metrics. We apply this compression method to various datasets 

spanning different species and behavior to demonstrate its efficacy. This chapter is a reprint of 

Abdullah Alothman, Chao-li Wei, Pablo M. Tostado, Eric Trautmann, Xulu Sun, Daniel J. O’Shea, 

Ezequiel Arneodo, Timothy Q. Gentner, Vikash Gilja, "Unsupervised Channel Compression 

Methods in Neural Prostheses Design". 

In chapter 3, we investigate a multimodal study of surface electrophysiological recording 

and depth Calcium imaging and seek to study their correlation. We demonstrate that we could 

reconstruct single-cell activity of Calcium response at depth from spectral features of surface 

recording through decoding latent variables of Calcium signals. This chapter is, in part, a reprint 

of Mehrdad Ramezani, Jeong-Hoon Kim, Xin Liu, Chi Ren, Abdullah Alothman, Chawina De-

Eknamkul, Madison N. Wilson, Ertugrul Cubukcu, Vikash Gilja, Takaki Komiyama, and Duygu 

Kuzum, " Cellular Calcium Activity at Depth Predicted from Surface Potential Recordings using 

Ultra-high Density Transparent Graphene Arrays". 
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In chapter 4, we extended this study by trying to postulate a generalized framework to 

unify modalities in multimodal studies in one common subspace. By modeling the latent modes 

of each modality, we can combine their advantages to accurately estimate brain state. This chapter 

is a reprint of Abdullah Alothman, Mehrdad Ramezani, Jeong-Hoon Kim, Xin Liu, Chi Ren, 

Chawina De-Eknamkul, Madison N. Wilson, Ertugrul Cubukcu, Takaki Komiyama, Duygu 

Kuzum, and Vikash Gilja, " Leveraging latent modeling in multimodal neural recording for 

accurate brain state estimation". 
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Chapter 2  
 
 
Unsupervised Channel Compression 
Methods in Neural Prostheses Design 

 

Abstract 

Large-scale simultaneous recording of neural populations can enable the development of 

high-performance brain-machine interfaces (BMIs). Unfortunately, proposed implantable neural 

interfaces have power requirements that scale linearly with electrode count. To facilitate the design 

of interfaces with reduced power requirements, we propose and evaluate a compressed sensing 

strategy that is based on unsupervised learning. This strategy suggests novel neural interface 

architectures which compress neural data by methodically combining neural features extracted 

from recording electrodes. We develop an entropy-based compression strategy that models the 

population of neurons as being generated from a lower dimensional set of latent variables and aims 

to minimize the loss of information in the latent variables due to compression. By minimizing this 

loss, we preserve the modeled trajectories of behavior in the latent variable space. To evaluate 

compressed features, we inferred the latent variables from these features and measured the 

accuracy through estimating activity of held-out features and decoding behavioral variables. As 

many studies in recent years of large-scale neural recording rely on latent variable modeling, 

whether it is for exploring population dynamics or driving BMIs, we postulate that this proof of 

concept will become relevant for efficient brain state estimation through accurate inference of 

latent variable trajectories.  
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Introduction 
 

Advances in neural recording systems and associated computational methods have enabled 

the development of brain-machine interfaces (BMI) with the potential to restore lost function in 

individuals with impairments, such as loss of speech or motor control, due to spinal cord injuries 

or neurological diseases. Proof of concept BMI studies have demonstrated that these systems can 

synthesize aspects of speech from a given corpus [1, 2], control a prosthetic arm for reaching and 

grasping [3, 4, 5], type full sentences on a computer [6, 7, 8], and control a computer mouse like 

cursor [ 9, 10, 11, 12]. One aspect of BMI design that continues to advance is the scale with which 

neural interfaces record neuronal ensembles, particularly at singular neuron resolution [13, 14, 15, 

16, 17]. Recording and monitoring larger ensembles of neurons allows for improved modeling of 

the relationship between neural activity and behavior and, consequently, more accurate inference 

of intended behavior from neural activity. Several studies have suggested a loglinear relationship 

between BMI performance and electrode count, as illustrated in Figure 2.1a. [4, 11, 7]. Thus, 

advances in neuroscience and neural engineering are often driven by an increase in the number of 

simultaneously recorded electrodes, motivating the development of neural interfaces with 

increased electrode count. Two recent examples of large-scale recording systems are the 

Neuropixels 2.0 [18] and the Argo [19]. Neuropixels 2.0, with its implantable two 4-shank probes, 

has 10,240 electrodes and can record from 784 of its electrodes simultaneously. The Argo, 

designed with 65,536 simultaneously recorded electrodes, has been applied to record spiking 

activity from 791 neurons and cortical surface LFP activity from over 30,000 channels. As these 

systems illustrate, advances in device fabrication techniques enable the development of devices 

with 1000s of electrodes. However, recording from all electrodes simultaneously also requires 

scaling the circuits that measure neurophysiology. Recording and sampling relevant regions of the 
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brain to detect action potentials (spiking) and local field potentials (LFPs) is power intensive, as 

it requires filtering, amplification, digitization and telemetry. This requirement introduces a power 

and heat bottleneck in current neural recording systems due to the challenges of power delivery 

and negative impact of heating on brain tissue [20]. The Argo system is not implantable, due to 

the volume and weight of the supporting electronics and heat dissipation elements that enable 

recording from 65,535 electrodes simultaneously. The Neuropixels, in contrast, limits the number 

of electrodes that can be recorded, and therefore facilitates clinical implantation. 

In an effort to develop high-density neural interfaces that are more power efficient, prior 

design studies have focused on reducing the power required to record each individual electrode 

site. Nason et al. demonstrated that BMIs that infer motor behavior from spectral features of spike 

band power (SBP) can achieve similar online motor control performance to BMIs that infer 

behavior from traditional threshold crossing based spike event features. In an experiment of multi-

finger flexion and extension, they achieved successful BMI control using SBP features that 

integrate spectral power between 300-1000 Hz. By using SBP features as input, power 

consumption per electrode can be reduced by multiple orders of magnitude [21]. In another study, 

Even-chen et al. showed that power requirements can be reduced by relaxing the design 

requirements typically applied to neural interface architectures. Their proposed neural interface 

architecture permitted errors in neural spike detection and were designed with lower signal to noise 

ratio requirements. They studied the effect of spike error rates on online BMI performance and 

evaluated the impact on motor decoding performance. They concluded that the rate at which a 

neural interface introduces spike errors could be increased substantially with negligible impact on 

BMI decoding performance. The resulting relaxation of signal to noise requirement allows for 

parameters of current neural interface architectures to be modified and, consequently, for power 
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requirements to be reduced. The designs suggested by these studies reduce the power required per 

electrode and, therefore, facilitate the development of BMI systems with higher electrode count. 

Although these strategies enable higher electrode counts, power requirements will still scale 

linearly with electrode count. As such a new system design bottleneck will exist but at a higher 

number of recorded electrodes [22]. 

 

 

Figure 2.1 A brief summary of the compression algorithm and its advantages. 

a) shows the relationship between average power required, BMI performance, and number of channels in conventional 

and potential BMI design when applying the proposed compression method. b) shows how the proposed compression 

method is performed on neural features. c) shows the potential vs. conventional architecture in BMI. 
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In addition to improving BMI performance and advancing prosthetic design, increases in 

the number of simultaneously recorded electrodes have implications for basic neurophysiology 

studies. Simultaneous measurement enables single trial inference of neural state and its dynamics 

from populations of neurons and more detailed interrogation of how the activity of these 

populations relate to stimuli, behavior, and other neural populations. A common strategy for 

inferring neural state, particularly in motor physiology studies, is to assume that neural state can 

be described by a set of latent variables confined to a low dimensional space that effectively 

describes the activity of the higher dimensional population of neurons. This lower dimensional 

space is often described as neural manifold in the neural measurement space that can capture 

patterns of variation that are shared across the dimensions of neural measurement (i.e., shared 

variation across neurons). A potential theoretical motivation for the existence of such a manifold 

is the high degree of recurrent connectivity amongst neurons within a spatially constrain cortical 

region, which could lead to a high degree of co-modulation across those neurons [23, 24, 25, 26, 

27, 28, 29, 30, 31]. Previous studies employing a range of algorithmic techniques have 

demonstrated a high degree of correlation between structured behavior over time and the trajectory 

of neural state defined by projection onto this neural manifold [17, 32, 33, 34, 35, 36, 37, 38]. 

Previous studies in the motor region demonstrate that low dimensional latent variables can capture 

neural variability effectively and relate better to behavioral features compared to the dimensional 

neural observations. Importantly, when projections to neural manifolds are used by a BMI as input 

features, studies demonstrate better online motor control performance relative to BMIs that use 

smoothed firing rates as input features [8, 39]. It has been proposed that neural manifolds are stable 

over periods of days and weeks with respect to intended behavior. Specifically, changes in 

recorded neurons, due to instability in multi-day recording, give different empirical estimates of 
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the neural manifolds, and those estimates can be aligned in one subspace [40, 41]. Previous work 

has shown that the geometry of a low-dimensional manifold can be estimated from a small set of 

random mixtures of higher dimensional features [42]. Trautmann et al. connected this theory of 

random projections to unsorted multi-units. As such, they were able to accurately estimate neural 

population dynamics, as described by low dimensional latent variables, using unsorted multi-units 

and simulated multi-units, where they randomly mixed single units [43]. Additionally, multiple 

studies have shown that in prosthetic BMIs, performance difference between spike-sorted features 

and unsorted features (multi-unit activity, MUA) is often small [44, 45]. This provides motivation 

for us to study whether informed mixtures of neural features, based on designed compression 

methods, can yield high accuracy estimates of low dimensional manifold with even lower numbers 

of input channels. We posit that through an informed mixing of higher dimensional neural 

observations, we require a smaller set of those mixtures to estimate the low-dimensional manifold 

when compared to random mixtures. 

In the studies proposed by Even-chin et al. and Nason et al., the neural features from each 

electrode were relaxed to lower power requirement. In this study, we present and evaluate a 

complimentary strategy to relax the requirement of processing all of the recorded electrodes. 

Neural features from recorded electrodes are inputted into the channels of our developed 

compression method 1c. Features in those channels can be combined or dropped in a principled 

and unsupervised manner to reduce the number of output channels with controlled reduction, based 

on desired compression ratio, in application specific BMI performance as a tradeoff. This is 

predicated by the theory that low-dimensional manifold, and trajectories within, can be estimated 

using a mixture of higher dimensional observations. Such a strategy suggests opportunities for the 

redesign of invasive neural interfaces which could enable higher neural feature electrode count 
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recording with potential power savings through sub-linear scaling of power requirements. We 

develop and apply methods to single-unit spike count features, which form a set of initial sensing 

channels, then extend it to other neural features such as SBP and unsorted multi-unit. Specifically, 

the goal is to apply unsupervised-learning based channel compression methods to combine these 

channels while minimizing loss of information. By simply adding neural features to simulate 

combined channels (Figure 2.1), we reduce the channel count while maintaining good scoring on 

multiple evaluation metrics that estimate information in the original and compressed channels. 

This would allow neural features to be compressed to a fewer number of channels, enabling the 

design of neural prostheses that utilize such compression to potentially reduce power 

requirements, without compromising the application specific performance requirements. To 

quantify the loss of information due to compression, we introduce two evaluation metrics to assess 

the latent variables inferred from compressed features. The first metric measures how well the 

latent variables can represent the original neural features by predicting the activity of a neuron left 

out during the variables’ inference. The second metric evaluates how accurately the latent 

variables can explain and relate to behavioral features. 
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Methods 
 

The core idea of this technique is to methodically compress neural features while 

maintaining the estimated single-trial neural trajectories in the low-dimensional latent space. 

Using neural features as input to the compression algorithm, we utilize a generative model to 

estimate latent trajectories and model parameters. To methodically compress neural input features, 

we impose a compression criterion on the features and model parameters to determine the features 

that satisfy this criterion the most. Latents are extracted from the compressed features and using a 

set of evaluation metrics relevant to BMI performance; we estimate the loss of relevant 

information due to compression. The Methods Section will discuss each component of the 

compression algorithm in full detail. 

 

Channel-wise compression by combination 

Compression of input neural feature channels is achieved by summing these features from 

multiple channels. We define the uncompressed neural features by 𝑌𝑌 such that 𝑁𝑁 is the number of 

initially sorted neurons and 𝑇𝑇 is the number of timepoints within the dataset. We also define 𝑌𝑌𝑀𝑀  

as the compressed feature set, with 𝐷𝐷 representing the number of channels after compression. 

Therefore, we define the 𝑀𝑀 matrix such that: 

 

𝑌𝑌𝑀𝑀 = 𝑀𝑀𝑀𝑀 

The 𝑀𝑀 matrix formulation is the primary goal of this work. The compression mapping 

matrix 𝑀𝑀 compresses the original dataset by combining input features and is formulated by 

different strategies. The goal is to develop strategies that maintain information about the 
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observations in the original population in 𝑌𝑌 while reducing the input feature dimensionality 

(Figure 2.1b). We impose several constraints on the design of the 𝑀𝑀 matrix: 

• The 𝑀𝑀 matrix is applied to combine spike counts in channels; thus 𝑀𝑀 must be binary. 

• Channels from the 𝑁𝑁 neurons in 𝑌𝑌 can be mapped to only one of the 𝐷𝐷 channels in 𝑌𝑌𝑀𝑀. 

• All channels must be mapped to an output channel. No channels are dropped in the 

compression; thus, the column sum of the 𝑀𝑀 matrix has to be 1. Note: we consider dropping 

channels later in the Discussion. 

 

Greedy dimensionality reduction 

Solving for 𝑀𝑀 as a binary matrix is NP-hard problem and requires complex solving 

computational capabilities. As such, with an initial examination of compression strategies, we 

consider taking a greedy approach in which channel count is iteratively reduced. Channels are 

initialized as single channels of neural features, and at each iteration, one pair of channels is 

combined to reduce the channel count by 1. The pair is selected by evaluating a metric defined by 

a designed compression method. Channels are combined iteratively until a desired number of 

channels remain (Figure 2.1b). 

 

Latent neural trajectory estimation 

Trajectories are estimated by applying Gaussian Process Factor Analysis (GPFA). GPFA 

is a generative probabilistic model developed by Yu et al. [4] for application to neural spiking data 

that unifies learning temporal smoothing and dimensionality reduction parameters to extract latent 

variable trajectories that describe shared variability in the original high-dimensional data. The 

latent variables in GPFA are defined here as 𝑍𝑍 ∈ 𝑅𝑅(𝑄𝑄 𝑥𝑥 𝑇𝑇), where 𝑄𝑄 <  𝑁𝑁. 𝑄𝑄 is determined based 
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on the given behavior and species as followed historically. Therefore, the relationship between the 

observations and the latent variable at time 𝑡𝑡 ∈  𝑇𝑇 is given by: 

 

y:
t |z:

t  ∼ N(Cz:
t + μ, R) 

where represents all the latent variables at timepoint 𝑡𝑡, 𝐶𝐶 ∈ ℜ𝑁𝑁 × 𝑄𝑄 is the factor loading matrix, 

𝑑𝑑 ∈  ℜ𝑁𝑁 × 1 is the mean of the neural observations, and 𝑅𝑅 ∈  ℜ𝑁𝑁×𝑁𝑁 is the covariance. Each latent 

variables are correlated with itself across time through a Gaussian process (GP): 

 

𝑧𝑧𝑖𝑖: ∼ 𝑁𝑁(0,𝐾𝐾𝑖𝑖) 

where 𝐾𝐾𝑖𝑖  ∈  ℜ𝑇𝑇×𝑇𝑇 is the covariance matrix of the 𝑖𝑖𝑖𝑖ℎ Gaussian process. The smoothing properties 

are determined by the choice of the form of the GP covariance. The form of 𝐾𝐾 chosen is a squared 

exponential covariance function. The neural states can be inferred by: 

 

𝐸𝐸[𝑧𝑧̅ |𝑦𝑦�] = 𝐾𝐾�𝐶𝐶′� �𝐶𝐶̅𝐾𝐾�𝐶𝐶′� + 𝑅𝑅��
−1
∗ �𝑦𝑦� − 𝑑̅𝑑� 

In this equation,𝑦𝑦� and 𝑧𝑧̅ are concatenations of features of neural observations and neural 

states, respectively, across all timepoints 𝑇𝑇. 𝐶𝐶̅ and 𝑅𝑅� are 𝑇𝑇 blocks of 𝐶𝐶 and 𝑅𝑅, and 𝐾𝐾� is composed 

of 𝑄𝑄 sub-matrices where each sub-matrix along the diagonal is the covariance between two 

timepoints in the neural state 𝑖𝑖,𝐾𝐾�𝑖𝑖,(𝑡𝑡𝑚𝑚,𝑡𝑡𝑛𝑛) (more details in [33]). Using GPFA, we infer the low 

dimensional trajectory (i.e., the latent variables across time) based upon Y and the compressed 𝑌𝑌𝑀𝑀. 

Because GPFA is a probabilistic framework with latent variables, the Expectation Maximization 

(EM) algorithm is employed for parameter estimation. The parameters are not guaranteed to 

converge to the same deterministic values each time. Therefore, if the model is learned separately 

for each compressed feature set, there is no guarantee that the set of learned models will map to 
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the same latent space 𝑍𝑍. To avoid this problem and to facilitate direct comparison of models, GPFA 

parameters are learned once from the original uncompressed dataset 𝑌𝑌, and the compression matrix 

M is applied to the learned parameters to find the parameters of the reduced dataset 𝑌𝑌𝑀𝑀: 

 

 𝑦𝑦 =  𝐶𝐶𝐶𝐶 +  𝑑𝑑 +  𝜖𝜖 →  𝑦𝑦𝑀𝑀  =  𝑀𝑀𝑀𝑀 =  𝑀𝑀𝑀𝑀𝑀𝑀 +  𝑀𝑀𝑀𝑀 +  𝑀𝑀𝑀𝑀  

Therefore, the parameters of the GPFA model of the reduced dataset are given by: 𝐶𝐶𝑀𝑀  =  𝑀𝑀𝑀𝑀 and 

𝑑𝑑𝑀𝑀  =  𝑀𝑀𝑀𝑀. The covariance 𝑅𝑅𝑀𝑀  =  𝑐𝑐𝑐𝑐𝑐𝑐(𝑀𝑀𝑀𝑀)  =  𝑀𝑀𝑀𝑀𝑀𝑀′. The 𝑀𝑀 matrix compresses neural 

observations only, while the latent space is unchanged, thus the compression does not change 𝐾𝐾. 

We employ 4-fold cross-validation to the dataset and train four separate GPFA models (supp 

Figure 2.7). The parameters for each model are used in the compression methods, described below, 

to learn 4 different sets of 𝑀𝑀 matrices. 

 

Compression criterion 

Finally, we discuss the compression methods used to combine channels. These methods 

vary between operating on the neural observations alone or both the latent variables and 

observations. In the current work, our compression is based on the relationship between the neural 

population and the latent variables without considering correlations across time. The current 

method focuses more on latent trajectory estimation to establish a basis for compression 

applications. Future opportunities for modeling temporal correlation in compression might exist 

by incorporating GPs. The joint distribution between the observations and the latent states is given 

in equation: 

�𝑦𝑦𝑧𝑧�  ~ 𝑁𝑁 ��𝑑𝑑0� , �1 𝐶𝐶′
𝐶𝐶 𝐶𝐶𝐶𝐶′ + 𝑅𝑅�� 
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Conditional entropy 

Entropy is the measurement of uncertainty in a random variable. We utilize conditional 

entropy to evaluate how much of the latent variable entropy is affected by the choice of 

compression for the observation channels. That is, we measure the conditional entropy, given in 

equation 7, of the latent variable given the current channel set. In each greedy iteration, we evaluate 

which combination of channels has the lowest conditional entropy. 

 

𝐻𝐻(𝑍𝑍 | 𝑌𝑌 )  =  𝐻𝐻(𝑍𝑍,𝑌𝑌 )  −  𝐻𝐻(𝑌𝑌 ) 

We know that by combining channels, we lose mutual information, and thus the 

conditional entropy is expected to increase monotonically. At each iteration, we select the channel 

pair that minimizes this increase in entropy. This criterion allows us to reduce the channel count 

at each iteration while minimizing loss in mutual information as defined by the GPFA model. 

 

Evaluation Metrics 

After extracting the trajectories of the latent variables for the compressed dataset 𝐸𝐸[𝑧𝑧 |𝑦𝑦𝑀𝑀] 

and the original dataset 𝐸𝐸[𝑧𝑧 | 𝑦𝑦], we assess the impact of compression by evaluating two 

performance metrics as a function of the number of compressed channels. The metrics evaluate 

how well the latent variables can represent the high dimensional neural features (original channels) 

and the behavioral features (supp Figure 2.9). 

 

Leave-out neuron goodness-of-fit (prediction error): This evaluation metric is adapted 

from Yu et al. [33]. This metric evaluates how much the low dimensional latent variables represent 

and predict the neural observations. Being able to reconstruct original observations as accurately 
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as possible after compression is important for exploratory work in neuroscience. The metric 

estimates the activity of neuron 𝑗𝑗 from the latent variables inferred from all other neurons in the 

testing set. That is, neuron 𝑗𝑗 is dropped, then the remaining neurons are used to infer the latent 

variables, which are then used to predict the activity of neuron 𝑗𝑗. Both inference and prediction of 

the test set are performed with the model parameters learned from the training set. The prediction 

error is computed by measuring the sum of the squared error between the original neuron and its 

prediction (supp Figure 2.10). We expect this error metric to increase monotonically as we 

iteratively reduce the number of channels. If 𝑦𝑦�𝑖𝑖 is the predicted neural activity of channel 𝑖𝑖, then 

prediction error is given by: 

�||𝑦𝑦�𝑖𝑖 − 𝑦𝑦𝑖𝑖||2
𝑁𝑁

𝑖𝑖=1

 

 

Behavioral estimation error: Behavioral estimation is a vital evaluation metric for neural 

prostheses design. We seek to evaluate how well the low-dimensional population encodes the 

behavior. The behavior in this work ranges from arm reaching tasks in various experimental setups 

to songbirds engaging in free vocal behavior. We use the trajectories of the latent variables inferred 

from either the original or compressed channels to build a model to reconstruct the behavioral 

information in all datasets. For reaching tasks in motor control, we evaluate behavioral estimation 

error by building a neural dynamical filter (NDF) using extracted latents to reconstruct the hand 

kinematics [8]. The error, in this case, is the root mean squared error between true and 

reconstructed kinematics. 

𝑥𝑥𝑡𝑡  =  𝐿𝐿𝑧𝑧𝑧𝑧𝑡𝑡  +  𝑏𝑏 
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Where 𝑥𝑥𝑡𝑡 is the kinematics at time 𝑡𝑡, 𝐿𝐿𝑧𝑧  is the term that minimizes the mean squared error 

for ∥ 𝑋𝑋 −  𝐿𝐿𝑧𝑧[𝑍𝑍; 1] ∥2 where 𝑏𝑏 is the baseline. For vocal behavior in songbirds, we apply PCA to 

the spectrogram of the vocal behavior then build a linear regression model between the extracted 

latents and the spectrogram PCAs. We evaluate how well the latents can predict the spectrograms 

of held-out motifs. 

 

Method Workflow 

Given the neural features 𝑌𝑌 as an input to the compression algorithm, multiple steps are 

taken to compress and evaluate. 𝑀𝑀𝑘𝑘 is the compression mapping matrix that reduces channel count 

by 𝑘𝑘. 

Step 1: Extract latents and GPFA parameters (supp Figure 2.7 ): 

• Neural features are inputted into GPFA to train the model through expectation 

maximization algorithm. 

• GPFA parameters are extracted from the model 𝐶𝐶,𝑅𝑅,𝑑𝑑,𝐾𝐾. 

 

Step 2: Training compression model (supp Figure 2.8): 

• Using model parameters, we train a compression algorithm by measuring 

conditional entropy of combined channels. 

• Pair of channels with the lowest conditional entropy are selected and the 

compression mapping 𝑀𝑀1. 

• The compression mapping matrix is fed into the compression training model to 

compute 𝑀𝑀2. 

• This is done iteratively until a stopping criterion is met. 
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Step 3: Inferring latent trajectories (supp Figure 2.9): 

• Given the testing neural features and the compression mapping matrices 𝑀𝑀𝑖𝑖 where 

𝑖𝑖 =  1,2,3,4,5, . .𝑁𝑁 − 𝐷𝐷, we infer two sets of latent trajectories. 

• We use two sets to assess the set of evaluation metrics. 

• We compare metrics values from compressed latents to uncompressed ones. 

• This is done iteratively for all generated 𝑀𝑀 matrices. 

 

Dataset 
 

The feature compression methods described were empirically evaluated using four primary 

datasets that span different species, behaviors and recording interfaces. The goal is to assess how 

well the developed compression method generalizes with different datasets. A summary of all 

datasets in (Table 1) with visualization in Figure 2.2. In all datasets, trials were split 80% for 

training the model utilized in this study and 20% for testing and measuring the evaluation metrics. 

 

Table 1 summary of all the datasets used to test the compression algorithm. 

Datasets Device Behavior Region Channel count Animal Keyword 

D1 Neuropixels 
probe 

Reaching M1 263 Macaque Radial 

D2 Utah array Reaching Pmd/M1 93/67 Macaque Pseudo 

D3 Utah array Reaching Pmd/M1 182 Macaque Maze 

D4 Neuropixels 
probe 

Vocal RA 102 Zebra finch Birdsong 
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Dataset 1 

This dataset was collected in a rhesus macaque monkey doing a center-out reaching task. 

The experiment had 24 different reaching targets distributed evenly. Neural activity was recorded 

on a Neuropixels probe implanted in the brain’s primary motor cortex (M1) region. During this 

task, the monkey is performing a center-out reaching task with variable delay from the target onset 

to the go cue. The task is deemed successful when the monkey reaches the target and holds 300 

ms. 

 

Dataset 2 

This is a publicly available “pmd-1” dataset from the Collaborative Research in 

Computational Neuroscience [46, 47]. This dataset includes extracellular recordings from two 

Utah Multi-electrode Arrays (MEAs) implanted in the dorsal premotor cortex (PMd) and primary 

motor cortex (M1) of a monkey engaged in an upper limb reaching task. During the task, the 

monkey controlled a cursor on screen to acquire sequentially appearing targets. Targets appeared 

at random locations within a 5.15 cm radius of the previous target. The workspace was 20 cm x 

20 cm with 2 cm square targets. There are 496 sequential reach trials in the dataset, and from the 

MEAs, 93 neurons from PMd and 67 from M1 were manually sorted. 

 

Dataset 3 

This dataset is collected in a rhesus macaque monkey performing a delayed-reaching task 

in a maze setup [48, 49]. In this virtual maze, the monkey was instructed to reach a color target in 

different maze designs that involved reaches of various complexities. Type 0 trials mean no maze 

setup and the reaches were straight lines. Type 1 trials mean a maze design involves a more 
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complex reach with curves to reach the target. This dataset had 697 type 0 trials and 716 type 1 

trials, and each type involved 36 different target positions. 

 

Figure 2.2 Datasets used in testing the compression algorithm. 
D1 is a center-out reaching task with 24 conditions. D2 is a pseudo structured reaching task with no defined conditions. 
The targets appear sequentially after another at various angles and reach lengths. D3 is a reaching task in a virtual 
maze environment. Reaches consisted of two types, straight reaches (type 0) and curved reaches (type 1). D4 is a 
recorded vocal behavior in a freely singing zebra finch. Ten motifs were recorded, and each motif consists of 60 ms 
syllables. 
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Dataset 4 

This dataset was collected in the robust nucleus of the archistriatum (RA) of a free singing 

zebra finch. During this vocal behavior, the zebra finch sings a stereotyped rendition of structured 

motifs, which are collections of ~60 ms syllables. In this dataset, we have a collection of 10 motifs; 

each motif consists of 4-6 main syllables and some intramotif syllables. Neural data was collected 

using a Neuropixel with 102 sorted single units observed in the RA region. More single units were 

observed in other regions of the zebra finch brain but were not considered in this study. 

 

Results 
 

Based on the complexity of the task, we chose the latent dimension 𝑄𝑄 =  20 as previous 

studies with similar recordings suggest that it is sufficient to capture sufficient neural variance 

from the population in the upper limb reaching [33, 8], and 𝑄𝑄 =  8 for the vocal behavior. The 

primary goal during compression is to show that we can compress neural input features while 

maintaining the structure of the latent trajectories. Additionally, because Trautmann et al. [43] 

showed that latent trajectories could be accurately estimated from random mixtures of single units, 

we aim to show that our method can estimate the trajectories with similar accuracy but at a higher 

compression rate, i.e., using fewer channels, assessed by the set of evaluation metrics proposed in 

methods (a sample of inferred trajectories in supp Figure 2.11). We simulated a random projections 

approach as a control. This control analysis generated 100 randomized M matrices at all 

compression rates for all datasets. These randomized M matrices are assessed through all of the 

trained models in the 4-fold cross-validation. Lastly, we introduce a metric called compression 

factor to evaluate compression rate. A compression factor 0 means that the data is uncompressed, 

i.e., the original input neural features. The compression factor increases with compression and 
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approaches the value 1, but it does not reach because there will always be one channel left after 

compression. 

   𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓𝑓 = 1 − 𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑
𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢𝑢 𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑

     

 In addition to demonstrating how well our compression method compares to random 

projection-based compression, we report several findings that were based on the type of behavior 

and species. 

 

Compression method and prediction error 

Figure 2.3(a,b,c,d) shows the prediction error for all datasets. The plots show conditional 

entropy as the average of the cross-validation folds, while the random plot is the average per 

reduced dimension across all random M matrices. The plots compare the two methods across the 

range of compression ratios. For example, at compression factor = 0.4, we compress 40% of the 

neural features twice, randomly, and informatively using our compression method. Then we 

extract the single-trial latent trajectories from both compressed datasets. Finally, we evaluate the 

efficacy of compression by projecting the extracted latents into the uncompressed observation 

space and predicting the activity of the original features, evaluating prediction error for both 

methods. The plots suggest that the conditional-entropy-based method outperforms random 

compression (P > 0.00001 for all datasets, paired P-test). The dotted line marks the 1% increase 

in prediction error in all datasets we selected as our tolerable tradeoff in performance. At this level, 

our method achieves 3.7, 2.2, 1.96, and 2.36 more compression than random combinations in 

𝐷𝐷1,𝐷𝐷2,𝐷𝐷3, and 𝐷𝐷4 respectively. 
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Figure 2.3 Error in predicting activity of left-out neuron vs compression factor. 

shows the prediction error during compression normalized to the prediction error of the uncompressed original 
observations. All datasets show that our compression method has better performance (less error) than randomly 
compressing input channels (P > 0.00001, paired t-test). The dotted line shows the 1% increase in relative prediction 
error. 
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Compression method in motor reach behavior 

Figure 2.4c shows the kinematic reconstruction error in type 1 reaching trials of the maze 

dataset. Since the trials are conditioned based on the target position, we opted to hold out certain 

conditions when training GPFA and the compression model to test how well the method 

generalizes over unobserved conditions. The subfigure shows that the kinematic reconstruction 

error behaves similarly in held-in and held-out conditions across all compression factors, and both 

perform better than random projection-based compression (a sample of reconstruction comparsion 

in Figure 2.12). To further evaluate the efficacy of compression, we compare its performance to 

that of more traditional feature-dropping approaches (Figure 2.4a). We apply the novel conditional 

entropy approach to iteratively drop the least informative neurons (retaining the subset of neurons 

with the lowest conditional entropy at each iteration without forming multiunit channels). This 

approach aims to retain the most informative single unit features at each iteration and compare it 

randomly dropping channels without any prior information. In Figure 2.4b, we compare this 

unsupervised channel combination approach to a channel-dropping approach that utilizes a 

supervised regression model; by applying a regression model between the hand position and the 

neural observations, we drop the least significant neural features (based upon p-values from the 

regression model). This approach resembles supervised feature selection methods often employed 

for BMI applications. 

 

Compression method in vocal behavior 

Similar to kinematics reconstruction error, we evaluate how well the extracted latents from 

compressed neural features can relate to vocal behavior in Figure 2.5. We calculated the 

spectrogram for each motif to extract behavioral variables from the recorded vocal output.  
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Figure 2.4 Compression algorithm in motor control of arm reaching. 

Figure shows the kinematic reconstruction error (behavior evaluation) for the D2 and D3. Similar to prediction error, 
our compression method shows better behavioral evaluation than random compression of data. a) compares 
compression through combination “combine” and dropping “drop” using our unsupervised method. It also compares 
both to dropping channels randomly. b) compares compression through combination using our supervised method to 
supervised channel dropping. Channels were ranked based on their importance in kinematic reconstruction and 
removed starting from the least informative channel. c) shows the results of compression when tested on held-out 
conditions. 
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Then we projected the frequency bands of the spectrogram into a lower-dimensional space using 

Principal Component Analysis (PCA). The behavioral evaluation in this context is to reconstruct 

the PCA scores of the audio spectrogram. Additionally, we apply our compression method to other 

neural features than sorted single units like spike band power features [21] and unsorted multiunits. 

Both these new neural features were applied to songbird data. 

 

Spatially constrained compression 

Previously, we applied the compression method solely by combining pairs of channels that 

satisfy the compression criterion the most. However, this could lead to channels at different probe 

regions being assigned together for compression. Since this may not be physically realizable (or it 

can be possible, but it will create difficulty in the physical implementation of compression 

mapping), we retrain our compression algorithm with spatial constraints in Figure 2.6. This 

constraint restricts the pair of neurons that can be combined to the same predetermined region 

along the probe design to simulate a physically realizable compression strategy. 
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Figure 2.5 Compression algorithm in vocal behavior and various spiking features. 

This figure shows the different spiking features we used in evaluating our compression method and how they relate 
to each other. Spiking band power (SBP) is the envelope of the spiking signal at 300-1000 Hz. Multiunits (MUA) are 
threshold crossing at -4 standard deviation for each channel. b,c,d is the reconstruction of the PCAs of the spectrogram 
of the birdsong motifs using different spiking features. The y-axis shows the deviation of that reconstruction error 
relative to the reconstruction error of the uncompressed original observation. 
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Figure 2.6 Spatially constrained compression loses some performance for the convenience of physical design. 

This figure shows how the evaluation metrics in spatially constrained compression compare to unconstrained 
compression. The similarity in results suggests that spatial constraints may be a viable strategy in compression 
algorithm training. 
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Discussion 
This work describes a strategy for compressing the number of recorded neural features 

based on summing groups of single input channels and combining them. By applying this strategy 

to neurophysiological data, we demonstrate that output channel count can be reduced with an 

unsupervised approach by choosing channel combinations that minimize the loss of information 

in an inferred low-dimensional latent variable space. By relaxing the requirement to transmit 

neural feature counts, our strategy suggests neural interface system designs with the potential to 

achieve sub-linear power scaling with respect to recording channel count. Such power-efficiency 

gains can enable the development of clinically viable, fully implantable neural interfaces with 

increased application-specific performance, such as more accurate and robust functional motor 

restoration [4]. 

We used an entropy-based unsupervised strategy to compress the data and evaluate how 

well the latent variables can be inferred after compression. These inferred variables are assessed 

through evaluation metrics that measure their ability to 1) represent the original neural 

observations and 2) encode behavioral features. Overall, the conditional entropy method optimizes 

compression using an iterative greedy approach and achieves good results compared to a random 

projections-based approach. 

In order to thoroughly evaluate our developed method, we assessed the compression 

algorithm using two main evaluation metrics highly relevant to high-performance BMIs across 

several datasets spanning multiple species, prediction error of left-out neurons, and reconstruction 

of behavioral information. Figure 2.3 shows that our method achieves the same prediction error at 

compression factor magnitudes more significantly than the random projection-based compression 

in all four datasets. We conclude that through this compression method, we can retain more 

information in the latent variable about the observation space than through random compression. 



32 
 

Furthermore, we assess how well this method compares against traditional dropping of channels; 

we compare it to supervised dropping (Figure 2.4b) and unsupervised dropping (Figure 2.4a) using 

our compression criterion. Surprisingly, with respect to kinematic reconstruction error, the 

unsupervised method yields similar performance to the supervised method. Critically, unlike the 

supervised approach, the unsupervised approach operates without any knowledge of the behavioral 

features. Finally, in Figure 2.4c, we show that our method generalizes over held-out and held-out 

conditions used to train the compression model. In Figure 2.5, we further test the generalization 

of this compression method by extending it to a new species and behavior and testing two new 

neural features, SBP and MUA. We observe similar results in this analysis to previous ones where 

our method performs better than random projection. In Figure 2.5 {c,d}, the behavioral 

reconstruction error decreases as we compress the input channels. We speculate that this results 

from overfitting at the uncompressed level due to the limited number of trials. Therefore, when 

reducing the dimensionality of the inserted observation space, we reduce the effect of overfitting. 

Finally, in Figure 2.6, we spatially constrain the pair of input channels you can combine to simulate 

physical limitations in actual implementation. The result shows that even with the spatial 

constraints, the evaluation metrics have similar results to the unconstrained evaluation metrics, 

which could suggest that spatially constraining is a viable strategy to improve physical 

implementation while not suffering in relative metrics. 

 

Physical implementation 

To design this compression method in a physical implementation, two core parts of the 

model training to be fully realized: extraction of neural features and conditional entropy iterative 
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calculations to choose the best channel pair to compress. In order to achieve that, two methods are 

proposed: 

• Neural input features or feature statistics can be transferred as subsets outside 

computing systems where compression parameters can be calculated. 

• Neural input features can be stored on the readout system, sent in small steps to 

maintain limited bandwidth, and stored again on the computing system to train the compression 

algorithm. Once the compression mapping is derived, it is transferred back to the readout unit for 

implementation. Since this mapping is realizable in the digital domain, basic physical mapping 

design can consist of multiplexers and adders. 

 

Moving to the analog domain 

Studies have shown power consumption in the analog domain per channel, especially 

considering high-bandwidth threshold crossing. A considerable part of the power estimation 

comes from the amplification of the analog signal in order to achieve a high SNR [21]. 

Implementing this compression method in the analog domain can potentially result in far more 

power savings than in the digital counterpart. Reducing the number of channels through 

compression can lower the number of amplifiers used before the analog to-digital conversion and 

can lead to potentially lower power consumption. However, two important design aspects must be 

taken into consideration. Since the primary method of compression is to add channels based on 

the compression criterion, this process can have more ramifications in the analog domain due to 

phase misalignment between combined channels. For this reason, it is essential to consider using 

spiking features that allow for zero phase shift, like spike band power. Combining channels in the 

analog domain will require another set of summing amplifiers to perform the addition process. 
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The additional amplifiers can lead to an increase in power consumption initially. However, it is 

crucial to study, through power calculation simulations, the minimum compression ratio that needs 

to be achieved to offset this added power from the summing amplifiers, if any. 

 

Compression in motor cortex vs other brain region 

This compression method was mainly implemented on data recorded from motor regions 

in several animals across different species. This implementation was possible because we assumed 

the existence of the neural manifold within the low-dimensional subspace. There are a large 

number of studies that support this subspace hypothesis in the motor region [40, 30, 8, 43]. When 

considering other brain regions, this subspace hypothesis still needs to be consolidated as it is in 

the motor region. Several studies could not observe this low-dimensional subspace in sensory 

regions such as the visual cortex. One possible explanation for this disparity is that the complexity 

of the motor control task is low. Thus, the neural population variability can be confined to a low-

dimensional subspace. This is challenged in the visual cortex as the complexity of the task scales 

with the number of stimuli presented, so when an N number of images are presented, the neural 

response lies in an N-dimensional subspace [50]. 

This study is proof that we can leverage latent neural dynamics for efficient estimation of 

brain state. We can compress neural input features by aiming to maintain the estimated single-trial 

neural trajectories in the low-dimensional latent space, potentially leading to power-efficient 

neural interfaces. Primarily in the motor cortex, more studies are emerging in which the latent 

variables are used to drive an online BMI [8, 11, 39]. Therefore, we emphasize in this study the 

importance of preserving these latent trajectories during the compression of the observations. We 

postulate that compression in neural interfaces is becoming relevant as the simultaneous recording 
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of the population of neurons increases in scale and expect more efficient compression techniques 

to emerge in the field in the near future. 
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Supplementary Figures 
 

 
Figure 2.7 Extracting latents and GPFA parameters. 

GPFA extracts the latent trajectories of single trials through EM iterative process. In the E-step, the conditional 
probability for all trajectories 𝑋𝑋 given the observations 𝑌𝑌,𝑃𝑃(𝑍𝑍|𝑌𝑌) is estimated through the jointly Gaussian 
distribution 𝑃𝑃(𝑍𝑍,𝑌𝑌). The M-step maximizes 𝐸𝐸[𝑙𝑙𝑙𝑙𝑙𝑙𝑙𝑙(𝑍𝑍,𝑌𝑌 |𝜃𝜃)] with respect to GPFA parameters which in turn, used 
to infer the trajectory of the latent variable with respect to the observations. 
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Figure 2.8 Training compression model. 

When GPFA parameters are trained, they are used to find the best two channels to compress by combining. This is 
done in iterative loop by measuring the conditional entropy in all possible channel pairs, and the pair with the least 
amount of entropy (least decrease in mutual information) is selected. Then a compression mapping matrix M−1 is 
output into the GPFA parameters to apply the newly trained compression. This process is repeated with new 
compression mapping matrix M−k is output at the end of every training iteration until a stopping criterion is met (certain 
value of conditional, certain compressed dimensionality...etc). 
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Figure 2.9 Inferring latent trajectories and projecting into higher dimensional space. 

When the compression model is trained and a list of mapping matrices are output, they are evaluated through testing 
how preserved the inferred latent trajectories are, which is the core of this compression method. These trajectories are 
inferred at every compression matrix 𝑀𝑀 − 1,𝑀𝑀 − 2,𝑀𝑀 − 3. . .𝑀𝑀 − 𝑘𝑘 to evaluate how they gradually change during 
the compression process. One evaluation metric is to project these latent trajectories into the observation space to 
reconstruct the observation data 𝑌𝑌𝑇𝑇𝑇𝑇  and compare to the original neural data through error measurement. 
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Figure 2.10 Leave-out neuron prediction test. 

One of the main evaluation metrics is prediction error, which tests how well the inferred trajectories can predict the 
activity of a left-out neuron. Initially the latent trajectories are inferred after removing one neuron (GPFA parameters 
are scaled down [33]). Those trajectories are then projected into the observation space where they predict the activity 
of all neurons including the left-out one. Prediction error metric is calculated through measuring the mean squared 
error between left-out neuron and its predicted activity. This is performed for all neurons in the testing set. 
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Figure 2.11 Latent trajectories inferred in D1 dataset. 

a) an example of inferred latent trajectories of 10 different trials of the same condition in D1 dataset. The figure 
compares the trajectories obtained from the uncompressed dataset and after compressing by more than 50 percent. b) 
shows the kinematic Reconstruction using inferred firing rates estimated using Latent Factor Analysis via Dyanmical 
Systems (LFADS) [32]. It compares the original kinematics to the Reconstruction using uncompressed dataset and 
after compressing by more than 50 percent. 
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Figure 2.12 Kinematic reconstruction of arm x-position in D2 dataset. 

This figure compares the kinematic reconstruction in two different regions using two different compression methods 
with the original kinematics as a reference. The figure shows that our compression method achieves similar 
reconstruction to the random-projection-based compression method at half the feature dimensionality.  
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Chapter 3  
 
 
 
Cellular Calcium Activity at Depth Predicted from 
Surface Potential Recordings using Ultra-high Density 
Transparent Graphene Arrays 

 

 

Overview 

Advances in neural recording technology and fabrication have made it possible to record 

neural modalities simultaneously from the same brain region. This, in turn, allows to combine 

different temporal and spatial scales provided by the recorded modalities. Specifically, through 

the development of transparent graphene arrays, one can record surface electrophysiological 

activity and image Calcium response at depth.  We study the correlation between these recordings 

and show that we can predict the activity of one modality using features of the other modality 

through decoding its neural modes.  
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Introduction 
 

The brain is a high dimensional system that evolves over time with complex dynamics that 

require a wide set of spatial and temporal scales [1-3]. For the temporal scale, modalities span a 

wide range of time resolution, from microseconds, such as change in potential in the neuron, to 

several hours or days, in case of learning new behavior. While spatially, responses can range from 

synapses to cells, circuits, and whole brain monitoring. Examining population dynamics across 

such a diverse range of spatial and temporal scales is impossible with one neural recording 

technology. For that reason, numerous studies sought to combine technologies and recording 

interfaces to simultaneously record multiple modalities during experimental procedures. Such 

studies aimed to investigate the dynamics of neural populations in various applications [4-21].  

 

One of the prominent multimodal approaches is to combine electrophysiological and 

optical recording as the modality-specific information we can learn compliments each other. 

Namely, the fine temporal resolution of electrophysiology made it possible to investigate fast 

spiking activity in the brain. On other the hand, imaging Calcium dynamics in neurons provides a 

complimentary view of the neuronal population activity with dense spatial resolution.  Between 

these two modalities and what they provide, there is a large amount of information which can be 

obtained that help us understand neuronal activity better [22] and have more accurate detection of 

cell-specificity in response to cognitive processes [23,24]. This integration of optical and electrical 

modalities was made possible using transparent graphene electrodes with artifact-free recording 

capability [25-29].  
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In this chapter, we present the results of a Collaboratory work with Kuzum group 

(Neuroelectronics Lab, UCSD) and Komiyama group to investigate and understand the correlation 

between two modalities recorded simultaneously in mice responding to visual stimuli. The primary 

visual cortex (V1) was targeted because the neural populations in this region exhibit diverse 

responses and selectivity to various attributes of the visual stimuli [75-80]. We show that there is 

a high correlation between the high frequencies of surface potential and calcium recordings at 

layer L2/L3. We extract latent representative trajectories from the calcium response using 

Gaussian Process Factor Analysis (GPFA) and decode those latent variables from a trained 

recurrent neural network using spectral features of surface recordings. We project those decoded 

latents to the original population space to reconstruct single activity in the calcium response. 

Additionally, we look into the difference between stimuli-evoked and spontaneous activity, how 

can it can affect neuronal population coupling and the decoding accuracy of latent modes, which 

consequently translates to accuracy of single-cell projections in the high dimensional space.  In 

this Collaboratory work, Kuzum group designed and fabricated the transparent graphene 

technology that enabled such multimodal recording and Komiyama group implanted and 

performed the experiment.  

 

Results 
 

In-vivo multimodal experiments with transgenic mice 

Mehrdad et al. performed the experiment with transparent graphene arrays to record 

electrophysiological signals from cortical surface. Simultaneously, they conducted calcium 

imaging using two-photon microscopy from the visual cortex in transgenic mice which was 

expressing GCaMP6s in most cortical excitatory neurons [83,84]. The animal is responding to 
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visual stimulation using drifting gratings (Figure 3.1). The two-photon imaging was performed at 

two different depths, layer 1 at 50 𝜇𝜇𝜇𝜇 and layers 2/3 at 225 𝜇𝜇𝜇𝜇 in a field of view of  

 

 

Figure 3.1 Multimodal experiment combing surface recording and optical imaging at depth in transgenic 
mice. 

In this figure, a) shows the experimental setup. b) exposed visual cortex (black box depict the optical field of view). 
c) sample of surface potential recorded from 64 channels. d) Trial averaged population activity (relative to the 2-
second baseline before stimulus onset) of neurons detected in L2/L3. Dashed lines show stimulus onset/offset 
respectively. e) and f) show 10 highlighted neurons and their Δ𝐹𝐹/𝐹𝐹 signals. g) shows averaged calcium signal in layer 
1. 
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960 𝜇𝜇𝜇𝜇 ×  960 𝜇𝜇𝜇𝜇 that span over nine channels. A sample of the 64 channels recorded at the 

cortical surface during one trial of the stimulus. The calcium response was estimated by extracting 

fluorescence tracing and calculating the relative change in intensity Δ𝐹𝐹/𝐹𝐹. The imaging quality 

was not distorted by the transparent graphene array and allowed for recordings at single-cell 

resolutions. In Figure 3.1e) and f), a sample of ten recorded neurons and their calcium response is 

shown.  

 

Predicting Neural Activity in Layer 1 and Layer 2-3 from Surface Recordings 

 Mehrdad et al. asked whether it is possible to predict brain activity at deeper layers using 

spectral neural features of surface recordings in order to investigate the correlations surface 

recordings and calcium imaging. They implemented a neural network model consisting of a single 

layer LSTM network [22,59]. The purpose of this neural network is to learn the nonlinear 

relationship between the two modalities. The network was fed the power of signals at different 

frequency bands (δ: 1–4 Hz, θ: 4–7 Hz, α: 8–15 Hz, β: 15–30 Hz, γ: 31–59 Hz, H-γ: 61–200 Hz, 

MUA: 0.5–4 kHz) in order to predict the average calcium activity at both layer 1 and layer 2/3 

(Figure 3.2a). The 40-minute were split into eight-minute sections to perform five-fold cross 

validations. Examples of decoded and ground truth activities in L1 and L2/3 are shown in Figure 

3.2b and the results show high decoding accuracy of the average activity in both layers. 

Additionally, the decoding accuracy was measured as a function of the number of channels from 

which spectral features were extracted and fed to the neural network model (figure 3.2c). The 

decoding performance increased with the inclusion of more channels in order of their proximity 

to the FoV. The performance saturates when using the 20 channels overlapping the FoV (Figure 

3.3), suggesting that further channels add little to no benefit. Lastly, by fixing the number of 
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channels used at 20 channels, Mehrdad et al. investigated the contribution of different frequency 

bands to the decoding performance. They used the low (δ, θ, α, and β) and high (γ, H-γ, MUA) 

frequency  

 
Figure 3.2 Decoding the average calcium activity from recorded surface potentials. 

(a) Schematic of the decoding model. Signal powers at different frequency bands (ten channels are shown as example) 
around time t are used as inputs to the model to decode the calcium activity at time t. The model consists of a linear 
hidden layer, a single-layer LSTM network, and a linear readout layer. (b) Decoded (orange) vs ground truth (black) 
∆F/F of layer 1 and layer 2/3 (cell-averaged). (c) Decoding performance for layer 1 and layer 2/3 (cell and pixel-level 
averaged) using all seven frequency bands but different numbers of channels. (d) Decoding performance for layer 1 
and layer 2/3 (cell and pixel-level averaged) using different frequency bands of the 20 channels closest to the FoV.  
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components to decode the average calcium activity in layer 1 and layers 2/3. Figure 3.2d shows 

higher frequency components have higher decoding accuracy compared to using low frequency 

components only. Additionally, the figure shows that adding low frequency components provides 

no additional information to the model when the high frequency components are used.  

 

 
Figure 3.3 Schematics for surface array channel diagram with emphasis on Calcium imaging FoV.  

Red area shows the imaging FoV, and blue box indicates the closest 20 surface ECoG channels to the FoV.  

 

Predicting Single-cell Activity from Surface Recordings 

 Given how average calcium activity at depth can be decoded using spectral features of 

surface recordings, we asked whether we could predict the calcium activity at single-cell level 

using cortical potentials. One approach was to develop a single neural network model for all the 
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136 neurons recorded in the FoV, but that would be inefficient and excessively complex. Another 

approach is to decode a latent dimensionality that is very representative of the high dimensional 

population activity. Previous studies showed that most of the covariance in neural population 

activity is confined within a neural manifold in the latent space [88,89]. Therefore we extract the 

latent trajectories in the low dimensional space using Gaussian Process Factor Analysis (GPFA), 

a generative model that unifies dimensionality reduction and smoothing in one framework to 

extract latent representations that describe the shared variability of high-dimensional data [90]. 

We trained GPFA to find and extract the low-dimensional trajectories of the calcium activity. We 

used eight distinct latent modes that can explain most of the shared variance in the high 

dimensional data (Figure 3.6). Next, Mehrdad et al. built a network architecture for each one of 

these latent modes to be decoded using the spectral feature of the surface recording. To reconstruct 

the single-cell calcium fluorescence, we projected the decoded latent variables to high dimensional 

space using the GPFA parameters. The schematic in Figure 3.4a shows the three main steps in 

single-cell decoding which are dimensionality reduction using GPFA, prediction using neural 

network, and projection to high dimensional space. Figure 3.4b shows a sample of a decoded vs 

ground truth of single cell activities which demonstrate the possibility of inferring population 

activity at depth using surface recordings. Additionally, the reconstruction accuracy can be seen 

in Figure 3.4c for all 136 neurons captured by calcium imaging while we compare the 

reconstruction using true latents and decoded latents as a function of number of variables in Figure 

3.9. Lastly, we used reduced GPFA to plot the latent trajectories of all the trials to demonstrate 

condition separability in the low dimensional space (Figure 3.11). 
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Figure 3.4 Decoding single-cell calcium activity from surface potentials using latent variables. 

a) Diagram of single-cell decoding model. Eight latent variables are extracted using GPFA are used to train BiLSTM 
models. Inferred and decoded latent variables are projected to high-dimensional space to reconstruct single-cell ∆F/F 
signals. (b) Examples for decoded (orange) vs ground truth (black) ∆F/F of layer 2/3 cells. (c) Decoding performance 
for all 136 cells with their locations outlined in the FoV. Black circles are the 9 channels inside the FoV.  
 

 

Effect of population coupling on decoding accuracy 

Next, we investigated whether the high accuracy of our decoding model is a result of the 

low variance of drifting gratings and the population coupling of neurons in response to the visual 

stimulus. Previous studies showed that spontaneous activity in the visual cortex is more complex 

than evoked responses [91], as it has similar population coupling to more complex visual task like 

presenting natural images [92, 93]. Therefore, to further assess the performance of our decoding 

model, we applied our decoding strategy to a separate dataset acquired from sessions without any 

visual stimulus (spontaneous activity). We repeated the single-cell calcium decoding and 
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successfully inferred the calcium activity of single neurons in the spontaneous sessions. In Figure 

3.7d/e, we compare the decoding of spontaneous activity vs evoked activity (using drifting grating) 

by using only the neurons present in both sessions.  

 

In order to investigate the effect of the population coupling on decoding performance, we 

calculated the coupling in both the spontaneous and evoked sessions using two distinct methods. 

We found there is a wide diversity in the neuronal coupling between the two sessions, and neurons 

that are highly coupled in one session can display low coupling in the other session (Figure 3.5a/b). 

Further investigation into relationship between coupling and decoding results show that there are 

little correlation as highly coupled neurons can have low decoding results and vice versa, neurons 

with low coupling can have high decoding results (Figure 3.5c/d). Lastly, we investigated whether 

the cells with high decoding performance had different population coupling. By calculating the 

coupling for the top N neurons in both evoked and spontaneous datasets, we found out that evoked 

has better decoding accuracy while having lower population coupling (Figure 3.5e-h). This 

suggests that the decoding accuracy is not entirely dependent on the population coupling and can 

be a combination of multiple factors.  
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Figure 3.5 The relationship between population coupling and single-cell calcium decoding. 

(a, b) Comparison of population coupling across cells in the spontaneous and evoked sessions using method 1, and 
(b) method 2. (c, d) Decoding results as a function of population coupling for the (c) spontaneous and (d) evoked 
sessions using method 2 (equation 3). The green boxes circle highlight highly coupled cells with poor decodign results. 
Yellow boxes highlight cells with high decoding performance, but low population couplings. Method 1 and method 
2 refer to equations 3 and 4, respectively. (e) Decoding results and (f) population couplings of the top 10 decoded 
cells in the evoked and spontaneous sessions. (g) Decoding results and (h) population couplings of the top N decoded 
cells (N = 5 to 30) in the in the evoked and spontaneous sessions. Solid lines and shaded regions indicate the mean 
and s.e.m., respectively. Population couplings are calculated among the top N decoded cells.   
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Discussion 
 

 In this chapter, we investigated, in collaboration with Kuzum group, the neural dynamics 

of the visual cortex in transgenic mice through utilizing multiple modalities, surface 

electrophysiological recordings and Calcium Imaging at various depths of the brain. This was 

made possible through the transparent graphene arrays developed by our collaborators. The 

complete transparency allowed for both modalities to be recorded simultaneously during the same 

experiment. This opens questions to be asked about the correlation between surface recording and 

depth calcium response.  

 First, Mehrdad et al. focused on decoding the average calcium activity in L1 and L2/3 

using the spectral features of the surface electrophysiological recordings. They developed single 

RNNs and fed them of 7 different frequency bands (𝛿𝛿,𝜃𝜃,𝛼𝛼,𝛽𝛽, 𝛾𝛾,𝐻𝐻𝐻𝐻, and MUA) to infer the 

average calcium signal. RNNs were mainly used to learn the nonlinear relationship between 

surface potential and depth calcium response. The decoded signal in both layers closely matched 

the ground truth with minimal error.  

 Next, to further improve the spatial resolution of the decoded network, we used GPFA to 

extract low-dimensional latent representation of the high dimensional population’s calcium 

response. Mehrdad et al. trained a separate RNN configuration for each of the extracted latent 

modes. We then used the true and decoded latents and projected both back to high dimensional 

observation space. We compared the reconstruction error of the true latents vs the decoded ones 

and show that we can predict the activity of several neurons with high correlations, which indicates 

surface recordings can be used to explore the activity of neurons at depth. Lastly, we investigated 

the effect of population coupling on decoding performance. While coupling can play a factor in 



61 
 

decoding calcium activity at layer 2/3, our analysis suggests that it is not the only determining 

factor.  

 These results demonstrate that there is a huge potential in multimodal recording to be 

utilized to understand the dynamics of the brain more accurately. When combining different 

modalities that span various spatial and temporal resolutions, each modality can provide unique 

information that can be used to further enhance BCI technology, which could pave the way for 

improved clinical experiments. 

 

Methods 
 

Visual Stimulation 

Square wave drifting grating stimuli (100% contrast, 0.04 cycles/degree, 3 cycles/sec, covering 

entire contralateral receptive field) were presented on an LCD monitor (30 × 38 cm) positioned 15 

cm away from the right eye using Psychtoolbox (http://psychtoolbox.org/). One of 8 orientations 

(45° apart) was presented for 2 or 2.5 sec on each trial in pseudorandom order. Inter-stimulus-

interval was 8 seconds. We presented each orientation at least 30 times in a session. 

 

Population coupling   

Two methods were used to calculate the population coupling in layers 2/3 in the spontaneous and 

evoked sessions [92,108]: 

𝑐𝑐𝑖𝑖 =
1
‖𝑓𝑓𝑖𝑖‖

�𝑓𝑓𝑖𝑖(𝑡𝑡)��𝑓𝑓𝑗𝑗(𝑡𝑡) − 𝜇𝜇𝑗𝑗�
𝑗𝑗≠𝑖𝑖
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In these equations, 𝑓𝑓𝑖𝑖(𝑡𝑡) is the calcium fluorescence change (ΔF/F) of individual cell 𝑖𝑖 at timepoint 

𝑡𝑡, 𝜇𝜇𝑗𝑗 is the average ΔF/F of cell 𝑗𝑗 over time, ‖𝑓𝑓𝑖𝑖‖ is the standard deviation of ΔF/F for cell 𝑖𝑖 over 

time, and 𝑁𝑁 is the number of cells. 

 

Electrophysiology Data Analysis 

To process the electrophysiological data, Mehrdad et al. started by removing common 

artifacts (imaging and power line) by applying a bank of notch filters to the raw surface recordings 

(the filters are optimized for each channel separately). The multi-unit activity (MUA) is extracted 

by applying a 6th order bandpass filter from 0.5 to 4 kHz followed by common average referencing. 

The signals are lowpass filtered below 250 Hz using a 4th order Butterworth filter to achieve the 

local field potential (LFP). To further filter the signals into common low frequency bands (δ: 1–4 

Hz, θ: 4–7 Hz, α: 8–15 Hz, β: 15–30 Hz, γ: 31–59 Hz, H-γ: 61–200 Hz), 6th order Butterworth 

bandpass signals are applied with corresponding frequency ranges.  

The powers at different bands (δ, θ, α, β, γ, H-γ, MUA) were calculated by taking the 

square of the bandpass filtered signals and applying a 100ms Gaussian filter to reduce the noise. 

The power changes due to the visual stimulus were calculated by trial averaging the powers at 

different bands and subtracting the baseline activity (2 seconds before the stimulus onset) and the 

results were demonstrated using 2D spatial maps to visualize the localization of different bands. 

The MUA events for each channel were extracted by using the threshold crossing method (-4*std).   
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Low Dimensional Latent Space of Population Activity 

GPFA models observations as a Gaussian model that is related to the latent variable through 

equation (3). 

𝑦𝑦:,𝑡𝑡|𝑥𝑥:,𝑡𝑡~𝑁𝑁�𝐶𝐶𝑥𝑥:,𝑡𝑡 + 𝑑𝑑,𝑅𝑅� 

Where 𝑥𝑥:,𝑡𝑡 represents the latent variable at timepoint 𝑡𝑡, 𝑑𝑑 is the signal mean, 𝐶𝐶 is the factor loading 

matrix, and 𝑅𝑅 represents the covariance matrix. The ith latent variable 𝑥𝑥 is modeled as a Gaussian 

process (GP) with a covariance matrix K that correlates latent variables across time points: 

𝑥𝑥𝑖𝑖~𝑁𝑁(0,𝐾𝐾𝑖𝑖) 

Using the training data of calcium signal 𝑌𝑌, we train a GPFA model that learn the parameters and 

infer the trajectory of the latent variable 𝑥𝑥.  

𝐸𝐸[𝑋𝑋|𝑌𝑌] = 𝐾𝐾𝐶𝐶′(𝐶𝐶𝐶𝐶𝐶𝐶 + 𝑅𝑅)−1(𝑌𝑌 − 𝑑𝑑) 

We use the latent variables 𝑥𝑥 and the inferred latent variable 𝑥𝑥� from the BiLSTM model to project 

into calcium signal space. 

𝐸𝐸�𝑌𝑌�� = 𝐶𝐶𝐶𝐶 + 𝑑𝑑 

𝐸𝐸 �𝑌𝑌��� = 𝐶𝐶𝑋𝑋� + 𝑑𝑑 

where 𝑌𝑌�  is the projected calcium signal using the originally inferred latents and 𝑌𝑌��  is the projected 

calcium signal using the predicted latents from the BiLSTM model. The projected calcium signals 

are then compared to the true calcium signals. 
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Reduced GPFA 

To generate latent factors with distinct spatial structure, we apply orthnormalization 

procedure as described in [90]. We assume that the observation data is given as 𝑌𝑌 ∈  ℜ𝑀𝑀×𝑇𝑇, while 

the latent variable is given as 𝑥𝑥 ∈  ℜ𝑁𝑁×𝑇𝑇. We decompose the factor loading matrix C using 

singular value decomposition: 

𝐶𝐶 = 𝑈𝑈𝑈𝑈𝑈𝑈′ 

where 𝑈𝑈 ∈  ℜ𝑀𝑀×𝑁𝑁, 𝑉𝑉 ∈  ℜ𝑁𝑁×𝑁𝑁 each have orthonormal columns and 𝐷𝐷 ∈  ℜ𝑁𝑁×𝑁𝑁 is diagonal. 

Thus, we can orthonormalize the latent variable 𝑥𝑥 using: 

𝐶𝐶𝑥𝑥:,𝑡𝑡 = 𝑈𝑈(𝐷𝐷𝑉𝑉′)𝑥𝑥:,𝑡𝑡 = 𝑈𝑈 𝑥𝑥�:,𝑡𝑡 

In this case, 𝑥𝑥�:,𝑡𝑡 is linearly rotated version of 𝑥𝑥:,𝑡𝑡 and orthonormalized. This is done to intuitively 

visualize the trajectories extracted by GPFA (figure 3.10).  
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Supplementary Figures 
 

 
Figure 3.6 Extracting low dimensional latent space. 

 (a) Explained variance of the high dimensional calcium signal by each latent variable. (b) Decoding results of the 
eight latent variables average over five folds. Black lines indicate the s.e.m. (c) Detailed description of the model used 
for single-cell decoding of calcium signals. 
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Figure 3.7 Decoding calcium signals at single-cell resolution. 

 (a) The correlation between reconstructed and original ∆F/F signals of all 136 single cells is shown using BiLSTM 
decoded latents (blue bars) and true latents that we inferred from GPFA (orange). (b) Examples for reconstructed 
single-cell activities using true latent variables (orange) vs ground truth ∆F/F (black). (c) Decoding results for the 
modulated (n=40) vs non-modulated cells (n=96). (d) Decoding performance for all 114 cells in the spontaneous 
session presented with their locations outlined in the FoV. The 9 channels inside the FoV are marked with black 
circles. The scale bars show 100µm. (e) Representative examples for decoded (orange) vs ground truth (black) ∆F/F 
of five best-decoded cells from part (d).  
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Figure 3.8 Calcium latents as extracted by GPFA. 

The eight latent variables that we extracted from GPFA are shown with all trials plotted. The trial traces are color 
coded by condition, purple and red = 45 and 225 degrees, orange and green = 135 and 315 degrees, pink and magenta 
= 0 and 180 degrees, yellow and lime = 90 and 270 degrees.  
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Figure 3.9 Reconstruction of Calcium response using true latents vs decoded latents. 

We compare the reconstruction accuracy of true latents (extracted from GPFA) and decoded (reconstructed) latents 
from BiLSTM. The plots are based on how many latent variables have been used in the reconstruction.  
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Figure 3.10 3D plot of three Calcium latents show separability of conditions. 

When 3D plotting the eight latent variables that we inferred from GPFA, we can see separability in the conditions, 
being the angle direction of the drifting grating stimulus.  
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Figure 3.11 Testing the prediction error for spontaneous and evoked data as a function of number of latents 
used. 

GPFA trains a dimensionality reduction model that can estimate latent trajectories on a single trial basis, then tests 
this model through predicting the activity of left-out neurons in the testing set. Therefore, this is a comparison of 
prediction error in spontaneous activity and evoked activity in v1 in mice. Evoked dataset has 136 regions of interest 
(ROIs) while the spontaneous set has 265 ROIs since it was recorded in a different experimental session. We expect 
the prediction error to plateau at a latent dimensionality comparable or larger than evoked since having more channels 
means more decoupling. Additionally, to have a fair comparison between the two datasets, we have run the following 
tests: a) We ran the original 265 ROIs of the spontaneous activity. b) To make it comparable to evoked, we have 
selected 136 ROIs out of the 265 in spontaneous activity and ran prediction error evaluation. This was repeated 50 
times with random permutations each time. c) We compared locations of ROIs between evoked and spontaneous and 
it resulted in 114 ROIs that are common between the two datasets to make sure we are testing the same set of neurons. 
We compared prediction errors of those common ROIs in both datasets. d) Lastly, we show the prediction error 
evaluation in all 136 ROIs in evoked session (original dataset). 
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Chapter 4  
 
 
 
Leveraging latent modeling in multimodal neural 
recording for accurate brain state estimation 

 

 

Abstract 

 
 Advances in neural interfaces technologies have given rise to multimodal recordings in 

neurophysiological studies. Due to the complexity of the brain in how it encodes behavior and 

responds to stimuli, we require access to information that span diverse time and spatial scales 

which can be only captured by those multimodal recording techniques. However, the potential of 

these techniques is yet to be fully realized as analysis methods are still underdeveloped. We present 

in this work a generalized framework that aims to unify multiple modalities in a common subspace 

and combine their advantages. We leverage modeling of the latent modes of each modality in order 

to harness their advantages in low-dimensional subspace which can be used to enhance brain state 

estimation. Additionally, we show that we can recover latent modes of one modality using the 

other when aligning in that common subspace. 
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Introduction 
 

Studying the complex dynamics of the brain is critical to understanding its function and 

how to develop targeted brain-computer interfaces (BCI) to people with neurological diseases. 

Estimating brain state, or how the brain responds to stimuli, requires access to information that 

spans diverse spatial and temporal scales [1]. For example, advances in microelectrode array 

recordings have opened a window into complex dynamics on the microscale using surface 

electrocorticography (ECoG) electrodes. ECoG signals can record fast dynamics and quick 

changes in brain response to its high sampling rate. Previously, it has been used to identify 

epileptic seizure foci [2], and a number of BCI studies [3-7]. However, they cannot offer a full 

picture of brain state due to their limited spatial sampling. On the other hand, intracortical electrode 

arrays can be utilized to record brain signals at rates high enough to process action potential 

(spikes) at the single neuron level and deliver high fidelity estimation of brain state [8-10]. Yet 

estimated states through these recordings are limited by cell-response heterogeneity [11], although 

emerging high-density large-scale electrode arrays promise to improve detection of cell-type 

specificity [12]. In parallel with microelectrode technologies, optical tools have given rise to the 

ability to investigate neural activity at cellular level [13-14]. Calcium imaging in particular 

provides more insight into a large spatial scale and explores cell response heterogeneity [15-16]. 

However, these techniques still suffer from low temporal resolution due to slow imaging systems. 

In summary, current single tools, or technologies available to monitor brain response and its neural 

dynamics only offer rich reading on one resolution but not the other. This limitation provided 

motivation to the rise of multimodal technologies which allows simultaneous recording of two 

different modalities. 
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Previous multimodal studies sought to study the dynamics of neural populations in 

applications such as neural circuits [17-23], brain disorders and diseases [24-28], and enhancing 

performance of brain-machine interfaces (BCI) [28-32]. To date, the most promising multimodal 

studies are the ones that combine electrophysiological and optical recording modalities as they 

provide several advantages such as the temporal resolution of electrophysiology and the spatial 

resolution and cell-type specificity detection of optical imaging. This was made possible through 

the development of transparent graphene microelectrode arrays [33, 34].  

 

In this work, we develop a generalized framework that aims to unify multiple modalities 

of different spatial and temporal resolution in a common subspace in which their advantages can 

be combined for enhanced understanding of neural response. This framework is predicated on the 

assumption that two modalities recorded simultaneously from the same region are governed by 

the same underlying process. Previous work, particularly in motor physiology studies, has 

demonstrated that this underlying process can be described by latent modes in low-dimensional 

space that capture a significant fraction of the population covariance [35-41]. One can drive an 

online BCI and control a neural prosthetic using those modeled latent variables [42-43]. Therefore, 

by modeling the latent variables of both modalities in one low-dimensional subspace, we can 

combine their advantages which can be used to accurately estimate brain state in response to 

stimuli (Figure 4.1). Additionally, this was motivated by a previous multimodal study where we 

were able to predict calcium response at single level from spectral features of surface 

electrophysiological recordings (previous chapter). We apply this framework to a study of 

combined two-photon imaging and surface high-density electrodes recorded from the visual cortex 

in an awake mice subject to visual stimulation. We first demonstrate the advantages of each 
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modality separately then unify them in a common subspace. Additionally, we show how we can 

recover one modality from the other within that unified subspace.  

 

 

 

Figure 4.1 Graphical representation of the relationship between brain state, latent state, and behavior. 

One of the more popular theories states that the intended behavior and neural measurements are not directly connected 
but through intermediate latent neural state, 𝑧𝑧𝑡𝑡. This latent state represents the underlying process that generates both 
the neural activity that we measure and the intended behavior/response to stimuli.  
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Results 
 

Single channel response reveals temporal differences in modalities. 

To reveal the difference in temporal response between the two modalities in this study, 

ECoG and calcium response, we plot the trial-averaged response per conditions for one ECoG 

channel and Calcium region of interest (ROI) (Figure 4.2). Both responses were selected from the 

same approximate location relative to the observed field of view (FoV) in order to maximize the 

similarity in the response specificity. It should be noted that a single channel is not indicative of 

the population response, but it was done for demonstration purposes.  

In Figure 4.2, we can observe that for all conditions, the average electrophysiological 

response is much faster than the calcium response, raising to max value almost instantly after 

stimulus onset (𝑡𝑡 = 0). Additionally, the error margin in the ECoG response shows that this rise 

is observed across all trials with little variation, while in the calcium signal, the reported error 

margin indicates the degree to which it can respond to stimulus onset can vary. To further 

demonstrate the point, Figure 4.3 shows the histogram of the time required to reach maximum 

response value in both modalities relative to stimulus onset. This was measured in the same two 

channels as the previous result.  

 

 

 

 

 

 

 



87 
 

 

Figure 4.2 Single channel of both ECoG and Calcium response to Stimulus onset. 

The direction angle of the drifting grating (methods) is indicated in the title of each subplot. Each plot is the average 
of a single Calcium and the average of high gamma features from a single ECoG channel. The dotted line is the mean 
of each signal and the error bar represents the 95% confidence. At time 𝑡𝑡 = 0, the stimulus is presented to the animal 
and at time 𝑡𝑡 =  2 seconds, the stimulus is turned off.  
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Figure 4.3 Histogram of maximum value response. 

For all single trials, we measured the response time in both ECoG and Calcium relative to stimulus onset for the two 
single channels to illustrate the difference in the temporal resolutions. We limited the duration to 5 seconds after 
stimulus onset to eliminate any outlier response times that were mostly present in the Calcium signals.  
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Demixed principal component analysis reveals the population dynamics in both modalities. 

Because Calcium imaging often provides better information on cell-type specificity, we 

expect it to have a more distinct response to different conditions of stimuli when compared to 

ECoG. We can see hints of this in Figure 4.2; the transient response in the Calcium signal is 

different between conditions. Additionally, we expect the responses to drifting grating stimuli at 

angles 180 degrees apart to be similar as the orientation is still the same.  

 

To study the response at the population level in both modalities, we resort to demixed 

principal component analysis (dPCA) to uncover the time dependency and stimulus dependency 

in the principal components (PC; see methods). We trained dPCA with 4 conditions only as the 

other 4 conditions have the same orientation on the drifting grating direction (e.g., direction zero 

degree and 180 degrees). We extract both time components and stimulus components to 

understand their effect in both modalities. Figure 4.4 shows Calcium signals at the population level 

have very distinct responses to different stimuli, with drifting grating at 90 degrees being strongest. 

While its temporal response on the population level is very robust, it is very slow and confirms 

with Figure 4.3. On the ECoG side of recordings, the fast temporal response is evident in the entire 

population recorded with a very narrow error margin in the transient response. Yet its limited 

spatial sampling makes the stimuli components indistinct compared to Calcium. Figure 4.9 shows 

the top 3 stimulus components in Calcium response which demonstrates clear separation of 

conditions in the latent space.  
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Figure 4.4 Demixed principal component analysis of the two modalities. 

Breakdown of the stimulus and time components in both modalities. We applied dPCA to the high gamma features of 
surface electrophysiological recording and Calcium response at depth. We separate stimulus-dependent components 
and condition-independent components (time components) for each modality to demonstrate the specific information 
that we can obtain. 

  

 

Latent inference using PCA and evaluation BMI application-specific metrics. 

To infer latent trajectories in the two modalities, we need to extract the relevant features 

first. Our previous work showed that the Calcium response is highly correlated to the high 

frequency bands of the surface electrophysiological recordings; namely the high gamma frequency 
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bands ( ℎ𝑖𝑖𝑖𝑖ℎ 𝛾𝛾 = 70 − 150 𝐻𝐻𝐻𝐻) [mehr, previous chapter]. Therefore, we extract high gamma 

spectral features from ECoG as part of the preprocessing step. After that, we apply PCA to extract 

the single trial trajectory with latent dimension = 12.  Now even though the two modalities are 

recorded simultaneously from the same region, they do have their own latent subspaces. For the 

purpose of accurately estimating brain state, we can benefit from the advantages of both modalities 

in their own latent subspaces.  

To demonstrate the modality-specific information that we can learn, we evaluate metrics 

that are practical to BMI design. First, we performed condition classification using the PCs of both 

modalities which detect the angle of the drifting grating stimuli. We don’t use all 8 conditions 

because conditions 180 degrees apart have the same drifting grating orientation which have similar 

neural response (Figure 4.9) and therefore it can influence the classification accuracy. Figure 4.5 

shows the result of classification, the difference in performance between the two modalities. 

Conforming the dPCA result, Calcium PCs show better classification accuracy compared to ECoG 

due to its dense spatial resolution and ability to detect cell-specificity. Additionally, the accuracy 

of Calcium PCs rises above binomial chance fast relative to stimulus onset (methods). The second 

evaluation metric is to investigate how fast each modality can detect the onset of visual stimuli. 

We used epochs of the PCs of each modality to detect whether there is a response to stimulus 

through comparing it to baseline (Methods). Figure 4.6 shows that due to their fast temporal 

resolution, ECoG PCs have faster detection of stimulus onset compared to Calcium PCs. The 

results show high detection accuracy as fast as 100 ms after stimulus onset. This is an important 

step towards real-time detection of visual stimuli in order to build functional BMIs.  
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Figure 4.5 Classification accuracy of drifting grating angles. 

We used the PCs of both modalities to classify the drifting grating angles using the mean of the signals measured from 
stimulus onset as feature input to the classifier. The traces displayed are the means of five-fold cross validation and 
the error bars represent the 95% confidence interval. 
 
 
 
Alignment in the latent space 

We postulated before that the two simultaneously recorded modalities have the same 

underlying neural process. Therefore, when we extract latent modes, we look at the subspace of 

that underlying process from a different window that corresponds to a different modality. In order 

to align those two windows, we apply a method canonical correlation analysis (CCA) to unify the 
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two sets of latent modes in a subspace where correlation is the highest. The goal of this alignment 

is to be able to recover the PCs of one of the modalities using the other through that unified 

subspace (Figure 4.7). 

 

Figure 4.6 Detection of stimulus onset. 

We used the PCs of both modalities to detect the onset of visual stimulus by comparing epochs of PCs against pre-
stimulus onset baseline. The traces displayed are the means of five-fold cross validation and the error bars represent 
the 95% confidence interval. 
 

Binomial chance 
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Next, we asked whether we could benefit from the advantages of one modality using 

recovered PCs from another modality. Therefore, after aligning the PCs of both modalities using 

CCA, we recovered Calcium PCs using aligned ECoG PCs (Figure 4.7).  Next, we performed 

stimulus classification using Calcium PCs, ECoG PCs and Calcium PCs recovered from aligned 

ECoG PCs. Interestingly, the Calcium PCs that we recovered from aligned ECoG PCs performed 

better than ECoG PCs but much worse than the original Calcium PCs (Figure 4.8). 

 

 

 

Figure 4.7 Alignment of the PCs using canonical correlation analysis. 

After extracting the PCs of both ECoG and Calcium, we apply canonical correlation analysis to unify them in an 
aligned subspace where the correlations between their PCs is maximized. We postulate that we can recover the PCs 
one of modality using the PCs of the other modality through this aligned subspace.  
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Figure 4.8 Classification accuracy using PCs of different modalities. 

We measure the classification accuracy of drifting grating direction using PCs of different modalities as a function of 
the feature duration after stimulus onset. We compare Calcium PCs, ECoG PCs and finally Calcium PCs reconstructed 
from aligned ECoG PCs in a unified subspace using CCA (labeled ReClacium).  

Binomial 
chance 
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Discussion 
 

In this chapter, we showed that we can combine the benefit of two modalities, surface 

electrophysiology and depth Calcium imaging, which have recorded simultaneously in the same 

region by extracting and modeling their dominant neural modes in the low-dimensional space. 

Additionally, we show that we can align these two sets of neural modes in a unified subspace using 

CCA and be able to recover the modes of one modality from the other. First, in Figure 4.2, we 

show the advantages of each modality by plotting per-condition trial-averaged signals of a single 

channel from each neural recording. Surface electrophysiological recordings offer observations at 

fast temporal dynamics and therefore we can observe the rapid rise in the surface potential 

immediately after stimulus onset, making it a good modality for stimulus onset detection. On the 

other hand, Calcium signals offer a much diverse varied transient response to different stimuli 

conditions making it ideal for condition classification, although it comes at a cost of unreliable 

stimulus onset detection due to slow imaging techniques. To further demonstrate the two 

modalities’ various advantages in their respective scales at the population level as compared to 

single channel, we apply dPCA (methods) to the dataset to demonstrate the stimulus-dependent 

and time-dependent components in both modalities. Figure 4.4 shows that in the Calcium signals 

of the population activity have diverse response to stimuli as demonstrated by the distinct stimulus 

component for each condition. Additionally, surface recording of the population activity also 

demonstrates the marginally-narrow immediate response to stimulus onset. In Figure 4.8Figure 4.5 

shows the classification accuracy of the PCs of both modalities in addition to Calcium PCs 

recovered from aligned ECoG PCs. The results suggest Calcium imaging, due to its capability of 

detecting cell-type, is suitable for classifying stimulus condition. On the other hand, ECoG PCs 

classification performance is expectedly very poor due to its limited spatial sampling. Finally, 
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when recovering Calcium PCs, we observe a rise in the classification performance even though it 

doesn’t reach the level of the original Calcium PCs. This provides an opportunity to suggest 

techniques to recover BCI performance in multimodal experiments when we lose the ability to 

record from one modality due to various technical reasons. Lastly, we measure the time difference 

between the two modalities due to the nonlinearities between them through canonical correlation. 

We slide the time difference between them and measure the correlation. Figure 4.10 shows that 

the correlation is maximized when Calcium leads ECoG by 100 ms.  

One important thing to note is the choice of latent modeling technique utilized in this study. 

As we want to present a proof of concept to the ability of unifying multimodalities in one subspace, 

we went with the simplest modeling technique, principal component analysis. Additionally, there 

are studies that previously demonstrated the capability of aligning single modalities across 

multiple days and subjects using PCA and CCA for alignment [36]. We postulate that better 

modeling techniques will yield better inference of the latent variables in different modalities. This 

is mainly due to the choice of model choice being on the observation dataset and how some choices 

can be an ill fit for certain data types. Secondly, there are other latent modeling techniques that 

consider the wide range of temporal scales that modeled latent modes can exhibit. We expect that 

within and across modalities there will be fast and slow latent modes that are better represented 

by considering the temporal scale of each modality.  

Lastly, we show in this study the importance of leveraging latent modeling in multimodal 

recordings. While primarily in the motor cortex, more studies are emerging in which the latent 

variables are used to drive an online BMI. Therefore, we emphasize the ability to harness the 

advantages of both modalities in the latent subspace to allow for more accurate estimation of brain 

state.  
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Methods 
 

Visual Stimulation 

The visual stimulus is a square wave drifting grating (100% contrast, 0.04 cycles/degree, 

3 cycles/sec) was presented on an LCD monitor (30 × 38 cm) positioned 15 cm away from the 

right eye covering entire contralateral receptive field. The stimuli were presented for 2 or 2.5 sec 

on each trial in pseudorandom order in a random direction in one of 8 orientations (45° apart). 

Inter-stimulus-interval was 8 seconds. There are at least 30 trials per condition. 

 

Electrophysiology Data Analysis 

We started by rejecting channels that were showing noisy input. In particular, there were 

channels that had saturated amplifier output signal, so we removed those entirely. Next, we 

examined the remaining viable channels and investigated each separately to see whether they had 

the amplifier output saturation and rejected those trials.  Next, we calculated the common average 

reference and subtracted it from all remaining channels. The signals are lowpass filtered below 

250 Hz using a 6th order Butterworth filter to achieve the local field potential (LFP). Next, we 

extract the high gramma activity (ℎ𝑖𝑖𝑖𝑖ℎ 𝛾𝛾: 70– 150 𝐻𝐻𝐻𝐻) using 6th order Butterworth bandpass are 

applied with corresponding frequency range.  

The power signal of the high gamma was calculated by taking the square of the bandpass filtered 

signals and applying a 50ms exponential filter to reduce the noise. We used a one-sided 

exponential filter to preserve the causality of the signal.  

 

 

 



99 
 

Demixed Principal Component Analysis 

 In order to decompose population activity into a few components that dependent on task 

parameters, we utilize demixed principal component analysis, a supervised decomposition 

technique that exposes that dependance [44]. With this technique, we can describe how much 

variance can be explained by the visual stimulation in both surface electrophysiology and depth 

Calcium imaging. It applies marginalization procedure to the whole data set 𝑌𝑌 to break into 

components across which the variability is maximized: 

 

𝑌𝑌 = 𝑌𝑌𝑡𝑡 + 𝑌𝑌𝑡𝑡𝑡𝑡 + 𝑌𝑌𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 = �𝑌𝑌𝜙𝜙
ϕ

+ 𝑌𝑌𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛𝑛 

where 𝑡𝑡, and 𝑡𝑡𝑡𝑡 are labels that represent time and stimulus task variables. Once the data is 

decomposed in this manner, dPCA finds a separate decoder 𝐷𝐷𝜙𝜙 and an encoder 𝐹𝐹𝜙𝜙 by minimizing 

the loss function: 

𝐿𝐿𝑑𝑑𝑑𝑑𝑑𝑑𝑑𝑑 = � ||𝑌𝑌𝜙𝜙 − 𝐹𝐹𝜙𝜙 𝐷𝐷𝜙𝜙𝑌𝑌
ϕ

||2   

 

Condition classification 

 We assess how well the latent variables we learn from modality can relate to the behavior 

by classifying the drifting grating angle in the visual stimuli presented to the animal. We decode 

the orientation by using a feature set extracted from those variables into a five-fold linear naïve 

Bayes classifier with Gaussian distribution [45]: 

𝑃𝑃�𝑧𝑧̅�𝐶𝐶𝑗𝑗� =
1

(2𝜋𝜋)
𝐷𝐷
2 |Σ|

1
2
𝑒𝑒
1
2�𝑧̅𝑧−𝜇𝜇𝑗𝑗�

′Σ−1�𝑧̅𝑧−𝜇𝜇𝑗𝑗�  
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where 𝑧𝑧̅ ∈ ℝ𝐷𝐷 𝑥𝑥 1 is the average of the latent variables obtained. The x-axis in Figure 4.5 represents 

the length of the latent variable signal used to obtain this mean relative to stimulus onset. In the 

classification equation, 𝜇𝜇𝑗𝑗 is the mean of the feature set per stimulus condition while Σ is the 

covariance matrix, constrained to be diagonal and the same across all conditions.  

 

Stimulus onset detection 

 To detect stimulus onset using the PCs of both modalities, we created two sets of trials. 

One set consists of 450 ms trials around stimulus onset (-100, 350), and the other is a baseline set 

of the same duration. We split trials of each set into 30 ms epochs and use them as features in a 

support vector machine (SVM) classifier with linear kernel to classify the source of each epoch 

(either stimulus or baseline set). When both sets are at baseline epochs (pre-stimulus in the first 

set), we expect the classification accuracy of SVM to be at chance. However, when the stimulus 

is introduced, we expect the classification of stimulus set to increase due to change in activity. We 

use this technique to simulate real-time detection of stimulus onset.  

 

Canonical Correlation Analysis 

 We utilize CCA to find a new subspace between the latent variables of two modalities that 

maximizes the correlation between them. This results in two matrices that can be used to project 

these latent variables into the new subspace, hence we call them aligned latents (PCs). In order to 

recover the latents of one modality from another, we decode them by inversing the alignment 

matrix that we obtained from training CCA.  
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Supplementary Figures 

 
Figure 4.9 3D plot of stimulus components of Calcium response. 

We used dPCA to extract three stimulus-dependant components from the average of each condition and plotted in a 
3D space. This result emphasizes the great condition separability the Calcium response can provide.  
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Figure 4.10 Canonical correlation measure as a function of time difference between the two modalities. 

By measuring the correlation while sliding the time difference between the two modalities, we can, in a preliminary 
way, measure the delay between them due to the inherent nonlinearities.  
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Chapter 5  
 
 
 
Conclusion 
 
 

We hope that in this thesis we have sufficiently demonstrated some of the advantages of 

modeling the latent modes in the activity of neural population and how it can enhance our 

estimation of brain state in brain-machine interfaces. In chapter 2, we demonstrated that by 

preserving the latent variables that we modeled from input features in neural interfaces, we can 

compress those features while controlling the impact on application specific evaluation metrics. 

We applied this compression method to various datasets spanning different species and behavior 

and demonstrated its efficacy. In chapter 3, we investigated a multimodal study of surface 

electrophysiological recording and depth Calcium imaging and sought to study their correlation. 

We demonstrated that we could reconstruct single-cell activity of Calcium response at depth from 

spectral features of surface recording through decoding latent variables of Calcium signals. In 

chapter 4, we extended this study by trying to postulate a generalized framework to unify 

modalities in multimodal studies in one common subspace. By modeling the latent modes of each 

modality, we can combine their advantages to accurately estimate brain state. Additionally, we 

demonstrated that by aligning the sets of latent variables, we can reconstruct the original latent 

variables of each modality from the other. As more studies are emerging in which latent variables 

are used to drive online BCI [1,2,3], we postulate that those techniques and frameworks will be of 

high importance in the future. 
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Challenges 
 

One Common challenge to inferring the latent modes is our lack of the knowing what the 

ground truth is.  Given that these modes are unobservable, we can only estimate them through 

modeling them through observed brain states. That by itself leads to another problem which is our 

modeling choice of the observed neural activity and latent variables. Choosing the correct model 

for the neural activity is an important design choice as certain models can be an ill fit for certain 

data types. Lastly, latent variable modeling is most useful when the neural population activity is 

low-dimensional. Recent work shows that when the neural recording is very large in scale 

(>10,000 neurons), the representative latent variable is not low-dimensional anymore [4]. Lastly, 

some of the latent models are assumed to be autonomous and don’t account for unmeasured inputs 

(i.e., input from different regions). These challenges are not meant to be blocks in the use of latent 

models but problems that can be addressed in order to strengthen their applications. 

 
 
 

Future work  
 

There are several directions that can be taken from the presented work in this thesis: 

• One important direction that stims from the one of the challenges is the model choice. In 

the chapter of this thesis, most of the models we selected can be limited in their ability to 

model certain neural types [5] (e.g., GPFA with low firing spiking activity), but we selected 

those to work up and demonstrate the proof of concept we postulate in each chapter.  

• In chapter 2, we presented a compression technique that can enhance the performance of 

neural interfaces. The next step would be a physical implantation of this algorithm to 

investigate the efficacy of this compression technique. 
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• In chapter 3 and 4, we demonstrated a multitude of concepts regarding the correlation 

between two modalities, surface ECoG recording and depth Calcium imaging, in one 

dataset. The next step is to test generalizability using another dataset with more complex 

behavior.  
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