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ABSTRACT

Understanding the neural mechanisms behind intelligent behaviors in nematodes requires a comprehensive
framework that integrates connectome data with recordings of all neuronal activities. However, obtaining full
membrane potentials for all labeled neurons is challenging, and even in C. elegans, which has only 302 neurons,
current calcium imaging techniques typically capture just over half of these labeled neurons in vivo. Existing
advances primarily focus on using spatial correlation across the whole brain to causally predict unknown
neuronal activities by using measured activities of half-numbered neurons, but they struggle to achieve high
prediction accuracy. By introducing a quasi-independent temporal coding property of populational neurons in
living brains, e.g., C. elegans, we establish the Temporal-Filter and Physiology-Aligned Latent Variable Model
(TF-PALVM), a new algorithmic leap that synergizes the spatial connectome structure with temporal coding
functions of individual neurons to infer the electrical activities of the entire neural ensemble. This model employs
an autoencoder network with temporal kernels, rather than relying on spatial correlations, refined to reflect
individual neuronal temporal coding functions and predict their future temporal activities, while embedding
experimentally derived synaptic weights into a biologically coherent framework. When tested, our model
demonstrates unprecedented reconstruction accuracy, surpassing existing models by approximately 75 % in the
worm holdout evaluation and 51 % in neuron holdout performance. Moreover, it precisely predicts synaptic
polarities, with 75 % of them to be excitatory, matching experimental excitatory synapse data. It is also able to
identify the top neuron pairs with the most influence on behavioral correlations, consistent with previous
experimental research. Our TF-PALVM stands as a transformative tool for neuroscientific exploration, capable of
predicting missing neuronal activity with high fidelity. The success of the model confirms that the temporal
response history of individual neurons contains more valuable information than the population network in
predicting their present and future responses to sensory inputs. It offers a scalable approach to potentially un-
ravel the complexities of larger, more intricate brains.

1. Introduction

for the development of intricate, brain-inspired artificial intelligence
models. A pivotal step towards unraveling the neural control mecha-

Caenorhabditis elegans (C. elegans), renowned for its simple anat-
omy, genetics, and a compact nervous system comprising merely 302
neurons in the hermaphrodite, is widely employed as a representative
model for studying the underpinnings of biological intelligence. Its
unique attributes, including a short life cycle, easily accessible mutants,
diminutive size, and transparent body, render it an exemplary organism

nisms underlying intelligent sensory and motor behaviors in C. elegans
involves the development of a comprehensive computational model.
This model should faithfully replicate the real-world neuronal activities
and behaviors inherent in this organism. However, obtaining invasive
electronic recordings of complete voltage signals across all neurons in a
living nematode presents a significant challenge. Conversely, non-
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invasive calcium fluorescence imaging, widely accepted as a surrogate
for voltage measurement, has been instrumental in tracking neural ac-
tivity. It has enabled simultaneous recording from multiple labeled
neurons [ 1-3]. However, there is still no in-vivo recorded dataset of fully
302 labeled neurons available till now, while the most number of
available datasets published is around 170 labeled neurons [3].

To make the best use of these ~170 recorded data, Mi et al. [4]
introduce the Connectome-Constrained Latent Variable Model
(CCLVM). This pioneering framework employs a variational autoen-
coder, emphasizing the use of the global spatial 300 x 300 matrix of
brain connectivity in C. elegans. Meanwhile, they also construct a bio-
physical network model with previously published connectome data [5].
Then they train the CCLVM framework with available calcium activities
of ~170 recorded labeled neurons of 21 worms. The model integrates
voltage distribution inference, fluorescence reconstruction, together
with the generative activities of the connectome-constrained biophysi-
cal model. It demonstrates the ability to replicate neuronal voltage and
calcium signals of ~170 recorded neurons with accuracy ranging be-
tween 0.3 and 0.5, while also predicting neuronal activities of all the 130
unobserved neurons [4].

Although the pioneering CCLVM algorithm demonstrates great po-
tential in reconstructing the entire set of brain neuronal activities, its
limited prediction accuracy suggests an intrinsic bottleneck. Upon
examining their algorithm, it was noted that the inference network's
autoencoder relies heavily on the spatial correlations among all neurons
in C. elegans, employing recorded calcium activities to predict missing
neuronal activities. However, broader neuroscience studies have sug-
gested that neurons in biological brains function largely as independent
encoders rather than as part of a population encoder [6,7]. This implies
that the historical temporal responses of individual neurons to signals,
rather than spatial correlations across populations, have a greater
impact on predicting the present spiking response of each individual
neuron. This potentially mitigates the limitations imposed by the small
number of neurons available and indicates the independence of neurons
[8-10]. Additionally, to further improve the comparability of model
predictions with realistic neuronal recording data from experiments, it is
advisable to use reasonable physiological parameters. These include
ionic channel conductance with standard units, resting and depolarized
membrane potential ranges, synaptic polarity, and reasonable reverse
potential parameters, among others [11-13]. Therefore, in this study, to
achieve state-of-the-art reconstruction and prediction accuracy, we first
establish a new inference framework by combining the temporal filter
properties of individual neurons with the spatial connectome structure
of C. elegans, called the Temporal-Filter Inference Network (TFIN).
Furthermore, we incorporate realistic voltage and conductance units as
well as prior physiological knowledge into the worm neural network, to
make the model more biological plausibility and improving congruence
with the actual nematode. This creates a brand-new refined model, i.e.,
Temporal-Filter and Physiology-Aligned Latent Variable Model
(TF-PALVM). Specifically, on the one hand, we integrate temporal
convolutional layers with designated temporal kernels into the inference
network, allowing an independent autoencoder to exclusively focuses on
the temporal dimension of neural activity, and on the other hand, we
incorporate voltage units and prior knowledge into the worm neural
network, enhancing biological plausibility and improving congruence
with the actual nematode. A summary comparison between TF-PALVM
and representative methods is provided in Table 1.

To evaluate model performance, we employ the NeuroPAL dataset

Table 1
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[3] for both worm holdout evaluation, aiming to indicate precision of
the conversion from fluorescence to voltage, and neuron holdout eval-
uation, focused on gauging the accuracy of predicting unobserved
neuronal activity, and compare the results with experimental data and
previous studies [4]. Our results show a significant increase in accuracy
for both reconstruction and prediction when incorporating the temporal
functions of individual neurons and physiological parameters into both
the inference and generative networks. In the worm holdout evaluation,
TF-PALVM demonstrates an impressive increase of ~75 % in correla-
tion, signifying its superior ability to capture temporal patterns for in-
dependent encoding. Similarly, in the neuron holdout evaluation,
TF-PALVM outperforms CCLVM by ~51 % in correlation, under-
scoring its effectiveness in accurately predicting neuronal activity.
Furthermore, leveraging the most comprehensive connectome available
[14] and partially measured polarity data [11], we employ TF-PALVM to
predict the polarity of each connection in C. elegans, achieving an ac-
curate excitatory synapse ratio of ~75 %, closely aligning with the
proportion (~77 %) obtained from biological experimental data [11],
while CCLVM's prediction deviates (~49 %). Additionally, we conduct
ablation studies to present a neuron sorting analysis and gain insights
into the population as well as the independent coding properties of
TF-PALVM.

This study introduces several innovative contributions to the field,
which are summarized as follows:

1. Our TF-PALVM predicts the electrical activity of all neurons using
partially measured calcium fluorescence data with significantly
higher accuracy than the pioneer work [4]. We have fundamentally
reimagined the inference network architecture by harnessing the
independent nature of neuronal encoding [8-10]. By integrating
temporal-filter convolutional layers, we achieve a remarkable
~75 % improvement compared to the CCLVM [4] in accurately
translating calcium fluorescence data into electrical activity data.
This substantial advancement has been validated through our worm
holdout evaluation. Further, by incorporating voltage units and prior
knowledge based on previous studies [11,13], we have achieved an
enhanced prediction accuracy of ~51 % over the CCLVM for the
electrical activity of unobserved neurons, as corroborated by our
neuron holdout evaluation.

2. We have developed a connectome-constrained neural network that
closely emulates the biophysical attributes of real nematodes. The
exceptional precision achieved by our model underscores its poten-
tial to surpass current methodologies in generating high-quality
whole-brain electrical activity data from calcium fluorescence data
collected from a select group of neurons. Our model's unique strength
lies in its prediction of a chemical synapse excitatory ratio of ~75 %,
which closely aligns with the experimentally determined value of
~77 % [11]. In contrast, the CCLVM's prediction (~49 %) deviates
considerably from the observed experimental data.

3. We conduct ablation study and neuron sorting analysis to identify
the top 5 pairs of neurons with the most impact in predicting other
neurons' activity (RMDV, AVA, RME, AVB, ASE), crawling distance
(RMED, URYD, RIC, RMD, RMG), and chemotaxis index (ADF, AIA,
RMDD, VAO1, ASH).

Overall, this study represents a pioneering and potent approach that
substantially enhances the precision and biological plausibility of
neuronal activity modeling in nematodes.

Summary comparison between TF-PALVM and representative models for whole-brain neural activity prediction in C. elegans.

Method Connectome Neuron-wise Temporal Filter Synaptic Polarity Physiological Units Prediction Accuracy
LVM® x x x x low

CC-LVM® v x x x medium
TF-PALVM(Ours) v v v high
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1.1. Related work

Neural information encoding has long been studied from both in-
dependent and population-based perspectives. Empirical studies suggest
that neurons often encode information independently rather than solely
through population coding. For example, retinal ganglion cells act
largely as independent encoders [7], and sparse, hierarchical coding has
been observed in the C. elegans sensory system [10]. Temporal coding,
where information is carried by historical activity or timing precision, is
also a fundamental principle in neural computation [6]. These findings
provide strong biological motivation for modeling neuron-specific
temporal dynamics, which directly inspires the use of independent
temporal filters in our framework.

With the availability of the full C. elegans connectome [5], several
computational frameworks have been developed to incorporate struc-
tural connectivity into neural activity modeling. The CCLVM [4] pio-
neered the integration of connectome data [5] into a variational
autoencoder to predict unobserved neuronal activity. While effective,
CCLVM relied mainly on spatial correlations and achieved limited ac-
curacy. Subsequent models of the C. elegans nervous system [4]
improved realism but still lacked explicit temporal modeling and po-
larity constraints, limiting their ability to capture neural dynamics.

Recent advances in both neuroscience and machine learning have
emphasized the importance of incorporating physiological priors into
data-driven models. Studies have shown that incorporating physiolog-
ical priors such as ion channel parameters, membrane potentials, and
synaptic polarities enhances model plausibility [11-13]. In parallel,
latent variable models and temporal convolutional networks have been

Objective Function
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widely used in machine learning for sequential data [4]. TF-PALVM
uniquely combines these directions by embedding temporal filters into
the inference network and constraining the generative model with
updated connectome and polarity data, enabling both improved accu-
racy and biological interpretability.

2. Materials and methods
2.1. Temporal-filter and physiology-aligned latent variable model

Our Temporal-Filter and Physiology-Aligned Latent Variable Model
(TF-PALVM) expands on the variational autoencoder framework intro-
duced in CCLVM [4], as depicted in Fig. 1. Unlike CCLVM, which relies
on the spatial correlation property from all neurons to predict each
neuron, TF-PALVM incorporates the temporal-filter module in the
inference network to independently extract historical information for
each neuron. Furthermore, TF-PALVM integrates prior knowledge to
impose more robust constraints on biophysical properties of the worm
neural network with units, thereby enhancing biological plausibility and
ensuring biological authenticity. As a result, this framework is capable
to accurately generate the membrane potential signals for all neurons
based on partially recorded calcium fluorescence data. This model
comprises three main components: the inference network, the recon-
struction model, and the worm neural network, elucidated as follows.

2.1.1. Inference network
The inference network Q(v|f,0) produces the estimated posterior
distribution of the latent variable v, given the chemosensory stimulus o
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Fig. 1. Framework of the Temporal-Filter and Physiology-Aligned Latent Variable Model. This framework comprises three key components: an inference
network Q(v|f,0), a reconstruction model P(f|v,0) and a worm neural network P(v|o). In contrast to CCLVM [4], significant improvements have been made to both
the inference network, which now more accurately converts fluorescence to voltage, and the worm neural network, which results in a biologically more plausible
computational model and enables dimensioned output and the ability to predict the polarity of chemical synapses and model parameters. Specifically, the
temporal-filter module is integrated into the inference network, allowing for independent voltage predictions for each neuron based on its historical fluorescence
trace. Moreover, prior knowledge is introduced into the worn neural network to enforce constraint on its biological properties. Within the framework, the che-
mosensory stimulus and fluorescence trace serve as inputs to the inference network, which outputs an approximation of the voltage posterior. The posterior is then
sampled to obtain voltages for all neurons at each time point, and these are subsequently fed into the reconstruction model to reconstruct fluorescence. This
reconstructed trace is then compared to the observed trace to calculate the reconstruction loss. Simultaneously, the worm neural network generates the voltage for
the subsequent time step as a voltage prior, using inputs from the sensory input and inferred voltage. The gap between the voltage prior and posterior is quantified
using the KL divergence, which, when combined with the reconstruction loss, forms the negative Evidence Lower Bound (ELBO) used for optimizing the over-
all model.
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and the fluorescence trace f. It is assumed that the voltage distributions
of all neurons at any given time follow a Gaussian distribution, denoting
the voltage posterior for neuron i as v;(t) ~ ./ (y;(t),0(t)) for neuroni=
1,---,N at time point t = 1, ---, D. Consequently, the approximate pos-
terior distribution Q(v|f,0) can be derived as follows

Q(v|f,0) = H Q(v(t)|f(1), -+, f(D),0(1),---,0(D)) 2.1

where D represents the time duration of the data inputted into the
inference network.

2.1.1.1. Inference network in CCLVM. Mi et al. [4] have proposed an
inference network comprised of multiple spatial 1D convolutional layers
(Fig. 2(a)). This network takes as input a fluorescence trace matrix f of
size N x T, where N represents the number of neurons in the given
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connectome and T denotes the number of time points in the trace. In
cases where values are missing, they are assigned a value of zero. Along
with the fluorescence trace matrix, a binary mask of size N x T is
introduced, referred to as the 'missing mask', indicating the presence or
absence of fluorescence data. Both the fluorescence trace and the
missing mask undergo processing through an array of 1D convolutional
layers, incorporating Rectified Linear Unit (ReLU) nonlinearities and
upsampling layers, which result in an intermediate representation. The
resulting outputs then undergo upsampling and are processed through
another 1D convolutional layer. This sequence is followed by an addi-
tional ReLU nonlinearity and another layer of upsampling.

Besides the fluorescence data, a chemosensory stimulus o is repre-
sented as an N x T’ matrix, where T’ denotes the number of time points
for sensory input, and is processed similarly to the fluorescence trace
and missing mask. This procedure yields an intermediate representation,
which is then further processed through two separate 1D convolutional
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Fig. 2. Schematic diagram of the fundamental module in the inference network. (a) The 1D convolutional module utilized in CCLVM performs convolution
operations on the collected fluorescence data from all neurons. Its objective is to predict each neuron’s electrical activity by using distinct convolution kernels for
each output neuron. (b) The temporal-filter in temporal convolutional module. This module generates predictions exclusively based on the historical signals of each
individual neuron, employing a shared convolution kernel across all output neurons. (c, d) The detailed architecture of inference network. Inference network input
the fluorescence trace with its missing mask and chemosensory stimulus to infer means and standard deviation of posterior Gaussian distribution. The numbers in the
brackets above the labels of all network layers in the figure are hyperparameters, which are explained in the lower left corner of (d), and the activation function used
by each layer is in the lower brackets. (c) The inference network of CCLVM consists of multiple spatial convolutional layers and upsampling layer. (d) Multiple
temporal convolutional layers with kernel size of 1 x k are applied to replace spatial convolutional layers which extract features from calcium fluorescence in TF-
CCLVM and TF-PALVM. Thus, the output features of each temporal convolutional layer are obtained from the fluorescence data of their respective corresponding
neurons by performing the same transformation, which aims to enhance common features across neurons.
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layers. One of these layers generates the means of the posterior distri-
bution, while the other layer produces the standard deviation, incor-
porating an additional softplus nonlinearity.

In the multi-channel 1D convolutional layers of this model, all
channels (neurons) will be simultaneously processed to predict each
neuron. However, it is noteworthy that, it is not necessary for each
neuron to receive information from all other neurons to make pre-
dictions about their individual signals, given the independent nature of
C. elegans [8-10]. Furthermore, during the gradient descent training
process, a fully connected layer may potentially lead to the convergence
at local optima.

2.1.1.2. Temporal-filter inference network. To ameliorate the aforemen-
tioned issues, we put forth a novel approach called the Temporal-Filter
Inference Network (TFIN), which utilizes temporal convolutional layers
equipped with 1 x k (neuron dimension x time dimension) kernels
(Fig. 2(b)). This approach ensures that each neuron predominantly fo-
cuses on its intrinsic features, prompting independent coding and
enhancing predictive accuracy.

In TFIN, the fluorescence trace f and the missing mask are concate-
nated to form a 2 x N x T tensor. This tensor undergoes a sequence of
operations: it is passed through a temporal convolutional layer, followed
by a ReLU nonlinearity, an upsampling layer, another temporal con-
volutional layer, another ReLU nonlinearity, another upsampling layer,
and finally, another temporal convolutional layer.

Concurrently, the chemosensory stimulus o is input into a 1D con-
volutional layer, followed by concatenation with the reshaped output of
the second upsampling layer. The resulting combined matrix is then
directed into two separate 1D convolutional layers. The output from one
of these layers is added to the output of the third temporal convolutional
layer, creating the means of the posterior distribution. Meanwhile, the
other layer produces the standard deviation, incorporating an additional
softplus nonlinearity.

It is important to note that all temporal convolutional layers in our
TFIN have a kernel size of 1 x k (k =11,21,1). This design ensures that
the output of temporal convolutional layers for each neuron is totally
derived from its unique fluorescence trace, promoting self-focused
attention for each neuron. The final 1D convolutional layer is reserved
with the objective of blending the temporal-filter output to predict sig-
nals for missing neurons. Through rigorous empirical evaluations, we
demonstrate that TFIN significantly improves worm holdout evaluation
performance.

2.1.2. Reconstruction model

The reconstruction model is empirically robust and enables the
generation of reconstructed fluorescence £, as a function of voltage v,
which can be described as P(f|v,o0). Initially, voltage v pertaining to all
neurons and temporal points, is sampled from the posterior distribution
derived from the inference network Q(v|f,0). Subsequently, a model of
calcium ion channel dynamics is applied to generate calcium concen-
tration [Ca®"], as a function of the sampled voltage v. This mathematical
model is defined as follows

d[Ca®"}i(t)

T |~ T [Ca®*],(t) = Softplus(vi(t)) (2.2)

where 7/¢,2+; denotes time constant of calcium leakage for each indi-

. d[Ca** .
vidual neuron, [Ca®'];(t) and % represent the calcium concentra-
tion and its derivative for neuron i at time point t respectively, and
Softplus(x) = log(1 + exp(x)).

Subsequently, an affine transformation model is employed to
reconstruct the fluorescence distribution f, based on the calcium con-

centration [Ca®"]. This model is represented as:

fit) = d[ca® ] ie) + B + ol el (v (2.3)
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where a{ ,ﬁ{.’ are trainable parameters that enable the transformation
from calcium concentration to fluorescence, o{ represents noise ampli-

tude, e’: (t) ~.77(0,1), and fi(t) represents reconstructed fluorescence
distribution for neuron i at time point t, respectively.

2.1.3. Worm neural network

The worm neural network is delineated by the generative model
P(v]o). According to Bargmann's observation [15] that the majority of
neurons in C. elegans do not exhibit spiking behavior, a unified
single-compartment model is employed to simulate the voltage dy-
namics for each neuron. The generative model P(v|o) describing the
voltage v;(t) is given by

dvi (t)
T

+vi(t) = VI +s5(t) + 55 (8) + 0i(t) + o7€l (¢) (2.9

where 7; is voltage time constant, V[*" is resting membrane potential,
sf(t), si(t) and o;(t) stand for chemical synaptic input, electrical syn-
aptic input and stimulation input, respectively. ¢} denotes the noise
amplitude, and the standard normal noise term is defined as €} (t) ~ .#"(0,
1). Only sensory neurons receive a non-zero stimulation input o;(t),
which is generated by a nonlinear mapping from three binary sequences.

In order to model the chemical synaptic input, a conductance-based
synapse model is employed. This model assumes that the quantity of
neurotransmitter released is directly proportional to the pre-synaptic
voltage v; and is subject to a softplus activation. While the current-
based model is also discussed in CCLVM, this study does not empiri-
cally test it, given previous research [4] demonstrating its inferiority
compared to the conductance-based model. Therefore, the synaptic
input s{(t) to a post-synaptic neuron i can be described as

si(t) = i(Eﬁ —v;(t)) W;;Softplus(v(t)) (2.5)

where W5, represents the weight of the chemical synapse from neuron j

to i, and Ej; denotes the reversal potential. Electrical synaptic input is
straightforwardly defined as

se(t) =D W (v(6) —vi(t)) (2.6)

where W, represents the weight of gap junction between neuron j and i.
2.1.4. Connectome-constrained network

The connectome-constrained network refers to the worm neural
network in the context of CCLVM. This model operates by incorporating
the anatomical connectivity derived from an actual nematode as a
constraint on the neuron connectivity within the artificial worm neural
network. This approach facilitates the creation of a biologically plau-
sible model, merging a computational biological model with genuine
connectivity data. It is achieved by employing synaptic connectivity
matrices, denoted as C° for chemical and C* for electrical, as published in
prior study [5]. Within this network, the weights assigned between
neurons are determined in proportion to the number of synapses present
in the anatomical connection.

W€ =a°C’, W*=qa°C’ 2.7)
where of and af denote scale factors which can be trained respectively.

2.1.5. Physiology-aligned network

In order to represent the neural network of the nematode more
accurately, we introduce the concept of physiology-aligned network. In
this model, we replace the connectivity data from the connectome-
constrained network [5] with recently published, more comprehensive
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network connectivity ~ data [14]. Consistent  with  the
connectome-constrained network, the total connectivity of chemical and
electrical synapses for the EM serial sections, which is a function of both
the quantity and sizes of synapses, is denoted by matrices A° and A®. The
weights are established to maintain proportionality to these synapse
matrices as

WE = aA°, W° = a°A° (2.8)

Moreover, to better emulate an actual nematode, we assign units to
variables in our model and incorporate prior knowledge about synaptic
polarity and reasonable parameter ranges. We assume that all chemical
synapses between neurons can be modeled with one inhibitory and one
excitatory synapse, where the sum of the weights of the two synapses is
equal to the original weight of all synapses, and let P € [0,1]"*" be the
weight proportion matrix of excitatory synapse to all synapses. The
synaptic reversal potentials of the excitatory and inhibitory synapses are
set as two trainable parameters, E., and E;;, respectively. Hence, we
can rewrite the conductance-based synapse model as follows

N
Z exc P]el+( inh —

j=

vi(t)(1 — Pe))WCSoftplus(vJ( )

Jji

—

(2.9

To confine the proportion matrix P, we leverage the chemical syn-
apse polarity data from Fenyves et al. [11]. In their study, they estimated
the partial polarities of ionotropic chemical synapses within the
neuronal connectome network [14] of C. elegans based on the neuro-
transmitter of pre-synaptic neuron and the receptor expression of the
post-synaptic neuron. Their analysis has predicted 403 synapses to be
inhibitory, 1141 synapses to be excitatory, while the other 2163 syn-
apses remain undefined. For a chemical synaptic connection from
neuron j to neuron i, P;; is equal to 1 if it is predicted to be excitatory, and
to 0 when predicted to be inhibitory. For those synapses with undefined
prediction, the excitatory proportion remains trainable.

Specifically, to ensure manageable numerical values within the
neural network, we standardize the voltage unit to 10 millivolts and
establish the time unit as seconds. According to Kunert et al. [13], we
initialize E.x. = OmV and E;;; = — 45mV. For each neuron i, the resting
potential v** and time constant 7; are initialized through a Gaussian
distribution to conform v{** ~ ./(—3.5,0.1) and 7; ~.77(0.1,0.1).

2.2. Loss function

The framework's loss function consists of the reconstruction loss
between observed and reconstructed fluorescence traces, as well as the
Kullback-Leibler (KL) divergence between the voltage produced by the
inference network and the worm neural network. This loss function is
commonly referred to as the negative evidence lower bound (ELBO) loss
[4]:

L = Precon +Dxv (210)

The reconstruction 10ss %, is computed as the negative log like-
lihood between the measured and reconstructed fluorescence:

PLrecon = _[EVNQ(V‘f,O)[ lOg(P(f‘V, 0))]
(2.11)

N og (el O ~Fi(®)
2> (log(2e]) 2elf

where o{ is standard deviation of fluorescence trace of neuron i.
Dgy, represents the KL divergence, which quantifies the distance be-
tween the voltage prior and posterior distribution:
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D, = Dxi.(Q(V[f,0)||P(v|0))

. L @®) + () = Vi) 1,
2(a7)° 2

|~}

Il
M=

(2.12)
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-
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where ¢! is standard deviation of generated voltage of neuron i.
2.3. Datasets

We utilize the NeuroPAL calcium imaging dataset [3], which records
the activity of neurons throughout the entire brain in immobilized
worms exposed to three different chemosensory stimuli (2-butanone, 2,
3-pentanedione, and NaCl). The dataset contains the recorded activity of
approximately 170 labeled neurons for each of the 21 worms, with a
sampling rate of 4 Hz and a duration exceeding 3 min. Furthermore, to
bolster the precision of the biophysically accurate network, we integrate
the nematode connectome [14] into the physiology-aligned network.
This updated connectome contains 3707 chemical and 1101 electrical
connections, providing a more comprehensive representation compared
to the connectome [5] used in CCLVM [4]. Additionally, we integrate
prior knowledge into the physiology-aligned network by incorporating
synaptic polarity data [11] and adopting a reasonable range of param-
eters based on previous study [13].

2.4. Metrics

To assess how well the models perform, we compute correlation
coefficient r; between recorded fluorescence f;(t) and reconstructed

fluorescence fi(t). Correlation coefficient r; is defined as

DAt

S (0 - i) (File) - 20)

"= (2.13)

DAt

(File
> (i)~ £0)° 3 G0 - F(0)°

Moreover, mean square error (MSE) is also used to measure the ab-
solute error between the prediction and the target. mse; is computed as

DAt

mselfDZ(f,

It can be assumed that the predicted voltage is precise when the
reconstructed calcium fluorescence closely resembles the recorded data,
since the reconstruction model is designed to be a realistic generative
model.

fi(0)? (2.14)

2.5. Statistical analysis

Each model was trained four times with different random initiali-
zations. For the correlation metric, we report the mean and 95 % con-
fidence interval (CI) across runs. Statistical significance between TF-
PALVM and CCLVM was assessed using paired two-tailed t-tests. Effect
sizes were quantified using Cohen’s d.

3. Results

Our study assesses the efficiency of our proposed enhancements
through evaluations conducted on CCLVM and TF-PALVM. These eval-
uations employ both worm holdout and neuron holdout approaches, and
the TF-PALVM outperforms CCLVM (conductance-based synaptic model
with connectome count constraint) [4] significantly in both worm
holdout and neuron holdout evaluations.
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3.1. Holdout evaluations

3.1.1. Worm holdout evaluation

To evaluate the accuracy and generalization of our fluorescence-to-
voltage conversion, we conduct worm holdout evaluations. Models are
trained with data from only 15 out of the 21 available worms and are
subsequently applied to reconstruct the fluorescence in the remaining 6
worms' data. In this scenario, the first 6 worms are designated as the
testing set, while the latter 15 constitute the training set. Each model
type undergoes training 4 times, with each instance employing a unique
random initialization.

Fig. 3(a) presents violin plots comparing the distribution of corre-
lation coefficients between the predicted and observed fluorescence
across 2 different models, further categorized by sensory, inter, motor,
and pharyngeal neurons. Additionally, we display the mean and stan-
dard error of each metric for each model, calculated based on the results
of 4 random initializations (Table 2). The reported metrics encompass
the mean correlation coefficient, mean square error for all recorded
neurons in the first 6 worms, as well as the values of loss functions
(ELBO, reconstruction loss, and KL divergence) for each model.

The inclusion of the temporal-filter inference network has resulted in
substantial improvements in both correlation and MSE values when
compared to the results obtained from the CCLVM. As displayed in
Table 2, for TF-PALVM, the correlation increases significantly from
0.460 to 0.805, while the MSE decreases from 0.292 to 0.163. The
predicted traces depicted in Fig. 3(b) vividly demonstrate the enhanced
accuracy of the model employing the temporal-filter inference network
in reconstructing calcium fluorescence data. These findings furnish
compelling evidence for the effectiveness of the temporal convolutional
layer in accurately converting calcium fluorescence data into voltage
signals.

Overall, TF-PALVM achieves a mean correlation of 0.805 (95 % CI:
[0.778, 0.833]) compared to 0.460 (95 % CI: [0.413, 0.506]) for
CCLVM, corresponding to a ~75 % relative improvement. The differ-
ence is statistically significant (paired t-test, p = 1.4 x 1075, Cohen’s

(a)
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Table 2

Results for holdout evaluations. The table displays the mean and standard
error (SE) of each metric for each model, trained with four different random
initializations, in both the worm holdout evaluation and neuron holdout eval-
uation. Overall, TF-PALVM outperforms CCLVM in all metrics. Results that
perform better than CCLVM are bolded. 1(|) indicates that larger (smaller) value
is preferable.

holdout metric model
CCLVM CCLVM* TF-PALVM
[4]
worm corrt mean 0.474 0.460 0.805
SE +0.006 +0.013 +0.007
MSE| mean - 0.292 0.163
SE - +0.008 +0.005
ELBO? mean -0.854 -0.868 -0.671
SE +0.036 +0.008 +0.009
recon| mean 0.744 0.820 0.635
SE +0.035 +0.009 +0.010
KLD| mean 0.110 0.048 0.036
SE +0.006 +0.001 +0.002
neuron corrt mean 0.318 0.282 0.425
SE +0.016 +0.011 +0.002
MSE| mean 3.170 1.528
SE - +0.017 +0.048

" We reproduce the CCLVM results based on previous study [4].
d=27.1).

3.1.2. Neuron holdout evaluation

To assess the model's capability to accurately predict the activity of
neurons that have not been previously observed, we perform a neuron
holdout evaluation. In this evaluation, the calcium fluorescence data for
a single neuron or a pair of bilaterally symmetric neurons is omitted
from both the training and testing sets. Owing to the ambiguity in the
original paper by Mi et al. [4] regarding specific worm used for training
and testing, we executed the neuron holdout evaluation on worm 1,
which shares an equal number of 170 recorded neurons with the CCLVM

cCLvm TF-PALVM
o Sensory neurons . interneurons motor neurons o pharyngeal neurons
0.5 { 1T 05 — 0.5 s 05 4
c =
o
S
£ 00 J i J
] 0.0 0.0 0.0 0.0
=
5 1
]
A
=05 -0.5 - -0.5 4 -0.5 4
-1.0 1.0 1.0 1.0
— target 2-butanone 2,3-pentanedione NaCl

sensory neuron: OLLL interneuron: AVDL

CCLVM

motor neuron: RMHR pharyngeal neurons: Ml

AF/F

WW

TF-PALV

1 2 3

(min)

Fig. 3. Reconstruction results for different neuron categories in worm holdout evaluation. (a) displays a comparison of correlation coefficient distributions of
reconstructed and measured fluorescence for two different models in a violin plot. The results of sensory, inter, motor and pharyngeal neurons are shown separately.
(b) shows the measured and predicted fluorescence by the two different models for four chosen neurons: sensory neuron OLLL, interneuron AVDL, motor neuron

RMHR and pharyngeal neuron ML
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test.

Fig. 4 showcases violin plots comparing the distribution of correla-
tion coefficients between predicted and measured fluorescence, along
with the measured and predicted fluorescence traces for four specifically
chosen neurons, for each model under the neuron holdout evaluation.
Considering that the initial calcium fluorescence is undetermined for the
neurons held out, the results of the first 30 points, equivalent to
approximately 8 s, are omitted from the trace plot. Table 2 enumerates
the correlation and mean square error (MSE) for each model, computed
based on the results of four independent random initializations.

The evolution from CCLVM to TF-PALVM is accompanied by a
notable enhancement in correlation, increasing from 0.282 to 0.425.
Concurrently, there is a significant reduction in MSE, decreasing from
3.170 to 1.528. These results emphasize that the integration of prior
knowledge and units can make the generative model more biologically
plausible, enabling it to predict neuronal activity that closely resembles
reality.

TF-PALVM outperforms CCLVM with a mean correlation of 0.425
(95 % CI: [0.417, 0.432]) versus 0.282 (95 % CI: [0.249, 0.316]), a
~51 % improvement (paired t-test, p = 0.0012, Cohen’s d=6.12).

3.2. Unconstrained retraining

To further explore the realism of synaptic weights in generative
models, we conducted retraining of both CCLVM and TF-PALVM,
removing the connectome constraint. This approach aligns with the
variant of CCLVM referred to as "connectome count2" in the study by Mi
et al. [4]. This process involves initializing the model with the trained
parameters, allowing both the chemical and electrical synapse weights
W€ WF¢ to be learnable, and retraining the model. Each model is trained
four times with different random initialization. To ensure the unique-
ness of the predicted connectome, only data from worm 1 are used for
training, with no neurons being held out during this process.

The distribution of reversal potentials, synaptic polarity, and neuron
time constants for both models are depicted in Fig. 5(a-c), and pre-
dictions from TF-PALVM regarding the proportion of chemical synapse

(a)
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polarity are presented in Fig. 5(d). Additionally, we provide polarity
ratio predictions for all chemical synapses, including those not predicted
by Fenyves et al. [11], in the supplementary file: chem_sign.xls.

Significantly, the prediction from TF-PALVM for the excitatory ratio
in chemical synapses (74.63 %) closely aligns with the ratio obtained
through neurotransmitter and receptor matching (76.88 %), whereas
the CCLVM prediction (48.88 %) exhibits a considerable deviation
(Fig. 5(b)). Additionally, it is important to highlight that while Fenyves
et al. [11] are able to predict approximately 48 % of connections, spe-
cifically those that are purely excitatory or inhibitory, our model suc-
cessfully makes predictions for all connections and can predict the ratio
of excitatory and inhibitory synapses for each neuron interconnection.
This result unequivocally demonstrates that parameter in TF-PALVM
closely aligns with the evidence from real worm physiology.

3.3. Ablation studies

3.3.1. Input ablation

To investigate the importance of different neurons in predicting
neural activity, we systematically perform input ablation utilizing well-
trained TF-PALVMs in neuron holdout evaluation. This involves ablating
the fluorescence signals of pairs of neurons from the input and subse-
quently calculating the average correlation between the reconstructed
and measured fluorescence data when predicting various held-out
neurons.

In Fig. 6(a), we present the sorted neuron pairs based on their mean
correlation following input ablation, and plot the resulting correlation
curve. Our findings demonstrate that the ablation of hub neurons (AVA,
AVB) [18] has a substantial influence on correlation. Additionally,
among the 96 pairs of neurons with available data, we identify the top 5
pairs, namely RMDV, AVA, RME, AVB and ASE, which exerts the
greatest impact on correlation. We have observed that these neurons
likely correspond to distinct functional modules within the neural
network of C. elegans. The RMD neurons, recognized as central pattern
generator (CPG), play a crucial role in driving locomotion in the nem-
atode. The interneurons AVB (AVA) are key components involved in

o
@

o
o

Correlation

I
o
«

(b)

CCLVM TF-PALVM
Sensory neurons interneurons motor neurons pharyngeal neurons
10 — 1.0 10 —

T 05 05 =l 05 —_
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Fig. 4. Prediction results for different neuron categories on neuron holdout evaluation. (a) displays a comparison of correlation coefficient distributions of
predicted and measured fluorescence for two different models in a violin plot. The results of sensory, inter, motor and pharyngeal neurons are shown separately. (b)
shows the measured and predicted fluorescence by the 2 different models for four chosen neurons: sensory neuron OLLL, interneuron AVDL, motor neuron RMHR and

pharyngeal neuron ML
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Fig. 5. Prediction for reversal potential, synaptic polarity and time constant. (a) The distribution of reversal potentials with unit in TF-PALVM and dimen-
sionless reversal potentials in CCLVM. Nearly half of the neuronal connections are predicted to be purely inhibitory or excitatory, while the rest are predicted to have
both inhibitory and excitatory synapses. The higher the proportion of excitatory synapses, the higher the reversal voltage, and vice versa. (b) Comparison of the ratios
of excitatory and inhibitory synapses predicted by experimental measurements [11], TF-PALVM, and CCLVM models. TF-PALVM and CCLVM models provide
predicted excitatory-inhibitory synapse ratios for all neuron connections, while experimental results are obtained by measuring a subset (—~48 %) of neuron con-
nections, which are purely inhibitory or excitatory. (c) The distribution of neuron time constants, as compared across predictions from TF-PALVM, CCLVM, and time
constant measurements at OpenWorm [16,17] based on the C2 parameter set, is presented. The distribution of time constants in CCLVM shows that approximately
60 % of the values fall below 25 ms. In contrast, the predictions from TF-PALVM closely match the observed distribution in OpenWorm, indicating a higher level of
accuracy. (d) A map of synaptic polarity distribution of neural network connections in C. elegans. Circles, triangles, squares and rhombuses represent sensory, inter,
motor, pharyngeal neurons respectively. The color of the line between neurons indicates the ratio of synaptic polarity, with redder lines indicating higher excitatory
ratio and bluer lines indicating higher inhibitory ratio. The thickness of the line represents the connection weight of the synapse, with thicker lines indicating stronger

connections.

forward (backward) movement [19]. The RME neurons influence head
bending amplitude [20], and its elimination results in a distinct looping
behavior confined to the head region [21]. The ASE neurons serve as
primary responding neurons in the calcium fluorescence dataset Neu-
roPAL, which presents three types of stimuli [3] and ASER has the
capability to memorize the chemotactic set point [22].

By examining the aforementioned categories of behavior-affecting
neurons, we have observed that each pair of neurons among the top 5
pairs correspond to a specific class. This suggests that these neurons
exert a more significant influence within their respective categories of
neurons. Furthermore, despite the relatively subdued impact of abla-
tions on RIV and RIM, it is also noteworthy that stimulation of RIV motor
neurons induces omega turns and RIM neurons are considered naviga-
tion circuits that connect with AVA and AVB. Distinctive background
colors are utilized to highlight different types of neurons on the hori-
zontal axis (Fig. 6(a)).

Additionally, we have systematically ablated each pair of neurons,
starting from the most influential and proceeding towards the least
influential, as well as in the opposite direction. Fig. 6(b) illustrates the
changes in correlation, with a gray line denoting the 90 % correlation

threshold when no neuron is ablated. Our results suggest that elimi-
nating the two most influential neuron pairs results in a notable
reduction in correlation, bringing it down below 90 % of the original
accuracy. However, when the least influential neurons are removed, it
necessitates the ablation of 86 neuron pairs to reach a correlation of
90 %. Put differently, achieving a prediction efficacy of 90 % can be
attained by preserving only the 11 most influential neuron pairs,
implying that a limited number of key neurons play a pivotal role in
predicting the activity of all neurons. This observation sheds light on the
independent encoding nature of neuronal activity in C. elegans.

3.3.2. Feature ablation

To further elucidate the independent coding capability of the
temporal-filter inference network, we conduct a feature ablation
experiment using well-trained TF-PALVMs and CCLVMs in the worm
holdout evaluation.

We perform feature ablation on the final 1D convolutional layer of
both the TF-PALVMs and CCLVMs. Since each feature corresponds to a
specific neuron in TF-PALVM, we conduct experiments to ablate the
features of either the neuron itself or other neurons. Conversely, in
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Fig. 6. Ablation study for different neurons and features. (a) The correlation curve predicted by neuron holdout evaluation after ablating the fluorescence of each
pair of neurons, with the order of the neuron pairs sorted according to mean correlation. Hub neurons (AVA and AVB) [18] are marked in red. The gray line
corresponds to the correlation baseline when no input is ablated, indicated as "None". Distinctive background colors are utilized to highlight different types of
neurons on the horizontal axis. Ablating the leftmost neurons has the most significant impact on predicting neuron activity, suggesting their more crucial role within
their respective functional modules of neurons. (b) The correlation curve calculated by neuron holdout evaluation by deleting each pair of neurons in turn from
RMDV to SABV (blue) or SABV to RMDV (orange) in (a). The gray line represents correlation= 0.9 x 0.425. (c) The curves depicting the correlation and MSE of
CCLVM results demonstrate a smooth change as features ablated, indicating a dense relationship between features and predictions.

CCLVM, where the features are unordered, we employ different ratios
for ablation.

Specifically, during the reconstruction of a specific neuron in TF-
PALVM, we selectively ablate the features associated with that
neuron, accounting for approximately 0.33 % of the total features. As a
result, the correlation decreases significantly from 0.805 to 0.273.
However, when we carry out ablation on all other features unrelated to
that neuron, constituting approximately 99.67 % of the total features,
the correlation increases to 0.876. This observation highlights the in-
dependent coding property inherent in the temporal-filter inference
network.

In the case of CCLVM, each feature exhibits a dense correlation with
all neurons. To investigate the effects of feature ablation, we randomly
ablate various proportions of features and calculate the corresponding
correlation and MSE (Fig. 6(c)). Our findings indicate that as features are
incrementally ablated, both correlation and MSE change smoothly. This
provides further evidence for the population coding characteristic of the
CCLVM, contrary to previous experimental-based studies [9,10].

3.3.3. Locomotion ablation
Moreover, we conduct ablation tests on each of the 96 pairs of
neurons to assess their impact on locomotion, employing the digital twin

C. elegans model [23]. Subsequently, we provide a comprehensive
comparison between the changes in prediction correlation and those in
crawling distance and chemotaxis index, when ablating each pair of
neurons (Fig. 7). Notably, greater reductions in crawling distance and
chemotaxis index signify a more substantial impact after resulting from
the ablation of the neuron pair. We observe that the 5 neuron pairs with
the greatest impact on correlation also exerted significant effects on
crawling distance and chemotaxis index. We suggest that their ablation
may disrupt the overall activities of the neural population, thereby
influencing locomotion. However, for the neurons located in the top left
quadrant delimited by the two gray lines, their ablation had a minor
effect on correlation but a substantial impact on locomotion. This in-
dicates that the ablation of these neurons may directly affect locomotor
behavior. Specifically, in Fig. 7(a), the top 5 neuron pairs in the top left
quadrant include RMED, URYD, RIC, RMD, and RMG. In Fig. 7(b), the
top 5 neuron pairs in the top left quadrant include ADF, AIA, RMDD,
VAO1, and ASH. The ablation of RMED has been found to result in an
increase in head bending amplitude [20]. The circuit activity of RMG
has been linked to locomotion arousal and quiescence, promoting cor-
responding responses to oxygen, pheromones, and food [24,25]. ADF
acts as post-synaptic to ASH, which mediates chemotaxis to various
chemicals and is responsible for toxin avoidance [26,27]. AIA neurons
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metrics are marked.

have been identified as contributors to chemotactic behavior [28,29].
RMD and RMDD play a crucial role in controlling the muscles in the head
and neck, facilitating spontaneous foraging movements that are of sig-
nificant importance for chemotaxis behavior [21,30].Additional infor-
mation about the digital twin C. elegans can be found in the
Supplementary. For detailed test results of all neurons, please refer to
the supplementary file: locomotion_results.xlsx.

4. Discussions

In this study, we introduce innovative enhancements to the CCLVM
framework [4], resulting in the TF-PALVM, which closely aligns with the
real worm not only in activity but also in physiology. Unlike the dense
connectivity in the CCLVM, the TF-PALVM innovatively integrates
temporal convolutional layer into the inference network, aligning with
the independent coding nature in C. elegans [8-10]. This addition
effectively captures the historical response of individual neurons,
effectuating a substantial improvement in converting calcium fluores-
cence to voltage. Additionally, the integration of voltage units into the
worm neural network characterizes another notable innovation in our
approach. This incorporation empowers us to utilize prior knowledge,
including parameter values [13] and synaptic polarity [11]. Conse-
quently, our model's biological plausibility witnesses an appreciable
enhancement. Subsequent to these advancements, our TF-PALVM
demonstrates substantially elevated accuracy in predicting previously
unobserved neuronal activity during neuron holdout evaluations.
Significantly, our results also align with experimentally derived pre-
dictions [11] regarding the proportion of excitatory synapses within the
trained TF-PALVM. This concordance underscores the vital role of
incorporating prior knowledge, which facilitates the accurate prediction
of physiological parameters that are often challenging to measure in live
worms.

Furthermore, our implementation of ablation studies and a neuron
sorting analysis sheds light on the outsized contribution of specific
neurons (RMDV, AVA, RME, AVB and ASE), alongside the demonstrable
independent coding attributes of our temporal-filter inference network.
Notably, AVA and AVB have previously been identified as hub neurons
by Chen et al. [18]. Considering the similar importance of RMDV, RME,
and ASE neurons in accurate prediction to that of hub neurons, we
propose that these neurons likely hold comparable significance. More-
over, existing evidence suggests their vital roles in motion and percep-
tion [19,20,22].

Finally, multisensory processing and motor decision-making are

11

critical for survival in the external world [31]. Our framework, under-
pinned by these novel elements, holds promising potential for expansion
to assimilate a derivable muscle and body model [2], thereby facilitating
the examination of locomotion behavior in C. elegans. The integration of
both body posture and calcium fluorescence data [2], combined with
neuronal recognition algorithms [32,33], and the inclusion of additional
prior knowledge of behavior, paves the way for training a worm agent.
This agent, encapsulating both neuronal activity and body movement,
enables a more holistic exploration of the underpinning mechanisms
involved in nematode motor control, marking a significant step forward
in our understanding of complex biological systems.

4.1. Limitations

Generalization Capability: A notable limitation of our study is the
unexplored generalizability of the Temporal-Filter and Physiology-
Aligned Latent Variable Model (TF-PALVM) to other organisms or
more complex neural systems. The current model's remarkable predic-
tive accuracy and biological plausibility are demonstrated within the
relatively simple neural system of C. elegans, comprising around 302
neurons. However, this simplicity also raises questions about the model's
applicability to more complex organisms with vastly larger and more
intricate neural networks. Future iterations of this model should aim to
explore its adaptability and effectiveness in broader biological contexts,
potentially requiring modifications to accommodate the increased
complexity of larger neural systems.

Model Complexity and Computational Demand: Another aspect that
warrants attention is the computational complexity and resource de-
mands of the TF-PALVM. Our manuscript has not delved into the
computational requirements or the potential challenges that might be
faced by researchers with limited computational resources. The model,
while robust and efficient within the scope of our study, might impose
significant computational burdens when scaled up or applied to more
complex datasets. It is important for future research to optimize the
model's computational efficiency and explore ways to reduce its
resource demands without compromising its predictive accuracy. This
would make the model more accessible and practical for a wider range of
researchers, especially those working in resource-constrained
environments.

4.2. Reproductivity

We trained each of LVMs on 1 RTX 3090. The implementation of TF-
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PALVM is publicly available at: https://github.com/chongjg/TFPALVM.
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