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The architectures of biological neural networks result from de-
velopmental processes shaped by genetically encoded rules, bio-
physical constraints, stochasticity, and learning. Understand-
ing these processes is crucial for comprehending neural cir-
cuits’ structure and function. The ability to reconstruct neu-
ral circuits, and even entire nervous systems, at the neuron and
synapse level, facilitates the study of the design principles of
neural systems and their developmental plan. Here, we inves-
tigate the developing connectome of C. elegans using statistical
generative models based on simple biological features: neuronal
cell type, neuron birth time, cell body distance, reciprocity, and
synaptic pruning. Our models accurately predict synapse ex-
istence, degree profiles of individual neurons, and statistics of
small network motifs. Importantly, these models require a sur-
prisingly small number of neuronal cell types, which we in-
fer and characterize. We further show that to replicate the
experimentally-observed developmental path, multiple develop-
mental epochs are necessary. Validation of our model’s predic-
tions of the synaptic connections using multiple reconstructions
of adult worms suggests that our model identified the fundamen-
tal “backbone” of the connectivity graph. The accuracy of the
generative statistical models we use here offers a general frame-
work for studying how connectomes develop and the underlying
principles of their design.
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Introduction
Biological neural networks develop according to “construc-
tion rules” that are genetically encoded [1–3], and are mod-
ulated and shaped by developmental noise [4], biophysical
limits [5–7], and learning [8–12]. Uncovering the design
principles that govern the diverse architectures of neural net-
works is fundamental to our understanding of the develop-
ment, structure, and function of neural systems, and ulti-
mately to our ability to interact with them, augment or fix
them, and learn from them. Recent advances in reconstruct-
ing detailed connectivity maps, or connectomes, of networks
of neurons at a resolution of individual cells and synapses
[13–21] now make the quantitative study of these design
principles tangible [22, 23]. Analyses of such networks
have suggested that particular structural features are com-
mon, such as small-worldness and modularity [24], and the
over-abundance of particular small network structures and
the relative lack of others [25]. Following [26], a range of
genetic, physical, and efficiency-driven features have been
suggested to play important roles in shaping network topol-
ogy and function [23, 27–29].

Probabilistic generative models offer a natural computational
framework for modelling and studying connectomes [30, 31],
as they allow us to explore which architectures and func-
tions may arise from different construction rules and features
and to conduct ablation experiments in-silico. Such mod-
els have been used to study brain wiring in different species,
and could explain the observed “phase transition” in the re-
lation between the number of synapses and the number of
neurons during the growth of C. elegans [32]. They can also
help identify neuronal cell types and predict their connectiv-
ity [33], and even generate accurate connectivity maps that
also replicate neural activity, when simulated [23]. But, im-
portantly, these models have not taken into account the de-
velopmental process itself, for the most part.

It is clear that reverse-engineering the design of complex net-
works and understanding them is difficult without modelling
their development, even for relatively simple networks [34,
35]. Moreover, different network architectures can give rise
to equivalent behaviors [36, 37], which makes the relations
between structure and function hard to delineate by studying
just the structural and functional endpoint of the developmen-
tal process. Thus, understanding the architectural and func-
tional nature of connectomes may hinge on having a proba-
bilistic generative model that can imitate the stochastic and
gradual development of biological neural networks. Such
models would offer us a way to explore both the fundamental
building blocks, the construction plan, and the computation
that these circuits may carry. They would also provide the
means to explore circuit variability, robustness and the nature
and causes of faulty circuits. Moreover, such developmen-
tal models may reveal different and hopefully simpler design
principles of neural circuits.

We, therefore, present a novel family of generative develop-
mental models, which rely on simple biological and physi-
cal features, for the study of the architecture and develop-
ment of connectomes. We apply these models to the con-
nectivity maps of the key part of the nervous system of C.
elegans, as it is the only species to date for which multiple
connectomes have been reconstructed at different develop-
mental stages [16]. We show that models that we learn for
one animal are highly accurate in predicting the detailed con-
nectivity maps of held out parts of that connectome or of
a full map of another individual - at the level of individual
synapses, neuronal connectivity, and small network motifs.
We further characterize the “developmental trajectories” our
models predict and their tight similarity to the observed ones.
Our models show that the connectome of C. elegans can be
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constructed accurately using a surprisingly small set of de-
sign rules. While these models offer a general framework
that can be extended to other neural systems, our findings al-
ready suggest that a surprisingly small number of parameters
govern the design of neural circuits.

Results
To study the design of connectomes and the biological and
physical features that shape their construction and architec-
tures, we explore a family of computational models that gen-
erate connectomic maps, using different features. In particu-
lar, we ask how well they can recapitulate the experimentally
measured connectomes of adults and during development.

Generative developmental models for C. elegans. We
begin by considering a simple family of generative models
for the development of connectomes. These models construct
neural circuits using three basic operations that are carried
out iteratively, over discrete time steps (Fig. 1A): (1) Neu-
rons are born at specific times and locations (as measured
experimentally). (2) Synapses are formed independently of
one another, with a probability that depends on the types of
neurons they connect and the distance between them. Thus,
the probability of forming a synapse from neuron i (which is
of type τk) to neuron j (of type τl) in a given time bin is given
by

p(i, j) = S+
τkτl

e−βt·d, (1)

where S+
τkτl

is the baseline probability to create a synaptic
connection from a neuron of type τk to a neuron of type τl,
d is the distance between neurons, and βt is a coefficient
controlling the distance dependence, and its value is time-
dependent to reflect the impact of the elongation of the worm
during development (see Methods). (3) Individual synapses
are removed via pruning with probability S−, in a manner
independent of the types of neurons involved.
We use these models to study the connectome of the 180 neu-
rons that compose the central part of the nervous system of
C. elegans, known as the nerve ring. The detailed connec-
tivity of the nerve ring has been reconstructed for several
individual animals, at different time points during develop-
ment [16]. Our model uses the binarized map of connectiv-
ity of the nerve ring of the adult worm. In this binary ma-
trix, G, Gij = 1 denotes the existence of at least one synapse
from neuron i to neuron j, and Gij = 0 denotes no connec-
tion. Fig. 1D shows this binarized connectome for one of the
reconstructed adult worms from [16], which we denote as
Gdata. Here, we use the common partition of the worm’s
neurons into 15 functional types, from [15], of which 13 ex-
ist in the nerve ring (we shall revise this partition later). The
birth times of individual neurons and their positions are taken
from the measurements in [38] and [39], respectively.
For a given set of values of the parameters of our model –
({S+

τkτl
},S−,β0), or θ for short – generating a connectome

of the adult worm amounts to “running” it over time. Two
neurons would be connected at the end point if they were
wired together over development and were not pruned. This

is akin to integrating over formation probabilities – p(i, j)
from eq.1 – and the pruning probability – S−. We denote the
probability that neurons i and j would be connected at the
end point by P (Gij = 1|θ). Therefore, the probability for a
whole connectome, G′, is given by

P (G′|θ) = fconnected ·funconneced. (2)

Namely, P (G′|θ) is the product of the probabilities of all the
pairs of neurons that have synaptic connections,

fconnected =
∏

{(i,j)|G′
ij

=1}

P (Gij = 1|θ)

and the product over all “non-existing” synapses, given by

funconnected =
∏

{(i,j)|G′
ij

=0}

(1−P (Gij = 1|θ)).

We then seek the set of θ that would maximize the likelihood
of the data, P (Gdata|θ), while retaining the experimentally
measured average number of synapses between each pair of
neuronal cell types (see Methods and Fig. 1B,C).

Generative developmental models accurately predict
individual synapses in the adult worm. We use the model
we have learned, P (G|θ), to synthesize connectomes; one
such “draw” from the model is shown in Fig. 1E, and the av-
erage synthesized connectome is shown in Fig. 1F. We quan-
tify the performance of the model by the accuracy with which
it correctly predicts the existence of individual synapses in
the measured connectome, or the lack thereof. Since the
model assigns a probability for the existence of each synap-
tic connection, we use the Receiver Operating Characteristic
(ROC) curve over all the synapses to characterize the synap-
tic maps (as done in [23]), and summarize the performance
of the model by the area under the ROC curve (AUROC).
Since the connectomes of the nerve rings of two adult worms
have been reconstructed in [16], we used one of the worms
for training the model and the other one as test data.
Our model achieves an AUROC value of 0.78 using 13 neu-
ronal cell types on test data (Fig. 1G). Notably, this value is
similar to the accuracy of probabilistic generative models of
the adult worm connectome that do not rely on developmen-
tal processes (and are therefore less constrained) [23].
We also asked how sensitive is our model to the exact timings
of neuronal birth, and found it to be robust to a significant
level of “temporal noise”. Specifically, differences of up to
50% in the birth times of individual neurons had a very small
effect on the accuracy of prediction of individual synapses
or the wiring diagram as a whole (Fig. S 1), consistent with
[28].
In the next section, we show that we can achieve an even
higher level of accuracy with fewer parameters. This implies
that a much more compact set of neuronal cell types may
shape connectivity.
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Fig. 1. Generative models accurately predict the existence of individual synapses. A. An illustration of a basic step of the model, which comprises of the three basic
operations iteratively used to construct the connectome: neuronal birth, synaptic formation, and synaptic pruning. B. A matrix of S+ values per each synaptic type after
training (synaptic types are represented as a pair of pre- and post-synaptic neuronal cell types). C. The decay of the inferred baseline probability for synaptic formation as a
function of the distance between neurons. D. The binarized connectivity matrix of the nerve ring of the adult worm used as test data (worm number 8 in [16]). Neurons in the
matrix (and in the matrices in the following 2 panels) are grouped by type, and the ordering within a type is alphabetized according to their names. E. A connectivity matrix
of a “synthetic worm” generated by a trained model. F. The average connectivity matrix of a trained model. Each entry in the matrix is the probability the model assigns for
the existence of that synapse. Probabilities are exact (see Methods). G. The Receiver Operating Characteristic (ROC) curve of synaptic predictions. The probabilities in the
matrix from F are used as predictions and the connectivity matrix from D as test data.
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A small number of inferred neuronal types is sufficient
for building an even more accurate adult connectome.
To assess the contribution of different structural and biophys-
ical features to predicting connectivity, we evaluated the per-
formance of model variants that depend on subsets of the fea-
tures of P (G|θ) (Fig. 2A): (1) A model based solely on the
birth times of neurons; (2) A model based solely on the dis-
tances between neurons (see Methods). Both the birth-time-
and distance-based models perform above chance in predict-
ing the existence of individual synapses (Fig. 2B). We then
evaluated the performance of P (G|θ) as a function of the
number of neuronal cell types it relied on, using either a sin-
gle neuronal cell type, 3 neuronal cell types (sensory neurons,
motor neurons, and interneurons), or the 13 neuronal cell type
assignments taken from [15]. We found that the performance
increased with the number of neuronal cell types (Fig. 2C),
raising the questions of how many cell types would saturate
the accuracy of the model, what would these types be, and
how can they be identified.
We, therefore, asked whether there is a different classification
of the neurons into cell types that would give a more accurate
model than the ones based on the traditional classification of
neurons into types defined in [15]. We used a simple heuristic
agglomerative clustering of the neurons into new types that
collects together neurons so that a model based on these new
types would be most similar to the data (see Methods). Sur-
prisingly, we found that models based on these inferred types
are much more accurate and rely on far fewer types (Fig. 2E-
G): the performance of a model that uses only 4 inferred cell
types was similar to that of a model that used the “traditional”
13 types from [15] (Fig. 2D). As the AUROC of the models
improved rapidly up to 10 inferred cell types, and far less
for more than 25 types (Fig. S 2A), we focus henceforth on
models that rely on 8 inferred cell types, where the AUROC
value crosses 0.8. We further validated that this choice does
not result in over-fitting (SI and Fig. S 2B). We explore the
nature of these types below (and note that since our classifi-
cation into types relied on a heuristic clustering, there may be
an even more compact set of types that would perform even
better).

Generative models based on small number of in-
ferred types of neurons recapitulate neuronal and sub-
-network features of the measured connectomes. We
next assessed the performance of P (G|θ) beyond individual
synapses, and quantified the accuracy of predicting connec-
tivity features of single neurons, as well as small sub-circuit
structures. Fig. 3A shows the similarity of the in-degree and
out-degree distributions predicted by P (G|θ) and the exper-
imental data, as the observed degree frequencies lie within 2
standard deviations (std) from the mean of the model’s pre-
dictions, for almost all values.
The distribution of the number of synaptic connections of
specific neurons in C. elegans has resulted in the designation
of some neurons as “hub neurons”, which were suggested to
play an important role in information processing in the worm
[40]. We, therefore, compared the in-degree and out-degree
values of individual neurons as well. Here, too, we found

that the model predictions agree with the data, as most of the
degrees lie within 2-std from the model’s mean (Fig. 3B).
We found that P (G|θ) reproduces additional spatial and tem-
poral features of the synaptic map. Fig. 3C shows that the
model accurately predicts the histogram of physical distances
between connected neurons. We also compared the times at
which synaptic connections may form, using the first time
point at which both neurons of a synapse exist, and found
that this synaptic feature is reproduced as well (Fig. 3D).
We emphasize that the accuracy of P (G|θ) in recapitulating
characteristics of neuronal connectivity does not result from
explicit features shaping the neuronal degrees in the model.
Moreover, while our model includes dependency on the dis-
tances between neurons and on neuronal birth times, it was
not trained to recover the histograms of these values over the
connected neurons.
We then compared the distribution of connectivity patterns
among all triplets of neurons in the measured connectome
with the predictions of P (G|θ). We found that our model
recovered the relative frequencies of most of these triads, but
did not capture their exact values (Fig. 3E). Specifically, the
model underestimated the frequency of triads that contained
reciprocal connections between neurons, and over-estimated
ones that did not. This suggests that our model lacks some
design features that shape the sub-circuit frequencies, which
we turned to explore next.

Models’ inaccuracies reveal new design features of
the adult connectome. The inaccuracy of our current
model in predicting triplet connectivity patterns implies that
synaptic connections are not independently formed. This no-
tion is corroborated by the fact that the reciprocity of synaptic
connections in the experimental data is much larger than that
projected by the Erdős-Rényi (ER) model [41] for a network
with the same synaptic density. In ER networks, the average
reciprocity is given by the square of the density of synaptic
connections, which in the case of the nerve ring of C. elegans
would be∼ 0.0036, or∼ 4.5 times smaller than the observed
reciprocity in the data. Our current model, P (G|θ) – which
relies on 8 inferred cell types, the distance between neurons,
and the birth times of the neurons – has a reciprocity value
which is ∼ 1.7 times that of the ER model (Fig. S 3A). No-
tably, using more neuronal cell types only mildly improves
the reciprocity prediction.
We, therefore, explored an augmented version of the model,
in which the probability for the formation of a synapse from
neuron i to neuron j increases if a synapse from j to i already
exists. This probability is given by min{γS+

τkτl
e−βt·d,1},

where γ is an additional reciprocity parameter (see Methods).
The reciprocity of this new model as a function of γ (using
the same 8 neuronal cell types as before), shown in Fig. S 3B,
demonstrates that a model with γ = 7 results in reciprocity
that is close to the observed value (i.e., the observed value is
within the variance of the model’s outcomes). Importantly,
the reciprocity parameter fixes most of the estimates of the
triads’ distribution (Fig. 3F) without changing the AUROC
values for predicting individual synapses or the in-degree and
out-degree distributions. To quantify the improvement, we
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Fig. 2. A small number of neuronal cell types is sufficient to generate accurate connectomes. A. An illustration of the different features used to construct the variants of
the model. Left - P (G|θ) generates synthetic connectivity maps. Right - θ is comprised of baseline synaptic formation probabilities, one for each pair of neuronal cell types
(the S+ matrix); positions of neurons in the body of the worm and the decay of synaptic formation probability with distance; neuronal birth times; and synaptic pruning, which
is done with probability S−. The number of neuronal cell types of models may vary. B. ROC curves of 2 model variants using one neuronal cell type (all neurons have the
same type). C. ROC curves of P (G|θ) when using a single cell type, 3 cell types (sensory, motor and interneurons) or 13 cell types following [15]. D. AUROC of P (G|θ)
versus the number of neuronal cell types used, when using random types, traditional cell types from [15] or inferred cell types. E-F. Binarized connectivity matrices of real
connectomes (worms 7 and 8 from [16] in panels E and F, respectively). Neurons in the matrix (and in the matrix in the next panel) are grouped by type and the ordering
within a type is alphabetical according to their names. G. The connectivity matrix of a synthetic connectome generated by a model that uses 8 inferred cell types.
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calculated the Jensen-Shannon divergence between the ob-
served distribution and the average distribution of the model;
the divergence decreased from 0.01135 to 0.00045 bits. Thus,
the failure of the original version of the model unveiled the
tendency of reciprocal synapses to be formed as a missing
design feature.

The inferred neuronal cell types of the model have
clear biological interpretations. The highly accurate per-
formance of the updated generative model P (G|θ) – that now
relies on inferred neuronal cell types, the distance between
neurons, neuronal birth times, and reciprocity – raises the
question of the nature of these inferred cell types. Fig.4A
shows the overlap between the traditional cell types of [15]
and our inferred cell types, reflecting that the inferred cell
types are a rehashed and more compact classification. We
further show that our inferred types designate clear biophys-
ical features, as they reflect neuronal relative locations and
their birth times (Fig. 4B). Unlike the cell types from [15],
our inferred neuronal cell types do carry information regard-
ing the in-degree and out-degree values of individual neu-
rons (Fig. 4D). Moreover, our inferred types group together
hub neurons: Fig. 4E shows the relation between the number
of neurons assigned to each inferred type and its directional
hub value (given by max{⟨din⟩,⟨dout⟩} of that type, where
d stands for degree). Our results suggest that the connectivity
profile itself may be a biological feature of neurons, consis-
tent with the finding that the similarity of gene expression
profiles of hub neurons in C. elegans cannot be explained by
other biological features that they share [42].

Further compression of the generative model shows
there is no fine-tuning of the parameters for its accu-
rate and robust performance. Our developmental model
based on inferred neuronal types depends on far fewer pa-
rameters than models that rely on the 13 types from [15], or
the 118 neuronal classes that were defined based on anatomy
and molecular markers [43, 44]. This compression raises the
computational and biological question of the minimal model
needed to construct the worm’s nervous system.
We found that we can achieve a highly accurate model by
the quantization of {S+

τkτl
} (see Methods, Fig. 5A,B).

The model’s performance increased rapidly with the number
of values and saturated already for 14 parameters (namely,
a compression of almost 5 fold of the full model’s size).
Specifically, a model with just 9 values achieved an AUROC
value of 0.77, which is 95% of the accuracy of the full model
with 8 types (AUROC of 0.81), over the full connectivity map
with ∼ 30K potential synapses (Fig. 5C). Fig. 5D shows
that the compression is robust to the number of cell types cho-
sen: increasing the number of types changed the size of com-
pressed models only mildly, while the size of the full model
grew fast. These results reflect the high robustness of S+ in
terms of the numerical accuracy of its individual values. We
conclude that a surprisingly small number of parameters is
sufficient to construct the connectome of the worm to a high
degree of accuracy, and these parameters are not fine-tuned.

Multiple developmental epochs are necessary to re-
capitulate the measured developmental path. Given the
accuracy of our generative model for the adult worm, we
turned to study the development of the connectome, using
the reconstructions of the nerve ring of 8 different nematodes
from [16]. Given that for young larvae there is only a sin-
gle reconstruction available per age, to learn our models and
validate them, we randomly split the total set of potential
synapses of the adult worm into two halves. One half was
used as training data and the other as test data (see Meth-
ods) for all developmental stages. We compared the accu-
racy of P (G|θ), which relies on a single set of parameters
for the whole developmental process, with models that use
three developmental epochs to predict the empirical connec-
tome (Fig. 6A, Fig. S 4). The values of {S+

τkτl
} in the lat-

ter model may differ between epochs, which were defined
as the time windows between the developmental stages of
the reconstructed connectomes of two different young larvae
and the adult developmental stage. Models were trained se-
quentially, such that we found ensembles of {S+

τkτl
} (one en-

semble per epoch) that maximize the likelihood of the adult
worm, while conserving the number of synapses of each type
in three of the worms across development (see Fig. S 5, Fig.
S 6, Methods). The performances of the single epoch model
and the multiple epochs model in predicting the connectome
of the adult nematode were surprisingly similar (Fig. 6B).
However, this does not necessarily mean that the models have
similar performance during development, as they may reach
the same endpoint even if they follow divergent trajectories in
the space of networks (Fig. 6C). Indeed, the model based on
a single epoch and the one based on multiple epochs follow
different trajectories, as reflected by the connectivity maps
they generate at different time points. Figure 6D quantifies
the models’ performances at all measured time points (a sub-
set of which is shown in panel A), by showing the density of
synaptic connections during development. It shows that the
single epoch model is far from the empirical values at multi-
ple time points, whereas the accuracy of the multi-epoch one
is consistent throughout worm development (see Fig. S7 for
the average over data splits). Interestingly, the values of the
probabilities that the multi-epoch model assigns to individual
synapses are higher than those of the single epoch model at
early stages. Fig. 6E, which shows the likelihood ratio of the
models over the different connectomes across development,
demonstrates that the multi-epochs model is consistently bet-
ter by a large margin in the early developmental stages. Thus,
multiplicity of developmental epochs emerges as a critical
component for building the worm connectome.

To explore the role of synaptic pruning in connectome de-
velopment, we also studied the performance of a model that
uses multiple epochs without pruning. We found that prun-
ing seems to improve the models’ ability to reproduce the
synaptic connectivity maps at different developmental stages
(Fig. 6F).

We note that since the reconstructions at different time points
are not of the same animal, it is not clear whether there is
a biologically-realistic (rather than a mathematical) develop-
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Fig. 3. Models reproduce neuronal and network properties. A. Distributions of in-degrees (top) and out-degrees (bottom) of the data and the model. Shaded areas
represent 2-std around the mean degree distribution of the model. Calculations are exact (see Methods). B. Degrees (in-degrees on top and out-degrees on bottom) of
individual neurons in the data and the model. Neurons are sorted in an ascending order of their degrees in the data. Shaded areas represent 2-std around the mean degree
in the model. Calculations are exact (see Methods). C. A cumulative histogram of the distances between connected pairs of neurons in the model and the data. Shaded
areas represent 2-std around the mean distribution of distances in the model. Calculations are exact (see Methods). D. A cumulative histogram of the maximal birth times
of pairs of connected neurons in the model and the data. Shaded areas represent 2-std around the mean distribution of maximal birth times in the model. Calculations are
exact (see Methods). E. The triplet motif distribution of the data and the mean distribution of the model. Error-bars show 2-std. Calculations are numerical (see Methods). F.
The triplet motif distribution of the data and the mean distribution of a model with statistically dependent reciprocal synapses (γ = 7) and 8 neuronal cell types. Error-bars
show 2 std. Calculations are numerical (see Methods.)

mental “path” that would go through them. The fact that a
model based on three epochs is sufficient to create such a
path suggests that individual variability does not imply diver-
gent wiring diagrams, and that connectomic variability may
be curbed by the developmental plan.

The generative model reveals the stable “backbone”
of the connectivity map. The scarcity of connectomic data
makes it difficult to study individual diversity in circuits’
structure and function. Importantly, our generative models
for the connectomes are probabilistic by nature, and so, given
their accuracy, they can be used to explore the variability and
shared connectomic structures, and can be compared to the
handful of examples where the same circuits have been re-
constructed in different animals [16, 45–47]. We quantified
the variance of the connectomes generated by the generative

models by the expected normalized Hamming distance be-
tween model runs, namely, the average fraction of synapses
that are formed in one run but not in the other (see Meth-
ods). We compared this value to the cross-variance of the
model and the data, similarly defined as the expected normal-
ized Hamming distance between a run of the model and the
data. We find that the values of cross-variance of the model
and the data during the different stages of development lie
within 1 std of the model’s variance from its mean (Fig. 7A,
Fig. S8A). Thus, the empirical data is consistent with typical
model-generated connectomes.

Ideally, we would next compare the variance of the model to
the biological variance of connectomes measured experimen-
tally. However, the limited number of reconstructed connec-
tomes means we can only compare the two adult worms re-
constructed in [16], which show a normalized Hamming dis-
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A B traditional types
inferred types

traditional types
inferred types

Fig. 4. Biological interpretation of the inferred neuronal cell types A. The mixture matrix of the 13 traditional cell types from [15] (vertical axis) and the 8 inferred cell
types (horizontal axis). Each entry of the matrix reflects the fraction of neurons that have the traditional type (rows) and the inferred type corresponding to it (columns). Thus,
the sum of all the entries in the matrix is 1. B. Left - average distance between neurons versus the index of their potential synaptic type (defined as a pair of neuronal cell
types). Synaptic type indices are ordered such that the average distance is monotonic. Right - average maximal birth time of pairs of neurons versus the index of their
potential synaptic type. Synaptic type indices are ordered such that the average maximal birth time is monotonic. Shaded areas show the standard error of the mean (SEM).
C. Average degrees (left – in-degrees, right – out-degrees) of neuronal cell types in the data. Types are sorted in an ascending order (the indexing is different for in- and
out-degrees). Error-bars show std. D. Type size (the number of neurons assigned to that type) versus the directional hub value, given by max{⟨din⟩,⟨dout⟩} of that type,
where d stands for degree.

tance of 0.04, compared to 0.105± 0.002 (mean ± std over
20 splits) of the model’s. Additional reconstructed connec-
tomes would eventually allow the quantification of the natural
variance and the divergence of the model’s variance from it.
As a proxy for estimating the biological variance, we group
the synapses according to the number of experimental data
sets in which they appear. We here use, in addition to the
two adult worms reconstructed in [16], also the reconstructed
connectome from [45–47]. The distribution of the probabil-
ities the model assigns to synapses spans the whole range of
[0,1], with most of the synapses assigned very low probabil-
ities (Fig. 7B, Fig. S8B). We then compared the model’s
probabilities to the prevalence of synapses in the available
data. Figure 7C shows the normalized frequencies for 4 sets
of synapses: those that appear in all 3 connectomes, those
that appear in 2 out of 3, etc. Figure 7D then shows the
corresponding cumulative frequencies and the different na-
ture of these classes of synapses (see also Fig. S8 C,D for
the average histograms across data splits). Although the gen-
erative model was trained on just one of the connectomes,
synapses that exist in more data sets are distinctly predicted

to exist with higher probability. Moreover, despite the fact
that only ∼ 6% of the possible synapses exist in the connec-
tome we trained on, the model predicts that some synapses
will be there with a probability close to 1, and these indeed
appear in all the 3 data sets we used to test the model. Once
more data sets become available, future models will be able
to identify more “certain” synapses that appear in all worms
and allow us to characterize the variability of others.

Discussion
We presented a family of generative models for the devel-
opment of connectomes and used them to study C. elegans.
These models suggest that a surprisingly small number of bi-
ological and physical features may govern the construction of
the nervous system of the worm, as our compact models ac-
curately predicted individual synaptic connections, neuronal
degree profiles, and sub-network motifs during development.
These developmental models of the connectome allowed us
to show that while it is possible to construct an accurate con-
nectome of an adult nematode with a single set of develop-
mental parameters, this would result in the creation and prun-
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A full model
(8 inferred cell types)

B compressed model
(95% performance)

D
full models
compressed models

model of
panel A

model of
panel B

C

model of
panel Amodel of

panel B

Fig. 5. Highly compressed models preserve accuracy. A. The matrix of S+ values of a model that uses 8 inferred cell types. B. A quantization of the matrix from A that
conserves 95% of the AUROC value using 7 distinct values. C. The AUROC of models based on 8 inferred cell types that were compressed to different sizes versus the
number of model parameters. D. The number of model parameters versus the number of neuronal cell types for full models and for compressed models that conserve 95%
of the AUROC value.

ing of significantly different numbers of synapses during de-
velopment than the observed ones. Our results suggest that
multiple developmental stages and synaptic pruning are nec-
essary for following the empirical measurements of develop-
ment. Importantly, our models also show that construction
rules that rely on the common classification of neurons into
types are highly redundant. Indeed, we identified a signifi-
cantly smaller number of neuronal cell types and simple con-
struction rules for these inferred cell types, which yield more
accurate connectomes.

The models are immediately related to the classic ideas of
molecular “lock and key” mechanisms [26], morphological
rules, etc. Thus, our models provide a means to synthe-
size connectomes throughout development, and indicate a
possible algorithmic way for biology to implement them.
Yet, while our models suggest biologically plausible feature-
based construction rules for building the lion’s share of a full
nervous system, the real wiring rules employed in the worm
may be different. However, we emphasize that the accuracy
of our models imply that even if that is the case, the rules of
our models and the real ones highly overlap in terms of their
predictions. Thus, our model offers a draft of the construc-
tion rules that would need to be verified experimentally, or
different features that are incorporated to implement equiva-

lent rules would need to be identified.
The small number of features that our models rely on and the
stochastic nature of our model mean that connectomes that
are synthesized by it (i.e., multiple “draws” from the model)
would differ from one another. While adding construction
rules could allow for lower variability of the resulting con-
nectomes, this would probably require genetic encoding of
these rules as well as the biophysical mechanisms that would
be needed to implement them accurately and to correct er-
rors. We therefore submit that the simplicity of our model
and its small number of features is particularly appealing, as
the variability that our models predict is consistent with their
characteristic variability from the data. Moreover, our mod-
els assign higher probabilities to synaptic connections that
are shared across individuals. Thus, our models imply a con-
nectomic “backbone”, which is highly conserved across indi-
viduals, and volatile parts. With the reconstruction of more
wiring diagrams of individuals, and potentially characteriz-
ing the detailed neural activity of these reconstructed circuits,
our framework could be extended to explore the implications
of the different construction rules on function, as well as in-
dividual variability of neural networks and of the resultant
behavior.
It is important to note that the data used here to learn the
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Fig. 6. Multiple developmental epochs and synaptic pruning are necessary to follow the observed developmental path. A. Connectivity maps of data (top), single
draws of the single epoch model (middle), and the multi-epoch model (bottom) at time points corresponding to worms 1, 3, 5 and 8 (adult) in [16]. B. ROCs of the single and
multi-epoch models at adult age on test data. C. An illustration of a possible scenario where the single and multi-epoch models follow disparate paths in the space of networks
but end up in the same place. D. Network density versus worm age for the measured connectivity maps (test data), single epoch model, and multi-epoch model. Solid lines
represent the models’ average density, and shaded areas the 1-std regions. Calculations are exact (see Methods). E. Average log-likelihood-ratios of the multi-epoch and
single epoch models over 20 splits of the data into training and test subsets. Error-bars show 1-std. F. Average log-likelihood-ratios of the multi-epoch model with synaptic
pruning and the multi-epoch model with no pruning over 20 splits of the data into training and test subsets. Error-bars show 1-std.
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0 worms
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B

model with itself
model with data

A

Fig. 7. The model reveals the stable backbone of the connectivity map. A. The variance of the model (coral line) and the cross-variance of the model and the data
(black scattered dots), measured by normalized Hamming distance. The solid line represents the mean normalized Hamming distance between model runs, and the shaded
area is the 1-std region. The dots represent the mean normalized Hamming distance between a run of the model and the data, and the error-bars denote 1-std. Calculations
are exact (see Methods). B. The normalized histogram of the probabilities the model assigns to all possible synapses. C. Normalized histograms of synaptic probabilities
predicted by the model, when grouped by the number of datasets in which they appear. Vertical lines show the distributions’ means. D. Normalized cumulative distributions
of synaptic probabilities predicted by the model, when grouped by the number of datasets in which they appear.

models were obtained from different individuals, and so, it is
not clear that the “developmental path” we assumed by con-
sidering the different worms as time points along one trajec-
tory would be realizable. However, the fact that we were
able to train models to follow a developmental path across
individuals is a testament to the strength of the models and
implies a relatively high robustness of developmental trajec-
tories. As reconstructions of connectomes of single animals
across development are beyond current experimental ability,
testing these ideas would require new experimental and com-
putational methods.
Other natural extensions of our work are theoretical and ex-
perimental explorations of whether the dynamic developmen-
tal parameters arise from changes in demands and resources
during the growth of C. elegans or from functional require-
ments of the developing circuit. Moreover, as synaptic prun-
ing can be thought of as an error-correction mechanism, rem-
iniscent of kinetic proof-reading [48], it would be interesting
to characterize its specificity as well as to investigate whether
it can be viewed as balancing energetic efficiency in con-
structing the circuit and the cost of the regulation needed to
build the correct connectivity map.

Finally, beyond C. elegans, our results suggest a general
framework for studying the construction of connectomes and
their underlying design principles. Such computational mod-
els, and their interpretable features, as we suggest here,
would lay the infrastructure for understanding the design of
neural connectivity, which would be instrumental for inter-
acting with biological neural networks, building similar ones,
re-designing and fixing them.
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Methods
Data pre-processing. The connectomes are based on [16],
resulting in connectivity maps between 180 neurons of the
nerve ring in 8 nematodes at 7 developmental stages (2 of
the nematodes are adults). The analysis focuses on chemi-
cal synapses (and not electrical gap junctions), and ignores
auto-synapses (synaptic connections from a neuron to itself).
Synaptic connections are binarized (a connection either ex-
ists, i.e, there is at least one synapse in the data between the
corresponding neurons, or it does not exist). Neuronal posi-
tions are obtained from [39] and birth times from [38]. To
resolve a discrepancy between the birth times of neurons and
the subsets of neurons in the different connectomes, when
training and analyzing models across development, 13 neu-
rons are omitted. When training in a single developmental
epoch, the eighth data set is considered as the test set and
is not used for training. When training in multiple develop-
mental epochs, all the possible synapses of the adult worm
are split randomly into two halves, one of which is used for
training and the other for testing (data sets 2, 6 and 8 are
used for training to define 3 developmental epochs). As the
training procedure of the model that includes reciprocity (see
model specification) requires that both synapses of each dyad
appear in the data set, half the dyads are randomly sampled
for the training data (namely, half the possible unordered sets
of pairs of neurons), and both of the synapses of each dyad
are included. Models are trained using 20 splits of the pos-
sible synapses into training and test subsets. The ordering of
neurons in adjacency matrices is according to their types, and
within a type the ordering is alphabetical.

A developmental model for the connectome of C. el-
egans. The model grows a network representing the ner-
vous system of C. elegans in discrete time steps of 10 min-
utes each. At every time step, 3 operations are performed to
change the architecture:
(1) Neurons are born if their birth time [38] has passed since
the last step (in the past 10 minutes). Each neuron is given
coordinates according to its 3D location in the worm’s body
[39]. The coordinates are normalized to the length of the
worm (800µm, [39]). Additionally, each neuron is given a
neuronal cell type.
(2) Synapses are added with a probability that depends on
their types and the distance between their neurons. The type
is induced by the types of the pre-synaptic and post-synaptic
neurons: (τpre, τpost) and the distance is the normalized Eu-
clidean distance between them: d = ∥xpre−xpost∥2, where
x is a 3-dimensional coordinate vector of a neuron. Each
synaptic type has a specific baseline formation probability
S+

τkτl
(where k and l stand for the indices of the pre- and post-

synaptic neuronal cell types, respectively), which decays ex-
ponentially with the distance between neurons according to a
decay rate βt. To model the elongation of the worm during its
development, βt is increased with time, while neuronal loca-
tions are kept constant. The growth of βt is piecewise linear
and results in a 16-fold elongation in total. Linear growth pe-
riods connect developmental stages with measured average

lengths [49]. In this manner, an isotropic growth is mod-
eled [16]. All in all, the probability for synaptic formation at
time t is given by S+

τkτl
e−βt·d. Every non-existing synapse

is formed with the corresponding probability independently
of other synapses.
(3) Existing synapses are pruned independently of one an-
other with constant probability S−.

Calculation of the likelihood of a network. As synapses
are formed and pruned independently of one another, the
probability that an output of the model, G, with parameters
θ = ({S+

τkτl
},S−,β0), equals the data Gdata is given by:

P (Gdata|θ) =
∏

{(i,j)|Gdata
ij

=1}

P (Gij = 1|θ)

·
∏

{(i,j)|Gdata
ij

=0}

(1−P (Gij = 1|θ))

The probability of a synapse in the network to exist at time T
since the birth of the youngest of the neurons that form it can
be calculated recursively by the relation:

P (GT
ij = 1|θ) = P (GT −∆t

ij = 1|θ)(1−S−)

+(1−P (GT −∆t
ij = 1|θ))S+

τkτl
e−βT ·d

and the initial condition P (G0
ij = 1) = 0, where GT is the

adjacency matrix of the network at time T , ∆t is the time
step (10 min.), and the rest of the parameters are as described
in the model specification.

Model training procedure (single developmental
epoch). The model is controlled by a 3-tuple of parameters,
θ = ({S+

τkτl
},S−,β0). To fit them, a grid search is per-

formed over 1600 (40×40) values of S− and β0, considering
a range of [0,0.05) for S− and β0. For each pair (S−

i ,β0j ),
a set of binary searches is performed, one for each synaptic
type (τk, τl) (defined as a pair of neuronal cell types), sep-
arately from one another. The objective of the search is to
find the value of S+

τkτl
that will result in an average number

of synapses of type (τk, τl) that matches the data (up to a
tolerance of 0.05). The average number of synapses of type
(τk, τl) is given by: ∑

{(i,j)|type(i)=τk∧type(j)=τl}

P (Gij = 1|θ)

where G is the output of the model. The probabilities in the
sum are calculated as described in the calculation of the like-
lihood. As the number of synapses is monotonic in S+

τkτl

(given a pair of values for S− and β0), the binary search is
guaranteed to keep approaching the objective. If the objec-
tive is not achievable, the search terminates once the value of
S+

τkτl
gets close enough to its bounds (0 and 1). The termina-

tion condition used here is a difference of less than 10e−10.
The procedure above results in 1600 3-tuples of model pa-
rameters that conserve the number of synapses of each type
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in the data (if possible). For each set of parameters, the log-
likelihood of the data is computed (as described above), and
the set with the maximal value is chosen.

Models based on subsets of features.

• Birth-time model: In this model, as described above,
all neurons have the same cell type (a single S+ value),
and there is no dependence on distances between neu-
rons (i.e., setting β0 = 0).

• Distance model: In this model, the distance decay ma-
trix, defined as

G̃ij = e−βdij ,

where dij is the distance between neurons i and j, is
normalized with a global normalization factor λ such
that

1
λ

N∑
i,j=1

G̃ij =
N∑

i,j=1
Gdata

ij ,

where Gdata is the adjacency matrix of the data and N
is the number of neurons (i.e., conserving the density
of the data). To fit the model parameter β, multiple
values in the range of [0,4) are considered, and the one
yielding the maximum likelihood of the data is chosen.

Greedy clustering of neurons into types. Neuronal cell
types are aggregated in a greedy manner. The objective func-
tion of the greedy clustering is referred to as “hit rate”, and
is defined as the expected synaptic agreement with the data
when sampling uniformly the “correct” number of synapses
of each type (i.e., the same number of synapses as in the
data). The optimization process intends to maximize the hit
rate. Initially, each neuron is given a unique type. Then,
iteratively, all merging possibilities of a pair of types are ex-
amined, and the one resulting in the smallest decrease in the
hit rate is performed, reducing the number of neuronal cell
types by 1. An explanation of the calculation of the hit rate
follows.
It holds that

N
(τk,τl)
p =

{
nτk

nτl
, if k ̸= l

nτk
(nτk

−1), if k = l
,

where N
(τk,τl)
p is the number of possible synapses of type

(τk, τl) and nτk
is the number of neurons of type τk. The

difference between the cases is due to the omission of auto-
synapses.
The number of existing synapses of type (τk, τl) in the data
is denoted by N

(τk,τl)
e , and, as described above, this number

of synapses is assumed to be sampled uniformly. Thus, the
hit rate for this synaptic type is given by

N
(τk,τl)
e

N
(τk,τl)
e

N
(τk,τl)
p

,

as the probability of each sampled synapse to appear in the
data as well is

N
(τk,τl)
e

N
(τk,τl)
p

.

All in all, the total hit rate is given by

#types∑
k,l=1

N
(τk,τl)
e

N
(τk,τl)
e

N
(τk,τl)
p

.

Validation of not over-fitting using 8 inferred neuronal
cell types. To verify that the choice of 8 types does not result
in over-fitting, a single draw of a trained model with a known
ground truth of 8 neuronal cell types (a “synthetic connec-
tome” with 8 types) was sampled and used as a control data
set to train a new, second, model. This second model was
trained using a number of neuronal cell types ranging from 1
to 15, where it is expected to see an improvement in perfor-
mance on test data when using up to 8 types, and a decrease
thereafter (as a result of over-fitting). 100 different “synthetic
connectomes” were used as test data, and this classical over-
fitting pattern emerged. However, the model that was trained
on the experimentally measured data using 8 types keeps im-
proving as the number of types increases (i.e., even above
8), suggesting that the use of 8 types does not result in data
over-fitting (see Fig. S2B).

Compact model representations. Compact representa-
tions of models were found using quantization. Only the
{S+

τkτl
} values were quantized (where values of 0 were

forced to remain 0 after quantization). Formally, a quanti-
zation into K values is a function f : {S+

τkτl
} → {ri}Ki=1.

Such a quantization would result in a compact representation
of the model, with K +2 parameters: K values for the quan-
tized {S+

τkτl
} values, S− and β0. The compact model is then

identical to the full one, except for using {f(S+
τkτl

)} as base-
line synaptic formation probabilities.
The sum of squared errors of the quantization is used as a
measure for dissimilarity of the compact set of values and the
original set of values. It is defined as

K∑
i=1

ci∑
j=1

(f−1(ri)j− ri)2,

where f−1(ri) is the set of S+ values mapped to ri,
f−1(ri)j is the j-th element in this set and ci is the cardi-
nality of this set.
Given a partition of {S+

τkτl
} into K subsets

f−1(r1), ...,f−1(rK), the values {ri}Ki=1 that would
minimize the sum of squared errors are

{⟨f−1(ri)⟩}Ki=1,

and the sum of squared errors becomes

K∑
i=1

ciVar(f−1(ri)).
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Thus, the problem of finding the best quantization into K
values is equivalent to the problem of finding the partition of
{S+

τkτl
} into K subsets such that the weighted sum of their

variances is minimal.

This problem can be solved using Dynamic Programming.
Given a set of n numbers, S = {si}nj=1, algorithm 1 finds
their split into K non-empty subsets with the minimal sum of
weighted variances, in polynomial time. It uses the following
notations:

• The function Sort gets a set S of n numbers and re-
turns them as a sorted n-tuple (x1, ...xn). Namely,
S = {xj}nj=1 (set equality), and ∀ 1 ≤ j < j′ ≤ n, it
holds that xj ≤ xj′ .

• V is a lookup table of which keys are tuples (i, j),
where 1 ≤ i ≤K,1 ≤ j ≤ n, i ≤ j, and values are tu-
ples (v,P ), where v is the minimal weighted sum of
variances of a partition of the j first numbers into i
non-empty subsets, and P is the partition resulting in
the minimal variance (a set of sets).

• {{x}} is a set containing the set {x}, and similarly
{{x},{y}} is a set containing the sets {x} and {y}.

Binary search is used to find an accurate compact representa-
tion of a model. Accuracy is measured by the fraction of the
AUROC value of the compact model from the full one. The
objective of the search is to find the maximal unexplained
variance fraction for which the accuracy condition is satis-
fied. The search halts when both the performance condition
is satisfied and the size of the interval of search is below a
threshold (a threshold of 10e−10 is used).

Graph structural feature calculations. For calculations of
graph structural features, the following formalism is used:
each synapse can be thought of as a random variable, denoted
Xij , distributed Bernoulli with a probability pij for success,
where [p]ij is the average matrix of the model. A single sam-
ple of the model is composed of the values of Xij for all
1≤ i < j ≤N , where N is the number of neurons.

• Network density: the number of synapses in the net-
work is given by

N∑
i,j=1

Xij ,

so the network density is

1
N(N −1)

N∑
i,j=1

Xij .

Algorithm 1 Find the partition with the minimal weighted
sum of variances

INPUT: S - the set to be partitioned, K - the number of
subsets.
OUTPUT: The partition of S to K non-empty subsets with
a minimal weighted sum of variances and the weighted sum
of variances of the subsets in that partition.

(x1, ...,xn)← Sort(S) ▷ Sort is specified in Methods
V ← [] ▷ V is an empty look-up table, see Methods
j← 1
while j ≤ n do

V [(1, j)]← (jVar({xl}jl=1),{{xl}jl=1})
j← j +1

end while
i← 1
while i≤K do

V [(i, i)]← (0,{{x1}, ...,{xi}})
i← i+1

end while
i← 2
while i≤K do

j← i+1
while j ≤ n do

M ← argmin
i−1≤m≤j−1

(V [(i−1,m)][0]

+(j−m)Var({xl}jl=m+1))

V [(i, j)][0]← V [(i−1,M)][0]

+(j−M)Var({xl}jl=M+1)

V [(i, j)][1]← V [(i−1,M)][1]

∪{{xl}jl=M+1}

j← j +1
end while
i← i+1

end while
return V [(K,n)]
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Thus, the average network density is given by

E( 1
N(N −1)

N∑
i,j=1

Xij)

= 1
N(N −1)

N∑
i,j=1

E(Xij)

= 1
N(N −1)

N∑
i,j=1

pij .

The variance is similarly

Var( 1
N(N −1)

N∑
i,j=1

Xij)

= 1
N2(N −1)2

N∑
i,j=1

pij(1−pij),

where the equality holds when {Xij}Ni,j=1 are inde-
pendent. The standard deviation is then

1
N(N −1)

√√√√ N∑
i,j=1

pij(1−pij).

For the reciprocity dependent model, the covariance of
the dyads should be added to the variance, which yields

Var( 1
N(N −1)

N∑
i,j=1

Xij)

= 1
N2(N −1)2 (

N∑
i,j=1

Var(Xij)

+2
∑

1≤i<j≤N

Cov(Xij ,Xji))

= 1
N2(N −1)2 (

N∑
i,j=1

pij(1−pij)

+2
∑

1≤i<j≤N

P (G{i,j} is R|θ)−pijpji),

where G is the output of the model, {i, j} is an un-
ordered set of neurons and R stands for Reciprocal
(namely, both synapses of the dyad are formed).

• Degrees: in and out-degrees are calculated similarly,
using the transposed average matrix of the model.
Thus, only the calculations for in-degrees will be ex-
plained. The in-degree of the j-th node of a graph is
given by

dj =
N∑

i=1
Aij ,

where N is the number of nodes in the graph and [A]ij
is its adjacency matrix. Thus, in the case discussed

here, the in-degree of the j-th neuron in the model can
be defined as a random variable that takes values be-
tween 0 and N according to

dj =
N∑

i=1
Xij .

Such a probability distribution (which is a result of a
summation of N independent Bernoulli random vari-
ables with success rates of {pij}Ni=1) is called Poisson-
Binomial and its probability mass function can be cal-
culated using the characteristic function [50]. Note that
this holds for the reciprocity dependent model as well,
as only reciprocal synapses are dependent and they
cannot share neither a row nor a column. The expected
value and variance are given by

E(dj) =
N∑

i=1
pij

and

Var(dj) =
N∑

i=1
pij(1−pij),

respectively.

• Histogram calculations: given m bins with edges
{bi}mi=0 and l independent random variables {Zj}lj=1
that take values in [b0, bm), the indicator 1ij is defined
as

1ij =
{

1, if Zj takes a value in [bi−1, bi)
0, otherwise

.

The frequency of Z values in the i-th bin is then

fi =
l∑

j=1
1ij ,

which distributes Poisson-Binomial, and its expected
value and variance are

E(fi) =
l∑

j=1
P (bi−1 ≤ Zj < bi)

and

Var(fi) =
l∑

j=1
P (bi−1≤Zj < bi)(1−P (bi−1≤Zj < bi)),

respectively. The cumulative histogram is defined as

Fi =
i∑

k=1
fk.

Its expected value is given by

E(Fi) =
i∑

k=1
E(fk),
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and is variance can be calculated as follows:

Var(Fi) = Var(
i∑

k=1
fk) = Var(

i∑
k=1

l∑
j=1

1kj)

= Var(
l∑

j=1

i∑
k=1

1kj) = Var(
l∑

j=1
1b0≤Zj<bi

)

=
l∑

j=1
P (b0 ≤ Zj < bi)(1−P (b0 ≤ Zj < bi)),

where the last equality holds because {Zj}lj=1 are in-
dependent.

For degree distribution histograms, bin edges were
taken as

{i}N+1
i=0 ,

and the random variables are the degrees of the neu-
rons:

{dj}Nj=1.

For the histogram of distances between connected neu-
rons, the distances at adulthood were considered. Bin
edges were taken as

{i · r}
L
r +1
i=1 ,

where r is the resolution (0.1[µm], which is less than
the minimal possible distance between neurons, which
is ∼ 0.7[µm]), and L is the maximal distance between
neurons, which is ∼ 776[µm]. The random variables
were defined as

Zij =
{

lij , neurons i and j are connected
−1, otherwise

,

where lij is the distance between neurons i and j.

Similarly, for birth time histograms, bin edges were
taken as

{i ·10}351
i=1,

where the resolution of neuronal birth times in the
data is 10[min .], and the age of an adult nematode is
3500[min .]. The random variables were defined as

Zij =
{

Bij , neurons i and j are connected
−1, otherwise

,

where Bij is the maximal birth time of the neurons i
and j.

• Triad distribution: the triad distribution of a graph is
calculated by simply counting the number of triads of
each one of the 16 types, and normalizing all of them
by the total number of triads in the graph (which is(N

3
)
). The model’s average triad distribution and its

standard deviation were calculated numerically: 1000
model samples were generated and the distribution for

each one of them was calculated using the networkx
package for Python, version 3.2.1, resulting in 1000
vectors vk of length 16. The i-th entry of the mean
distribution is then

vmean
i = ⟨vk

i ⟩k,

and the i-th entry of the standard deviation vector is

vstd
i =

√
⟨(vk

i −vmean
i )2⟩k.

• Network reciprocity: the number of possible recipro-
cal dyads in the network is given by

(N
2

)
= N(N−1)

2 .
Let Yij be a new random variable that takes 1 when a
dyad is reciprocal and 0 otherwise (and thus distributes
Bernoulli), defined as Yij = XijXji. When synapses
are independent, it holds that the success rate is pijpji.
When reciprocal synapses are dependent, the success
rate becomes P (G{i,j} is R|θ), where G is the output
of the model, {i, j} is an unordered set of neurons and
R stands for Reciprocal (namely, both synapses of the
dyad are formed). It can be calculated as described be-
low. The total number of reciprocal dyads is then

N−1∑
i=1

N∑
j=i+1

Yij ,

and the reciprocity is thus (after a proper normaliza-
tion)

2
N(N −1)

N−1∑
i=1

N∑
j=i+1

Yij .

The average reciprocity is then

E( 2
N(N −1)

N−1∑
i=1

N∑
j=i+1

Yij)

= 2
N(N −1)

N−1∑
i=1

N∑
j=i+1

E(Yij)

= 2
N(N −1)

N−1∑
i=1

N∑
j=i+1

P (Yij = 1).

The variance is similarly given by

Var( 2
N(N −1)

N−1∑
i=1

N∑
j=i+1

Yij)

= 4
N2(N −1)2

N−1∑
i=1

N∑
j=i+1

Var(Yij)

= 4
N2(N −1)2

N−1∑
i=1

N∑
j=i+1

P (Yij = 1)(1−P (Yij = 1)),

so the standard deviation is

2
N(N −1)

√√√√N−1∑
i=1

N∑
j=i+1

P (Yij = 1)(1−P (Yij = 1)).
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Reciprocity-dependent models. The model that incorpo-
rates statistical dependence of reciprocal synapses is identical
to the model specified above, except for the second operator.
Here, synapses are added with a probability that depends on
the state of their reciprocal synapse as well. The probability
becomes min{γS+

τkτl
e−βt·d,1} when the reciprocal synapse

exists, where γ is an additional parameter of the model that
controls the tendency of the model to increase its reciprocity.
The likelihood of the model is now calculated by iterating the
states of all dyads. A dyad has 4 possible states: reciprocal
- both synapses are formed, upper - only the synapse of the
upper triangle of the adjacency matrix is formed, lower - only
the synapse of the lower triangle of the adjacency matrix is
formed, and empty - no synapse is formed. The states are
denoted in short R, U, L and E, respectively. The likelihood
is then given by:

P (Gdata|θ) =
∏

{{i,j}|Gdata
{i,j} is R}

P (G{i,j} is R|θ)

·
∏

{{i,j}|Gdata
{i,j} is U}

P (G{i,j} is U|θ)

·
∏

{{i,j}|Gdata
{i,j} is L}

P (G{i,j} is L|θ)

·
∏

{{i,j}|Gdata
{i,j} is E}

P (G{i,j} is E|θ),

where G is the model adjacency matrix, Gdata is the data
adjacency matrix and {i, j} is an unordered set of indices (a
dyad).
The probability predicted by the model of a dyad being in a
specific state can be calculated recursively. Following is the
recursive relation for the reciprocal state as an example, and
the rest of the states are calculated similarly.

P (GT
{i,j} is R|θ)

= P (GT −∆t
{i,j} is R|θ)(1−S−)2

+P (GT −∆t
{i,j} is U|θ)(1−S−)min{γS+

τlτk
e−βT ·d,1}

+P (GT −∆t
{i,j} is L|θ)min{γS+

τkτl
e−βT ·d,1}(1−S−)

+P (GT −∆t
{i,j} is E|θ)S+

τkτl
S+

τlτk
e−2βT ·d,

where GT
{i,j} is the state of the dyad {i, j} at time T , d is

the distance between the neurons, τk is the type of neuron i,
τl is the type of neuron j, and i < j is assumed. The initial
condition for the recursion is

P (G0
{i,j} is R) =P (G0

{i,j} is U) = P (G0
{i,j} is L) = 0,

P (G0
{i,j} is E) = 1,

as all dyads are empty at first.
The training of models is similar to a single epoch model
training procedure, but here the S+ values for the 2 synaptic
types of a dyad are found simultaneously. There are 2 binary
searches that are alternately updated. After each update, the

expected number of synapses of both types are compared to
the numbers of synapses of these types in the data. The value
of γ is set constant during training, and different models are
trained for different values. If the simultaneous search does
not converge, the search halts when the window size of both
searches is smaller than 10−10.

Model training with multiple developmental epochs.
The training procedure here is similar to the one described
in the single epoch model training procedure section. Multi-
ple epochs models allow {S+

τkτl
} values to change between

discrete developmental stages. Thus, for each synaptic type
(τk, τl), several subsequent binary searches are necessary to
determine the values for S

+[1]
τkτl , ...,S

+[M ]
τkτl , where M is the

number of epochs. The m-th value is found using a binary
search whose objective is to match the number of synapses in
the data of the nematode at developmental stage m, on aver-
age. The previously found values for S

+[1]
τkτl , ...,S

+[m−1]
τkτl are

used to calculate the probability of each dyad to be at a spe-
cific state using recursive relations. Following the example
above, the probabilty of a dyad to be reciprocal becomes

P (GT
{i,j} is R|θ)

= P (GT −∆t
{i,j} is R|θ)(1−S−)2

+P (GT −∆t
{i,j} is U|θ)(1−S−)min{γS

+[m]
τlτk e−βT ·d,1}

+P (GT −∆t
{i,j} is L|θ)min{γS

+[m]
τkτl e−βT ·d,1}(1−S−)

+P (GT −∆t
{i,j} is E|θ)S+[m]

τkτl S
+[m]
τlτk e−2βT ·d,

where GT
{i,j} is the state of the dyad {i, j} at time T , m is the

developmental stage at time T , d is the distance between the
neurons, τk is the type of neuron i, τl is the type of neuron j,
and i < j is assumed. The initial condition for the recursion
is

P (G0
{i,j} is R) =P (G0

{i,j} is U) = P (G0
{i,j} is L) = 0,

P (G0
{i,j} is E) = 1,

as all dyads are empty at first.

Model variance calculation. The variance of the model
is defined as the expected normalized Hamming distance
between two model runs, namely, the fraction of flipped
synapses. The expected number of flipped synapses of an
individual dyad {i, j} (an unordered pair of neurons) can be
defined as a random variable, denoted X{i,j}, that takes val-
ues from {0,1,2}. As discussed above, each dyad has 4 pos-
sible states (R, U, L and E). Thus, there are 42 = 16 possible
states for a dyad in 2 different runs. An enumeration over the
16 possible states yields the probabilities for X{i,j} to take
each one of its possible values (e.g., X{i,j} = 2 for the states
(R, E), (E, R), (U, L), (L,U)). The probability of a dyad to
be in a certain state is calculated as described above. The
variance of the model is then given by

2
N(N −1)

∑
1≤i<j≤N

E[X{i,j}],
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and its standard deviation by

2
N(N −1)

√ ∑
1≤i<j≤N

Var(X{i,j}),

as the dyads are statistically independent.
The cross-variance of the model and the data is defined simi-
larly as the expected normalized Hamming distance between
the model and the data. The calculations and definitions here
are identical, but the distribution of the pair of dyadic states
over the 16 possibilities is different (as the state of the dyad
in the data is deterministic).

Neuronal birth time noising. The birth time of each neu-
ron, bi, was added with noise ϵi, sampled uniformly from
[−δwi, δwi), where 0≤ δ ≤ 1 is the noise level and

wi = min{bi,3500−∆t− bi}

is the sampling window size (3500 minutes is the age of a
adult worm), and ∆t is the time step of the model (which
is 10[min.]). Thus, the noised birth time, b̃i = bi + ϵi, is
guaranteed to not exceed the interval [0,3500−∆t), namely,
the worm’s developmental time window (the upper bound of
the interval is 3500−∆t and not simply 3500 to allow all
neurons to form connections during at least one step), and
the expected value of the noise is 0.
10 noise levels from 0.1 to 1 were considered (with a differ-
ence of 0.1 between subsequent levels), and for each level
birth times were noised 100 times.
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41. Erdős, P. & Rényi, A. ON THE EVOLUTION OF RANDOM GRAPHS by. en.
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Supplementary figures

A B

Figure S 1. A. The average difference between the AUROC on test data of a model that uses true birth times of neurons and that of models that use a noised version of
them versus the level of noise (see Methods). Averages are over 100 different additions of noise, and error-bars show std. B. The average log likelihood ratio on test data
between a model with true birth times and models with noised birth times versus the level of noise. Averages are over 100 different additions of noise, and error-bars show
std. Calculations are exact (see Methods).

A B

model trained on synthetic data
model trained on real data

Figure S 2. 8 inferred neuronal cell types do not result in data over-fitting. A. Model AUROC versus the number of inferred cell types used. B. Model AUROC versus the
number of inferred cell types used. Purple - a model that was trained and tested on data (like in A). Black - a model that was trained and tested on outputs of a pre-trained
model that used 8 inferred cell types (see Methods). Error-bars show standard deviation over different model samples serving as test data, and are smaller than the marker
size for most dots.
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Figure S 3. A simple mechanism for controlling reciprocity is sufficient to reproduce the observed value. A. Reciprocity fraction versus number of neuronal cell types
when synapses are formed independently of one another. The shaded area represents the 2-std region of models. Calculations are exact, see Methods B. Reciprocity versus
γ, the factor increasing the probability to form a synapse given its reciprocal synapse is formed, for a model with 8 types. The shaded area represents the 2-std region of
models. Calculations are exact, see Methods.
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Figure S 4. A. Connectivity maps of data (top) and of single draws from the single epoch model (middle) and the multiple epochs model (bottom) at ages corresponding to
worms 1-6 and 8 (adult) in [16].
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A B C

Figure S 5. A-C. S+ matrices for the three developmental epochs (the order of the panels corresponds to the order of the epochs), for a single example split of all possible
dyads into training and test subsets.

A B C

Figure S 6. A-C. Average S+ matrix for the three developmental epochs (the order of the panels corresponds to the order of the epochs). Averages are over 20 splits of all
possible dyads into training and test subsets.

single epoch model
multiple epochs model
data

Figure S 7. Multiple developmental epochs are necessary to follow the observed developmental path. Network density versus worm age, for the measured connectivity
maps (test data), the single epoch model and the multiple epochs model. Solid lines represent models’ average density over 20 splits of the data into training and test subsets
(the average of their mean densities), and the shaded areas are 1-std regions. Calculations are exact (see Methods). Error-bars represent the standard deviation of the
density of the test subset across splits.
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Figure S 8. The model reveals the stable backbone of the connectivity map. A. The variance of the model and the cross-variance of the model and the data (measured
by normalized Hamming distance). The solid line represents the average normalized Hamming distance between model runs over 20 splits into training and test data (the
average of the mean normalized Hamming distance of models) and the shaded area is the 1-std region. The error-bars of the cross-variance of the model with the test
data, which denote 1 std over 20 split into training and test, are smaller than the marker size. Calculations are exact (see Methods). B. The average normalized histogram
of the probabilities that models assigned to all possible synapses over 20 splits into training and test data. Error-bars show the standard deviation. C. Average normalized
histograms of synaptic probabilities predicted by the model over 20 splits into training and test data, when synapses are grouped by the number of datasets in which they
appear. Error-bars show the standard deviation. Vertical lines show the average distributions’ means. D. Average normalized cumulative distributions of synaptic probabilities
predicted by the model over 20 splits into training and test data, when synapses are grouped by the number of datasets in which they appear. Solid lines show the average
cumulative distributions and the shaded areas 1-std ranges.
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