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probabilistic distance between the desired and generated output
distributions.
DyMoN provides several advantages over existing methods,
such as HMMs and recurrent neural networks. First, DyMoN
provides a representational advantage by serving as an
embodiment of the dynamics in lieu of a predetermined model,
such as stochastic differential equations. This representation
is deep and factored, in the sense that the “logic” of the
dynamic transition is broken down into increasingly abstract
steps, each of which can be visualized or examined. Second,
DyMoN provides a generative advantage as it generates new
trajectories/sequences that have not been seen previously in
the system. Third, the utilization of a deep network model
offers a multitasking advantage: while previous models, such
as HMMs, can simulate trajectories, and one may use PCA (or
similar methods) to visualize trajectory information, most previous methods are not designed or equipped to simultaneously
learn multiscale features (i.e., in many levels of abstraction),
I. I NTRODUCTION
visualize intrinsic underlying dynamics, and utilize them to
generate new trajectories. Finally, the natural parallelizability of
It is difficult if not impossible to derive differential equations
neural networks (e.g., with GPU-based implementations) offers
or analytical models for most natural stochastic dynamic
computational advantages, as they can be used to process large
systems. Further, in Biology it is often the case that we only
volumes of noisy data. Furthermore, once trained, DyMoN can
have access to samples or “snapshots” from such dynamic
efficiently generate new trajectories faster than most existing
system (e.g., pairs of consecutive points) and not to continuous
methods.
observations. Here, we propose to learn a generative neural
DyMoN is well suited to model biological data, such as
network model of dynamic systems that we call a Dynamics
single-cell RNA sequencing data from cellular developmental
Modeling Network (DyMoN) that is able to learn a dynamic
systems. Such data is often collected at only one or a handful
model of a system for which we only have sparse snapshot
of time-points. Thus the dynamics are either inferred from
data, or even a single snapshot showing a multitude of instan“pseudotime” (an inferred axis of progression based on observed
tiations of the dynamic system rather than one instantiation
cells which are at different states of development), or from
longitudinally. DyMoN uses a deep neural network architecture
interpolation between discrete time points. These trajectories
to learn fixed-memory stochastic dynamics (e.g., memoryless
are not a matter of sequence completion as is often done
or n-th order Markov process) in an observed system. This
in recurrent neural networks; the goal is to predict the nearnetwork is trained to map a current state (or n states) to a
future state of a cell given its current state. Often history
distribution of next states. DyMoN is trained by penalizing
information is not available in biological measurements. As
the stochastically generated output states based on maximal
such, we apply DyMoN to several biological systems for which
mean discrepancy (MMD) [1], [2] from known next-states as a
we have access to snapshot samples of the data. These include
mass cytometry of developing T cells in the mouse thymus and
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single-cell RNA sequencing of human embryonic stem cells
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developing in embryoid bodies. DyMoN is able to learn the

Abstract—Complex high dimensional stochastic dynamic systems arise in many applications in the natural sciences and
especially biology. However, while these systems are difficult to
describe analytically, “snapshot” measurements that sample the
output of the system are often available. In order to model
the dynamics of such systems given snapshot data, or local
transitions, we present a deep neural network framework we
call Dynamics Modeling Network or DyMoN. DyMoN is a neural
network framework trained as a deep generative Markov model
whose next state is a probability distribution based on the current
state. DyMoN is trained using samples of current and nextstate pairs, and thus does not require longitudinal measurements.
We show the advantage of DyMoN over shallow models such
as Kalman filters and hidden Markov models, and other deep
models such as recurrent neural networks in its ability to embody
the dynamics (which can be studied via perturbation of the neural
network) and generate longitudinal hypothetical trajectories. We
perform three case studies in which we apply DyMoN to different
types of biological systems and extract features of the dynamics
in each case by examining the learned model.

