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Abstract

Multiscale systems are common in science and engineering but remain difficult
to simulate, as fine spatiotemporal scales must be consistently linked to emergent
bulk behavior. Coarse-graining high-dimensional dynamics into low-dimensional
models causes entropic information loss, producing dissipative, history-dependent,
and stochastic effects. We present a metriplectic bracket based framework for
learning coarse-grained dynamics from particle-trajectory time series, which en-
forces by construction the first and second laws of thermodynamics, momentum
conservation, and discrete fluctuation–dissipation balance, crucial for capturing
non-equilibrium statistics. After introducing the formalism, we specialize it to par-
ticle discretizations and develop a self-supervised strategy to recover unobserved
entropic state variables. The method is applied to: (i) coarse-graining star polymers
at extreme resolutions while retaining non-equilibrium statistics, and (ii) learn-
ing from high-speed video of colloidal suspensions to capture coupling between
local rearrangements and emergent stochasticity. Our open-source PyTorch and
LAMMPS implementations enable large-scale inference and extension to diverse
particle-based systems.

1 Introduction

Multiscale phenomena, from quantum materials to geophysical flows, arise from interactions across
widely separated length and time scales. Quantum effects can drive ferromagnetic ordering [1], and
topological entanglement can cause anomalous diffusion in polymer melts [2]. At geological scales,
bulk soil evolution connects to microstructural processes such as jamming in dense suspensions [3, 4].
Bridging these scales is difficult because direct simulation would require resolving prohibitively short
timescales, so coarse-graining replaces fine-scale degrees of freedom with effective macroparticles
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Figure 1: Data-driven particle dynamics pipeline to bridge scales in molecular systems. Detailed
simulation of polymers fully resolve stochastic fluctuations (left), in-silico experiments of a small
domain supervise model discovery (middle), yielding a data-driven model for non-equilibrium bulk
response solved in a massive parallel simulator (right).

or filtered fields. Examples include coarse-grained MD, which preserves emergent physics while
avoiding stiff dynamics, and continuum approaches such as LES or PCA-based reduced-order models.
The Mori-Zwanzig (MZ) formalism [5, 6, 7, 8] gives a rigorous framework for projecting full-order
dynamics onto coarse variables. This yields mean-field dynamics, a history-dependent dissipative
memory kernel, and a stochastic term from unresolved physics. Even if the underlying system
is reversible, coarse-graining introduces dissipation and stochasticity consistent with fluctuation-
dissipation relations [9, 10]. In non-equilibrium systems, MZ offers a probabilistic description of
energy transfer from unresolved to resolved variables.

2 Background

Force matching Force matching fits interatomic potentials by minimizing force errors against
costly ab initio data. It is widely used with methods including GNNs [11, 12, 13], equivariant and
invariant models [14, 15, 16, 17, 18, 19, 20], Transformers [21, 22, 23, 24], and generative diffusion
models [25, 26]. Limitations include reliance on expensive quantum data, small benchmark sets, and
inability to fit emergent mesoscale or continuum behaviors.

Coarse-graining models Classical particle-based coarse-graining such as dissipative particle
dynamics (DPD) [27] and smoothed DPD [28] models conservative, dissipative, and noise terms
from unresolved DOFs, often with MZ justification, and extends to multiphase [29], free-surface
[30], and many-body flows [31]. ML analogues use autoencoders [32, 33, 34] or GNN-based graph
U-Nets [35, 36], but typically fit to mean dynamics without embedding non-equilibrium structure.

Structure-preserving algorithms Other work embeds physical structure via learned Lagrangian
[37] or Hamiltonian [38, 39, 40] formalisms, extended to dissipation through generalized variational
principles [41, 42, 43], or Onsager brackets [44, 45]. We adopt the metriplectic (GENERIC) frame-
work [46, 47], which augments Hamiltonian mechanics with an entropy-producing bracket. Although
derivable from MZ [48], its algebra maps naturally to neural architectures. Prior ML metriplectic
models has seen limited adoption: existing methods either rely on penalty-based constraints that fail
to preserve structure exactly [49, 50], or require expensive bracket construction that limits scalability
to small toy systems [51, 52, 53].

We propose a scalable O(N) metriplectic particle architecture with localized pairwise interactions,
integrable into large-scale simulators (for example LAMMPS), and released open source. The model
is interpretable, with subnetworks predicting physically meaningful quantities such as temperature,
pressure, energy, and entropy, and self-supervised, inferring unmeasurable internal variables consis-
tently with thermodynamics [54, 32]. This enables learning emergent physics driven by stochastic
unresolved processes.
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3 Method

Let x be a set of a dynamical system state variables. In metriplectic dynamics [46, 47], the evolution
of x is given by

dx =

[
L
∂E

∂x
+M

∂S

∂x
+ kB

∂

∂x
·M

]
dt+ dx̃. (1)

where E(x) and S(x) are functionals prescribing generalized energy and entropy of the system,
L(x) is a skew-symmetric Poisson matrix and M(x) is a symmetric positive semi-definite friction
matrix. These two terms prescribe the reversible and irreversible dynamics of the system, respectively.
By imposing the degeneracy conditions, L∇S = M∇E = 0, the dynamics satisfy the first (Ė = 0)
and second (Ṡ ≥ 0) laws of thermodynamics independent of the choice of state variables. The
stochastic effects dx̃ are directly related to the dissipative effects via the fluctuation dissipation
theorem [9, 10]: dx̃dx̃T = 2kBMdt, where kB is the Boltzmann constant.

Consider now a collection of N particles with positions ri and velocities vi =
dri

dt for i ∈ V =
{1, ..., N}. We introduce energy and entropy functionals

E =
∑
i

[
1

2
miv

2
i + Ui

]
, S =

∑
i

Si, (2)

where: mi = m is a particle mass, assumed to be constant; Si is a per particle entropy; Ui = U(Vi, Si)
is a function prescribing per particle internal energy; and Vi(r1, ..., rN ) is a per particle volume.
We select position and velocity as reversible variables and entropy as irreversible variable such that
xi = (xrev,xirr) = (ri,vi, Si). Substituting these expressions into Eq. 1 and making use of the first
law of thermodynamics dU = TdS − PdV we obtain per particle dynamics[

dri
dvi

dSi

]
︸ ︷︷ ︸
dxi

=
∑
j

(
1

m

[
0 Iδij 0

−Iδij 0 0
0 0 0

]
︸ ︷︷ ︸

Lij

 ∂U
∂rj

mvj

Tj


︸ ︷︷ ︸

∂E
∂xj

+M ij

[
0
0
1

]
︸︷︷︸
∂S
∂xj

+kB
∂

∂xj
·M ij

)
dt+

dr̃idṽi

dS̃i


︸ ︷︷ ︸

dx̃i

. (3)

To close this system of equations, we will introduce GNN-style node and edge-wise neural networks
shared across all particles to define:

Particle volume To obtain a method which scales as O(N) in the number of particles, we prescribe
V to include only contributions from particles within a neighborhood of radius h, denoted as Ni =
{j ∈ V, |rij | < h} and parameterize the volume

V−1
i = di =

∑
j∈Ni

Wij =
∑
j∈Ni

exp [MLP (|rij |/h)]
(
1− |rij |2/h2

)
, (4)

where rij = ri − rj denotes the relative positions between particle i and neighboring particles
j ∈ Ni, and | · | denotes the Euclidean norm.

Per particle internal energy In classical variational mechanics, Gibbs relations require internal
energy to satisfy convexity and monotonicity constraints for hyperbolicity. Physically, pressure
and temperature must be positive, implying ∂VU ≤ 0 and ∂SU ≥ 0, with positive second deriva-
tives (isothermal compressibility and specific heat), so U is convex in both variables. We use the
Constrained Monotonic Neural Network [55], which enforces these monotonicities by construction:
Ui = CMNN(Si,Vi).

Thermal fluctuations Motivated by [28], we assume a functional form dx̃i = (0, dṽi, dS̃i) for
which random forcing in dṽ consists only of pairwise interactions, from which the degeneracy
conditions enforce as a consequence. In this work, instead of choosing the noise amplitudes A, B,
and C to arrive at an accurate discretization of the fluctuating Navier-Stokes equations, we machine
learn them to identify state-dependent nonlinear scalings of the fluctuations, ensuring the symmetry
over particle pair indices by construction and the functional dependency of viscosity with temperature:
Aij , Bij , Cij = MLP (|rij |/h, Ti) · MLP (|rij |/h, Tj).
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Entropy self-supervision While position and velocity are easily measurable either in experimental
or by post-processed synthetic data, calculating entropy would require an enumeration of microstates
which is intractable for the vast majority of cases. To fully supervise the system, we therefore need to
generate time-series labels of Si. In this work we adopt a self-supervised approach to generate labels
for Si, based on an edge convolutional operator [56] which constructs a closure for the entropy in
terms of position and velocity: Si = EdgeConv (|rij |/h,vij).

Training procedure Let D = {(xt
rev,x

t+1
rev )}Ntrain

t=0 be a dataset consisting of position-velocity
pairs. To train the system, we construct a joint probability distribution p(xt+1

rev ,xt+1
irr |xt

rev,x
t
irr)

corresponding to a numerical integration of Equation 1 and train the architectures with maximum
likelihood. We denote all trainable parameters via Θ and define the maximum log-likelihood objective

Θ∗ = argmin
Θ

NLL(x1, ..., xT ). (5)

By marginalizing over the rest of the particles, we can split the problem as per particle-wise loss
corresponding to the multivariate Gaussian distribution:

µt+1
i =

[
vt
i +

dvt
i

dt ∆t

St
i +

dSt
i

dt ∆t

]
, Σt+1

ii =

[
∆ṽi∆ṽT

i ∆ṽi∆S̃i

∆S̃i∆ṽT
i ∆S̃i∆S̃i

]
. (6)

where ∆t is the simulation time step and ∆ṽi,∆S̃i correspond to the discretized Wiener processes
of velocity and entropy respectively. Thus the final loss function is defined as

L =
1

Ntrain

Ntrain∑
t=0

1

N

N∑
i=0

[1
2
ln |Σt+1

ii |+ 1

2
(xt+1

i − µt+1
i )T

(
Σt+1

ii

)−1
(xt+1

i − µt+1
i )

]
, (7)

which can be minimized using standard batch gradient descent. The proposed architecture and
training procedure has the following desirable properties:

Theorem 3.1. The equations of motion in Eq. 3: (i) satisfy energy conservation and entropy inequality
by construction, (ii) satisfy momentum conservation, (iii) enforce the fluctuation-dissipation theorem
exactly, and (iv) the addition of new types of physics is trivial by adding additional terms to the
energy and entropy functionals in Eq. 2. Furtheremore, the training procedure in Eq. 7: (v) can
be supervised by only using position/velocity information, and (vi) scales linearly O(N) with the
number of particles, being able to simulate massive-scale systems.

Proof. The complete derivations can be found in [57].

4 Experiments

Molecular dynamics: Coarse-graining of star polymers First, we consider a star polymer melt
in a 3D periodic box, where each polymer has a core atom bonded to 10 arms. Two internal
configurations are tested: 1 and 5 beads per arm, corresponding to lower and higher coarse-graining
levels. Fully resolved datasets are generated with LAMMPS [58] and coarse-grained via the center-
of-mass position and velocity of each polymer. The method is benchmarked against a Graph
Network-based Solver [59] (GNS), its stochastic variant (GNS-SDE), and a calibrated DPD model
[27] in extrapolation rollouts 25 times the training horizon.

Table 1 shows good agreement with spatial (RDF) and dynamical (MSD) statistics, while GNS and
GNS-SDE fail to match flow statistics or outperform DPD, lacking spatial structure and correlations.
This underscores the qualitative impact of preserving physical structure, even in simple systems, and
shows that “black-box” approaches are poor candidates for coarse-graining.

Extension to general physics: Experimental colloidal system The above energy choice suits fluid-
like systems that store energy only via dilatation. To extend this to broader physics, we redefine the
potential energy to include a tensorial strain dependence appropriate for solids, Ui = U vol

i + U dev
i =

CMNN(Si,Vi) + CMNN(Si, ε̄i), where ε̄i is the traceless strain tensor estimated similarly to Vi.
This addition accounts for reversible shear stress storage absent in fluids. Dissipative and noise
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Table 1: L2 relative error (↓) of correlation metrics for the STAR POLYMER and COLLOIDS examples.

STAR POLYMER 11 STAR POLYMER 51 COLLOIDS

GNS GNS-SDE DPD Ours GNS GNS-SDE DPD Ours Ours

RDF 4.3e-1 4.3e-1 2.3e-1 2.0e-2 2.1e-1 2.2e-1 9.6e-2 5.3e-2 1.15e-1
MSD 2.1e6 6.5e5 9.5e-1 4.7e-2 2.1e1 1.6e7 7.6e0 5.3e-2 -

terms are unaffected; the case illustrates how to incorporate additional reversible physics into the
framework.

We apply the method to measured particle trajectories from a jammed 2D monolayer of repulsive
polymer microspheres under cyclic shear [60]. Shearing is performed with an interfacial stress
rheometer [60, 61], and high-resolution optical microscopy yields particle positions and finite-
difference velocities. The colloidal particles themselves act as the coarse-grained degrees of freedom,
representing a system that combines fluid, electrostatic, elastic, and contact effects, demonstrating
the framework’s broad applicability.

Table 1 shows the model accurately predicts RDF statistics. We also predict emerging behavior
such as local particle rearrangements, and dislocation distribution trends over time [57]. Given the
challenge of predicting these kind of dynamics mechanisms [61], it is notable that this rare-event
mechanism emerges from top-down training.

5 Conclusions

We have introduced a deep learning approach to model conservative, dissipative, and stochastic
effects in compliance with thermodynamics and the fluctuation-dissipation theorem. Supervised only
by position and velocity time series, the method uses a self-supervised scheme to identify emergent
entropic variables governing dissipation. It reproduces coarse-grained molecular responses from
top-down information alone, offering an alternative to bottom-up models from density functional
theory. By modifying the internal energy functional, the framework accommodates diverse physics,
including viscoelasticity and electrokinetic suspensions. The methodology is largely agnostic to the
architecture of the learnable components. It could be enhanced through more advanced designs such
as cross-attention [62], parametric conditioning, or graph autoencoders mapping microstructure to
entropy variables [63, 64].
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