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Abstract. Digital twins replicate the appearance and physical behav-
ior of real-world objects for interactive simulation in XR, robotics, and
gaming. While neural representations such as 3D Gaussians enable high-
fidelity twins reconstructed from images, existing systems simulate only
one instance at a time and barely reach real-time performance, making
large-scale rollout evaluation for robot learning, model predictive control,
and multi-user XR impractical. We present Boba, the first batched simula-
tor for physics-based Gaussian digital twins. Our key idea is to separate the
static twin template from the dynamic simulation state and co-design the
physics, deformation, and rendering/visualization pipelines for batched
execution. This structure enables shared template computation across
instances while minimizing memory traffic and synchronization overhead.
Guided by this principle, we introduce compact surrogate spring–mass
models and a set of system-level optimizations—including mixed-precision
Gaussian skinning, memory-efficient execution, and shared-memory-aware
batching—that significantly reduce compute and memory costs. On an
XR-configured Jetson Orin, Boba’s local configuration achieves over 10×
single-instance speedup over the prior state-of-the-art PhysTwin pipeline.
Its distributed configuration, split between the Orin and a server, reaches
25.1 ms end-to-end latency, 13.2× lower than the same PhysTwin base-
line on Orin, while lowering incremental power by 22.2% relative to
Boba’s local configuration. For batched execution, Boba scales to 3,310
FPS on RTX 4090, a 16.2× system-level aggregate-throughput improve-
ment over Boba’s optimized single-instance configuration on the same
GPU, and accelerates predictive control for deformable object manipula-
tion, achieving speedups from 26× to an estimated > 2,000× relative to
PhysTwin-based planning. These results show that Boba can support
power-constrained XR applications and scalable robot planning.

1 Introduction

Digital twins aim to replicate both the appearance and physical behavior of real-
world objects, enabling interactive simulation for extended reality (XR), robotics,
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Fig. 1: Boba: Efficient and high-throughput physics-based Gaussian digital
twin simulation. By co-designing physics, deformation, and rendering/visualization,
Boba preserves fidelity, provides over 10× single-instance speedup relative to the prior
state-of-the-art PhysTwin pipeline, and reaches 3,310 FPS average aggregate throughput
on 4090. For XR deployment, Boba-Distributed lowers the Jetson Orin’s incremental
power by 22.2% relative to Boba-Local. Together, Boba’s configurations support
applications such as multi-user XR and robot manipulation.

and gaming. Recent neural representations such as 3D Gaussians allow high-
fidelity digital twins to be reconstructed directly from images, and systems such
as PhysGaussian, VR-GS, and PhysTwin [13, 14, 36] couple these representations
with deformable physics simulation. However, these pipelines simulate only one
instance at a time and barely reach real-time rates, making interactive XR use
difficult and limiting applications that require many parallel rollouts, such as
robot learning, model predictive control, and multi-user XR systems.

A promising direction to address this limitation is batched simulation, where
many simulation instances share model parameters and assets while executing
in parallel on a GPU. Prior works [7, 19, 20, 27, 30, 32, 35] show that co-
designing simulation algorithms and system infrastructure can dramatically
increase throughput by executing many environments simultaneously with shared
memory and vectorized computation. This paradigm has proven highly effective
for reinforcement learning workloads and other rollout-heavy workloads.

However, existing batched simulators primarily target rigid-body physics with
lightweight rendering. By contrast, physics-based neural digital twins require sub-
stantially more complex pipelines, including deformable dynamics, dense interac-
tions, and neural rendering tightly coupled with simulation. These characteristics
introduce large memory footprints, high memory traffic, and synchronization
overhead, making straightforward batching inefficient.

In this work, we introduce Boba (Fig. 1), the first batched simulation frame-
work for physics-based Gaussian digital twins, built on top of the PhysTwin
representation. Boba instantiates its core optimized pipeline in three configu-
rations: Boba-Local for optimized local execution, Boba-Distributed for
power- and latency-constrained XR deployment with an edge-server split, and
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Boba-Batched for high-throughput rollouts. Our key idea is to enable scalable
neural digital twin simulation through template–state separation and system
co-design. The static twin template, such as spring topology, rest geometry,
and skinning metadata, is shared across time and across simulation instances,
while only dynamic state updates change during execution. This structure allows
simulation, deformation, and rendering to be co-designed for batched exe-
cution, reducing redundant computation, memory traffic, and synchronization
overhead. Fig. 2 overviews Boba’s design. Guided by this principle, we address
both algorithmic and systems-level bottlenecks. We first introduce compact sur-
rogate spring-mass models that reproduce the behavior of much denser systems
while reducing memory and compute by an order of magnitude. We further
accelerate Gaussian deformation and rendering through mixed-precision skinning,
memory-traffic-aware execution, and fused GPU operations. Finally, we redesign
the batched simulation with shared memory layouts and contention-free parallel
scheduling for efficient large-scale deformable-twin simulation.

Together, these optimizations enable fast local execution, latency- and power-
efficient distributed XR deployment, and high-throughput batched execution.
On a �15 W embedded GPU, Boba-Local brings PhysTwin-style simulation
to real-time performance within an XR-class edge-device power budget. For
power- and latency-constrained XR deployment, Boba-Distributed reduces
latency and incremental power relative to Boba-Local, leaving more edge-
device headroom for richer XR applications and longer device use. Separately, on
RTX 4090, Boba-Local provides the same-GPU reference for Boba-Batched,
whose higher throughput accelerates deformable-object predictive control.

Our main contributions are threefold: (1) We introduce the first batched
simulator for physics-based Gaussian digital twins, enabling many episodes
of the same reconstructed object to run efficiently on a single GPU. (2) We
propose a model–system co-design for scalable twin simulation, including
compact surrogate spring-mass models, efficient Gaussian deformation and ren-
dering/visualization, and shared-memory-aware batching that reduces synchro-
nization and memory bottlenecks. (3) We demonstrate system impact across
XR deployment, batching, and robot planning: Boba-Local achieves over
10� single-instance speedup over PhysTwin across embedded and desk-
top GPUs, Boba-Distributed achieves a 13:2� latency improvement over
PhysTwin on Orin with 22:2% lower incremental power than Boba-Local,
Boba-Batched achieves 3;310 FPS aggregate throughput in batched execu-
tion on RTX 4090 (Fig. 3), and accelerates PhysTwin-based predictive control,
including a 26� speedup on rope and an estimated > 2;000� speedup on cloth
with matched self-collision.

2 Related Work

Interactive Physical Digital Twins. The integration of neural scene represen-
tations with physics simulation has enabled digital twins that jointly model pho-
torealistic appearance and physically consistent dynamics. Prior work commonly
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Fig. 2: Overview of Boba. Boba separates shared twin templates from per-instance
dynamic state to enable high-throughput physics-based Gaussian digital twin simulation.
Static assets are shared across workers, while each worker maintains its own physical
state. The optimized single-instance pipeline serves as the base, and the batched
framework adapts it across N independent episodes on a single GPU. For clarity, the
figure shows Boba’s high-level organization and abstracts per-stage optimizations and
the distributed communication path, which are detailed in the text and supplement.

adopts neural 3D parameterizations, including NeRF-based models [2, 5, 15] and
Gaussian Splatting representations [14, 36, 39, 40], to build visually faithful and
simulation-ready assets. Within this line of research, some methods [5, 14, 36]
rely on hand-crafted or manually tuned physical parameters, which can in-
troduce a gap between simulated responses and real-world motion. Other ap-
proaches [2, 15, 26, 39, 40] attempt to recover physical properties from video
observations, yet often depend on synthetic data, limited excitation patterns, or
dense multi-view geometry, limiting robustness and generality.

Recent progress has improved practical applicability. PhysTwin [13] repre-
sents a pivotal advance by learning physical digital twins directly from real
human–object interaction videos. It integrates a spring-mass dynamics model
with Gaussian Splatting for appearance reconstruction, enabling interactive sim-
ulation and subsequent robotics applications [38]. Follow-up works [3, 37] extend
this paradigm to broader categories of physical effects, further validating the
effectiveness of physics-grounded digital twins.

Nevertheless, prior works focus primarily on physical digital twin construc-
tion rather than computational scalability. They do not target low-power edge
deployment or parallel simulation for MPC and RL. In contrast, we build upon
PhysTwin with Boba, a multi-configuration system that targets different points
in the throughput-latency-power trade-off, shifting the focus from fidelity alone
to practical efficiency for XR and robotics.
Parallel Simulation Systems. High-throughput simulation has long been a
focus in physics engine design, where runtime efficiency directly affects scalability
and usability. Early GPU-centric engines, including Brax [6], Isaac Gym [18], and
MuJoCo XLA (MJX) [34], introduced automatic batching, JIT compilation, and
GPU-native execution for rigid-body physics. Later systems, such as Isaac Lab [19],
ManiSkill3 [7, 20, 30, 35], Genesis [32], Madrona [27], and NVIDIA Newton [33],
extended these ideas to modular, parallel, and differentiable workloads.
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Although these systems achieve impressive throughput for rigid-body and
modular primitives, they are not designed for batched deformable neural digital
twins. Such simulations involve tightly coupled physics-based dynamics and the
propagation of motion to large numbers of neural rendering primitives (e.g., Gaus-
sians), introducing memory, synchronization, and numerical challenges beyond
traditional engines. Building on PhysTwin [13], our work extends parallel simu-
lation to this regime, supporting both energy-efficient single-instance execution
and high-throughput batch rollouts.

3 Preliminaries: Physical Digital Twins

Physical digital twins aim to model real-world objects that both look realistic and
behave physically correctly under interaction, enabling interactive simulation for
XR, robotics, and gaming. Unlike static 3D reconstruction, a physical twin must
support dynamics, deformation, and rendering/visualization in a unified pipeline.
Modern neural twin systems therefore combine a physics simulator, a deformation
model, and a differentiable renderer. The same differentiable pipeline is also used
for inverse simulation, where observed interactions are used to estimate the
twin state and parameters. We use recent Gaussian-based twins [13, 14, 36] as a
concrete example to introduce notation.

Overview. A physical digital twin consists of two coupled representations. The
physical state is xt = fxt;igN

i=1 with xt;i 2 R3, describing the positions of physical
elements at time t. Each element also carries a set of physical attributes �i

(e.g., mass, elasticity, damping, or other material parameters) that determine its
dynamic behavior. The visual representation is a set of G 3D Gaussians with
geometry and appearance parameters g = f(�g; �g; cg; �g)gG

g=1, where �g is the
Gaussian center, �g encodes its anisotropic shape, cg denotes color or appearance
coefficients, and �g denotes opacity. A skinning relation w = fwigg couples
the two representations, allowing simulated motion to deform the Gaussians.
Interaction is represented by an input ut, which may encode user-specified forces
or constraints in XR, or action commands from an agent in robotics. The twin is
executed as an unrolled process over time. At each step, the system advances
the physical state using ut over a simulation substep �t, deforms the Gaussians,
and renders an image. We use semicolons to separate dynamic state and input
variables from fixed twin, rendering, and integration parameters:

Ît+1(xt;ut; �;w;g; �;�t) = Render(Deform(Sim(xt;ut; �;�t); w; g); �);

where � denotes camera parameters, Sim advances the physical state from xt

given interaction ut, physical parameters � = �i, and substep �t, Deform maps
the state to Gaussian geometry using w and g, and Render produces an image.

Dynamical Simulation. The simulator maintains discrete physical states xt, while
the underlying object dynamics are governed by a deformable model. A generic
form is mi�xi(�) = f inti (x(�); _x(�); �) + f exti (u(�)); where � denotes continuous
time, f int models deformation forces determined by the physical parameters �,
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Fig. 3: System performance breakdown. Boba progressively accelerates single-
instance execution on Orin, with Boba-Local achieving a 10.3× speedup over Phys-
Twin. On RTX 4090, Boba-Local serves as the same-GPU single-instance baseline
for Boba-Batched; Boba-Batched reaches 3,310 FPS average aggregate throughput,
a 16.2× improvement over this baseline.

and f ext represents external interaction effects induced by the input. The internal
model may follow Spring-Mass, FEM, PBD, or MPM [12, 16, 17, 21, 28, 29];
discretizing and integrating with a substep �t yields xt+1 = Sim(xt;ut; �;�t).

Deformation. The deformation stage maps the simulated state to the visual
representation. For Gaussian twins, simulated motion is transferred to Gaus-
sian parameters through linear blend skinning, which we write abstractly as
gt+1 = Deform(xt+1;w;g); where xt+1 = Sim(xt;ut; �; �t) and gt+1 denotes the
deformed Gaussian parameters at time t+ 1.

Rendering. Images are rendered via splatting by compositing contributions from
deformed Gaussians along viewing rays, which we denote as Render(�).

Inverse Simulation. Given paired observations and interactions f(It;ut)gT
t=1, in-

verse simulation estimates the state trajectory and twin parameters (x1:T ;�;w;g; �)

by minimizing
∑T

t=1 kIt� Îtk: Gradients propagate through Render, Deform, and
Sim, enabling joint estimation of geometry, appearance, and physical parameters.
While this pipeline enables realistic digital twins, the tightly coupled simulation,
deformation, and rendering stages introduce substantial compute and memory
overhead, motivating scalable simulation methods.

4 Method

Boba is a scalable framework for physics-based Gaussian digital twins of de-
formable objects, supporting latency- and power-constrained single-instance exe-
cution, either locally or with an edge-server split, and high-throughput batched
simulation. Our key idea is to restructure and optimize the simulation pipeline
around template–state separation, where the static twin template, such as spring
topology, physical attributes, rest geometry, and skinning metadata, is shared
across time and across simulation instances, while only dynamic state variables



Boba: Batched Simulation for Physics-Based Gaussian Digital Twins 7

change during execution. This design reduces redundant computation, memory
traffic, and synchronization overhead that arise when directly scaling the PhysT-
win pipeline, where spring–mass simulation and Gaussian deformation introduce
substantial per-instance compute and data-movement costs. Guided by this idea,
Boba introduces coordinated optimizations across the pipeline, including efficient
spring–mass simulation, accelerated Gaussian deformation, optimized render-
ing/visualization and communication, and batching-aware execution kernels.

We first describe single-instance optimizations for spring-mass simulation
and Gaussian deformation, together with the system-level optimizations that
support local and distributed execution (Sec. 4.1). We then introduce batching-
aware data layouts and kernels for high-throughput execution across many digital
twin instances (Sec. 4.2). Detailed rendering/visualization and communication
optimizations are provided in the supplementary material. Fig. 2 overviews Boba.

4.1 Single-Instance Efficient Twin Simulation

We first optimize the PhysTwin pipeline for efficient single-instance execution
while preserving physical fidelity. Our goal is to reduce per-step compute and mem-
ory traffic so that a single digital twin can run interactively under tight latency and
power budgets. Observing that deformable simulation exhibits both redundancy
and modular computation, we organize Boba’s single-instance optimizations into
three groups: (1) spring-mass simulation acceleration through spatiotemporal
coarsening, rest-state collision pruning, and locality-aware execution, (2) efficient
Gaussian deformation updates through faster rotation extraction, sparse skinning,
and mixed-precision computation, and (3) system-level rendering/visualization
and communication optimizations that reduce post-deformation overhead and
enable Boba-Distributed’s edge-server path. We describe the first two groups
in detail below because they form the shared simulation/deformation path used
across Boba’s local, distributed, and batched configurations. We summarize the
third group in this section, with additional details provided in the supplement.

Spring-Mass Optimization Boba reduces spring–mass computation with spa-
tiotemporal coarsening, rest-state collision pruning, and locality-aware execution.
Fig. 4 shows the spatiotemporal coarsening and rest-state collision-pruning steps.

Spatiotemporal Coarsening. We start by reducing the cost of deformable sim-
ulation through spatial and temporal coarsening of the spring–mass system.
This opportunity arises from redundancy in deformable dynamics: nearby nodes
often exhibit correlated motion and similar physical attributes, and deformation
observed at the Gaussian level is often insensitive to small variations in node
density or integration step. Let (xt;�;w;g; �t) denote the original PhysTwin
system, where xt stores the spring-mass node positions. Our goal is to construct
a compact spring–mass system (x0t;�

0;w0;g; �t0) with significantly fewer nodes
(M � N) and a coarser integration step �t0 > �t such that the resulting
deformation remains visually consistent with the original model. Reducing the
node count shrinks the dynamic state from O(N) to O(M) and correspondingly
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Fig. 4: Spring�mass optimization. (a) Spatiotemporal coarsening compresses the
spring�mass system by reducing node resolution and simulation steps while preserving
the resulting Gaussian deformation. (b) Rest-state collision pruning skips collision
computations for node pairs that are nearby in rest space.

reduces spring-force evaluation and skinning computation. We therefore perform
spatiotemporal coarsening by jointly reducing the spatial resolutionM of the
spring graph and increasing the simulation timestep to�t 0. The compact system
parameters (� 0; w 0) are re�t so that the resulting Gaussian trajectories match
those of the original model. In practice, we optimize directly on rendered rollouts
to ensure that visual behavior remains consistent with the original system.

Rest-state collision pruning. We then exploit locality to reduce unnecessary colli-
sion computation. Self-collision detection often dominates runtime in deformable
simulation because many node pairs must be tested for potential interaction. Un-
like rigid-body simulation, where convex proxies or bounding volumes can cheaply
cull collisions, deformable surfaces lack stable proxies that remain valid under
large deformation. We observe that nodes that are close in the rest con�guration
typically correspond to structural adjacency on the object and rarely produce
meaningful collision impulses during simulation. We therefore precompute a
symmetric rest-state pruning mask over node pairs. A pair (i; j ) is �agged if its
rest-space distance is below �dcol , where dcol is the collision distance and � > 1
is a safety margin. During simulation, the collision kernel consults this mask and
skips impulse computation for �agged pairs. The same pruning rule is applied
during training and runtime to avoid train�runtime mismatch.

Locality-aware node ordering. We improve memory e�ciency by exploiting spatial
locality in the spring�mass system. Spring-force evaluation is often memory-
bound because each spring references two endpoint nodes whose positions and
velocities may be far apart in memory, leading to scattered global-memory reads
on the GPU. To improve locality, we reorder nodes using a Morton (Z-order) key
computed from their rest-space positions, which maps nearby 3D coordinates to
nearby memory indices. This produces a permuted state vector~x = Px in which
spatially nearby nodes occupy contiguous memory locations. We remap all spring
endpoints to the reordered node indices and group springs into spatial blocks
for evaluation. This permutation does not change the algorithmic complexity
of spring-force computation, but it signi�cantly improves memory-coalescing
behavior and cache e�ciency during GPU execution. Because the access pattern
is determined by spring endpoint indices rather than the nodes' current positions,
this preprocessing is performed only once and reused throughout simulation.
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