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Abstract. Predicting object dynamics (i.e., world modeling) is a fun-
damental challenge for robotic manipulation, and modeling deformable
objects presents a particularly difficult case due to their high-dimensional
state spaces and complex material properties. While current world mod-
els approach this through two distinct paradigms: learning the dynamics
over the 2D pixel space or more explicit 3D geometric space. A systematic
understanding of their relative strengths and limitations remains elusive
due to the lack of diverse, large-scale real-world data. To address this,
we present Deform360, a large-scale visuotactile dataset featuring 198
daily-life objects, 1,980 interaction sequences, and over 215 hours of ob-
servations from 41 surround-view cameras and bimanual tactile grippers
to capture both global motion and contact-induced local deformations.
Leveraging a novel markerless visuotactile 3D tracking pipeline to ex-
tract dense geometry and motion, we systematically evaluate current
state-of-the-art world models, comparing 2D video models against 3D
particle models. Finally, we provide a preliminary demonstration indi-
cating the real-world applicability of our dataset by performing robot
planning tasks using Model Predictive Control (MPC) on deformable
objects. Our analysis reveals key insights into the trade-offs between
structural priors and scalability, providing a solid benchmark for future
research in generalizable deformable object-centric world modeling.

Keywords: World Models - Deformable Object Manipulation - Visuo-
tactile Perception

1 Introduction

World modeling (i.e., action-conditioned future prediction) has emerged as a
powerful paradigm for robots to simulate environments and plan actions |3} 4]
321|38|. Despite recent progress, accurately predicting the behavior of deformable
objects remains a significant challenge [14}|19}/58]. Deformable bodies possess
theoretically infinite degrees of freedom, and contact-induced local deformations
are frequently occluded by end-effectors or the object itself [13,31},/54]. Con-
sequently, accurately capturing deformable dynamics has attracted significant
interests, particularly through tactile sensing to observe occluded physical inter-
actions and provide critical ground-truth signals.
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Fig.1: Overview of Deform360. We collect a massive multi-view visuotactile
dataset with 198 deformable objects (a subset is shown), supporting 2D and 3D world
models, contact detection, and real-world robot planning tasks.
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Current models predicting deformable dynamics follow two paradigms: pre-

dicting dynamics over 2D pixel space (e.g., video generation)
or 3D geometric space @, Evaluating their relative strengths re-
quires diverse, large-scale, multi-view real-world datasets, which are essential

for verifying generalizability and extracting ground-truth 3D states. However,
existing datasets often lack object diversity @,@],, rely on synthetic
data [5[32,/45/46}/64,[34], or miss high-fidelity annotations and contact-induced
deformation modeling [12}/38}[43,[47].

To address this, we present Deform360, a massive and diverse visuotactile
dataset for large-scale deformable dynamics modeling. The dataset encompasses
198 daily-use objects across 1,980 interaction sequences, spanning a wide spec-
trum of materials. Our capture system features 41 surround-view cameras and
bimanual tactile-equipped UMI grippers , ensuring 360° observability of
global dynamics and fine-grained contact-induced deformations. Delivering over
215.7 hours and 23.3 million frames of visuotactile recordings, Deform360
provides a foundational benchmark for 3D dynamics evaluation of world mod-
els. Leveraging this data, we develop a novel markerless 3D tracking pipeline to
scalably generate high-fidelity particle annotations across varying materials.

Using these annotations, we formulate three core tasks to evaluate deformable
world modeling: 1) contact prediction, demonstrating the utility of our synchro-
nized tactile data by modeling the coupling between visual observations and
physical contact events. 2) world model benchmarking, providing a systematic
evaluation of current state-of-the-art 2D video models [50] against 3D parti-
cle models across multiple generalization settings. 3) robot planning,
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Table 1: Comparison of real-world datasets containing deformable objects.
We benchmark existing datasets based on key modalities for learning dynamics, includ-
ing availability of 3D mesh data (Mesh), camera calibration (Cam Calib), markerless
(whether tracking does not rely on physical markers), inclusion of tactile data (Tactile),
multi-view coverage (360° View), and number of camera views (Views). We also re-
port the scale of each dataset in terms of deformable objects (# obj.), total frames (#
frames), number of manipulation actions (# actions), and number of object categories
(# cat.). ‘v’ indicates the presence of a specific modality, and ‘X’ indicates its absence.

Dataset Mesh Calib. Markerless Tactile 360° Views # obj. # frames # actions # cat.
ClothSim2Real [6] v X v X X 1 3 ~4.9k 2 1
ClothTrack |12 X X X X X 5 8 ~173k 4 1
DDER |9 X X X X X 11 5 ~1.8M 5 2
Robo360 |47] X v v X v 86 17 ~2M 7 7
PokeFlex [51] v v v v v 6 18 21.3k 2 6
DOT [43] v v X X v 42 22 ~689k 9 3
HMDO |76] v v 4 X v 10 12 21.6k 2 1
HCOS [21] v X v X X 1 27 64 3 1
PhysTwin |30 X v v X X 3 11 7.2k 4 4
PGND [82] v v v X v 4 8 ~IM 6 6
Deform360 (Ours) v v v v v 41 198 ~23.3M 13 17

evaluating the real-world applicability of our dataset by deploying learned world
models in a model predictive control (MPC) framework for deformable object
manipulation. Our evaluation reveals that while 3D particle models excel in low-
data regimes due to structured physical priors, 2D video models leverage their
scalability to achieve better generalization when provided with extensive data.

In summary, this paper makes four key contributions: 1) A large-scale, multi-
view, visuotactile real-world dataset of deformable object interactions, including
198 diverse daily-use objects with 1,980 interactions from two tactile-equipped
UMI grippers, captured using 41 surround-view cameras. 2) High-quality 3D re-
constructions and tracking results for each episode, derived from a markerless
multi-view visuotactile perception pipeline. 3) A systematic evaluation compar-
ing state-of-the-art 2D video world models and 3D particle dynamics models on
dynamics reconstruction and future prediction, revealing critical insights into
their respective trade-offs in structural priors and scalability. 4) A preliminary
demonstration of real-world applicability through robot planning using MPC on
deformable objects collected in Deform360.

2 Related Work

2.1 Deformable Dataset

Existing datasets for deformable objects often focus on specific categories or lack
essential modalities for comprehensive world modeling (Tab. . Early bench-
marks primarily targeted thin-shell objects such as cloth [6,(12,21] or linear
objects like ropes and cables [9,[31,/67]. While these datasets provide valuable in-
sights into specific manipulation tasks, they are often limited in object diversity
and camera viewpoints. More recent work has attempted to scale object diversity
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and sensory richness. Robo360 [47] provides a large-scale omnispective dataset
with 86 camera views, covering various categories like bags, food, and ropes,
though it lacks high-fidelity annotations and tactile sensing. PokeFlex [51] intro-
duces a multi-modal dataset of volumetric deformable objects and interaction
wrenches, focusing on poking and dropping actions. HMDO [76] and DOT [43]
focus on hand manipulation and textureless object tracking, respectively, pro-
viding detailed surface reconstructions but with a restricted range of interaction
types. Simulation-based repositories like ClothesNet [84] offer massive object
diversity but lack real-world physical feedback and interaction complexity.

In contrast, Deform360 provides massive-scale real-world visuotactile sequences,
including high-fidelity 2D /3D annotations, 41-view calibrated and synchronized
video and tactile data for 198 diverse objects. With 23.3 million frames and 215.7
hours of data, it significantly exceeds the scale and sensory richness of existing
benchmarks, providing a robust foundation for dynamics evaluation.

2.2 World Models

Action-conditioned 2D Video Models. World models enable robots to learn
environmental dynamics and plan actions through imagination [22-241375772].
Recently, video diffusion models have emerged as a powerful paradigm for world
simulation |2}|7}/15H18,|20L|35,42,50,|53}|61,66,|70]. Action-conditioned variants
like [68], Vid2World |26], PAN [62], and Cosmos [50] add action conditioning
to the video models. These methods predict the 3D dynamics implicitly in the
latent space [241)25/[37,)85]. While they exhibit remarkable scalability and capture
physics from internet-scale data through massive pre-training, they often suffer
from 3D and temporal inconsistencies during long-horizon predictions [38].

3D World Models. To incorporate stronger structural priors, 3D dynam-
ics models represent objects using explicit geometry, such as meshes or parti-
cles [2845},/46,|56L/82]. These models derive transition functions through either
physics-based optimization or data-driven learning. Physics-based approaches
utilize differentiable simulators [1,/10%/49,(73] — such as DiffCloth [44], PhysT-
win [30], and PhysGaussian |75] — to embed physical priors like mass conser-
vation, achieving long-term stability but remaining susceptible to state estima-
tion noise. Conversely, learning-based approaches approximate dynamics using
MLPs [82|, Graph Neural Networks [45]/67,83] or Transformers [27]. While free
from specific simulator inaccuracies |3|, they typically struggle in low-data sce-
narios compared to physics-driven methods.

3 The Deform360 Dataset

The Deform360 dataset is constructed to address the scarcity of high-fidelity,
large-scale real-world data for deformable object modeling. Unlike existing bench-
marks that often rely on synthetic environments or restricted object categories,
Deform360 provides a dense, synchronized visuotactile record of complex physi-
cal interactions across a vast distribution of materials. 198 daily-life objects and
1,980 interaction sequences are included.
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3.1 Visuotactile Capture System

Each interaction sequence is recorded using a synchronized visuotactile rig de-
signed for 360° observability. The visual modality consists of RGB videos from
N = 41 cameras, denoted as {V,}_,; € RT*3*XHXW ‘where T represents the
number of frames. The cameras operate at a resolution of H, W = 720 x 1280
at 30 frames per second. Each camera n is characterized by its intrinsic matrix
K, € R?**3 and extrinsic matrix E,, € R***, representing its fixed pose in the
world coordinate system. This dense spatial coverage is critical for resolving the
contact-induced local deformations that are often occluded by end-effectors or
the object’s own geometry. Simultaneously, we record tactile signals T € RT*P
from sensors mounted on the bimanual UMI grippers [11,|86]. These signals are
software-synchronized with the visual stream at 30 Hz to provide a continuous
record of interaction forces and local material response.

3.2 Object Taxonomy and Diversity

The dataset features 198 diverse daily-use objects, spanning a wide range of
materials and geometric complexities. This scale — totaling 1,980 interaction
sequences — represents an order of magnitude increase over existing real-world
deformable benchmarks. To facilitate research into generalizable dynamics, we
categorize the object set based on their physical material responses:

— 1D Deformables: Ropes, cables, and wires with varying stiffness and thick-
nesses.

— 2D Deformables: Diverse fabrics, cloths, and thin-shell materials like airbags
and paper.

— 3D Volumetric Deformables: Plush toys, stuffed animals, and foam-
based objects that exhibit significant shape change.

3.3 Interaction Protocol and Scale

Data collection is performed using tactile-equipped UMI grippers. The protocol
encompasses a wide range of manipulation primitives, including unimanual pok-
ing and squeezing, as well as complex bimanual maneuvers such as stretching,
folding, and twisting. For each episode, we record the robot’s proprioception (6D
pose and openness) alongside {V,,} and T. This enables precise action reasoning,
ensuring the dataset is suitable for training world models that must understand
both global object motion and fine-grained contact physics.

3.4 Dataset Statistics

The Deform360 dataset comprises 198 unique daily-life objects with a total of
1,980 interaction sequences (5 unimanual and 5 bimanual episodes per object).
Our capture setup utilizes 41 camera viewpoints recording at 720p resolution
and 30 FPS. This results in 74,850 raw videos and a total of 23.3 million
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Fig. 2: Overview of our annotation pipeline. We convert multi-view video and
tactile streams into dense annotations for deformable object dynamics. We first recon-
struct high-fidelity dynamic geometry using per-frame 3D Gaussian Splatting. Then,
we perform markerless 2D tracking, lift the tracks into 3D, and optimize for temporal
and multi-view consistency and physical plausibility.

frames across all views (614,490 frames per individual viewpoint). The single-
view video duration totals 20,483 seconds, which corresponds to 215.7 hours of
cumulative multi-view footage. The average duration of each interaction episode
is 10.34 seconds. Furthermore, synchronized tactile streams are recorded for each
interaction episode, providing a rich source of physical contact data.

4 Annotation Pipeline

The goal of our annotation pipeline is to convert visuotactile observations (multi-
view video and tactile streams) into dense annotations for deformable object dy-
namics. While Gaussian Splatting-based (GS) approaches achieve high-
fidelity dynamic reconstruction, they are optimized for rendering rather than
physical tracking; independent Gaussian motions may result in trajectories that
lack temporal consistency . To address this, we decouple per-frame ge-
ometry recovery from temporal tracking: GS provides high-quality per-frame
geometry, while 2D tracking results from each view are lifted into 3D using this
geometry to ensure multi-view consistency. We further refine the tracking re-
sults with tactile signals, which provide ground-truth contact information. An
overview of our pipeline is shown in Figure [2}

4.1 Visuotactile Preprocessing

The pipeline begins with precise multi-view calibration using ArUco grids, en-
suring metric-scale 3D reconstruction. Since the raw RGB videos {V,,} are cap-
tured with lens distortion, we first undistort all camera streams and refer to the
undistorted videos as {V,} for simplicity throughout the paper. We track the
gripper’s 6D pose and openness from multiple views using ArUco markers and
aggregate them using the RANSAC algorithm.
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Fig. 3: Visualization of our particle tracking system across different object categories.

4.2 Dynamic Geometry Reconstruction

We reconstruct the 3D dynamic geometry of the interacting objects on a per-
frame basis using 3D Gaussian Splatting (3DGS) [34], which represents a 3D
scene as a set of K anisotropic Gaussians. Each Gaussian k is characterized by
its mean position p; € R3, a covariance matrix ¥, = RkSkS{R{ (decom-
posed into a rotation matrix Ry and a scaling matrix S; to ensure positive
semi-definiteness), an opacity ay, € [0, 1], and spherical harmonic coefficients en-
coding view-dependent color ¢g. The color and depth maps are obtained through
rasterization of the 3D Gaussians .

To ensure our 3DGS models exclusively capture the object, we deploy seg-
mentation models to generate object masks Mop;,, € {0, L}TXHEXW for
each camera view n. These masks are then used to filter the RGB videos into
segmented, object-only streams S,, = V,, © Mgyp;j,n, where © denotes element-
wise multiplication broadcasted over the color channel. The 3DGS model for
each frame is then optimized following the standard objective proposed in ,
where the loss function L, is defined as a weighted combination of the £; loss
and the structural similarity index (SSIM) loss: Lgs = (1 — Ags) L1 + AgsLssiM,
where £; is the mean absolute error between the rendered image and the seg-
mented object frame S,, at time ¢. Following the original implementation, we set
Ags = 0.2. This per-frame reconstruction provides high-fidelity geometry without
requiring complex deformation fields.

4.3 Markerless Particle Tracking

Once the per-frame geometry is recovered, we perform dense motion estima-
tion using a multi-view 2D-to-3D lifting approach. We utilize CoTracker3
to track M points sampled from the segmented object mask Mop; ¢+ across all
camera views, providing persistent 2D trajectories u, ; € RM*2 for each view n
at time ¢. Following PGND , our tracking is performed over a sliding window
to effectively address invisible points caused by self-occlusions and gripper inter-
actions. While CoTracker3 offers robust 2D correspondence, 3D lifting is critical
to ensure geometric consistency. For each camera view, we back-project the 2D
tracks into 3D space using the rendered depth map D,,; from our optimized



8 F. Author et al.

3DGS. The 3D position P, ; lifted from a 2D track u, ; is given by:
Pn,t = E:Lan,t(un,t)K;lﬁn,t; (1)

where @, 4+ is the homogeneous coordinate of u,, ;. These single-view 3D estimates
are often noisy or inconsistent due to occlusions and depth errors. To obtain a
stable particle trajectory in the global frame, we fuse the multi-view estimates
into a unified velocity field v; using RANSAC.

However, simple algebraic fusion does not guarantee physical plausibility.
Crucially, we utilize tactile signals to inspect and enforce the physical plausi-
bility of the particle motions during object-gripper interactions. We minimize a
physics-informed objective function Ly acx that enforces temporal coherence, lo-
cal rigidity, and tactile consistency. First, the shape loss Lshape is defined as the
bidirectional Chamfer distance between the predicted next-step positions and
the target 3DGS point cloud P;7¢*", which ensures geometric alignment with
the recovered surface. To prevent conflicts with contact constraints, particles in-
fluenced by tactile sensors Siactile are excluded from this loss. Second, the local
rigidity loss Ljocal enforces As-Rigid-As-Possible (ARAP) constraints to preserve
the local metric structure of the deformable object:

1
Liocal = 77 Do UPisr = Pyl = 557, (2)
i JEN(D)
where li?St is the pre-computed rest length between connected particles ¢ and j.
Third, we apply a Laplacian regularization to encourage spatial smoothness in
the velocity field:
2

1 1
ﬁlap = M Z Vit — m Z Vit . (3)
i JEN ()

Finally, the tactile loss Liactile incorporates reduced-order physics from tactile
sensors: )

Etactilc = Te Z ||Vi,t - Vscnsor”Qa (4)
|8tactile| 1€ Stactile
where the contact set Siactile 18 determined by identifying all object particles
within a radius r of the activated taxels of the tactile sensors. Note that Liactile
assumes localized no-slip. Since our tactile sensors only measure normal-axis
pressure, tangential slip is unobservable. Slip events are intentionally avoided
during data collections. The total tracking objective is minimized through gra-
dient descent:

ﬁtrack = ['shape + )\localﬁlocal + Alapﬁlap + )\tactileﬁtactile (5)

This optimization decouples geometry from tracking, ensuring that particles
maintain their physical identity even under large deformations and self-occlusions.
We refer to the resulting sequence of configurations, generated by integrating
these optimized per-frame velocities starting from the initial particle positions,
as the warped point cloud.
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Fig. 4: Benefit of Visuotactile Perception. The three rows compare the warped
point clouds — temporally integrated from per-frame tracking — of our full visuotactile
approach, tracking without tactile optimization, and the ground truth. Our method
yields superior tracking accuracy under occlusions caused by the gripper, confirming
the advantage of integrating tactile feedback into the tracking pipeline.

5 Experiments

Our experimental evaluation is designed to demonstrate the utility of Deform360
for learning and benchmarking deformable dynamics across multiple scales and
modalities. We first assess the fidelity of our markerless perception pipeline
(Sec. . Next, we investigate the unique visuotactile coupling in our dataset
by predicting contacts from visual observations (Sec. [5.2). Then, we conduct a
systematic comparison of state-of-the-art world models [27]/30}/50/82], comparing
3D particle dynamics and action-conditioned video models across three levels of
generalization: frame, episode, and object (Sec. . Finally, we provide a pre-
liminary demonstration of the potential real-world applicability of our dataset
by performing robot planning tasks using Model Predictive Control (MPC) on
deformable objects (Sec. . Through these experiments, we aim to provide a
comprehensive baseline and reveal critical insights into the future of generaliz-
able deformable world models.

5.1 Evaluation of Reconstruction and Tracking Quality

We evaluate the rendering performance across the 198 objects in the Deform360
dataset (Tab. , broken down by object categories (1D, 2D, 3D, and plas-
tic deformables). We utilize standard image quality metrics, including Peak
Signal-to-Noise Ratio (PSNR), Structural Similarity Index (SSIM), and Learned
Perceptual Image Patch Similarity (LPIPS), measured on held-out test views.
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Our results demonstrate consistently
high reconstruction fidelity across all Table 2: Reconstruction Quality. Per-
categories, with 3D volumetric ob- formance averaged per category.

jects achieving the highest PSNR of  Category PSNR 1 SSIM 1 LPIPS |
30.00 dB. This provides a reliable ge- 1D Deformables 28.85  0.98  0.0451
ometric foundation for the subsequent 2D Deformables 25.77  0.95  0.0919

. . . ! 3D Volumetric Deformables 30.00 0.98 0.0481
particle tracking and dynamics mod-  Giobal Average 27.66 096 0.0708

eling tasks. As shown in Fig. [ the
integration of tactile feedback significantly enhances the tracking accuracy, es-
pecially for objects with fully occluded parts during prehensile manipulations.
Quantitatively, the warped point cloud using visuotactile tracking achieves a
Chamfer distance error of 2.71 x 10™°m?2, five times lower than the 1.41 x 10~%m?2
error of the warped point cloud using only visual tracking. This improvement
highlights how the integration of tactile cues provides critical ground-truth sig-
nals to maintain tracking accuracy through occlusions.

5.2 Visuotactile Contact Prediction

A unique feature of the Deform360
dataset is the synchronized tactile
modality. In this experiment, we in-
vestigate the feasibility of predicting
local tactile contact events solely from
visual observations. We discretize the
tactile data into a binary contact/no-
contact signal [39-4155//79], and train
a transformer-based encoder |52 (65|
to map the visual stream and robot
actions to the expected contact signal.
Our model achieves a mean accuracy
of 88.67% across 36 views (random
guessing 50.31%) and an F1l-score of

- Fig.5: A visualization of the prediction
0.8909 (Flg- - The results show that performance from different camera views.
the model reliably captures contact-

induced deformations from visual cues, highlighting the dataset’s utility in learn-
ing the coupling between visual surface changes and internal contact physics.

5.3 World Model Benchmarking

We benchmark current state-of-the-art world models on our dataset to evaluate
their ability to capture complex deformable dynamics. Our evaluation spans
two primary paradigms: predicting 3D dynamics via particle-based models and
predicting 2D dynamics via action-conditioned video models.

3D World Models. We train learning-based 3D world models, such as
ParticleFormer [27] and PGND [82], and optimize the differentiable simulation-
based PhysTwin [30] using the dense particle trajectories obtained from our
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Table 3: Quantitative Results on Per-episode Reconstruction & Resimula-
tion and Future Prediction. We compare the performance of different methods on
every episode, divided into reconstruction and resimulation, and future prediction.

Task Reconstruction & Resimulation Future Prediction

Method CD | Track Error | PSNR 1 SSIM 1 LPIPS | CD | Track Error | PSNR 1 SSIM 1 LPIPS |
PGND 0.032 0.033 26.872 0.965 0.046 0.073 0.073 25.296 0.963 0.050
ParticleFormer 0.039 0.034 26.875 0.964 0.046 0.044 0.041 26.288 0.964 0.047
PhysTwin 0.014 0.021 26.783 0.963 0.048 0.014 0.025 26.574 0.964 0.047

annotation pipeline. We measure the multi-step prediction error using Chamfer
distance (CD) and mean squared error (track error) between the ground-truth
and the predicted particle positions. We further render the predicted particle
trajectories with first-frame 3DGS via linear blend skinning and calculate the
image quality metrics against the ground-truth videos [30].
Action-conditioned Video Models. We assess the performance of the
pretrained generative video model Cosmos-Predict 2.5 2B [50], which has 2 billion
parameters. As the pretrained Cosmos model does not natively take robot actions
as input, we post-train it on the Deform360 dataset (according to the evaluation
setting) to add robot action conditioning (represented by the 6D wrist pose and
gripper openness), enabling it to function as an action-conditioned world model.
Models are evaluated using the same rendering metrics as 3D dynamics models.
While 3D particle models utilize explicit 3D geometry unlike 2D video mod-
els, we evaluate them jointly to highlight the trade-offs between structured priors
and implicit generation. This comparison remains practical, as 3D reconstruc-
tions are obtainable in real-world robotic deployments [29}36,,63./69%|74,/77].

Evaluation settings To rigorously verify the generalizability of the evaluated
world models, we adopt three distinct evaluation settings: per-episode, multi-
episode, and multi-object.

Per-episode (Frame generalization): Within the same interaction episode,
we train the model on the initial T};,;, frames and evaluate its forecasting capa-
bility on the subsequent T' — Ti,ain frames to verify its frame generalization. In
Table[3] the predicted frames seen during training are referred to as “reconstruc-
tion” frames, while the predicted frames beyond the training horizon are referred
to as “prediction” frames. This setting tests the model’s ability to generalize to
novel actions given limited dynamic observations.

We observe that the physics-based approach (PhysTwin) outperforms learning-
based approaches (PGND and ParticleFormer) in both reconstruction and pre-
diction tasks. This indicates that explicit physical and structural priors remain
critical for accurate dynamics modeling in low-data regimes. Note that we do
not include Cosmos [50] in this setting as the extremely limited per-episode data
is insufficient for the post-training to produce stable predictions.

Multi-episode (Episode generalization): For a given object, we train the
model on a subset of Ej..i, distinct interaction episodes and test its temporal
dynamics prediction on the remaining unseen episodes to verify episode gener-
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Table 4: Quantitative Results on Multi-episode Generalization. We compare
the performance of different methods on reconstruction and future prediction.

Task Reconstruction & Resimulation Future Prediction

Method CD | Track Error | PSNR 1 SSIM 1 LPIPS | CD | Track Error | PSNR 1 SSIM 1 LPIPS |
PGND 0.060 0.071 25.513 0.970  0.039 0.130 0.144 23.788 0.971 0.040
ParticleFormer 0.042 0.050 26.263 0.971 0.038 0.051 0.079 25.203 0.972 0.038
Cosmos - - 27.748 0.964 0.034 - - 24950 0.962  0.043

alization. This evaluates whether the model has learned the intrinsic physical
properties of the object and can generalize to unseen configurations and interac-
tion sequences. PhysTwin is excluded from this setting as it requires additional
per-episode registration to align with different initial configurations, which limits
its ability to generalize across episodes without manual intervention.

As seen in Table[d we observe a distinct trade-off between 2D video models
and 3D particle models. Cosmos achieves superior reconstruction performance,
as training directly in the 2D space allows it to better preserve high-fidelity vi-
sual textures and surface details compared to the particle-to-image rendering
pipeline. However, ParticleFormer outperforms in future prediction tasks, which
suggests that while the video model excels at visual synthesis, a few interaction
episodes are still insufficient for it to fully capture the underlying 3D physi-
cal dynamics. In contrast, the explicit 3D structural priors enable more robust
generalization of the object’s dynamics to novel interaction sequences.

Multi-object (Object general-
ization): Table 5: Quantitative Results on
Multi-Object Generalization. We aver-
age train/test scores and report them as fu-
ture prediction.

As visualized in Figure[6] we train
the model on a set of Oipain Ob-
jects and explicitly test its zero-shot

lizati biliti th Task Future Pred
nerallzation 11171 1 re-

8¢ ,e ,a a Ob Capad b .BS to ¢ € F Method CD | Err | PSNR 1 SSIM 1 LPIPS |
maining unobserved objects 1o verily PGND 0.429 0.320 22.049 0.969 0.041

object generalization. This represents  particleFormer 0.038 0.048 23.312 0.969  0.038
the most challenging setting, as it re- ~ Cosmos - 025042 0958 0.087
quires the model to infer dynamics

and material behaviors for entirely novel object instances based on limited prior
knowledge. Since PhysTwin relies on optimization-based fitting of physical pa-
rameters to specific object geometries, it cannot natively generalize to novel
object categories.

In this zero-shot setting, Cosmos shows signs of better generalization and out-
performs its 3D counterparts in image quality metrics (Table . This suggests
that by training on a diverse set of objects, the 2D foundation model’s large-scale
pre-training allows it to effectively leverage the visual diversity in Deform360 to
infer the dynamics of novel object categories. However, we observe that a com-
mon failure mode for Cosmos is its failure to strictly follow the provided robot
commands during long-horizon predictions, rather than producing incorrect ob-
ject dynamics. Surprisingly, the implicitly generated object dynamics remain
physically reasonable most of the time despite this action misalignment. This
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Fig. 6: Visualization of Multi-Object Generalization. We show the predicted fu-
ture frames for the cable (top) and bubble-wrap (bottom) objects, comparing different
world models under the zero-shot object generalization setting.

issue could potentially be resolved with more extensive fine-tuning data or more
sophisticated action representations to better align the generative process with
high-precision robotic control . Unlike 2D foundation models, current 3D
world models lack massive pre-training, which limits their zero-shot generaliza-
tion capabilities in this setting. While recently Point World scale up 3D world
models, it had not been open-sourced by the time we finished this work.

5.4 Real-world Robot Planning

To evaluate the real-world applicability of our dataset, we demonstrate that
the world models of the objects learned from Deform360 are useful for robotic
planning tasks. Crucially, these experiments are deployed using a completely
different robot setup (xArm) located in a different lab environment (Fig. [7) in
zero-shot. We utilize representations learned from Deform360 via PhysTwin
within a MPC framework to plan robot actions for achieving a goal state. We
provide preliminary demonstrations indicating the potential real-world appli-
cability, highlighting the utility of Deform360 for building generalizable world
models with practical robotic applications.
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Initial State Final State Goal State

Fig. 7: Real-world Robot Planning with Model Predictive Control. We de-
ploy learned models from Deform360 in an MPC framework to manipulate various
deformable objects toward goal state.

We do not deploy Cosmos for real-world planning due to two primary chal-
lenges. First, video models are more sensitive to appearance differences across
environments, and our current post-training scale is insufficient to support such
out-of-distribution visual generalization. Second, designing an effective reward
function directly on generated videos remains non-trivial, whereas 3D models
can straightforwardly leverage geometric metrics like Chamfer distance .

6 Conclusion

We presented Deform360, a large-scale multi-view visuotactile dataset for model-
ing real-world deformable object dynamics. By developing a novel markerless 3D
tracking pipeline, we successfully extracted high-fidelity particle trajectories and
dynamic geometry representations across a diverse set of 198 daily-life objects.
Leveraging this extensive data, we systematically benchmarked state-of-the-art
3D particle dynamics models against 2D action-conditioned video generation
models. Our evaluations revealed a critical trade-off: while 3D particle models
exhibited robust physical priors in low-data regimes, video models leveraged
their scalability to benefit from massive pre-training, which significantly con-
tributed to their zero-shot visual generalizability. Importantly, we also observed
that designing effective reward functions for video models proved non-trivial
due to their lack of explicit 3D geometry, creating significant difficulties for their
direct application in model-based planning tasks. Despite these challenges, we
provide a preliminary demonstration of the potential utility of our dataset by
deploying 3D particle models in a real-world Model Predictive Control setup for
deformable object manipulation. Ultimately, Deform360 provides a foundational
benchmark that we hope will inspire future research toward more generalizable,
physically grounded, and scalable world models for robotics.
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