GenMatter: Perceiving Physical Objects with Generative Matter Models
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Figure 1. GenMatter is a generative model of moving matter. Conditioned on motion and appearance features extracted from RGB video,
inference inverts this hierarchical generative model to group observations into particles (small Gaussians representing local regions of
matter), themselves grouped into clusters (coherently and independently moveable physical entities). A hardware-accelerated inference
algorithm based on parallelized block Gibbs sampling recovers stable particle motion and groupings. (a) RGB video input. (b) Inferred 3D
matter particles shown as colored ellipses, each colored by the average color of its assigned data points. (¢) The same particles colored by

cluster assignment, revealing independently moving objects.

Abstract

Human visual perception offers valuable insights for under-
standing computational principles of motion-based scene
interpretation. Humans robustly detect and segment moving
entities that constitute independently moveable chunks of
matter, whether observing sparse moving dots, textured sur-
faces, or naturalistic scenes. In contrast, existing computer
vision systems lack a unified approach that works across
these diverse settings. Inspired by principles of human per-
ception, we propose a generative model that hierarchically
groups low-level motion cues and high-level appearance
features into particles (small Gaussians representing local
matter), and groups particles into clusters capturing co-
herently and independently moveable physical entities. We
develop a hardware-accelerated inference algorithm based
on parallelized block Gibbs sampling to recover stable par-
ticle motion and groupings. Our model operates on different
kinds of inputs (random dots, stylized textures, or naturalistic

RGB video), enabling it to work across settings where biolog-
ical vision succeeds but existing computer vision approaches
do not. We validate this unified framework across three do-
mains: on 2D random dot kinematograms, our approach
captures human object perception including graded uncer-
tainty across ambiguous conditions; on a Gestalt-inspired
dataset of camouflaged rotating objects, our approach recov-
ers correct 3D structure from motion and thereby accurate
2D object segmentation; and on naturalistic RGB videos, our
model tracks the moving 3D matter that makes up deforming
objects, enabling robust object-level scene understanding.
This work thus establishes a general framework for motion-
based perception grounded in principles of human vision.

1. Introduction

Human vision segments moving objects across diverse
settings: random dot kinematograms with minimal form
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cues [48], camouflaged textured objects perceivable only
through motion [21], and naturalistic scenes [42]. No ex-
isting computer vision system has this generality. This gap
raises a scientific question about the computational princi-
ples that enable such broad perceptual capabilities.

We introduce GenMatter, a generative model that seg-
ments moving matter across the diverse settings where bi-
ological vision succeeds. The model hierarchically groups
low-level motion and appearance features into particles (lo-
cal regions of matter represented as Gaussians), then groups
particles into clusters representing coherently and indepen-
dently moveable entities. The same Bayesian inference algo-
rithm operates across diverse inputs by performing motion
feature extraction, which is effective even in abstract textured
scenes, and can be supplemented with shape and appearance
features for naturalistic video. By jointly inferring particle
trajectories and their organization into Spelke objects [51],
discovering cluster assignments and cluster-level rigid trans-
formations, our approach identifies which particles belong
to which moving entities while inducing soft rigidity pri-
ors within each entity. Unlike prior methods that impose
hand-crafted regularization constraints and avoid explicit
object-level grouping, GenMatter captures entities undergo-
ing significant deformation. Figure 2 illustrates the pipeline
from RGB frames to inferred particles and clusters.

We evaluate GenMatter across three diverse settings
where biological vision robustly detects and groups inde-
pendently moving matter, yet no single computer vision
system succeeds across all three:

* In random dot kinematogram (RDK) stimuli, where dots
follow rigid motion or flicker randomly and correspon-
dences are ambiguous, we test whether motion patterns
alone suffice to infer object identity. GenMatter repro-
duces human perceptual groupings across all difficulty
levels and captures graded uncertainty that aligns with
intersubject variability.

* We evaluate GenMatter on a new dataset of rotating objects
with camouflaged textures inspired by Gestalt grouping
principles. Human observers readily perceive 3D structure
from motion in these stimuli. GenMatter recovers correct
3D structure, with groupings of independently moving
matter emerging from probabilistic inference.

¢ On naturalistic RGB videos, GenMatter maintains accurate
tracking of the moving 3D matter that makes up deforming
objects, matching the performance of supervised trackers
without task-specific training.

Our evaluation strategy has two complementary objec-
tives. First, we compare GenMatter against standard com-
puter vision approaches across all three settings, demon-
strating that both biological vision and GenMatter possess
generality that existing computer vision systems lack. Sec-
ond, within each setting, we provide baselines and ablations
to demonstrate specific technical advantages of our struc-

tured probabilistic approach: capturing graded perceptual
uncertainty, integrating noisy motion signals over time, and
generalizing without task-specific training (where supervised
baselines may match our performance but lack our cross-
domain generality).

We emphasize that GenMatter provides a unifying frame-
work that describes a class of models for motion-based per-
ception. While the class of models defined by our approach
requires pretrained feature extractors, the core inference en-
gine requires no task or domain-specific training and fits
within a few kilobytes of source code. By recasting percep-
tual grouping as online probabilistic inference, the structured
prior defined by GenMatter’s generative model achieves
performance comparable to data-driven learning across all
studied perception tasks, spanning abstract dot stimuli and
naturalistic videos.

2. Related Work

Analysis-by-synthesis The analysis-by-synthesis approach
posits perception as inference in a structured generative
model. Purely model-based systems using probabilistic
graphics programs have achieved success in CAPTCHA-
breaking, pose estimation, and scene understanding [24, 25,
35, 40], while hybrid approaches combining learned com-
ponents with structured priors have improved accuracy and
efficiency [20, 47, 55, 66]. Programming systems supporting
inference automation have enabled competitive performance
for object detection and tracking [8, 36].

Generative models of human perception Perception as
Bayesian inference in structured generative models cap-
tures key aspects of human visual processing, including
motion perception, shape recognition, and facial identifica-
tion [10, 19, 26, 64]. This framework extends to physical
scene understanding, modeling how humans infer object
properties and interactions [6, 50, 56, 59, 61, 65]. However,
computational complexity forces such models to impose re-
strictive assumptions on texture and geometry. Recent work
shows that biologically-inspired motion energy features im-
prove motion segmentation robustness and enable zero-shot
generalization to random dot stimuli [52, 53]. GenMatter
provides a tractable probabilistic model achieving human-
like robustness to noise and ambiguity while operating on
naturalistic visual input.

Tracking any point The problem of tracking any point was
introduced as an intermediate approach between sparse fea-
ture tracking and dense optical flow, aiming to capture both
long-range and dense motion trajectories [49]. More recent
systems have improved tracking performance, producing
denser and more robust trajectories across time [17, 27, 31,
32, 60]. Extensions to 3D tracking have proceeded along
two main directions: some approaches incorporate monoc-
ular depth estimation directly into the model [33], while
others infer depth implicitly from learned features over point
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Figure 2. GenMatter inference pipeline. RGB video is preprocessed (gray arrows) to extract dense depth and optical flow, lifting each
pixel to a 3D point tagged with its velocity. The blue box depicts the GenMatter generative model (Sec. 3), which represents a scene as a
hierarchy of clusters and particles that emit moving 3D points. Black arrows indicate the generative direction (clusters generate particles,
which generate 3D points). Hollow arrows indicate the inference algorithm (Sec. 4), which conditions on observed 3D points to infer particle
and cluster parameters. Red arrows depict motion at the point, particle, and cluster layers.

trajectories [15]. Further work has used as-rigid-as-possible
regularization to improve the quality of point tracking [62].
We note that while systems that track any point let users
track pre-specified points, they do not offer a way to infer a
good point representation. These systems do not pick parti-
cle representations adaptively from the scene, nor leverage
semantic information for tracking and grouping.
Motion-based grouping and segmentation Contemporary
approaches to discovering object structure from motion rely
predominantly on learned representations. Motion segmen-
tation methods combine optical flow with appearance pri-
ors through diverse training schemes [16, 57, 63], while
foundation models like SAM2 [46] achieve promptable seg-
mentation via large-scale supervision, capturing both whole
objects and parts without semantic constraints (the stuff-
versus-things distinction [1]). Unsupervised methods that
learn articulated 3D structure from video [4, 5, 43, 58] typi-
cally require pretraining, multi-view input, or focus on rigid
categories. Methods using internet-scale priors [37, 38] infer
static 3D structure but do not aggregate information through
multiple frames of a scene. In contrast, GenMatter infers
dynamic 3D matter representations of deformable objects
via a structured probabilistic prior, providing richer scene
understanding than 2D segmentation.

3. Generative Matter Model

We introduce the Generative Matter Model (GenMatter), a
two-level hierarchical generative model for structured mo-
tion of deformable matter, defined procedurally in Algo-
rithm 1. Clusters represent coherent groups, each parame-
terized by a Gaussian over space and a rigid-body transfor-
mation. Particles are local Gaussians drawn from clusters
that encode spatially localized data points. Data points, each
a position-velocity observation constructed from depth and
optical flow (Figure 2), are sampled from a mixture over
particles. While cluster transformations encode rigid motion,
the particle velocity covariance ¥} gives slack to model
intra-cluster motion, enabling the model to naturally accom-

modate both rigid and deformable objects.

Hierarchical structure The algorithm begins by sampling
mixture weights 7% ~ Dir(a) and 7% ~ Dir(3) for clus-
ters and particles. Each cluster & is parameterized by a spa-
tial distribution (p}*, £7*) and rigid transformation (R, ty)
drawn from discretized priors suited to small frame-to-frame
motions. Each particle £ is assigned to cluster k = z]* and
samples its spatial mean from N (p]t, 37¢), with covariance
Ef to explain local matter. Observed points x,,, each a
position-velocity pair derived from depth and optical flow
as illustrated in Figure 2, are drawn from particle ¢ = zf
via N (/J,ZB , Ef ). Optionally, to incorporate image features
f,, we define augmented data points X,, = [x,;f,] with
X ~ N (i, flg). £, is assumed to be zero-mean, and 3,
is block-diagonal, so the spatial and feature dimensions are
assumed to be independent.

Velocity model The per-particle cluster-induced velocity
Vo=t + (Rp — I)(uf — plt) captures expected motion
from the parent cluster’s rigid transformation, where (R —1I)
provides a first-order approximation of rotation about u%“.
The particle velocity mean v, ~ N(V¢, 0% 1) introduces
isotropic noise to allow particles to deviate from rigidity,
while the covariance X} ~ W~1(®Y 1Y) allows data point
velocities v, ~ N (ve7 3Y) to deviate from particle motion.
Comparison to ARAP regularization To connect our prob-
abilistic approach to optimization-based techniques more
common in the literature, we note that a common way to
regularize tracking models is using an as-rigid-as-possible
(ARAP) assumption [39, 62]. At frame ¢, an ARAP regular-
izer promotes locally rigid motion by penalizing changes in
pairwise distances between each point x!, and its neighbors
within a fixed radius r. In its typical formulation as a loss
function, the ARAP is written as:

2: t+1 t+1 t

LARAP = 'wmn”d - 7Xn+ )—d(X X Hl’
d(xt, xt)<r

where d(-,-) is a distance metric. This loss encourages

locally-rigid motion within all spheres of radius r. wy, , is



Algorithm 1 Generative Particle Model

Input: K, L, N (num. clusters, particles, data points)
Priors: o, B (mixture); p’*, Ji” LB LM (cluster);
wh B (particle matter); o2, oY Y (velocity)
Sample cluster weights: 7" ~ Dir(c)
Sample particle weights: 7% ~ Dir(3)
for k =1to K do
Sample cluster covariance: 3¢ ~ W™H(®H ,#)
Sample cluster mean: pf ~ N (7, Ji” I)
Sample cluster translation: t;, ~ DiscreteNormal(0, s>I)
Sample cluster rotation: Ry ~ DiscreteVMF(/i"mf, Ormax)
end for
for /=1to L do
Sample cluster assignment: z;¢ ~ Cat(7?)
Let k = 2}t
Sample particle covariance: X5 ~ W™ (5 15)
Sample particle mean: p5 ~ N(ult, =)
Compute cluster-induced velocity:
Vo =tr + (Re — I)(u7 — pit)
Sample particle velocity mean: v, ~ N (¥, 0% T)
Sample particle velocity covariance: 3} ~ W™ (¥ 1Y)
end for
forn =1to N do
Sample particle assignment: z5 ~ Cat(7?)
Let ¢ = 2B
Sample data point position: X, ~ N (uf 2B )
Sample data point velocity: v, ~ N (ve, 2Y)
end for

a weighting given by either a predefined pointwise kernel
function k(x%,,x%) or a learned similarity metric s(m,n)
defined on pairs of particle indices.

Connection to ARAP via small-variance asymptotics We
can relate certain aspects of GenMatter’s particle motion
model to ARAP by deriving its small-variance asymptotic
limit [13, 34]. Taking ¢/n — 0 (where € and 7 are datapoint-
to-particle and particle-to-cluster noise scales) yields a K-
means-like objective that alternates between computing cen-
troids and solving for optimal rigid transforms via Procrustes
alignment. Letting x/, = R (x,, — /,L?f) + u}i" + t, denote
the predicted position after rigid transformation, the resulting
objective is to minimize:

2
C(fo,zz“) = Z %5 + v — %315,
n

where ¢ = sz . A key distinction is that while ARAP ap-
plies rigidity penalties based on fixed distance cutoffs r, our
approach jointly infers object-centric groupings and rigid
motion through hierarchical clustering. By coupling rigid-
ity with probabilistic inference over cluster assignments,
the posterior reveals which particles belong to which inde-
pendently moving entities. However, discrete optimization
over assignments is intractable, motivating a hierarchical
Bayesian model and probabilistic inference.
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Figure 3. ARAP vs. GenMatter on a two-object scene. ARAP
incurs penalties from fixed distance cutoff r, while GenMatter
infers cluster assignments (green), modeling discontinuous motion.

4. Inference

We perform inference via blocked Gibbs sampling [29] that
exploits the hierarchical conditional independence structure:
variables at each level (data points, particles, clusters) can
be updated in parallel given other levels. We leverage con-
jugate updates (Normal-Inverse-Wishart, Normal-Normal)
where possible [22, 41]. For rigid transforms, we discretize
the SE(3) space and enumerate candidates via parallel like-
lihood evaluation. Our vectorized implementation in the
GenJAX probabilistic programming framework [7, 9, 12]
runs efficiently on a single NVIDIA L4 GPU (24GB). We
maintain a single-sample posterior approximation, sufficient
for high-quality inference in practice. Full derivations are in
Appendix C.

Assignment updates Datapoints are assigned to particles
via a categorical Gibbs conditional combining spatial and
velocity likelihoods:

plan =] ) o - N(xn | uf, BF) - N (v | ve, BY).
Particles are assigned to clusters based on rigid motion fit:
P(ZZ{ =k | ) X WIZ{N(N? | N?ja E?k-[)'N(Vf ‘ ‘_’f,kva\%l)v

where v . = ti+(Ry,—I) (5 —p}t) is the velocity derived
from cluster k’s rigid transformation. Mixture weights are
updated via Dirichlet-Categorical conjugacy.

Parameter updates Covariances are updated via Normal-
Inverse-Wishart conjugacy using scatter matrices of assigned
points. Velocity means v, are sampled from Gaussian Gibbs
conditionals that integrate a rigid motion prior from the par-
ent cluster with observed velocities from assigned datapoints.
Particle spatial means uf are sampled from a Gaussian
Gibbs conditional factorized into three terms: (1) a spatial
likelihood from the assigned cluster, (2) position likelihoods
from assigned datapoints, and (3) a velocity likelihood from
rigid motion.

This velocity likelihood arises because the predicted ve-
locity V¢ = ti, + (R, — I)(uF — p}t) depends linearly
on the particle position p,f . Since both the prior on uf and
the velocity likelihood N (v | V¢, 0% I) are Gaussian with
linear dependencies, the Gibbs conditional over uf remains
Gaussian by conjugacy [23]. Cluster means similarly in-
corporate priors, particle positions, and velocities. Rigid



transforms (Ry, ti) are sampled from discretized SE(3),
yielding a conjugate Dirichlet-Categorical update.
Initialization We initialize the MCMC chain at frame 0
using hierarchical K-Means clustering, which provides an
efficient approximation to burn-in for the Gibbs sampler. We
use K-Means++ clustering [3] to initialize particle positions,
then run a second K-Means pass to initialize cluster cen-
ters. Mixture weights, velocity means, and covariances are
set from empirical frequencies and sample statistics. Rigid
transforms are initialized via Kabsch alignment [30]. Spatial
hyperparameters (Inverse-Wishart scale matrices, Gaussian
mean priors) encode interpretable priors on cluster and par-
ticle size, set from image resolution (see Appendix C.2.1).
Motion hyperparameters are set once per dataset from optical
flow statistics. All other hyperparameters remain constant
across all videos and datasets.

Multi-frame tracking The two-frame generative model ex-
tends to video tracking via sequential MCMC. At frame
t, g)ilrticlegrrtlea}ns are propagated using inferred velocities:
fi; " = ;7 + vl Since we observe only unordered
point clouds {x! } without tracked correspondences, we first
assign data points to particles via spatial proximity since
p(zBt = 0| xt) o« 7t N(xE | @P 28T, After
updating particle means from these spatial assignments, sub-
sequent Gibbs sweeps update variables in bottom-up order
(data points — particles — clusters), with assignment dis-
tributions now incorporating both position and velocity ob-
servations. This ensures cluster inference remains grounded
in current observations. Critically, we re-infer cluster as-
signments and transformations at each frame rather than
propagating them, as propagated clusters may incorrectly
span articulated parts. This design, inspired by filtering in
particle MCMC [2, 18], maintains a tractable posterior while
enabling stable tracking.

5. Experiments

We evaluate GenMatter across three settings: 2D random dot
kinematograms (RDKs), camouflaged 3D Gestalt stimuli,
and naturalistic RGB videos. Figure 2 gives an overview of
the complete inference system. We compare against standard
computer vision methods and provide within-setting abla-
tions to assess the generality of our probabilistic approach.
All CIs are 95% bootstrap intervals (50,000 samples).

5.1. Human Object Judgments from Motion

Stimuli and task We created 9 unique rigid-body physics
scenes using PyMunk [11] and generated 3 RDKs per scene
using [48], varying probe dot locations and timings to yield
27 total stimuli. Each stimulus contains object-bound and
background dots that either follow rigid motion or flicker
randomly, and plays forward then backward to highlight
apparent motion. Human participants (n = 150, 50 per
condition) viewed 11 videos each (2 familiarization, 9 ex-

perimental) and made binary same-object judgments for red
and green probe dots. Participants were recruited from Pro-
lific [45] (median duration: 4 minutes; mean age: 37.2; 85
female, 65 male), compensated at local minimum wage, and
screened for English fluency, normal color vision, and nor-
mal/corrected visual acuity. The study was IRB-approved
with fully anonymized data.

Inference GenMatter employs a 2D inference pipeline with
motion vectors estimated via RANSAC affine transform
fitting, ensuring the model operates on image-computable
features as humans do when viewing the stimuli. A k-nearest
neighbor decision policy applied to posterior samples pro-
duces binary judgments. GenMatter is run on 50 random
seeds per stimulus to match human sample size.

Results GenMatter achieves high correlation with human
judgments (r? = 0.86, t(25) = 12.4, p < 0.001). Fig-
ure 4a shows variation in human responses across stimuli.
Figure 4b visualizes GenMatter’s internal representation for
a single stimulus. The true scene is overlaid with random
dots from the kinematogram and their estimated motion vec-
tors. Dots are colored by inferred cluster assignment, with
black indicating outliers. These results support latent particle
and cluster inference as a computational account of human
object perception under motion uncertainty. Figure 4c il-
lustrates how some stimuli yield near-unanimous correct
responses while others exhibit lower accuracy. GenMatter
closely reproduces this graded perceptual uncertainty. The
model’s ability to reproduce human uncertainty in ambigu-
ous scenes and achieve high accuracy when the scene affords
clear grouping establishes it as a valid computational model
of human perception across diverse viewing conditions.
Ablations and baseline To assess the necessity of hierarchi-
cal structure, we evaluate two ablated variants that remove
cluster-level variables from the generative model. The fixed
particles variant initializes K = 5 particles with fixed co-
variance. The adaptive particles variant initializes K = 500
particles with covariances updated online. Both ablations
eliminate the cluster layer, performing inference solely at
the particle level. Both variants exhibit substantially de-
graded correlation with human judgments (r?> = 0.35 and
0.41, respectively) compared to the full hierarchical model
(r? = 0.86). This demonstrates that the cluster level pro-
vides essential structure for capturing human percepts of
moving objects. FlowSAM [63], which also relies on motion
cues, achieves near-zero correlation with human judgments
(r? = 0.04). This is because random dot kinematograms
are a challenging setting where sparse motion extraction is
critical, highlighting a fundamental generality gap between
human perception and current computer vision systems.

5.2. Structure from Motion in Gestalt Stimuli

Stimuli and task We evaluate GenMatter on a challeng-
ing 3D structure-from-motion task where texture provides
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Figure 4. GenMatter closely tracks human perceptual judgments on random dot kinematograms. (a) GenMatter accuracy (%) vs.
participant accuracy (%) across 27 stimuli (> = 0.86). Each blue circle represents a same-object stimulus and each orange triangle a
different-object stimulus. (b) An internal view of the inferred posterior: red points belong to the moving object, blue points to the background,
and black points flickered out of the scene. (c¢) Fast rotation makes object-background separation easy: both GenMatter (86%) and humans
(90%) correctly judge the probes as on different objects (left). Slow sliding motion is very challenging: both GenMatter (88%) and humans

(84%) incorrectly judge the probes as on the same object (right).

Table 1. Summary statistics across 140 Gestalt videos. GenMat-
ter scores higher on mean per-pixel accuracy and Jaccard index.
GenMatter is also more consistent across stimuli. Values reported
as mean [95% bootstrap CI]J.

Method Accuracy Jaccard

SegAnyMo  0.33[0.28,0.37] 0.26 [0.22, 0.31]
FlowSAM  0.87[0.85,0.88] 0.67 [0.63, 0.70]
GenMatter  0.94 [0.93,0.94] 0.72[0.70, 0.74]

little information about scene geometry. We created 140
short videos of 3D objects rotating against backgrounds with
matched textures. The dataset comprises 20 distinct object
geometries, each rendered with 7 different texture patterns
matched to their backgrounds. Each 6-frame video sequence
is accompanied by ground-truth binary segmentation masks
for evaluation. In these camouflaged stimuli, static frames
provide minimal segmentation information, yet human ob-
servers readily perceive 3D structure from motion [21]. This
design tests whether models rely on per-frame summary
statistics or track spatially-localized features across frames.
Baselines We compare GenMatter against two video seg-
mentation methods. SegAnyMo [28] uses point tracking
and monocular depth through a learned motion encoder, pro-
ducing dynamic object masks by grouping tracked points
with SAM2. FlowSAM [63] finetunes SAM for optical flow-
based video segmentation. GenMatter operates on optical
flow and depth. SegAnyMo leverages point tracking (a richer
motion representation) and depth, while FlowSAM uses only

optical flow. Despite having comparable inputs, GenMatter
relies on probabilistic inference rather than learned feed-
forward circuits.

Inference Our inputs to GenMatter come from optical
flow and monocular depth, via RAFT and VideoDepthAny-
thing [14, 54]. All methods are evaluated at 96 x 96 resolu-
tion. Each video provides 5 flow frames. GenMatter obtains
500 posterior samples per frame via Gibbs sampling to ap-
proximate the posterior distribution, from which we extract
the maximum a posteriori (MAP) estimate for evaluation.

Evaluation protocol Following the probe-point methodol-
ogy established in the RDK experiments, we evaluate seg-
mentation by sampling query points rather than densely eval-
uating all pixels. Dense evaluation on all ground-truth pixels
requires establishing correspondence between predicted and
ground-truth segments, which can implicitly assume a fixed
number of objects. Since motion-based discovery aims to
identify moving objects without prior knowledge of object
count or identity, we adopt a probe-point sampling approach,
visualized in Figure 5. For each frame, we sample 100 probe
points uniformly from the ground-truth object region O. For
each probe location p;, we identify the predicted segment
S(p;) containing it and compute pixel-wise accuracy of
S(p;) against ground truth. Aggregating over probes yields
a Monte Carlo estimate of the probabilistic segmentation,
given by ppreq(object | x) & 4 Zi\il I[x € S(p;)] where
p: ~ Uniform(O). For each probe point p;, we compute the
Jaccard index J(S(p;), O) between its predicted segment
S(p;) and the ground truth object region O using the stan-
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Figure 5. Qualitative comparison on camouflaged stimuli. Probe point segmentation on scene_16, texture_01. The depth estimate
is uninformative, and the flow estimate shows that on-axis rotation causes opposing motion at top vs. bottom (blue vs. red). GenMatter
correctly segments the moving object, while FlowSAM segments the initial frame correctly but degrades over time. SegAnyMo fails to

detect any object in the scene.

dard IoU formulation. Frame-level accuracy is computed as
Ep~tniform(0) [/ (S(p), O)], approximated via Monte Carlo
averaging over probe samples. Per-video accuracy is then
obtained by averaging across all frames in each sequence.
Results GenMatter outperforms both supervised baselines,
detailed in Table 1, achieving higher Jaccard (J) on 111/140
videos against FlowSAM and 133/140 against SegAnyMo
(p < 1 x 1075, paired t-test). GenMatter’s advantage is
consistent across all texture patterns. Figure 5 visualizes
these performance differences through segmentation over-
lays, showing that GenMatter assigns concentrated proba-
bility mass to contiguous matter regions while FlowSAM
produces predictions that degrade over time. On the example
shown, SegAnyMo is unable to detect the object (J = 0.15),
while FlowSAM achieves moderate performance (J = 0.70),
both falling substantially below GenMatter (J = 0.92).
Thus, GenMatter’s projected 3D representation can outper-
form learned 2D segmentation on motion-dominated group-
ing. Monocular depth estimates are sometimes unreliable on
camouflaged textures. Ablating depth as a model input en-
tirely still yields accuracy = 0.89, slightly above FlowSAM
(0.87), confirming that optical flow drives performance on
this benchmark.

5.3. 3D Particle Representations from RGB Video

Task and motivation We evaluate whether probabilis-
tic inference in the GenMatter model enables robust
particle-based matter representations on videos in TAP-Vid-
DAVIS [17]. While GenMatter infers full 3D particle repre-
sentations, we project to 2D tracks for comparison against
CoTracker3 [31], a supervised baseline with the same input-
output specification: RGB video — particle tracks.

Model In this setting, we condition GenMatter on monoc-
ular depth [14], optical flow [54], and DINO [44] features.
Each particle maintains a learned appearance vector in DINO
space, evolving through Gibbs updates conditioned on clus-
ter assignments. Shared cluster assignments couple appear-

ance to spatial structure, while cluster-level rigid transfor-
mations constrain particle motions. Particles and clusters
are initialized at frame 0 using SAM?2 [46] masks to provide
initial proposals for spatial grouping, which are then propa-
gated forward via approximate Bayesian filtering. We use
GenMatter with 500 particles with 9 clusters.

Baselines and metrics We compare against Co-
Tracker3 [31], a transformer-based point tracker supervised
with simulation data. For consistency across methods,
we also initialize CoTracker3 with 500 points. We note
that CoTracker3 tracks individual pixel locations, while
GenMatter’s particles represent Gaussian regions of matter
with spatial extent, and observed data is probabilistically
attributed to these particles. We evaluate our model on a
projection to 2D tracking rather than 3D particle ground
truth due to the scarcity of deformable naturalistic datasets
with 3D ground truth annotations. = TAP-Vid-DAVIS
provides high-fidelity 2D segmentation masks, enabling
comparison through projection of GenMatter’s 3D particles
to 2D. To enable comparison between these fundamentally
different representations, we adopt matter-weighted Jaccard
I = Dwifi/ O wifi + >2;wi(1 — f;)), where
w; = n;m; weights particle ¢ by spatial extent (n; pixels)
and mixture probability (m;), and f; is fractional overlap
with ground truth. This metric accounts for graded uncer-
tainty in GenMatter’s probabilistic matter representation. It
reduces to standard Jaccard when particles have uniform
weights, which we assume for CoTracker3.

Results GenMatter achieves matter-weighted Jaccard of
0.79, matching CoTracker3 (0.78) without task-specific pre-
training, shown in Table 2. Unlike learned trackers, Gen-
Matter’s hierarchical structure enables explicit integration of
SAM?2 segmentation proposals into spatial clustering. How-
ever, ground-truth initialization degrades GenMatter perfor-
mance to 0.77. This degradation occurs because ground-truth
initialization at frame 0 imposes hard geometric constraints
that do not always align with noisy flow and depth estimates.



Data points

Particles

Motion Vectors Image Features

Figure 6. Per-point particle assignment visualization. Each data
point is colored by its assigned particle’s RGB color (left), motion
direction (middle), and appearance features (right). Gaussian parti-
cles are shown in the second row. Distinct patterns across motion
and appearance demonstrate that GenMatter integrates complemen-
tary information sources for faithful matter representation.

Table 2. Tracking performance on TAP-Vid DAVIS. GenMatter
matches CoTracker3 without task-specific pre-training. Using GT
segmentation mask instead of SAM for initialization decreases
GenMatter performance but does not affect CoTracker3. Values
reported as mean [95% bootstrap CIJ.

Metric CoTracker3 GenMatter GenMatter (abl.)

Jm (SAM) 0.78 [0.69, 0.87] 0.79 [0.73, 0.84] 0.69 [0.61, 0.77]
Jm (GT)  0.78 [0.69, 0.87] 0.77 [0.73, 0.84] 0.68 [0.58, 0.73]

Additionally, ground-truth foreground masks provide only a
single binary segmentation without spatial decomposition of
background regions, limiting initial clustering of non-object
areas. In contrast, SAM2’s multi-segment decomposition
helps GenMatter model both object and non-object regions
effectively. Ablating cluster-level variables degrades perfor-
mance substantially (.J,,, from 0.79 to 0.69), confirming that
hierarchical structure is essential. Ablating depth as a model
input similarly degrades performance (J,, = 0.69 [0.61,
0.77] with SAM init, 0.66 [0.58, 0.73] with GT init), con-
firming that 3D structure contributes meaningfully beyond
motion alone. Figure 6 visualizes the particle assignments
in an example video. Each pixel’s assigned particle is shown
by RGB color (left), velocity direction (middle, normalized
and color-coded), and DINO features (right, first 3 PCA di-
mensions). This demonstrates how GenMatter’s hierarchical
inference integrates position, motion, and appearance into
a unified particle representation, enabling structured scene
decomposition without task-specific training.

Compute-accuracy tradeoffs GenMatter’s hierarchy en-
ables runtime computational control through data point sub-
sampling at each frame. Since data points occupy the lowest
hierarchical level, subsampling them directly reduces the
number of latent variables without changing model archi-
tecture, in contrast to learned approaches with fixed com-
putation circuits. We evaluate subsampling rates from 1/8
to 1/512 of available data points. Across all rates from 1/8

to 1/128, GenMatter incurs no statistically significant per-
formance loss (J,,, = 0.76-0.79) relative to full resolution
(Jm = 0.76 [0.71, 0.82]), while running up to 12x faster
(9.8 FPS at 1/128 vs. 0.80 FPS). Accuracy saturates beyond
moderate subsampling because upsampled features provide
no additional information once sampling density exceeds the
resolution of the lowest-resolution feature (DINO). Perfor-
mance degrades substantially only at extreme subsampling
(J, = 0.56 [0.46, 0.65] at 1/512), where too few obser-
vations remain to support reliable inference. This range
of operating speeds and accuracies demonstrates flexibility
unavailable to end-to-end learned architectures.

6. Discussion

Limitations Our model currently represents physical mat-
ter without explicit dynamics. A natural extension would
be incorporating physics-based dynamics, enabling a joint
matter and dynamics model akin to a game engine. Such
a model would provide forward prediction of object posi-
tions and motion, which would be particularly beneficial
for tracking through complete occlusion where GenMatter’s
current performance degrades due to limited mechanisms
for reinitializing or reidentifying completely hidden matter.
Our implementation uses a fixed particle count L, which
limits adaptation to scale changes and objects entering or ex-
iting the scene. This is addressable through dynamic particle
allocation strategies from Bayesian nonparametrics.

We provide a general set of evaluation methods across

diverse visual perception tasks, though more thorough bench-
marking would better assess the quality of both our model
and the baselines. The RDK and 3D Gestalt experiments use
binary response formats that match typical human experi-
mental protocols, but these collapse posterior distributions
into discrete judgments. Extending evaluation to capture
per-participant posteriors would enable richer characteriza-
tion of scene belief states. For particle tracking, we use 2D
masks as a proxy for 3D tracking given the current lack of
large-scale datasets with ground-truth 3D annotations for
deformable objects in naturalistic settings. Developing such
datasets through real-world annotation and synthetic render-
ing would enable more rigorous benchmarks for evaluating
3D matter representations.
Broader implications GenMatter demonstrates that hierar-
chical probabilistic inference of particle-based representa-
tions provides a unified computational account of motion-
based segmentation across minimal dot stimuli, camouflaged
objects, and naturalistic scenes. This generality arises from
structured priors encoding rigid motion and spatial group-
ing, rather than hand-crafted regularizers, suggesting that
structured probabilistic inference provides essential induc-
tive biases for compositional scene understanding. In doing
so, GenMatter bridges scientific models of human visual
perception and engineered computer vision systems.
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A. Overview of Supplementary Materials

This supplementary material provides technical details for

the main paper. We provide the following supplementary

derivations, experimental details, and quantitative results in

this document:

 Section B: Derivation of clustering algorithm from small-
variance asymptotics

* Section C: Full derivation of each step in the GenMatter
Gibbs sampler

* Section D: Feature-augmented variant and inference algo-
rithm modifications

» Section E: Human RDK psychophysics experiment

 Section F: Gestalt structure-from-motion experiment

* Section G: Details for all 3D RGB experiments, includ-
ing first frame visualizations, quantitative results on de-
formable RGB videos, and technical details about the
TAP-Vid-DAVIS benchmark. These videos are meant to
capture our model’s ability to explain deformable matter
in a wide variety of settings.

B. Clustering Algorithm from Small-Variance
Asymptotics
We present the technical details of the SVA clustering algo-

rithm and recover a rigid group-centric loss function along
with an iterative procedure that minimizes it.

Deriving GenMatter as a Clustering Algorithm

p5 update: In the model, pu5 ~ N (pft, £7) and x!, ~
N(pB,%5). Assume 8 = I and B} = nlI, where
¢/n — 0. The negative log-conditional of u? is:

1
L(uf) o Y [|x - il

1
S e -
neBy U

As €/n — 0, the first term dominates the posterior, so the
minimizer of the loss is:

uf = argmin 3 -l = 1 3 x

neB, £ nGBe

p}t update: Assuming £7¢ = I and e/afﬂ — 0, the

negative log-conditional of u?f can be approximated by:

Z ||W k

LeEH

where the minimizer is:

. 1
pi =argmin > [|uf —pll’ = 5o D

neBy LEH ),

Ry, t; update: We restrict n in this step to only index
points that are assigned to cluster k. Taking the limit of all
noise terms ¢ — 0 collapses out the dependence on u? and
gives a deterministic motion model that only depends on
the relative position of x,, with respect to p}t. Noting that
we also collapse out ) and o?, algebraic manipulation
gives that the negative log-conditional of Ry, tj is, with

Pn :Xn_l'l’?q-[:

2
Xp +Vnp — (Rkpn + /1'2{ + tk) H

LRy, tr) = ‘
Letting q,, = x, + v, —

Z ||qn -

This expression corresponds to the orthogonal Procrustes
problem, which has a standard solution. We first define p =
Y, pnandq = %Y, q, and compute p, = p, — b
and q,, = q, — q. We then compute the cross-covariance
matrix S, = >, @, P, andits SVD Sy, = UyX, V. The
optimal rotation is Ry = UkV,I and the optimal translation
ist, =q— Rip.

uz‘, the loss becomes:

& (R, tr) Rkpn+tk)“2

25, zZ{ update: Small variance analysis gives the same

form of the objective function as the previous step. The
negative log- condmonal for z s zz“‘ then becomes, with

Pn = Xn — lj’zz'['

zzl

This is a discrete combinatorial optimization problem that
involves searching through particle and cluster assignments.

2
Xn +Vp — (Rzzipn + IJ‘ZH +tz}") H

C. Blocked Gibbs Sampling

We describe the Gibbs sampling approach in greater detail
than in the main text. We first independently describe each
blocked Gibbs step in Appendix C.1. Then, we describe
the procedure of these steps used for initialization in Ap-
pendix C.2 and tracking in Appendix C.3.

C.1. Gibbs Update Steps

There are twelve variables of interest, separated at different
hierarchical levels as shown:

1. Cluster-level variables:

{IJ‘,];:L? E?f} Rka tlm ﬂ-Z;-L}szl

2. Particle-level variables:

B B vV _H B\L
{FLZ> 2[7 Ve, 2[7 2y Ty }2:1



Algorithm 2 Clustering Algorithm for GenMatter via Small-Variance Asymptotics

: Input:
Number of clusters and particles K, L
Data point positions {x,,, v, }N_,

. Initialize: Assign data points to particles z5, particles to clusters 2z,

1

2

3

4

5. repeat
6 for each particle =1, ..., L do
7

8

9

H

Compute particle mean: uf < o 32,5 Xn

end for
for eachcluster k =1,..., K do
10: Compute cluster mean: pf* < 77 Yooy, 1
11: Collect point pairs (x,,, v,,) assigned to cluster k
12: Center points: p,, < X, — ,u?f, qn < X, + Vi, — ,u?f
13 Compute cross-covariance: Si < > qnp,
14: Compute SVD: S, = UpX, V[
15: Set rotation: Ry, + UV,
16: Set translation: tx, = q — Rxp
17: end for
18: for each data pointn = 1,..., N do ,
19: Compute motion loss: £, (25, 2}t) « HX" +v, — (Rzﬁ (xn — “Z”) + “Z” + tz,ﬁ) H
20: Update 25, 2]* to minimize Y £,(z5, z}*)

21: end for

22: until assignments converge or objective does not decrease

3. Data point-level variables:

B
{zn 2[:1

For each of these variables, we independently describe each
of the Gibbs updates.

C.1.1. Data point-to-Particle Assignments (z© /)

We update each data point’s particle assignment z5 for n =
1,..., N, using the conditional:

p(zf =/ | xn,vn,rest) X WB(E) ‘N(Xn | “287263)
N, | ve,ZY)
The prior is given by categorical weights 72; the likelihood
is a product of two Gaussians over position x,, and velocity

vy,. We compute unnormalized log-probabilities p,, o for
each particle:

ﬁn’e = long(ﬁ) + 10gN(Xn | /"’?72?)
+log N (v | v, BY)

and normalize to obtain the categorical:

Pz, =0) = —LeXp(p”’{)
> v—1 €XP(Pn.e)

from which we sample:
B : B _ —
z,, ~ Categorical(p(z,, = 1),...,p(z;, = L))

All data points are jointly reassigned in a blocked manner,
each selecting the particle that best explains its position and
motion, weighted by the prior over particles.

C.1.2. Particle Mixture Weights 77

We update the particle mixture weights 7% conditioned
on data point-to-particle assignments {25}. By Dirich-
let—Categorical conjugacy, the conditional distribution be-
comes:

w8 | {25} ~ Dir(Br + M, ..., B + My)
where M, = #{n : 28 = ¢} counts how many data points
are currently assigned to each particle ¢. This step re-weights

the prior particle proportions according to updated data point
assignments.

C.1.3. Particle Spatial Means p%

We update each particle center u? from its Gaussian con-
ditional, combining: (1) a spatial prior from its assigned
cluster, (2) position likelihoods from assigned data points,
and (3) a velocity constraint derived from rigid motion.

Let A¢=R.n —Tandb, =t — Ag,uZH. Then:



Vo~ N(Apf + by, 02 1)

The conditional distribution is a Gaussian-Gaussian conju-
gate of the form:

B H H 2
IJ’Z ‘uzziazzziavatzziszZ{7UV7
B B -1 —1
{xp:2) =L}, ~ NP, 'm;,P,")

with precision and mean:
1
Py = (SH)™ + No(BF) ' + U—QAZAg
v

m = (S%) " ulo + (SF) 'S,
1
+ A/ (Ve —by),
(o
2
where N, is the number of data points assigned to particle /,
and Sy = ) s_, Xy is the sum of their positions.

C.1.4. Particle Spatial Covariances X5

We update each particle’s spatial covariance matrix Ef using
Normal-Inverse-Wishart conjugacy. Let Ny = #{n : 25 =
£} be the number of data points assigned to particle ¢, and
define the scatter matrix:

S, = Z (Xn_ﬂf)(xn_NE)T

B
n:zB=¢

Given an Inverse-Wishart prior W~ (®¥5, 18), the condi-
tional distribution is:

BB {x, 2B =00 ~ W (W, = BB+, VB4 Ny)

n

This update adjusts each particle’s spatial uncertainty based
on the observed spread of its assigned data points.

C.1.5. Particle Velocity Means v,

We update each particle velocity anchor v, via a Gaussian
conditional distribution combining: (1) a rigid motion prior
from its assigned cluster, and (2) velocity observations from
assigned data points. Let vy =t + (R — I)(pb - ;LZH)
be the prior mean.

Given the set {v,, : 25 = ¢} and count N, = #{n :

2B = (}, the conditional is a Gaussian-Gaussian conjugate
update:

ve | ‘_7470\2/72})’{‘% : ZS :f} NN(“Z722})

with:

This update accounts for the velocity prediction from the
cluster’s rigid transform along with the empirical data point
velocities, with each contribution weighted by its respective
uncertainty.

C.1.6. Particle Velocity Covariances )

Each particle’s velocity covariance E}’ is inferred using
Normal-Inverse-Wishart conjugacy. Let Ny, = #{n : 25 =
¢} be the number of data points assigned to particle ¢, and
define the velocity scatter:

To= > (Va—ve)(vn—vi)"

n:zB=(
Given prior W~1(®Y 1), the conditional distribution is:
SV v, {vn 2B =0} o WTH(W, = BV 4T, vV HN))

This update reflects the velocity noise structure within each
particle, accounting for spread in assigned data point veloci-
ties.

C.1.7. Particle-to-Cluster Assignments (2], )

We update each particle’s cluster assignment zz”‘ for ¢/ =
1,..., L, using the conditional:

p(ft =k | pg, ve rest) o (k) - N (pf’ | pit, =F)
'N(Vg | tk+(Rk 71)
X (uf — pit), ot 1)
The prior is given by categorical weights 77 the likelihood
combines a spatial Gaussian over the particle’s position uf
and a velocity Gaussian that accounts for rigid-body motion

induced by the cluster’s rotation Ry, and translation t;. We
compute unnormalized log-probabilities py . for each cluster:

Bee = log (k) +log N (kg | uit, Z}Y)
+log N (ve |t + (R — D) (g — pit), o0 1)
and normalize to obtain the categorical:
” exp(pe,k)
Pz =k = g—
=1 xp ()

from which we sample:
p(2ft = K))

2]t ~ Categorical (p(z}t = 1),...

This constitutes a blocked Gibbs step, where all particle-to-
cluster assignments are jointly updated. Each particle selects
the cluster whose spatial and rigid motion parameters best
explain its position and velocity.



C.1.8. Cluster Mixture Weights 7"

We update the cluster mixture weights w7 given particle-
to-cluster assignments {Ze }. Using Dirichlet—Categorical
conjugacy, the conditional is:

7wt | {z}'} ~ Dir(ay + Ny,...,ax + Ng)
where Ny = #{¢ : z]* = k} is the number of particles

assigned to cluster k. This step updates the prior cluster
proportions based on current assignment counts.

C.1.9. Cluster Spatial Means p]!

We update each cluster center p,z?‘ via a Gaussian condi-
tional that integrates: (1) a Gaussian prior centered at ;.’t,
(2) assigned particle centers uf , and (3) observed particle
velocities corrected by the cluster’s affine transform.

Let A, = I —- Ry and by, = t;, — Aku?. Then the
velocity residual is:

re=vy;—by

Given the sum of assigned particle means S; =
427k M7 - the velocity residual sum Ry, = 37, x0T,
and the count Ny, = #{¢ : z}*
cluster k, the conditional is:

= k} of particles assigned to

/1';):[ i/u"Hao—i%Iv E’Ii{atkkaig\%'?Rka
{uf,ve: 2l =k} ~ N(P 'y, PY)

with:
7{71 1
P, = I+Nk D4 TAkAk:
H V
1
my = 2,Uz +2,Hilsk+ AkRk

This update integrates global priors, spatial evidence from
assigned particles, and velocity-based constraints under rigid
motion. We parallelize this step by batching cluster-level
quantities over K and particle-level inputs over L, with per-
cluster residual aggregation. The final blocked multivariate
normal update samples new cluster means in parallel from
their respective posteriors.

C.1.10. Cluster Spatial Covariances X}

We infer each cluster’s spatial covariance 2? using a
Normal-Inverse-Wishart update conditioned on its assigned
particles. Let L, = #{{ : z;* = k} be the number of par-
ticles assigned to cluster k, and define the cluster-centered
scatter:

Given the Inverse-Wishart prior W~ (¥ 1), the condi-
tional becomes, with ¥} = ¥* + S} and v}, = v + L;:
22{ i Nijy{liz ZZ - k} ~ W™ ( kY ]/<:)

This posterior captures the spatial extent of each cluster
based on the spread of its assigned particle centers.

C.1.11. Cluster Rotation R,

We update each cluster’s rotation matrix Rk by evaluating
a discrete set of candidate rotations {R(J)} ", drawn from
a spherical cap (e.g., von Mises—Fisher). For each candi-
date, we compute a probability based on how well the in-
duced rigid motion explains observed particle velocities. Let
\7(({]) =t + (RY) —I)(uB — p]t) be the expected velocity
for particle ¢ under candidate j. Then:

log g; = Z log N (v | v(]) oo T)
ZZH =k

Adding the prior log-probabilities log p(R7)), we normalize
the log-scores to obtain:

exp(log g; + log p(RY)))
Y37y exp(log gjr + log p(RU"))

from which we sample:

q; =

Ry, ~ Categorical({g; }é\/[;l)

This update selects the rotation that best aligns relative parti-
cle positions with their observed velocities, conditioned on
the current cluster translation tg, velocity noise O'V, cluster
means (p}?) and assigned particle means ({p? : 27t = k}).

C.1.12. Cluster Translation Velocities t

We update each cluster’s translation velocity t; by evaluating
a discrete set of candidate translations {t™ }* sampled
from an isotropic Gaussian prior (0, s*I). Each candidate
is scored based on how well it explains the observed particle
velocities under the current rotation R,. Let \’/ém) =t(m) 4

(Ry, — I)(pf — u}!) be the expected velocity for particle ¢
under candidate m. Then:

log pm = Z log N (v | ’(m), o 1)
:zlt=k
We add prior log-probabilities and normalize to form a cate-

gorical:

- exp(log pm + log p(t™))
"M exp(log o + log p(£0m))

from which we sample:

ty, ~ Categorical({p,, } 22 ,)

This update selects the translation that best explains the ob-
served particle velocities, conditioned on current cluster rota-
tion Ry, velocity noise JV, cluster center u?, and assigned
particle means {p? : 2}t = k}.



C.2. Initialization Procedure

It is well known that MCMC chains are sensitive to the ini-
tialization and should be initialized at a high density region.
In both the 2D and 3D variants of GenMatter, we use K-
Means clustering and a data-driven approach to initialize the
MCMC chain for the initial frame (1" = 0).

C.2.1. K-Means and Data-driven Initialization at T=0

Given the number of particles (L), we use K-means via a
K-Means++ initialization to initialize the particle spatial
positions (u? ). We then use an additional K-means step to
initialize the cluster spatial positions (/ﬁ;‘) by treating the
particle spatial positions as data points to cluster.

This K-means initialization provides initial values for
assignments at both layers (25, 2}*). We then use these

assignments to initialize the mixture weights at both layers

(B, ) by computing the empirical frequencies of each
cluster and normalizing: Wf = % and 7j° = % where

My is the number of datapoints assigned to particle ¢ and
Ny, is the number of particles assigned to cluster k. We
initialize the velocity mean of each particle v, by averaging
the observed velocities of the datapoints assigned to it:

1
Vy = —— E Vn.
M[ n:zB=¢

To initialize the covariance matrices, we compute the sam-
ple covariance of the relevant residuals for each component:

1. Particle Spatial Covariance:

2. Particle Velocity Covariance:

EV 1 Z (Vn - Vg)(V" - VE)T'

T M, -1
n:zB=¢

3. Cluster Spatial Covariance:

1

1 2o B8 )l - uT
AN TR
'ZE =

==

To initialize each cluster’s rigid transform (Ry, t), we
apply the Kabsch algorithm to align assigned particle posi-
tions with their next-frame displacements. For cluster k, we
collect all datapoints x,, assigned to particles £ with z;* =
and define their estimated displacements x/, = x,, +v,,. Let
X, = {x,} and X] = {x],} be the source and target sets.

We compute centroids Xy ﬁ Yoxp, X =
ﬁ >~ x/,, and form centered sets X,, = X,, — X, X}, =

X}, — X},. The cross-covariance matrix is:

H, = § %"
n

We compute the singular value decomposition Hy =
Uy EkV,I, and define the optimal rotation as:

R, = VD, U]

where Dy, is defined as:

1 0
- (2D model)
0 det(V,Uy)
Dr=4911 0 0
0 1 0 (3D model)
[0 0 det(V,Uy)

The corresponding translation is:
ty = )_(23 — RpXxs

This provides an initialization of cluster motion con-
sistent with the observed displacements of assigned parti-
cles. The update is applied independently for each cluster
k=1,...,K.

C.2.2. Data-Dependent Hyperparameters

We initialize model hyperparameters directly from empiri-
cal statistics computed on the initial frame (T" = 0). The
global cluster location prior ;*t is set to the median data-
point position, while the prior spatial scale W2, & ¥V are
initialized using the median initialized particle and cluster
covariances length scales.

The degrees of freedom /2, " 1Y are initialized pro-
portionally to the number of datapoints assigned, weighted
by particle or cluster weights:

VP = | median(wg - N)|,
v = |median(w}’ - N)|,
B
14

VY = | median(wy - N)|
where wf and w}t are the normalized empirical weights of
each particle and cluster.

C.3. Tracking Gibbs Procedure

To perform inference over video sequences, we extend our
generative particle model into the sequential filtering regime
using a structured Markov Chain Monte Carlo (MCMC) pro-
cedure. Specifically, we implement a blocked Gibbs sampler
that leverages the causal ordering of the variables from the
previous frame to initialize each frame and performs bottom-
up inference to refine all data point-, particle-, and cluster-
level variables. Our approach maintains a tractable posterior
approximation at each timestep by propagating forward a
subset of latent variables and resampling the remaining ones
conditioned on new observations. This sequential per-frame
MCMC design supports inference in dynamic scenes where
data associations must be re-inferred at every timestep.



At each timestep ¢, we target the posterior over latent
variables given the observed data point positions x!. 5 and
velocities v! .\

t t t t t t t
p(u’H? E’Ha R’;'-[7t7-L7 NB7vBa EVa
t t t t t t
21N P1Ls T8 T | X1 Vi)

where Xp (particle spatial covariances) are held fixed
throughout tracking in both 2D and 3D experiments to pre-
serve the spatial extent of the deformable visual matter repre-
sented by each particle, and particle-to-cluster assignments
24 are held fixed only in the 3D case to keep consistency
with the initial scene segmentation.

Particle Propagation and Initialization Each frame be-
gins by propagating the inferred particle means using their
previously inferred velocity vectors:
_Bit _ Bl
Ky = Hy
This serves as an initialization for the particle positions in
the next frame.

t—1
+ v,

First Assignment: Spatial Anchoring Data points are
first assigned to particles based on spatial likelihoods alone:

i : 5
plept =] x;,) ocnf - N(x | Ay ", SF)

This step is crucial because, in the absence of known corre-
spondences across frames, we cannot assume that data point
n at time t—1 is the same as datapoint n at time ¢. Instead,
we reinterpret each new frame as an unordered set of obser-
vations and rely on spatial proximity to propagated particle
means to re-establish associations. By using position alone
and excluding any top-down beliefs from velocity or cluster
structure, this step provides a stable initialization for the rest
of the Gibbs updates. Note that this is a partial version of the
full assignment step described in Appendix C.1.1, used here
to anchor the initial framewise alignment. After assignments,
we update the mixture weights 7% by sampling from their
conjugate Dirichlet distribution (Appendix C.1.2).

Particle Mean Update After data points have been as-
signed to particles based on spatial proximity, we update
each particle’s spatial mean to better reflect this assignment.
Specifically, we sample the particle mean from its posterior
conditioned on the assigned data points and the expected
motion induced by its cluster assignment, as detailed in Ap-
pendix C.1.3. Since the assignments in the previous Gibbs
step compensate for the absence of point-wise correspon-
dences, this update typically results in small adjustments
to the propagated means, ensuring that particles remain an-
chored to observed data while maintaining temporal coher-
ence with the previous frame.

Second Assignment and Particle Refinement A second
data point-to-particle assignment uses both spatial and ve-
locity likelihoods as described in Appendix C.1.1:

(it =] x,vy) o - N(x, | pd, BF)

-N(V;‘Vg,z}j)

This step helps resolve ambiguous associations by combin-
ing spatial proximity with motion information. The mixture
weights 72 are updated again based on the refined assign-
ments (Appendix C.1.2).

Each particle’s velocity mean vy is updated from its poste-
rior as described in Appendix C.1.5, and the velocity covari-
ance 2}) is resampled as shown in Appendix C.1.6. These
updates reflect the motion structure inferred from grouped
data point velocities.

Cluster-level Updates Each particle is assigned to a clus-
ter using a joint spatial and velocity likelihood as described
in Appendix C.1.7, and the cluster mixture weights 7%
are resampled using the equation in Appendix C.1.8. Condi-
tioned on these assignments, the cluster mean uz‘ and spatial
covariance X}t are updated from their conditional distribu-
tions (Appendix C.1.9 and C.1.10), and the rigid transform
(R, tr) is inferred by categorical sampling over candidate
rotations and translations (Appendix C.1.11 and C.1.12).

In the 3D experiment, particle-to-cluster assignments 2.,
are held fixed throughout tracking to stabilize the scene repre-
sentation’s semantic content, which provides a reliable prior
over object structure. However, cluster parameters including
spatial statistics and rigid transforms are still inferred at each
frame to update the spatial localization of the structure given
in the original segmentation.

D. Feature-augmented Variant

D.1. Model Modification and Initialization

In the feature-augmented variant of our model, we incor-
porate image features as additional dimensions of the data
points. Following the main text, we define augmented data
points X,, = [x,,; f,,] where f,, are feature vectors extracted
from the image. We use the first 10 PCA components of
DINO features, where the PCA basis is computed by ana-
lyzing all per-pixel features across the entire video. Each
particle £ is associated with a feature mean f;, and the sam-
pling process of the data point features f,, from the particle

features is defined as a Gaussian with variance 0%

£, ~ N (fs,0%1)

We only fit our per-particle feature parameter during
initialization. We perform the steps described in Ap-
pendix C.2.1, followed by computing the initial feature mean



of each particle f; as the average feature vector of its assigned
data points:

fZ:MLZ Z fn

B
n:zB=¢

where My = #{n : 25 = (} is the number of data points
assigned to particle ¢. This feature mean serves as the rep-
resentative feature vector for each particle throughout infer-
ence.

D.2. Data point-to-Particle Assignments with Fea-
ture Likelihood

The main modification to the Gibbs sampler involves the
data point-to-particle assignment step, which is modified to
include feature similarity. We update each data point’s parti-
cle assignment 25 forn = 1,..., N, using the conditional
distribution:

p(sz =0 | Xp, Vi, £, rest) o< 75(0) - N(x, | ,uf, 2?)
NV | ve,Z))
"N (£, | f,0%1)

The prior is given by categorical weights 72, and the like-
lihood now consists of three independent Gaussian terms:
one for position x,,, one for velocity v,,, and one for fea-
tures f,,. The feature likelihood uses an isotropic covariance
021, which assumes that the features are independent and
identically distributed.

We compute unnormalized log-probabilities p,, , for each
particle:

ﬁn,@ = IOg TrB(K) + 1OgN(Xn | “?7 EE)
+log N (v | ve, BY) +log N (£, | £, 0%T)

and normalize to obtain the categorical conditional distribu-
tion: ~
exp(Pn.¢)

plag =0) =
S0—1 exp(Pne)

from which we sample:

2B ~ Categorical(p(25 = 1),...,p(z8 = L))

n n

This update is also a blocked update, executed in a computa-
tional manner similar to Appendix C.1.1.

E. Human Psychophysics Experiment

A total of 9 RDKs were created, with each RDK having
3 separate time points and locations where we introduce
the red and green dot probes to create a total of 27 stimuli.
We recruited a total of 150 human participants through the
Prolific platform and all participants were paid at least the
local minimum wage for an expected completion time of

4 minutes. The study was designed and conducted under
an approved institutional review board (IRB) protocol. All
demographic data collected were fully anonymized, and no
personally identifying information was provided or collected.
All participants were filtered for the following conditions:

1. Fluent in English as the study is conducted in English.

2. Explicitly declared to not have color-blindness, as this
study requires each participant to distinguish the red and
green probes clearly from the rest of the points in the
stimuli.

3. Has normal to corrected vision, as this study requires
clear vision of the stimuli.

The instructions as viewed on Prolific for this study can
be seen in Figure 7. We used Google Forms to conduct the
data collection.

The instructions were repeated in the Google Form and
each participant saw two familiarization trials with feedback
on the correct answer. Figure 8 shows how these familiariza-
tion trials looked to the participant.

F. Gestalt 3D Inference

We provide additional implementation details for the Gestalt
3D structure-from-motion experiments described in the main
paper.

Data preprocessing We compute RAFT optical flow and
VideoDepthAnything monocular depth on the native 1000 x
1000 frames, then downsample to 96 x 96 for inference.
We lift 2D pixels to 3D using a pinhole camera model with
focal length scaled by 2.0 to enhance depth separation, and
compute 3D motion vectors from optical flow.
Initialization GenMatter uses L = 100 particles and
K = b5 clusters. We use the initialization procedure in
Appendix C.2.1, with the addition of a coarse segmentation
mask proposal containing all data points with flow magni-
tude above the median flow magnitude, as well as data points
within a standard deviation of the median depth. These as-
sumptions are loose and apply to any natural image regime
where GenMatter could be run, and are used only to accel-
erate MCMC burn-in (since a proposal does not change the
posterior being approximated). We run 50 Gibbs sweeps on
frame O to initialize all model parameters.

Per-frame Gibbs schedule For tracking frames ¢ =
1,...,4, we apply 20 Gibbs iterations focused on velocity
parameters, followed by 500 full Gibbs sweeps. Particle-to-
cluster assignments and particle spatial covariances remain
fixed throughout tracking, but data point-to-particle assign-
ments are resampled at each frame.

Figure 9 shows an example of the Gestalt structure-from-
motion stimuli with different textures. We visualize the first
frame of scene 00000 rendered with seven different texture
patterns. The Gestalt experiment uses 20 scenes (00000—
00019), each rendered with these seven textures (00, 07,



In this experiment, you will watch 11 short videos of moving dots. These dots may move, disappear, or reappear at

different times during the video.

Some of the dots belong to one or more moving object(s), and they try to follow the motion of these objects—unless they
disappear. Dots are also present in the background. There could be one or more objects that move in the scene.

At a certain point in the video, two special dots will appear:

One red dot

One green dot

These are called "probes."Your task is to decide whether the red dot and the green dot belong to the same object or
not. Itis also possible that one or both dots can be part of the background (not moving)

In other words:

Do you think the red and green dots are moving as part of the same object (or both are on the background), or are

they from different objects?

After watching each video, you will be asked to make a choice:

.
Yes, same object
.

No, different objects

Devices you can use to take this study:

(@) Desktop ) Tablet

Figure 7. Instructions shown to all participants. This task was allowed to be conducted on either a desktop or a tablet. The 11 videos
mentioned refer to the 2 familiarization trials and 9 test trials. Details of compensation is cropped out to preserve anonymity.

13, 16, 21, 22, 25), yielding 140 total stimuli to evaluate
structure-from-motion segmentation across diverse visual
appearances.

G. RGB 3D Inference

Table 3. Jaccard Index on Supplementary Videos. We report the
Jaccard index for GenMatter and CoTracker3 on each supplemen-
tary video. Best per video is bolded.

Video GenMatter CoTracker3
cloth_bag 0.84 0.32
gray_jacket 0.91 0.98
jello 0.93 0.57
manta_ray 0.96 1.00
eagle 0.86 0.89
ostrich 0.91 0.97
purple_jacket 0.81 0.99
snake 0.93 0.47
whiskey_swirl 0.49 0.79
wine_swirl 0.67 0.97

G.1. Experimental Details

GenMatter Setup We provide additional technical imple-
mentation details for our TAP-Vid-DAVIS experiments.

Initialization At frame 0, we perform 30 Gibbs sweeps to
initialize all model parameters before sequential tracking be-
gins. Particles are initialized through hierarchical K-means
clustering on 3D positions lifted from tracked points using
monocular depth estimates. For each particle, DINO fea-
tures fZB are initialized by averaging DINO descriptors over
all pixels assigned to that particle. When SAM?2 frame-0
masks are available, we adaptively determine the number of
clusters K based on the number of components in the mask
rather than fixing K. We sample tracked points uniformly
across each frame for the whole video.

Per-frame Gibbs schedule For each frame ¢ > 0, we apply
a fixed schedule of blocked Gibbs updates. We apply updates
to:

* cluster-level rigid transformations (R, tx)
» data point-to-particle assignments zZ, conditioned on po-
sition likelihood only (with outliers disabled)
« data point-to-particle assignments 2z, with full position-
velocity-feature likelihood and poygier = 0.1
* particle spatial means uf and velocity parameters
(vE. =)
* particle DINO features f7
Multiple iterations are performed for spatial and velocity
updates to ensure convergence. Mixture weights 72 and 77
are updated via Dirichlet conditionals after their respective
assignment steps.



Familiarization Video #1

You will try 2 videos to familiarize yourselves. This is the first

Are the red and green points on the same object (or both in the background)? *

O Yes, the red and green dots ARE part of the same object

O No, the red and green dots are NOT part of the same object

Clear form

Back Next EE—— Page 2 of 14

(a) First familiarization trial

Familiarization Video #2

Those dots were on different objects! This is the last familiarization video.

Are the red and green points on the same object (or both in the background)? *

O Yes, the red and green dots ARE part of the same object
O No, the red and green dots are NOT part of the same object
Clear form

Back Next I Page 3 of 14

(b) Second familiarization trial with ground truth answer for first famil-
iarization trial revealed.

The Moving Dot Experiment: Are Red and
Green on the Same Object?

Familiarization over!

Those dots were on the same moving object. You will now try this yourself on 9 videos.

Back Next

I  Page 4 of 14

Clear form

(c¢) Ground Truth answer for Second Familiarization trial revealed.

Figure 8. Visual descriptions of the familiarization trials, shown to all 150 participants

Outlier handling During tracking (frames ¢ > (), we enable
outliers by including an additional mixture component with
weight poyier = 0.1. The outlier likelihood for a data point
with velocity v,, is modeled as a Gamma distribution on
speed || v, || with shape parameter « and rate parameter 3,
which accounts for velocity outliers typically arising from
unreliable motion estimates at object boundaries.

CoTracker3 Setup We run CoTracker3 with its default Py-
Torch Hub offline mode implementation. We initialize 500
query points in frame 0, matching the particle count used in
GenMatter for fair comparison. Query points are randomly
sampled uniformly across the first frame. Because we do not
use ground-truth segmentation masks during initialization,
query points are distributed uniformly across the object and
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Figure 9. Example Gestalt Stimuli with Different Textures. First frame of scene 00000 rendered with seven different texture patterns. The
Gestalt experiment uses 20 scenes (00000-00019), each rendered with these seven textures (00, 07, 13, 16, 21, 22, 25), yielding 140 total
stimuli to evaluate structure-from-motion segmentation. In the paper, these textures are referenced sequentially as (00, 01, 02, 03, 04, 05,

06).

background regions. As a result, the tracker cannot con-
centrate query points on the object, making it difficult to
share statistical strength across object particles. We evaluate
tracking quality using the same particle-based metrics as
GenMatter, with the difference that at each frame, we only

consider points which CoTracker3 has identified as visible.
We first classify particles as object or background based on
their frame-0 location relative to the segmentation mask,
and we compute per-frame Jaccard by projecting tracked
locations onto ground-truth masks at each timestep. The per-



frame Jaccard indices are averaged to obtain the per-video
Jaccard index.

G.2. Supplementary Video Descriptions

We include supplementary videos that visualize the
full particle-based inference process across time for
the small qualitative deformable dataset introduced in
the main paper: cloth bag, gray_jacket, jello,
manta._ray, eagle, ostrich, purple_jacket,
snake, whiskey_swirl, and wine_swirl. These se-
quences span a range stuff and things observable in the
physical world, including articulated structures, highly de-
formable solids, and liquids, allowing us to evaluate model
performance across the full spectrum of matter interpretable
by human vision. The first frame of particle tracking in these
videos is shown in Figure 10, Figure 11, and Figure 12.

Evaluation GenMatter achieves higher average Jaccard
(0.83 vs 0.79) on the small qualitative deformable dataset,
with strong performance on highly deformable solid mat-
ter (cloth.-bag, snake, and jello in particular have
highly deformable solid matter). It performs weakly on
liquid (wine_swirl and whiskey_swirl) because the
appearance of liquid makes it difficult to estimate matter
motion, and liquid is particularly unstructured. On the other
videos in the set, the performance of both models is simi-
lar. This pattern suggests GenMatter’s probabilistic particle
representation describes highly deformable solid matter bet-
ter than it describes persistent liquid. The reported Jaccard
indices in Table 3 use SAM-generated masks as pseudo-
ground-truth, as we do not have ground truth segmentation
for these videos. Because GenMatter’s initial particle cluster-
ing also uses SAM, this evaluation is not as robust as datasets
derived from DAVIS. However, visual inspection confirms
the SAM-generated masks are accurate, and this evaluation
helps us bridge the gap towards more precise evaluation of
3D matter representations.

Visualization The supplementary videos apply weight
thresholding to particles before rendering. Many particles
explain negligible data and have near-zero weights. Our
model places little belief in the matter represented by these
particles. Removing these low-weight particles improves
visual clarity. However, hard thresholding causes flicker at
the threshold boundary. Marginal particles will flicker across
frames depending on whether their weight exceeds the cut-
off. This flicker is a visualization artifact and not model
instability.



(c) gray-jacket

Ty

-

(d) jello

Figure 10. First frame visualizations of RGB 3D inference (Part 1). Each image shows the initial particle distribution and segmentation for
the respective sequence.



(a) manta-ray

(b) ostrich

(c) purple_jacket

Figure 11. First frame visualizations of RGB 3D inference (Part 2). Each image shows the initial particle distribution and segmentation for
the respective sequence.



(a) snake

(b) whiskey_swirl

(c) wine_swirl

Figure 12. First frame visualizations of RGB 3D inference (Part 3). Each image shows the initial particle distribution and segmentation for
the respective sequence.
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